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Abstract

At arather high level, this thesis is motivated by the goal of inference of job suitability from
audio recordings of interviews and work samples. This in turn defines the technical goal of
analysis and understanding of long audio recordings in French with a limited amount of data.
Of particular relevance, the emergence of large-scale pretrained generalist models, including
large language models (LLMs), is reshaping the landscape of speech processing. Such models
offer an effective solution to our goal, whilst several issues remain: (i) how capable such
models are for speech, (ii) how to best apply or adapt them to the target tasks in the speech
domain, and (iii) how to efficiently process long speech sequences that often exceed text by
an order of magnitude. We explore them through a series of evaluations, model architecture
design, and training techniques, as presented in this thesis.

We begin by studying an auxiliary supervision stage for pretrained speech models prior to
task-specific fine-tuning. We show that speech translation mid-training substantially improves
semantic understanding and few-shot cross-lingual transfer for models such as wav2vec2.
We further demonstrate that preserving pretraining knowledge via Bayesian regularizers can
improve downstream performance.

With the emergence of LLMs starting from ChatGPT, the next part of the thesis evaluates the
role of ChatGPT and other text-only LMs on spoken language understanding. We demonstrate
their strong zero- and few-shot performance, approaching supervised baselines, and confirm
the emergent in-context learning behavior unique in LLMs. Meanwhile we also identify
limitations of such models including sensitivity to ASR errors and degradation on under-
specified and vague tasks.

Third, we address the computational bottleneck of long-form speech modeling arising from
high sampling rates and the information-sparse nature of speech, compounded by the O(N?)
time and O(N) space demands of transformer-based models. Although efficient sequence
models such as linear attention are advancing rapidly, few pretrained speech models exist
in these architectures. To bridge this gap without re-pretraining, we propose a systematic
layer-wise distillation framework that converts pretrained speech and language Transformers
into target efficient architectures (e.g., Linformer, Mamba) during fine-tuning on downstream
speech or NLP data. We also develop distillation strategies that improve downstream perfor-
mance by better preserving pretraining knowledge.

Fourth, we analyze “forgetfulness” in linear attention that current linear attention models
gradually lose information of distant past, due to limited recurrent state or memory capacity.
We propose hybrid linear—sparse mechanisms that grant direct access to distant tokens without
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Abstract

sacrificing efficiency. Particularly, we investigated query-aware sparse attention mechanisms,
as well as a novel contextualized learnable token eviction approach that maintains linear
attention’s O(1) space appeal. Empirical studies confirmed the advantage of our methods
over existing hybrid baselines (e.g. with sliding-window attention) in long-context scenarios,
without compromising efficiency thanks to our hardware-efficient implementation.

In the end, we apply these methods to long French interviews recording. We show that
pretrained speech models can be adapted to identify storytelling, an important aspect of
interview evaluation. We also show the critical role of contextual information in this task.

In summary, the thesis contributes to the advancement of speech and language understanding
through improved model architecture, pretraining, and adaptation techniques. In particular,
we investigate efficient attention approaches including linear attention, sparse attention, and
their hybrids, which can be essential for long-context scenarios.

Keywords: spoken language understanding, long-form modeling, large language models,
linear attention, sparse attention, hybrid attention
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Résumé

A un niveau relativement général, cette thése est motivée par I'objectif d’inférer I'adéquation
a un emploi a partir d’enregistrements audio d’entretiens et d’échantillons de travail. Cela
définit a son tour |'objectif technique d’analyse et de compréhension de longs enregistrements
audio en francais, avec une quantité limitée de données.

L'émergence de grands modeles généralistes préentrainés, notamment les grands modeles de
langage (LLM), est particuliéerement pertinente, car elle transforme le paysage du traitement
de la parole. De tels modeles offrent une solution efficace a notre objectif, méme si plusieurs
questions demeurent : (i) dans quelle mesure ces modeles sont capables de traiter la parole,
(ii) comment les appliquer ou les adapter au mieux aux taches cibles dans le domaine de la
parole, et (iii) comment traiter efficacement de longues séquences de parole, qui dépassent
souvent le texte d'un ordre de grandeur. Nous explorons ces questions au moyen d’'une série
d’évaluations, de conceptions d’architectures de modéles et de techniques d’entrainement,
présentées dans cette these.

Nous commencons par étudier une étape de supervision auxiliaire pour des modéles de pa-
role préentrainés avant I’affinage spécifique a la tache. Nous montrons que '’entrainement
intermédiaire par traduction de la parole améliore substantiellement la compréhension sé-
mantique et le transfert interlingue a faible nombre d’exemples pour des modeles tels que
wav2vec2. Nous démontrons en outre que la préservation des connaissances acquises lors du
préentrainement, au moyen de régularisateurs bayésiens, peut améliorer les performances
sur les taches en aval.

Avec I'’émergence des LLM a partir de ChatGPT, la partie suivante de la theése évalue le réle
de ChatGPT et d’autres modeles de langage uniquement textuels dans la compréhension
du langage parlé. Nous démontrons leurs fortes performances en régime zéro exemple et a
faible nombre d’exemples, proches des références supervisées, et confirmons le comporte-
ment émergent d’apprentissage en contexte propre aux LLM. Parallelement, nous identifions
également les limites de ces modeles, notamment leur sensibilité aux erreurs de reconnais-
sance automatique de la parole (ASR) et la dégradation de leurs performances sur des taches
insuffisamment spécifiées et vagues.

Troisiemement, nous abordons le goulot d’étranglement computationnel de la modélisa-
tion des longs enregistrements audio, qui résulte des fréquences d’échantillonnage élevées
et de la faible densité informationnelle de la parole, aggravées par les exigences en temps
O(N?) et en espace O(N) des modeles fondés sur les Transformers. Bien que les modeles de
séquences efficaces, tels que I'attention linéaire, progressent rapidement, peu de modeles



Résumé

de parole préentrainés existent dans ces architectures. Afin de combler cette lacune sans
recourir a un nouveau préentrainement, nous proposons un cadre systématique de distil-
lation couche par couche qui convertit des Transformers préentrainés pour la parole et le
langage en architectures cibles efficaces, telles que Linformer ou Mamba, lors de 'affinage
sur des données de parole ou de TAL en aval. Nous développons également des stratégies de
distillation qui améliorent les performances en aval en préservant mieux les connaissances
issues du préentrainement.

Quatriemement, nous analysons « I'oubli » dans I'attention linéaire, c’est-a-dire le fait que
les modeéles actuels d’attention linéaire perdent progressivement 'information du passé dis-
tant en raison d’'un état récurrent ou d'une capacité mémoire limités. Nous proposons des
mécanismes hybrides linéaires—creux qui permettent un acces direct aux tokens distants
sans sacrifier I'efficacité. En particulier, nous avons étudié des mécanismes d’attention parci-
monieuse sensibles aux requétes, ainsi qu'une nouvelle approche contextualisée d’éviction
apprenable de tokens, qui conserve 'attrait de I'attention linéaire en espace O(1). Des études
empiriques confirment ’avantage de nos méthodes par rapport aux références hybrides exis-
tantes, par exemple celles fondées sur 'attention a fenétre glissante, dans des scénarios a long
contexte, sans compromettre 'efficacité grace a notre implémentation adaptée au matériel.
Enfin, nous appliquons ces méthodes a de longs enregistrements d’entretiens en francais.
Nous montrons que des modeles de parole préentrainés peuvent étre adaptés afin d’identifier
le storytelling, un aspect important de I'évaluation des entretiens. Nous montrons également
le réle crucial de I'information contextuelle dans cette tache.

En résumé, cette these contribue aux progres de la compréhension de la parole et du langage
grace a des améliorations portant sur I'architecture des modeles, le préentrainement et les
techniques d’adaptation. En particulier, nous étudions des approches d’attention efficaces,
notamment |'attention linéaire, 'attention parcimonieuse et leurs hybrides, qui peuvent étre
essentielles dans les scénarios a long contexte.

Mots-clés : compréhension du langage parlé, parole longue, grands modeles de langue, atten-
tion linéaire, attention parcimonieuse, attention hybride
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|§ Introduction

1.1 Motivation

The understanding and analysis of spoken language has been always a core task for artificial
intelligence (Al) from the early efforts on voice assistants to the current era of multimodal large
language models (LLMs). In many real-world settings, speech is not merely a vehicle for lexical
content, but a rich and temporally extended signal through which speakers convey intentions,
experiences, attitudes, and social meaning. This is particularly evident in complex and lengthy
interactional settings such as meetings, lectures, and interviews, where the participants will
not simply recognize words, but infer higher-level semantic and pragmatic properties; and we
expect an Al system to do the same.

More specifically, this thesis is situated in the context of the project Storytelling and First
Impressions in Face-to-Face and Algorithm-Powered Digital Interviews (SteADI), an interdis-
ciplinary collaboration between psychologists and computer scientists funded by the Swiss
National Science Foundation. Within this broader effort, a long-term objective is to develop
methods for the automatic analysis of audio recordings of interview responses; particularly,
we are interested in the assessment of favorable constructs, e.g., storytelling quality, which
can ultimately support interviewees in improving their self-presentation while also assisting
interviewers in their evaluations. This application introduces a number of technical difficulties
beyond semantic understanding itself: The material to be analyzed is speech rather than text,
interview recordings are often long (e.g. up to 30 minutes), the project targets the French
language, and the annotated dataset in this domain is scarce. These characteristics place the
problem squarely within the domain of spoken language understanding (SLU), and, at the
same time, reveal the limitations of existing methods.

Meanwhile, the landscape of SLU research is under a significant shift. Large pretrained models,
also known as foundation models, have first transformed natural language processing (NLP)
and are now increasingly reshaping speech processing. Such models trained on massive
datasets can be adapted to effectively handle downstream tasks with limited supervision. The
subsequent emergence of large language models (LLMs) has demonstrated highly powerful
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capabilities in complicated language and reasoning tasks without task-specific supervision,
and more recent speech, multimodal, or omni LLMs have extended these capabilities directly
to the modality of speech. Together, these developments mark a paradigm shift from task-
specific modeling toward the use of generalist models with sufficient intelligence to handle a
broad range of complex tasks. Such flexibility is appealing in light of the practical constraints
that commonly arise in realistic scenarios and are especially pronounced in the project setting:
The task demands sophisticated understanding, which requires sufficient data to train a
machine learning (ML) model following the classical paradigm, yet available data is limited; the
task lies in a narrow domain (interview analysis) using a non-English language (French), hence
no existing off-the-shelf system is likely to match the task closely. Under these conditions, a
strong generalist model is the only feasible solution.

Even with the promise of generalist models, substantial challenges remain before they can be
applied effectively to our problem, and this thesis investigates a series of questions organized
around the following overarching research question:

How can pretrained and generalist models be effectively applied to spoken lan-
guage understanding, especially in long-form and low-resource settings, while
preserving both semantic performance and computational efficiency?

This question can be further decomposed into three dimensions of more specific challenges
below:

1. Model Capability: Current speech foundation models are trained in a self-supervised
manner to capture local and low-level acoustic pattern. How can we further enhance
them to better acquire and preserve high-level and multilingual semantic understanding
capabilities? With the emergence of LLMs, to what extent can they contribute to SLU
under limited supervision, and what are their strengths and limitations in this role?

2. Model Efficiency: The core of modern large-scale models, namely transformer, requires
computation that scales quadratically and memory that scales linearly with context
length. This becomes a major limitation when directly processing extended speech
recordings, whose information density is much lower than that of text. How can we
build more efficient yet still effective alternatives? Particularly, most strong pretrained
models are still Transformers, so replacing them with efficient architectures usually
requires costly re-pretraining. How can we train efficient models at minimal cost without
sacrificing performance? The major type of efficient attention, namely linear attention,
compresses past information into limited memory, which can lead to the progressive
loss of distant but relevant context. How can this well-known weaknesses in long-range
retrieval and memorization be addressed?

3. Application: How can these methodological advances be translated back to the motivat-
ing application of interview analysis based on extended French speech recordings?



1.2 Main Contributions

In light of these challenges, this thesis focuses on spoken language understanding from speech
recordings in realistic settings characterized by extended context and limited labeled data.
Within this scope, it investigates how modern pretrained and generalist models can be adapted
and deployed effectively, while also advancing scientific understanding of their capabilities
and limitations in this domain.

1.2 Main Contributions

The thesis addresses the aforementioned questions by exploring model adaptation, systematic
evaluation, architectural design, distillation, and application. The thesis is organized into
three phases, each corresponding to one dimension of the challenge and contributing to
both the scientific understanding and the practical development of artificial intelligence and
spoken language understanding.

The first phase addresses the semantic capabilities of foundation models through two comple-
mentary lines of work. First, we introduce speech translation as an intermediate training stage
before downstream fine-tuning to compensate for the limited high-level semantic guidance
provided by acoustic self-supervision. We show that speech translation induces the model to
map speech to intermediate semantic representations, thereby fostering higher-level under-
standing and stronger few-shot cross-lingual transfer on SLU tasks, including intent detection,
spoken question answering, and speech summarization. We further show that preserving
pretrained knowledge during adaptation, notably through multi-task training or Bayesian
regularization, improves downstream performance, especially in low-resource settings.

The thesis then turns to large language models. The rise of ChatGPT has made it natural to ask
whether powerful text-only generalist models can already address a substantial part of SLU.
We evaluate LLMs on multilingual intent detection under zero-shot and few-shot in-context
learning settings, and find that, given oracle transcripts, they often match the performance of
specialized supervised models. In particular, we confirm that such in-context capabilities are
unique to large-scale models like GPT-3.5 and ChatGPT, while absent in small-scale models.
While these LLMs also exhibit clear limitations: Their performance degrades with transcription
errors, and GPT-3.5 cannot reliably correct such errors. Several probing tests suggest that
this weakness may partly stem from a lack of pronunciation knowledge. In addition, the task
must be specified clearly in the prompt, and LLMs are weak on tasks like slot filling, where
the labeling criteria are complex, potentially ambiguous, and difficult to infer from only a few
examples. These encouraging findings motivate the second phase of the thesis, which further
investigates LLMs, while also motivating the direct use of speech in end-to-end SLU systems.

The second phase of the thesis addresses a critical challenge in modern end-to-end foundation
models: efficiency. Efficient alternatives such as linear attention offer a promising direction,
yet two major obstacles remain, i.e. the cost to pretrain efficient models, and the weakness of
linear attention models in memorization. To tackle the first obstacle, this thesis proposes a
layer-wise distillation framework that converts pretrained Transformers into efficient target
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architectures such as Linformer and Mamba during downstream fine-tuning, using only
the target dataset and requiring no additional pretraining. Across tasks in natural language
processing, language modeling, and speech processing, we recover the performance of the
original pretrained transformer. We further show that intermediate models obtained during
Transformer fine-tuning may provide effective guidance for distillation. To tackle the second,
the thesis investigates hybrid linear-sparse mechanisms that restore direct access to distant
information while maintaining favorable efficiency properties. We study hybrids based on
both query-aware sparse attention (e.g. DeepSeek’s Native Sparse Attention) and query-
agnostic sparse attention, i.e. token eviction. Particularly, we propose a novel contextualized
lightweight learnable token eviction strategy for query-agnostic sparse attention. Based on
this technique, the resulting hybrid attention language model achieves substantially better
retrieval performance than both pure linear attention and hybrids based on sliding-window
attention, while preserving favorable time and memory costs through a hardware-efficient
implementation.

The final phase returns to the original motivation of interview analysis. We examine lengthy
French interview recordings and show that pretrained speech models can be adapted to assess
storytelling, an important aspect of interview evaluation. We further show that incorporating
richer contextual information improves performance, reinforcing one of the central messages
of the thesis: effective spoken language understanding in such complex scenarios requires
both strong semantic modeling and effective use of longer-range context.

1.3 Thesis Outline

This thesis is organized into eight chapters. The current chapter introduces the general
motivation, contributions, and overall structure. The remainder of the thesis is organized as
follows.

Chapter 2 reviews the background required for the rest of the thesis. It introduces pretrained
language and speech models, large language models, efficient attention mechanisms for long
sequences, and the interview-analysis setting that motivates the application studied later.

Chapter 3 studies the enhancement of spoken language understanding via speech translation.
It examines speech translation as an intermediate training signal for pretrained speech models
and analyzes the benefits of preserving pretrained knowledge during downstream adaptation.

Chapter 4 evaluates the spoken language understanding capabilities of large language models.
It investigates zero-shot and few-shot in-context learning performance, compares them with
supervised baselines, and analyzes both the promise and the limitations of LLMs for SLU.

Chapter 5 turns to efficiency and introduces a cross-architecture layerwise distillation frame-
work for converting existing pretrained models into efficient linear-complexity architectures.
It demonstrates the effectiveness of this approach across multiple tasks and models, and
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further shows the value of using intermediate models during distillation.

Chapter 6 continues the study of long-context modeling by investigating hybrid linear-sparse
attention. It examines mechanisms that mitigate the forgetting behavior of linear attention
and improve retrieval of distant context without sacrificing time and space efficiency.

Chapter 7 returns to the motivating application of interview analysis. It applies pretrained
models to French interview recordings in order to identify storytelling and related response
categories, and further explores the benefits of incorporating more contextual information.

Finally, Chapter 8 concludes the thesis by synthesizing the main findings, discussing their
implications and limitations, and outlining directions for future work.






¥4 Background

2.1 Pretrained Language Models and Large Language Models

Early Al, including SLU systems, were typically based on small-scale models dedicated to
individual tasks such as automatic speech recognition (ASR), trained by an adequate amount
of per-task dataset. The introduction of BERT (Devlin et al., 2019) marked a major shift, after
which pretrained language models (PTLMs), also known as foundation models, have since
become a dominant paradigm in natural language processing. PTLMs including BERT, GPT-2
(Radford, Wu, et al., 2019), and T5 (Raffel et al., 2019) are large-scale neural networks (ranging
from hundreds of millions to billions of parameters) trained on vast text data through self-
supervised objectives, such as autoregressive or masked language modeling. These tasks,
which do not require human annotated labels, enable models to learn from an enormous
amount of comprehensive text data from books and the Internet at minimal cost. Success in
these tasks requires a model to develop general knowledge, understand human language, and
make contextualized inferences. Backed by such knowledge and capabilities, these PTLMs
enjoy the versatility to be later fine-tuned or adapted to downstream tasks using limited
task-specific data.

Following the success of PTLMs, it is demonstrated that by progressively scaling up the size
of the model and the training dataset, the model can achieve ever-increasing performance
(Kaplan et al., 2020; Hoffmann et al., 2022). These scaling laws pave the way for the emergence
of large language models (LLMs). Together with rapid advances in computing infrastruc-
ture, including GPU capacity and distributed training systems, as well as progress in model
architecture, optimization, and reinforcement learning, this development established LLMs
as a central paradigm in contemporary Al research and applications. In addition to broader
knowledge coverage, LLMs exhibit emergent abilities that become pronounced only at suffi-
cient large scales, including instruction following, in-context learning, and chain-of-thought
reasoning (Brown, Mann, et al., 2020; Wei, Tay, et al., 2022). Consequently, frontier systems
such as ChatGPT, Gemini, Claude, Qwen, DeepSeek, and Kimi have reached up to trillions of
parameters, demonstrated versatile and close-to-human performance across language under-



Chapter 2. Background

standing, reasoning, coding, and agentic tasks, and now driving an ongoing transformation
with profound impact on the whole human society.

2.2 Spoken Language Understanding

Spoken language understanding (SLU) refers to the analysis of speech for the purpose of
extracting semantic meaning beyond transcription alone. To understand spoken language, a
straightforward approach is to first transcribe speech into text using ASR, and then process the
transcript using various natural language understanding (NLU) techniques. This cascaded
approach has been widely adopted in many SLU systems (Qin, Xie, et al., 2021). However,
cascaded SLU systems are vulnerable to ASR errors, which can propagate and amplify through
the pipeline (Chang and Chen, 2022; Cheng, Cao, et al., 2023). In addition, information carried
by prosody, timing, and other non-lexical aspects of the signal is discarded in transcription,
which can be relevant. For these reasons, many recent approaches perform SLU end to end,
directly ingesting speech as model inputs rather than relying on an intermediate transcription
bottleneck (Serdyuk et al., 2018; Haghani et al., 2018).

Following the success of PTLMs in text processing, the paradigm has been extended to speech
and made end-to-end SLU substantially more feasible. Speech foundation models (SFMs) like
Wav2Vec2 (Baevski et al., 2020), HuBERT (Hsu, Bolte, et al., 2021), and WavLM (Chen, Wang,
Chen, et al., 2022) are trained on large amounts of unlabeled audio through self-supervised
objectives, e.g. predicting masked audio frames, whereas Whisper (Radford, Kim, et al., 2023)
is trained on large-scale weakly annotated ASR data. Similar to PTLMs in texts, such SFMs are
capable of performing various downstream speech tasks effectively with limited supervision
(Yang, Chi, et al., 2021; Wang, Boumadane, and Heba, 2022).

More recently, models like SALMONN (Tang, Yu, et al., 2024), Moshi (Défossez et al., 2024),
LlaMA-Omni (Fang, Guo, et al., 2025), and Qwen3.5-Omni (Qwen Team, 2026), have endowed
LLMs with native multimodal capabilities. In such systems, speech is typically processed
by a dedicated audio encoder, often derived from a speech foundation model or a neural
speech tokenizer, and the resulting encoded audio are aligned with the token-based interface
of the LLM through training on a cohort of speech-related tasks including ASR, audio question-
answering (AQA), speech translation (ST), etc. Leveraging the semantic capabilities of the
underlying LLM, recent speech LLMs have demonstrated strong performance on a broad
range of SLU tasks, and have become an important direction in current speech processing
research. These developments provide the broader modeling context for the present thesis
on how pretrained and generalist models can be adapted and applied to SLU with limited
supervision.
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2.3 Efficient Attention

2.3.1 Transformer Architecture and its Efficiency Issue

The dominant architecture underlying the modern foundation models discussed above is
Transformer (Vaswani et al., 2017). The architecture roughly consists of two types of network
blocks: token mixer and channel mixer. Channel mixers, such as multilayer perceptron (MLP)
blocks, process each token individually. Token mixers, by contrast, operate on the sequence
as a whole, capture dependencies between tokens, and enable the model to incorporate
contextual information. The central strength of the Transformer lies in its token mixer, namely
the attention mechanism, which allows each token to interact directly with (or “attend to”)
all other tokens in the sequence. However, this pairwise all-to-all interaction also makes the
architecture computationally expensive, especially for long sequences of the kind considered
in this thesis. More specifically, given an input sequence of N encoded tokens (or audio
frames, etc.), each head of the mechanism first projects it into query, key, and value vectors
Q,K,V € RN*4 and then computes

T

A(Q,K,V) = PV = softmax( QK 4 (2.1)
) ) \/E ) .
alk;
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tion for autoregressive generation, i.e., each query token can only attend to previous tokens.

or, equivalently, A; = Zj\': , softmax( )v; for each query g;. Current LLMs use causal atten-

This is equivalent to adding a mask M to the pre-softmax attention scores QK , where

0 j=<i
M;;= o 2.2)
—00, j>1i

Outputs of different heads are then concatenated and projected to produce the final output.

Given the full input sequence, attention is a compute-intensive process in that it processes all
the pairwise interactions in parallel, resulting in O(N?) time. This quadratic cost arises both
during training and during the initial inference stage, known as prefilling, when the model
processes the entire input prompt. In current autoregressive LLMs, computed K and V are also
stored into an O(N)-space key-value (KV) cache. Then during the decoding phase, the LLM
generates tokens one by one, and each token attends to all previous tokens in the KV cache.
Each decoding step takes O(N) time, bounded by memory bandwidth. As an autoregressive
process, the decoding stage dominates the overall inference time.

These properties create several major efficiency bottlenecks. The O(N?) computation time is
prohibitive for long sequences. Also, the O(N) KV cache limits the maximum context length
and inference batch size due to memory constraints, and it also contributes to inference
latency because decoding is bounded by memory bandwidth. Several practical remedies for
these issues have become standard in modern LLMs. Flash Attention (Dao, Fu, et al., 2022)
accelerates attention computation through a hardware-aware implementation of tiled online
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Figure 2.1: A hierarchy of different token mixers with different time and space complexity,
from the cheapest linear attention and query-agnostic sparse attention to the more expensive
query-aware sparse attention and full attention.

softmax and avoids the materialization of the O(N?) attention weight matrix P. Techniques
such as grouped-query attention, multi-query attention (Ainslie, Lee-Thorp, et al., 2023), and
multi-latent attention (DeepSeek-Al et al., 2024) directly reduce the KV-cache size per token.
However, these methods do not alter the essence of pairwise attention computation. These
limitations motivate a broad family of alternative token mixers known as efficient attention
mechanisms, including sparse attention and linear attention, as illustrated in Figure 2.1. These
mechanisms form an important part of the methodological background for this thesis.

2.3.2 Sparse Attention

The efficiency problem arises from pairwise interactions, so a straightforward strategy is to
restrict attention to a small subset of token pairs. More specifically, sparse attention attends
only to KV pairs indexed by a subset .# < {1,2,..., n}, or more generally by a query-dependent
subset .#; for each g;, believed to be important or relevant according to some criterion.
This is equivalent to assigning a value of —co to unselected positions in M. In this way, the
computation time of the attention mechanism is reduced to O(N|.#]), but each token can only
directly interact with a limited set of tokens. This can be particularly risky for memorization or
retrieval-intensive tasks such as question answering, which require the model to recall relevant
information from a long context; for example, reading a long biography and answering about
details of a mentioned event. Performance can be substantially compromised if .# fails to
include the tokens containing the information needed to answer the query. Therefore, the
effectiveness of sparse attention depends on selecting the most relevant KV pairs for each
query while maintaining a favorable balance between retrieval quality and computational
cost.

Such methods can be broadly categorized into two groups: query-agnostic and query-aware
sparse attention. Selection can be performed at the token level or, more fine-grainedly, at the
head level, and the corresponding strategies may be either learning-based or training-free and
applied only at inference time.

10



2.3 Efficient Attention

Query-agnostic Sparse Attention

Query-agnostic sparse attention methods, also referred to here as token eviction methods,
determine whether a KV pair is retained based solely on information associated with that
KV pair itself, without considering how other queries may attend to it. In causal LLMs, this
makes it possible to remove KV pairs not covered by .# from the KV cache during decoding,
thereby maintaining a lower, possibly O(1) memory footprint. The simplest choice to define .#
is through a predetermined and fixed sparse mask. A prominent example is sliding-window
attention (SWA) in which each query attends only to the closest w tokens, and older KVs
can be discarded during decoding. SWA is often combined with global tokens, e.g., the first s
tokens of the input (Beltagy, Peters, and Cohan, 2020; Ainslie, Ontanon, et al., 2020; Zaheer
et al., 2020), also known as the attention sink (Xiao, Tian, et al., 2023). As a result, a 1-shaped
attention mask or sparsity pattern is formed, with .%; = {j : j <= svi— w < j < i}. While simple
and cheap, fixed patterns are input-agnostic and hence often suboptimal.

A more flexible approach is to dynamically predict whether the current KV pair (k;, v;) will
remain important for future queries. A common training-free strategy is to retain tokens that
were important in the past, such as “heavy hitters” with high cumulative attention scores
(Zhang, Sheng, et al., 2023). Alternatively, one may train a separate router to predict the future
importance of each token. The main appeal of query-agnostic sparse attention is that it can
control memory growth directly by enforcing a strict KV cache size budget and often admits
simple implementations. However, without knowing how future queries would leverage the
past context, useful information may be discarded prematurely.

Query-aware Sparse Attention

If we relax memory constraints and retain all past KVs, we can select .#; = select(q;, K, V)
based on each query, using a lightweight probing step before actual attention. For example,
both the training-based Mixture of Block Attention (MoBA) (Lu, Jiang, et al., 2025) and the
training-free Quest (Tang, Zhao, et al., 2024) partition the KV cache into blocks of size M. The
keys within each block B, are compressed into a block-level key k2 = ¢ (k i), ] € Bm where ¢
is mean pooling. A block-level score score(q, B;;) = (¢, k2 ) is then used as an approximation
of the attention scores of keys within the block, used to select the top-K KV blocks to perform
the actual attention. In this way, only MK of tokens are attended per query, which keeps
the attention cost per step constant, while the blockwise computation is also favorable for
efficient hardware implementation.

Query-aware mechanisms retrieve past tokens according to the current query, thereby avoiding
the risk of permanently discarding useful information and improving the accuracy of long-
range retrieval. However, these advantages come at the cost of higher memory usage, since
the full KV cache must be retained, and additional computation for the probing step, which
still requires scanning the cache. Even so, the approximate attention cannot always guarantee
exact selection, which can in turn degrade performance.

11
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2.3.3 Linear Attention

Instead of relying on direct pairwise attention over the sequence, another line of work revisits
recurrent architectures that process context sequentially and compress it into fixed-size
memory, known as linear attention !. A canonical starting point is vanilla linear attention
(Katharopoulos et al., 2020), which can be simplified as a causal attention without softmax:

i
0i=) (q;kjv; 23)
j=1
l.
=0 ijjT)qi =Siqi, (2.4)
j=1

i
j=1
matrix-valued hidden state that accumulates past information recurrently through outer

where the second form follows from associativity. Here, S; = vj ij =8;_1+v; kl.T isa
products of keys and values, and therefore functions as an associative memory. The readout
0; is then obtained from S; using the current query q;. Despite its expanded d? capacity, this
recurrent process remains conceptually similar to a classical RNN. A key difference, however,
is that classical RNNs use nonlinear state transitions, whereas linear transitions such as
accumulation admit parallel computation across the sequence, much like standard attention,
and therefore enable scalable training.

Later approaches introduce more sophisticated but still linear transition of S;, such as memory
decay or forget gates, in order to reduce interference between stored KV pairs. These range
from fixed decay rates, as in RWKV and RetNet (Peng, Alcaide, et al., 2023; Sun, Dong, et al.,
2023), to input-dependent decay mechanisms, as in GLA (Yang, Wang, Shen, et al., 2024) and
Mamba (Gu and Dao, 2024). A widely used recent variant is Mamba2 (Dao and Gu, 2024),
which uses §; =y;S;-1 +v; kl.T with the decay rate vy; is predicted from the current token.

”

These methods can be also interpreted as a form of online learning, in which S; is a “fast weight
that is updated at each step for a linear projection applied to g;. For example, in Mamba2,
the update to S; can be interpreted as one gradient step on the loss £ (S) = —(Sk;, v;) with
learning rate = 1, together with a weight decay term controlled by y;. The objective can be
interpreted as promoting dot-product similarity between the label v; and the prediction Sk;.
A more straightforward approach is to use L2 similarity: by picking £ (S) = % | Sk; — v;[|* with
learning rate §;, DeltaNet employs the update

Si=S8i_1+pi(wi—Si_1kpk] (2.5)

= I - Bikik])Si_1 + Bivik! (2.6)

which yields a diagonal-plus-low-rank transition matrix (Schlag, Irie, and Schmidhuber, 2021).
Yang, Wang, Zhang, et al. (2024) further propose a chunkwise parallelizable implementation

I'We use it as an umbrella term broadly covering various modern recurrent models, including state-space
models.
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of the delta update rule, and demonstrate its scalability. Building on DeltaNet, Gated DeltaNet
(Yang, Kautz, and Hatamizadeh, 2024) incorporates Mamba-style forget gates, while the
latest Kimi Delta Attention introduces per-channel gating (Kimi Team et al., 2025a). All
of these methods enable more selective and compressive memory updates, and they have
demonstrated performance comparable to, or in some cases stronger than, full attention on
tasks such as language modeling and state tracking (Siems et al., 2025; Grazzi et al., 2025), while
preserving the recurrent formulation. These models admit O(1) time and space complexity
and, in principle, an unbounded context window, as past context is compressed into fixed-size
memory. This property is particularly attractive for the SLU settings studied in this thesis,
where speech signals are often highly compressible. However, the lack of direct access to past
tokens leads to deteriorated performance on tasks which demand retrieval quality, even at
modest context lengths (Jelassi et al., 2024; Arora, Eyuboglu, Timalsina, et al., 2024; Arora,
Eyuboglu, Zhang, et al., 2024; Wen, Dang, and Lyu, 2025), which highlights a challenge to
resolve.

2.3.4 Hybrid Attention

No single token mixer offers the best trade-off between retrieval quality and computational
efficiency. Full attention provides precise access to relevant context, but its computational
cost is high. Linear attention is much more efficient and can compress long histories into
fixed-size memory, but often performs poorly on tasks that require accurate retrieval of distant
information. Sparse attention lies between these two extremes by allowing direct access to
only a selected subset of past tokens, thereby improving retrieval accuracy while avoiding the
full cost of dense attention. These complementary strengths have motivated a broad family of
hybrid attention mechanisms that combine different token mixers within the same model.
A common design principle is to delegate different functional roles to different parts of the
model, as also observed to emerge in standard Transformers (Wu, Wang, Xiao, et al., 2024).
One component may provide efficient but fuzzy long-range memory and strong short-range
modeling through linear recurrence, while another preserves exact and direct retrieval through
full or sparse attention. Such hybridization can be implemented by interleaving different layer
types or, at a finer granularity, within a layer, for example across different heads (Irie, Yau, and
Gershman, 2025; Dong, Fu, et al., 2025). Specifically, interleaving a few full attention layers
within a linear attention backbone has emerged as an effective architectural design in recent
LLMs like Qwen3.5 (Qwen Team, 2025). From this perspective, hybrid attention is not a single
mechanism, but a general architectural principle for balancing compression, retrieval, and
efficiency.

Hybrid attention is especially relevant in the present thesis because long-context spoken
language understanding requires both efficient processing of extended sequences and reliable
access to distant but important information. Designing mechanisms that achieve this balance
more effectively remains an active research problem.

13
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2.3.5 Efficient Attention for Speech

Speech differs from text in that it is represented as a high-resolution temporal signal, for
example at 16 kHz in waveform samples or around 50 Hz in acoustic frames. As a result, speech
sequences are typically much longer than text sequences representing the same content.
Historically, tasks such as ASR were often assumed to require only limited long-range context.
As a result, many speech models were designed with relatively restricted context windows,
for example 30 seconds or 1500 frames in Whisper (Radford, Kim, et al., 2023). Longer inputs
then had to be handled through chunking or sliding-window methods, which restrict direct
access to earlier context. More recently, increasing evidence suggests that longer context can
be beneficial (Hori et al., 2021; Flynn and Ragni, 2024; Chen, Kano, et al., 2024; Fox et al.,
2024). This motivates mechanisms capable of handling extended speech recordings spanning
minutes or even hours of audio, corresponding to tens of thousands of frames or more.

As aresult, efficient attention mechanisms have become an active research direction in speech
processing. Early work mainly explored static sparse attention and sliding-window attention
for ASR (Wang, Sun, et al., 2021; Rekesh et al., 2023; Koluguri et al., 2024; Parcollet et al., 2024;
Flynn and Ragni, 2024). With the rise of linear-attention architectures, later studies began
to examine recurrent or state-space models on a broader range of speech tasks, including
ASR, speech generation, and speech enhancement, although most evaluations remained
focused on relatively short inputs (Goel, Gu, et al., 2022; Keyu An, 2023; Miyazaki, Murata,
and Koriyama, 2023; Li, Chen, et al., 2024; Jiang, Li, Florea, et al., 2024; Miyazaki, Masuyama,
and Murata, 2024; Gao and Chen, 2024; Park et al., 2024; Ali, Falavigna, and Brutti, 2025;
Shakhadri, KR, and Angadi, 2025). More recent work has extended this line toward pretraining
linear-attention-based speech foundation models (Yadav and Tan, 2024; Bhati, Gong, et al.,
2024a; Lin, Kuo, et al., 2025; Zhang, Ma, et al., 2025) and toward speech LLMs built on efficient
or hybrid backbones (Bhati, Gong, et al., 2024b; Qwen Team, 2026). Taken together, these
works suggest that efficient attention is a promising direction for speech processing. However,
evidence remains limited in realistic long-form settings and in complex LLM-based scenarios,
which motivates the present thesis.

2.4 Interview Analysis

In the field of work psychology, behavioral job interviews have been established as a best
practice for assessing applicants’ competencies (Janz, 1989). They often use past-behavior
questions, e.g., Please tell me about an occasion where you had to deal with an unsatisfied client,
which invite applicants to give a detailed account (i.e. a story) of a past work-related event
where they took action to resolve a problematic situation (Ralston, Kirkwood, and Burant,
2003). Successful storytelling in such interviews is a key factor in interview performance
and hiring decisions (Stevens and Kristof, 1995; Bangerter, Corvalan, and Cavin, 2014). How-
ever, applicants often struggle to produce stories on demand and may opt for sub-optimal
responses, like generic pseudo-stories or decontextualized self-descriptions (Bangerter, Cor-
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valan, and Cavin, 2014; Brosy, Bangerter, and Mayor, 2016).

Inrecent years, new technology-driven interview formats have emerged, such as asynchronous
video interviews (AVIs), in which applicants upload recorded answers to predefined questions
through an online platform (Lukacik, Bourdage, and Roulin, 2022). This new form of interview
has important implications: On the one hand, due to the lack of interactivity, applicants’
responses may differ from face-to-face (FTF) settings (Germanier, Bangerter, Orji, et al., 2025),
and some traditional approaches to facilitate applicants’ responses (e.g., probe questions)
become impossible in AVIs. On the other hand, AVIs are more amenable to the recording and
automatic analysis of applicants’ responses. Such analysis falls within the scope of SLU and
may be supported by emerging machine learning and Al approaches. Such techniques have
been applied both to assisting recruiters in hiring decisions (e.g., Hickman, Bosch, et al. (2022)
and Liff et al. (2024)), as well as providing feedback and training to applicants seeking to im-
prove their interview performance (Gebhard et al., 2019; Hoque et al., 2013; Langer et al., 2016).
Particularly, Bangerter, Mayor, et al. (2023) apply machine learning methods to automatically
identify storytelling responses to transcripts of FTF interviews in order to identify storytelling
responses to past-behavior questions, with the goal of helping interviewees improve their
storytelling. Nevertheless, the use of Al for interview analysis remains relatively underexplored,
especially in the context of AVIs, storytelling analysis, and end-to-end approaches that operate
directly on speech recordings. As a complex understanding task on lengthy speech recordings,
this task provides a natural testbed for the methods investigated in the present thesis from a
technical perspective.
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8] Enhancing Spoken Language Under-
standing via Speech Translation

End-to-end spoken language understanding (SLU) remains elusive even with current large
pretrained language models on text and speech, especially in multilingual cases. A potential
bottleneck is the lack of semantic supervision during pretraining, as the speech foundation
models are mostly trained by self-supervised objectives on (sub-)phonetic units. Machine
translation has been established as a powerful pretraining objective on text as it enables
the model to capture high-level semantics of the input utterance and associations between
different languages, which is desired for speech models that work on lower-level acoustic
frames.

Motivated particularly by the task of cross- and multi-lingual SLU potentially valuable for our
application in French interview analysis, this chapter demonstrates that the task of speech
translation (ST) is a good means of pretraining speech models for end-to-end SLU on both
intra-and cross-lingual scenarios. By introducing ST, our models reach higher performance
over baselines on monolingual and multilingual intent classification as well as spoken question
answering using SLURP, MINDS-14, and NMSQA benchmarks. To verify the effectiveness of
our methods, we also create new benchmark datasets from both synthetic and real sources,
for speech summarization and low-resource/zero-shot transfer from English to French or
Spanish. We further show the value of preserving knowledge for the ST pretraining task for
better downstream performance, possibly using Bayesian transfer regularizers.

The work in this chapter has been published as:

Mutian He and Philip Garner (Dec. 2023a). “The Interpreter Understands Your Meaning: End-
to-end Spoken Language Understanding Aided by Speech Translation”. In: Findings of the
Association for Computational Linguistics: EMNLP 2023. Ed. by Houda Bouamor, Juan Pino,
and Kalika Bali. Singapore: Association for Computational Linguistics, pp. 4408-4423. DOTI:
10.18653/v1/2023.findings-emnlp.291
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Chapter 3. Enhancing Spoken Language Understanding via Speech Translation

3.1 Introduction

Modern artificial intelligence is characterized by large pretrained language models (PTLMs)
with strong language capabilities to be adapted to various downstream tasks. The success of
PTLMs rests on carefully-designed pretraining tasks to bestow the capability we expect on the
model. Current PTLMs are mostly trained on self-supervised tasks, which started from masked
language modelling (MLM) and next sentence prediction (NSP) in BERT (Devlin et al., 2019),
but recently evolved into more difficult ones such as whole word (Cui et al., 2021) or span
masking (Joshi et al., 2020), text infilling, and token deletion (Lewis et al., 2020). While the
rather simple NSP has been replaced by sentence permutation, document rotation (Lewis et
al., 2020), and sentence order prediction (Lan, Chen, et al., 2020). All those efforts introduced
more challenges in the pretraining phase to mine stronger semantic supervision signals out of
unlabelled data.

Such semantic-rich supervision is particularly relevant for pretrained spoken language models
like wav2vec?2 (Baevski et al., 2020) and HuBERT (Hsu, Bolte, et al., 2021) based on MLM on
(sub-)phonetic units from lower-level audio signals, which are less informative and require
models to carry out additional labor on acoustics. Therefore, their high-level capacities are
more restricted. This may explain why automatic speech recognition (ASR) models fine-tuned
upon them with paired data still have a role in fully end-to-end (E2E) SLU, often as a pretrained
feature extractor (Seo, Kwak, and Lee, 2022; Arora, Dalmia, Denisov, et al., 2022). Unlike the
cascaded SLU in which ASR produces transcripts for text processing, in such E2E systems
ASR as an auxiliary or additional pretraining task provides strong supervision to explicitly link
audio to representations that correspond to the denser and semantic-richer textual space,
which is valuable for downstream understanding tasks.

On texts, self-supervised objectives are rather effective thanks to enormous text data with high
information density, but supervised tasks are still used in many cases, machine translation
(MT) being an often-seen one. A pioneer of the current PTLM paradigm, CoVe (McCann et al.,
2017), is a seq2seq model pretrained on MT that achieved the then state-of-the-art on various
downstream tasks. Belinkov et al. (2020) further validate language capabilities of MT on
morphological, syntactic, and semantic levels, and T5 (Raffel et al., 2019) uses an ensemble of
supervised tasks including MT. Furthermore, when trained with inputs of multiple languages,
the model encoder may align and push representations for inputs in different languages
with similar meaning together to have the same output in the target language, thanks to
the guidance from paired data (Johnson et al., 2017; Schwenk and Douze, 2017). With this
semantic-centric language agnosticity, such an encoder can achieve few/zero-shot transfer to
another language in downstream tasks (Eriguchi et al., 2018).

Inspired by those works, we hypothesize that the counterpart of multilingual MT on speech,
i.e., E2E multilingual speech translation (ST) that directly maps speech of various languages
to texts in other languages, will also be effective as a pretraining task on E2E SLU, for three
critical advantages:
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1. It requires high-level understanding as
an interpreter must "understand” the utter-
ance before interpreting it into a different
language, unlike ASR that transcribes speech
verbatim and MLM on phonetic units that
needs less semantic understanding.

2. It captures long-term dependency and a
global view of the full input, in contrast to
ASR and MLM which can often be resolved
with local context.

3. Tt enables better cross-lingual transfer in
comparison with multilingual ASR models
and self-supervised PTLMs without the su-
pervision that promotes language agnostic-

ity.
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Cross-lingual SLU

with me tonight

(Limited/no training data)

Admittedly, ST data is only available in a lim-
ited number of language pairs, but for each
covered language, there are infinite number
of diverse downstream SLU tasks with only
rich data in English. It is a practical need to
enroll various such languages to an English-

Figure 3.1: Our framework of ST-aided SLU, by
connecting pretrained XLSR and mBART fine-
tuned for ST following Li, Wang, et al. (2021),
and then reusing the ST encoder, transferred to
downstream SLU tasks like intent classification

only model trained on each specific SLU task. with a stacked classifier also from PTLMs.

Therefore, as shown in Figure 3.1, we may pretrain the model on speech translation between
English and the target language French in both directions (i.e. En—Fr), and then fine-tune
on downstream tasks with an additional classifier, reusing the encoder. We show the benefit
of our method on a variety of tasks for semantic understanding of speech, including mono-
& multilingual intent classification (IC), spoken question answering (SQA), as well as speech
summarization, for which we create a synthetic dataset following Huang, Rao, et al. (2022).
Then we show the strong advantage on cross-lingual transfer to French. All the experiments
are focused on comparing ST with other tasks like ASR as the pretraining or auxiliary task
to verify our core hypothesis above. In addition, to show that our method applies to other
languages as well, we also conducted experiments using Spanish as the target language. This
is evaluated by creating the French and Spanish version of the English IC benchmark SLURP
(Bastianelli et al., 2020), using both real and synthetic sources. On all the tasks, our approach
outperforms previous baselines and ASR pretraining, often by a large margin.

Furthermore, unlike knowledge for self-supervised objectives loosely connected to target
SLU tasks, knowledge to handle tasks with closer link to semantics such as ST will be more
valuable, following our core hypothesis. Hence it should be helpful to preserve such knowledge
instead of direct fine-tuning with the risk of catastrophic forgetting. Therefore, we introduce
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multi-task learning as well as Bayesian regularizers for knowledge preservation, namely L2-SP
(Li, Grandvalet, and Davoine, 2018) and EWC (Kirkpatrick et al., 2017), which show benefits
especially in low-resource cases.

To summarize, our contributions are three-fold:

1. We demonstrate the effectiveness of speech translation pretraining on multiple SLU
tasks, especially in cross-lingual transfer cases.

2. We confirm the value of preserving ST pretraining knowledge for downstream tasks and
the capability of Bayesian regularizers to achieve that.

3. We build several new datasets for speech summarization and cross-lingual SLU.

Our code, models, and datasets are released at https://github.com/idiap/translation-aided-slu.

3.2 Model Pretraining

As in Figure 3.1, we first build a speech translator using an architecture established by Li,
Wang, et al. (2021), that connects pretrained models on speech and text with a CNN adaptor:
Audio signals are fed into the lower half of the multilingual wav2vec2, XLSR-53 (Conneau,
Baevski, et al., 2021), to extract the (sub-)phonetic representations into a 320x-downsampled
sequence. The upper half (12 layers) of XLSR is discarded for computational efficiency, as
those parameters are found focused on MLM pretraining and less useful for downstream
tasks (Zhu, Wang, Cheng, et al., 2022). Given the phonetic level embeddings produced by
the half XLSR, the task is similar to machine translation to map them to the output text, for
which we leverage the MT model based on mBART (Liu, Gu, et al., 2020). While the length of
this sequence is still much longer than the corresponding text. To better align it with typical
textual embeddings as in mBART inputs, a 3-layer 8x-downsampling CNN adaptor is inserted.
A target embedding is then prepended to specify the target language or task, similar to the
target token used in mBART. To promote language agnosticity, we do not indicate the source
language. Furthermore, it has been found that explicitly promoting language agnosticity
may help zero-shot transfer (Arivazhagan et al., 2019), hence we've also attempted to add
language adversarial training on the encoder outputs during pretraining and fine-tuning,
using a language classifier of a 2-layer MLP to predict the language of the input speech, with
gradient reversal layer to explicitly align the representations between different languages.

Based on the architecture, we fine-tune the model using a combination of the En—Fr portion
of MuST-C (Di Gangi et al., 2019), and the Fr—En portion of TEDx (Salesky et al., 2021), both
derived from TED talks, plus the Fr—En portion of CoVoST2 (Wang, Wu, et al., 2021) based
on general sentences in Common Voice (Ardila et al., 2020), with texts further cleaned and
sentences that are too long or contain foreign characters removed. Unlike Li, Wang, et al. (2021),
the whole model is fine-tuned for best pretraining results. To compare, we also experiment
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3.3 Downstream Adaptation

ASRWER| TEDx MuST-C CoVoST2

ASR 16.58%  8.62%  13.67%
ASR+ST 15.82%  8.28%  13.62%
ST BLEU?

ST 29.27% 36.30%  31.34%

ASR+ST 31.19% 37.18% 31.93%

Table 3.1: Test results on the cleaned pretraining datasets given by word error rate (WER) for
ASR and BLEU score for ST, with French inputs for TEDx and CoVoST2, and English inputs for
MuST-C.

with pretraining on the task of ASR instead. As the data are paired with both translations and
transcripts, we use the same ST dataset for ASR training to build a multilingual (En+Fr) ASR
model. We've tried to jointly train on ASR+ST in a multi-task manner as well. With a total
of >700 hours paired speech data, we achieve satisfactory results on the pretraining tasks
as indicated in Table 3.1, and ASR+ST training shows better performance compared to the
single-task ones. Starting from the ASR and ST models, we further add Spanish portion from
the same set of ST datasets. As a result, we obtain an ST model supporting both En—Fr and
En<—Es (Spanish), and a tri-lingual En+Fr+Es ASR model, both with similar satisfactory results,
details available in Appendix A.5.

3.3 Downstream Adaptation

3.3.1 Tasks
We then fine-tune the whole model on a variety of direct downstream tasks as follows.

SLURP is a large and challenging English SLU dataset recently proposed, with 72.2k real
speech recordings and 69.3k synthetic audio for a broad range of speech commands given to
voice assistants. We use its IC labels to classify the input into 18 scenarios and 46 actions.

MINDS-14 is a multilingual IC dataset for banking scenarios with 14 types of intents in 14
languages with around 600 utterances per language, and we use four subsets (en-AU, en-GB,
en-US, and fr-FR) under a 3:2:5 train-dev-test split in XTREME-S (Conneau, Bapna, et al.,
2022). The rather scarce training data demand data-efficient multilingual modelling.

NMSQA or Natural Multi-Speaker Question Answering is a spoken QA dataset consisting of
audio for the questions and segmented context articles from SQuAD (Rajpurkar et al., 2016),
with 97.6k question-answer pairs given in >300 hours of synthetic audio from 12 speakers
produced by Amazon TTS, coupled with a 60-speaker real test set of 2.7 hours of recordings.
In this task, the goal is similar to textual QA to predict the correct span in the spoken context
audio that answers the question, and the performance is measured by Audio Overlapping
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Score (AOS) (Lee, Wu, et al., 2018), defined as AOS = XN Y/X U Y, in which X is the predicted
audio span and Y the ground truth.

Spoken Gigaword is the synthetic spoken version of the summarization or headline generation
task on Gigaword (Rush, Chopra, and Weston, 2015), proposed by Huang, Rao, et al. (2022),
aimed at generating a brief headline from a short piece of English spoken news. As it was
not released, we follow their method to filter the data and create a synthetic dataset of 131.5
hours of audio using Google TTS from 9 neural voices in en-US, with 50k training samples, 1k
validation samples, and 385 test samples, as a result of filtering out the frequent noise in the
test set.

Synthetic data are used in those established datasets for training and evaluation. Despite
being possibly different from real data, it is observed that they are often reliable to reflect
model performances and well correlated with real cases.

3.3.2 Methods

For these downstream tasks, we reuse the encoder further pretrained on ST/ASR (with French,
unless otherwise stated). It should be noted that the 12-layer mBART encoder we use is slightly
smaller than half XLSR. So when connected, the total encoder size and the computational
cost to fine-tune it is comparable with fine-tuning the whole original XLSR. Upon the encoder
we stack a 3-layer transformer, which is also transferred from a PTLM. As for IC, we use layer
2-4 from pretrained XLM-R (Conneau and Lample, 2019) for possibly better understanding
capabilities, stacked with linear classifier heads over mean-pooled outputs. Particularly, for
SLURP in which the intent consists of a scenario and an action, two heads are used. As for
SQA, we use layer 2-4 of pretrained Longformer (Beltagy, Peters, and Cohan, 2020), a PTLM
dedicated for long utterances due to the length of each segment in the data, as in Lin, Chuang,
et al. (2022). Two linear classifiers are then applied to each frame to predict the start and end
of the span, along with an answer existence classifier over mean-pooled outputs to predict
if the answer exists in the provided segment. We then concatenate the question audio with
each segment in the spoken article as model inputs, and pick the predicted answer span from
the segment with the highest answer existence likelihood. For these two tasks, the pretrained
decoder is simply discarded. While speech summarization is more similar to ASR and distinct
from other downstream tasks that the model first needs to capture general meaning of the
speech as encoded representations, and then generate a textual summary by the decoder,
which demands a seq2seq architecture identical to the ST/ASR pretraining task. Hence we
reuse the whole encoder-decoder model and formulate the task as generation in an extra
"target language". With the needs to both understand the general meaning and generate in
the same language, we hypothesize that combining ASR and ST will lead to the best results.

Furthermore, as mentioned above, direct model fine-tuning may lead to catastrophic forget-
ting of the knowledge on ASR or ST and harm semantic understanding capabilities. Hence we
also tried a multi-task joint training approach on both the pretraining and target task. Results
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3.3 Downstream Adaptation

Pretraining task Accuracyt
ASR 87.38%
w/ Joint training 88.37%
ST 87.84%
w/ Joint training 89.35%
w/ Joint training + Es 89.59%
ST+ASR 87.75%
w/ Joint training 89.43%
None 84.80%
Whisper 80.39%
ESPnet-SLU (Arora, Dalmia, Denisov, et al., 2022) 86.30%
CTI (Seo, Kwak, and Lee, 2022) 86.92%
Generative IC+SF (Wang, Boumadane, and Heba, 2022)
based on wav2vec2 87.13%
based on HuBERT 89.38%
CIF-PT (Dong, An, et al., 2023) 91.43%

Table 3.2: SLURP test results of our models, fine-tuned from wav2vec2, compared to baselines
without additional supervised pretraining or reusing Whisper as the encoder, as well as results
reported in literatures.

are compared between the model pretrained with ST, ASR, or both, or one directly derived
from self-supervised pretraining without further supervision (None), plus other baselines.
More, the recent Whisper (Radford, Kim, et al., 2023) is trained on multiple speech tasks
including ASR and ST, which matches our idea despite not aiming at SLU. Hence we also try to
fine-tune the Whisper encoder, using the medium version with size similar to our encoder.

Pretraining task en-AU en-GB en-US fr-FR Average
ASR 95.7% 97.3% 96.5% 95.2%  96.2%
w/ Joint training 96.3% 98.3% 98.2% 93.7% 96.6%
ST 96.9% 99.0% 982% 97.8%  98.0%
w/ Joint training 97.3% 98.7% 99.3% 98.2%  98.3%
ST+ASR 95.4% 983% 97.5% 95.6% 96.7%

w/ Joint training 96.3% 98.3% 98.9% 98.5% 98.0%

XLSR (Lozhkov, 2022) 92.4% 93.2% 93.3% 94.4% 93.3%

Table 3.3: Test accuracies for models on MINDS-14 multilingual IC, comparing with directly
fine-tuning the full XLSR model. Both ST pretraining and joint training show benefits.
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Pretraining task dev test
ASR 54.6% 53.0%
ST 58.2% 59.4%
ST+ASR 57.8% 58.0%
DUAL E2E 48.5% 49.1%
- Cascaded 58.3% 57.4%
ByT5lephone E2E - 53.3%
- Cascaded 59.2% 70.5%

Table 3.4: AOS (1) scores for models on NMSQA, compared to baselines reported in DUAL (Lin,
Chuang, et al., 2022) as well as the much larger ByT5lephone model (Hsu, Chung, et al., 2023).
The pretraining tasks prove helpful, particularly ST pretraining, which may reach performance
close or better certain cascaded system.

3.3.3 Results

English IC Following the previous works, we report the test accuracy on SLURP as in Table 3.2.
It can be observed that the models with ST pretraining outperform those trained on ASR only,
while adding ASR to ST pretraining makes limited improvements, though it gives better WER
and BLEU during pretraining; it is the same case for the model with the extra Spanish ST
task introduced in pretraining. However, ASR does help considering the None model directly
fine-tuned from self-supervised PTLMs without any additional pretraining. By joint training
with both the pretraining and downstream task, results are consistently improved. However,
despite being a strong ASR+ST model, Whisper is found not suitable for fine-tuning on SLURP
in this way as shown by the low accuracy. This might be explained by the fact that Whisper is
trained on En ASR and X—En ST but not for En—X ST. Our hypothesis is that the ST pretraining
on a specific language would enhance the semantic understanding capabilities of the model
in that language, which may not help Whisper much on the English SLURP benchmark. Also,
Whisper is trained on 30-second chunks, while SLURP contains more shorter utterances.

HuBERT, used in multiple baselines in Table 3.2, has been found stronger on various down-
stream tasks compared to wav2vec2. Owing to the lack of a multilingual HuBERT (large) model,
we rely on the multilingual wav2vec2 as our acoustic encoder. However, we reach much better
results compared to many notable baselines, including the approach of jointly generating
the intents and slots (Wang, Boumadane, and Heba, 2022), with 87.13% accuracy, the highest
among wav2vec2-based baselines. We also reach slightly higher accuracy than its HuBERT
version, which was the previous state-of-the-art. The very recent CIF-PT (Dong, An, et al.,
2023), concurrent with ours also injects more semantic signal, but by learning frame-to-token
alignments on the encoder and then distilling from PTLMs, significantly pushing the state-
of-the-art on this monolingual benchmark. Nevertheless the method is distinct from ours,
raising the possibility of applying both methods orthogonally for further improvement, and
we maintain advantages on cross-lingual transfer and possibly also generative tasks by reusing
a pretrained seq2seq decoder, as elaborated below.
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3.3 Downstream Adaptation

Multilingual IC We then report the accuracy on MINDS-14 as in Table 3.3 on four languages
plus the average accuracy across languages, compared to a baseline directly fine-tuned from
XLSR. The results are consistent with the monolingual case that ST pretraining can significantly
improve the performance on SLU tasks, that joint training is beneficial, and that adding ASR
gives limited gains.

dev test
Jointtask ROUGE-1 ROUGE-2 ROUGE-L ROUGE-1 ROUGE-2 ROUGE-L
ASR 40.16 18.39 37.69 35.90 16.25 33.77
ST 40.61 18.95 38.23 36.70 16.39 34.47
ST+ASR 41.39 19.50 38.83 37.63 17.80 35.20
None 21.49 7.44 20.37 18.39 6.16 17.41
Cascaded 42.00 21.42 39.60 32.24 15.03 30.14

Table 3.5: ROUGE (1) scores for models on Spoken Gigaword speech summarization. ST
still proves beneficial, while best results could be obtained by combining ASR for this task of
generating summaries in the same language.

Spoken QA We compare our methods with results reported by Lin, Chuang, et al. (2022),
including the results from a cascaded pipeline that fine-tunes Longformer upon transcripts
from wav2vec2-based ASR, and the DUAL approach that fine-tunes Longformer upon units
pre-extracted by a frozen HuBERT, hence not fully end-to-end. For fair comparison, we
fine-tune the classifier built by layers 2—-4 of Longformer and the top 5 layers of the mBART
encoder, while the rest of the model is frozen and used as a feature extractor, so that they
have a comparable number of trainable parameters with the baselines. Therefore we do not
conduct experiments on joint training in this task as most shared parameters are frozen. The
results reported in the more recent T5lephone (Hsu, Chung, et al., 2023) including the E2E and
cascaded approach are also mentioned, though they are almost twice as large as other models.
All the baselines enjoy a view of the whole article, while in our experiments we use a model
that works on a shorter context window with the question and each segment in the article
individually, in order to have an end-to-end architecture given our computational resources
that is consistent with other experiments. Therefore, the baselines possess a strong advantage
over ours. However, as shown in Table 3.4, the additional pretraining stage leads to better
results compared to all the E2E baselines, which further demonstrates the advantage of our
approach. Particularly, ST considerably improves the performance and could successfully
beat the cascaded system reported by Lin, Chuang, et al. (2022) in the more challenging test
portion.

Speech summarization We report the results compared between different auxiliary tasks as
in Table 3.5 using the ROUGE-1/2/L metrics (Lin, 2004). In the experiments, we observed that
simply fine-tuning the model rapidly leads to overfitting, hence we perform joint-training
only, and use a special target embedding to indicate the summarization task. ASR is helpful
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Full 100-shot Zero-shot
Pretrain task dev test real dev test real dev test real
ASR 83.3% 84.0% 79.7% 69.6% 69.0% 71.3% 39.0% 39.8% 39.4%
ST 85.2% 86.1% 84.9% 78.1% 77.0% 79.0% 58.9% 58.9% 56.6%
ST+ASR 85.8% 85.7% 82.4% 78.0% 77.0% 78.8% 63.9% 62.6% 59.1%
ST+Adv. 86.4% 84.9% 84.1% 78.3% 78.1% 80.9% 67.0% 67.7% 63.7%
None 75.9% 74.0% 65.4% 57.5% 52.4% 53.5% 153% 16.1% 13.6%

Table 3.6: Results on SLURP-Fr cross-lingual IC transferred from SLURP with different data
amounts. Comparing different supervised pretraining (or w/o additional supervision), results
highlight ST and adversarial training.

None ASR ST

Full dev 75.6% 83.7% 85.6%
test 751% 82.5% 84.5%
100-shot dev 64.4% 765% 80.3%
test 63.8% 75.1% 79.6%
Zero-shot dev 12.3% 39.7% 55.2%
test 12.8% 39.1% 54.4%

Table 3.7: Results on SLURP-Es cross-lingual IC transferred from SLURP with different data
amounts.

on the summarization task as the ST+ASR model consistently outperforms the ST one, while
the ST one is still better than the ASR-only model, signifying the importance of the semantic
understanding capability brought by ST pretraining. In addition, we compare with a cascaded
baseline that first transcribes the inputs with our ASR model, which introduces WER 0f 9.1%
and 8.9% on dev and test respectively. Then we leverage a BART-based model fine-tuned on
the full textual Gigaword with ROUGE-1/2/1.=37.28/18.58/34.53 to produce the summaries.
When applied to the relatively simple utterances in Spoken Gigaword, it reaches a higher
performance on dev, which suggests the challenges for E2E systems in our benchmark, though
the gap is narrow compared to our E2E approach with ST+ASR pretraining, and on the noisier
test set our E2E models consistently get much better results.

3.4 Cross-lingual Transfer

For cross-lingual transfer, IC models trained on SLURP are then applied on/fine-tuned to
French/Spanish data below:

Datasets A French version of SLURP, SLURP-Fr, is created to evaluate the cross-lingual transfer
capabilities of the model, which is based on MASSIVE (FitzGerald et al., 2023), a translation of
SLURP texts into multiple languages. With the same input domain and output categories, zero-
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shot transfer becomes possible. We first produce the audio for the 16.5k French samples in
MASSIVE with a 7:2:1 train-dev-test split using Google TTS from four different WaveNet-based
speakers. Then we invite two native French speakers to read out a total of 477 randomly-
selected category-balanced held-out utterances, forming the real test set. To mimic SLURP, we
record the audio indoors with two microphones under both near-field and far-field conditions.
We also define a 100-shot per category subset with 4.5k samples in total to simulate a condition
with even lower resource. SLURP-Es is created in a way similar to SLURP-Fr with 16.5k Spanish
samples in MASSIVE, though we are unable to create a real set.

Experiments The advantage of our method on cross-lingual transfer is evaluated under the
full-data, 100-shot, and zero-shot cases, using different pretraining strategies compared to the
None model trained on SLURP without further supervision but directly upon the multilingual
self-supervised pretrained models. Hence it is noteworthy that all the compared models have
been pretrained in a multilingual way. As given in Table 3.6 on French, extra multilingual
ST/ASR supervision consistently leads to better results on different data amounts. ST pretrain-
ing outperforms ASR, similar to previous experiments, while ST+ASR joint pretraining brings
some improvements in the zero-shot case. Notably, the gap between ASR and ST models
becomes larger with fewer data, especially with zero shot, which implies the importance of ST
on cross-lingual transfer. Accuracy on the real near-field speech is reported, which correlates
well with those on synthetic ones, indicating that performance on synthetic speech is reliable
for evaluation. The ST+Adv. model incorporates language adversarial training during pre-
training and fine-tuning to further promote language agnosticity as mentioned above, which
outperforms other models in most cases, particularly with zero shot, implying the usefulness
of language adversarial training and the importance of language agnosticity of input features
to the classifier. In addition, we build a cascaded system which first translates the speech
into English text using our ST model, with BLEU scores of 26.08/26.34/21.56 on dev/test/real.
Then a BART-based textual SLURP model with 85.7% test accuracy is used. This essentially
zero-shot system gives a competitive 62.2% real accuracy, which poses challenges to the future
development of E2E cross-lingual models. The model on Spanish, based on En+Fr+Es ST/ASR
pretraining along with training on SLURP in an identical protocol, shows similar results as in
Table 3.7, indicating the applicability of our approach to other languages.

3.5 Pretraining Knowledge Preservation

Methods As mentioned above, the knowledge to perform ASR/ST that connects speech and
semantic-rich texts could be valuable for downstream tasks, which motivates us to use joint
training above that maintains the performance on the pretraining tasks. This is verified by
the considerable performance improvement or gap between the joint and single models.
However, it is computationally intensive and requires access to the pretraining data. To
alleviate the gap without joint training, we intend to explore Bayesian transfer/continual
learning regularizers that limit the parameter shift by applying a prior on the parameters,
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Figure 3.2: Results for Bayesian transfer regularizers when applied to different tasks, with the
goal of mitigating the gap between the performance of single-task and joint-training models,
indicated by the lower and the upper horizontal lines. The x-axis indicates the regularization
weight for EWC/L2-SP, and the y-axis the accuracy. The regularizers bring positive effects on
the data-scarce MINDS-14 task, but not on SLURP.

based on the Laplacian approximation of posterior parameter distributions in pretraining
(MacKay, 1992). Particularly, the L2-SP method formulate the prior as an isotropic Gaussian
distribution with the pretrained parameters 0, as the mean and identical variance for all
parameters, which leads to an L2 regularization term with weight a centered at 8 in the loss
for the maximum likelihood estimation of the parameters (Li, Grandvalet, and Davoine, 2018).
While elastic weight consolidation (EWC) (Kirkpatrick et al., 2017) considers the variance of
each parameter 6; decided by the Fisher diagonal F;, which could be further estimated using
squared gradients by averaging over the stochastic gradient descent (SGD) trajectory. However,
for optimization we use the Adam algorithm

et‘—ot—l—a'mt/(\/ﬁ_t'i‘ﬁ'), (3.1)

that already computes ?;, an exponential moving average of squared gradients (Kingma
and Ba, 2017), close to linear averaging with a smoothing parameter 8, = 0.999. Hence we
reuse them to set the per-parameter weight a F; for regularization. For both methods, the
hyperparameter «a is used to control the strength of the knowledge preservation or the restraint
to the parameter update. See Appendix A.1 for more theoretical explanations.

Experiments We experiment with these regularizers, targeted on ST-pretraining on SLURP
and MINDS-14, plus the ST+ASR pretraining on MINDS-14 which has a considerable 1.32%
accuracy gap. We try to use various weights a for L2-SP regularization ranging from le-5 to
le-2. Then we inspect the distribution of the approximated F;, which ranges from 1e-20 to
le-5 as in Appendix A.6. For optimization stability we clamp the weight a F; above 1e-2, and
use EWC weights of 2e2, 2e4, 2e6, and 2e7 to roughly match the magnitude of those for the
L2-SP regularizer.

Results are shown in Figure 3.2, and for MINDS-14 the average accuracies are reported. In the
case of SLURBP it is possible that the amount of data is already sufficient that the preservation
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of the pretraining knowledge could be helpful only if it is carried out in a fully adaptive way,
namely joint training. Therefore, the regularizers lead to limited help or even harm to the
accuracy when the weight is large. However, under the low-resource condition in MINDS-14,
both regularizers are effective. As in Li, Grandvalet, and Davoine (2018), although being
more flexible and adaptive, EWC doesn’t necessarily lead to better transfer learning. This is
consistent with our observations: Both regularizers can successfully overcome the accuracy
gap or even go beyond the joint training model under an appropriate weight, while the best
regularizer varies in different cases, though the more adaptive EWC has a chance to reach
better results as in the MINDS-14 ST+ASR case. In this way, we demonstrate the effectiveness
of Bayesian parameter-preserving regularizers for transfer learning on such large pretrained
models.

3.6 Related Work

Translation as an auxiliary task It has been found that representations from MT models
capture various aspects of the input utterance such as syntax (Shi, Padhi, and Knight, 2016),
morphology (Belinkov et al., 2017), and also semantic inferences (Poliak et al., 2018; Belinkov et
al., 2020). Hence MT has been established as a pretraining task as in CoVe (McCann et al., 2017)
for various downstream tasks. But unlike our work, recent works on the direction has been
focused on multilingual and cross-lingual cases, starting from attempts to reuse MT represen-
tations as sentence embeddings for text classification (Shi, Padhi, and Knight, 2016; Lu, Keung,
etal., 2018), and, particularly often, for semantic similarity and bi-text mining (Schwenk and
Douze, 2017; Vazquez et al., 2019; Raganato et al., 2019; Artetxe and Schwenk, 2019). As
for pretraining PTLMs to be fine-tuned, MT proves effective for downstream cross-lingual
tasks on few-shot and zero-shot transfer (Eriguchi et al., 2018), while often accompanied with
similar tasks like translation language modelling (Conneau and Lample, 2019; Kale, Siddhant,
etal., 2021), cross-lingual MLM (Chi, Dong, Ma, et al., 2021), and dictionary denoising (Reid
and Artetxe, 2022). Particularly, MT has been used as an auxiliary task for cross-lingual in-
tent classification on texts (Schuster et al., 2019; Siddhant et al., 2020; van der Goot et al.,
2021), and is widely used on cross-lingual generation, including summarization (Zhu, Wang,
Wang, et al., 2019; Cao et al., 2020; Xu et al., 2020; Takase and Okazaki, 2022), simplification
(Mallinson, Sennrich, and Lapata, 2020), question generation (Chi, Dong, Wei, et al., 2020),
and data-to-text generation (Kale and Roy, 2020).

Bayesian transfer learning Viewing the pretrained model not as a point estimation but a
distribution is critical for continual learning as in EWC (Kirkpatrick et al., 2017), and the idea
has been also applied to transfer learning to regularize fine-tuning as in L2-SP for image
classification (Li, Grandvalet, and Davoine, 2018), though similar regularizers have been used
on MT (Miceli Barone et al., 2017) and ASR (Liao, 2013). More recently, Shwartz-Ziv et al. (2022)
propose to approximate the prior using SGD trajectory as in SWAG (Maddox et al., 2019) for
transfer learning.
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End-to-end SLU As introduced in Chapter 2.2, recently end-to-end methods and PTLM-
based methods have gained popularity in SLU. Besides directly fine-tuning existing PTLMs
on speech (Wang, Boumadane, and Heba, 2022; Arora, Dalmia, Denisov, et al., 2022), there
are also explorations for end-to-end interface to connect pretrained models on speech and
text (Saxon et al., 2021; Seo, Kwak, and Lee, 2022; Raju et al., 2022), as well as joint speech-text
modelling, pretraining, or distillation (Chuang et al., 2020; Chung, Zhu, and Zeng, 2021; Kim,
Kim, et al., 2021; Villatoro-Tello et al., 2023; Dong, An, et al., 2023), prompt tuning for PTLMs
(Gao, Nij, et al., 2022; Chang, Tseng, et al., 2022), combining PTLM features (Cheng, Zhu, et al.,
2023), and multitask learning with ASR (Huang, Rao, et al., 2022), which is most relevant to
this work.

3.7 Conclusion

We confirm our hypothesis that speech translation can be a powerful pretraining and joint-
training means for various end-to-end models on tasks involving semantic understanding of
speech. Particularly, it benefits multilingual scenarios and cross-lingual transfer, including
the zero-shot case. We also create two new datasets for the above tasks. Furthermore, we
demonstrate the effectiveness of Bayesian regularizers to preserve the knowledge from pre-
training for downstream tasks. This provides important insights for our research on SLU that
highlights the value of semantic-heavy pretraining tasks. This also motivates our subsequent
investigation on the use of the more semantically capable LLMs pretrained on text.
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Spoken Language Understanding via
LLMs

The previous chapter falls under the pretraining+fine-tuning paradigm, where the gener-
alist model still requires further fine-tuning before it can be effectively applied to specific
downstream tasks. Following GPT-3 and the release of ChatGPT in late 2022, LLMs have
demonstrated strong language understanding capabilities. This is particularly reflected in
their zero-shot and in-context learning abilities on downstream tasks through prompting. To
assess their impact on spoken language understanding (SLU), in this chapter we evaluate
several such models like ChatGPT and OPT of different sizes on multiple benchmarks. We
verify the emergent ability unique to the largest models as they can reach intent classification
accuracy close to that of supervised models with zero or few shots on various languages given
oracle transcripts. By contrast, the results for smaller models fitting a single GPU fall far
behind. We note that the error cases often arise from the annotation scheme of the dataset;
responses from ChatGPT are still reasonable. We show, however, that the model is worse at
slot filling, and its performance is sensitive to ASR errors, suggesting potential challenges for
the application of those textual models on SLU. All of the results indicate that LLMs can be
powerful for SLU, while the exact methods to leverage them remain to be explored.

The work in this chapter has been published as:

Mutian He and Philip N. Garner (2023b). “Can ChatGPT Detect Intent? Evaluating Large
Language Models for Spoken Language Understanding”. In: Proceedings of the 24th Annual
Conference of the International Speech Communication Association, Interspeech 2023, pp. 1109-
1113. por1: 10.21437/Interspeech.2023-1799
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Chapter 4. Spoken Language Understanding via LLMs

4.1 Introduction

Gigantic pretrained language models like GPT3 with 175B parameters trained on 45TB texts
have demonstrated surprisingly strong performance on various downstream language tasks
with little or no data (Brown, Mann, et al., 2020). Since then, GPT3 has evolved into GPT3.5
through pretraining on code as in Codex (Chen, Tworek, et al., 2021) which powers GitHub
Copilot, as well as through instruction fine-tuning that aligns the model’s responses given
instructions with human expectations using reinforcement learning, known as InstructGPT
(Ouyang et al., 2022). When further combined with fine-tuning on dialogues in a similar
way, the resulting model, ChatGPT, has gained great popularity since its release in late 2022,
displaying highly human-like language understanding and generation capabilities (Kung et al.,
2023; Bang et al., 2023; Qin, Zhang, et al., 2023), and has become the core of a number of
Al-powered applications. Combined with the ability to utilize tools with external APIs as in
Toolformer (Schick et al., 2023) as well as conducting web search as in WebGPT (Nakano et al.,
2022) and New Bing, a competent and versatile Al assistant has taken shape. Therefore, a
question arises: is the model capable of conducting spoken language understanding (SLU)
tasks like those in current voice assistants?

Current SLU approaches are substantially different from how we use those GPT3-based models.
Traditionally, SLU is carried out using a cascaded pipeline, which includes an automatic speech
recognition (ASR) module taking audio as inputs, and a natural language understanding (NLU)
module working on ASR transcripts, hypotheses, or lattice to predict labels for tasks like intent
classification (IC) and slot filling (SF) (De Mori, 2007; Qin, Xie, et al., 2021). Recently, end-to-
end approaches that directly predict labels from speech (Serdyuk et al., 2018; Haghani et al.,
2018; Saxon et al., 2021) become more popular, and pretrained language and speech models
are also introduced into SLU (Wang, Boumadane, and Heba, 2022; Arora, Dalmia, Denisov,
et al., 2022; Seo, Kwak, and Lee, 2022). Additionally, there are works focused on low-resource
or few-shot textual IC/SF (Yazdani and Henderson, 2015; Ferreira, Jabaian, and Lefevre, 2015;
Hou, Che, et al., 2020; Wu, Su, and Juang, 2021; Peng, Zhu, et al., 2021).

However, those methods are based on the paradigm of supervised training or fine-tuning with
a set of possibly large-scale training data. In contrast, considering the difficulty of fine-tuning
the whole GPT3 model, recent NLP research highlights a different scheme, namely prompting
(Liu, Yuan, et al., 2023): given a fixed textual description of the task known as a prompt without
any training data, the language model may correctly carry out the task. Furthermore, the
in-context learning approach adds a few paired examples in the textual prompt to further
direct the model towards the desired outputs. Such methods are different from traditional
zero or few-shot learning in which the model parameters are fixed. It appears to be clumsy
and may perform worse than fine-tuned smaller models like T5-11B at the beginning (Lester,
Al-Rfou, and Constant, 2021). Additionally, larger models were believed to be unscalable
to reach the desired performance given the costs (Brown, Mann, et al., 2020; Kaplan et al.,
2020; Cobbe et al., 2021), However, recent explorations reveal the emergent abilities of larger
models like GPT3-175B and PaLM 540B (Chowdhery et al., 2023): prompting shows low or
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4.2 Methods

even close-to-random performance on multiple tasks until a certain scale of the model where
a breakthrough emerges (Srivastava et al., 2023; Wei, Tay, et al., 2022). This breakthrough
enables chain-of-thought prompting to surpass the smaller models fine-tuned on rich data
(Wei, Wang, et al., 2022; Fu et al., 2023), allows reasoning using internal knowledge with results
comparable to external knowledge retrievers (Yu et al., 2023), and leads to better robustness
and generalization (Fu et al., 2023; Si et al., 2023).

There have been several works on SLU employing prompts, such as fine-tuning pretrained
models like T5 aided by prompts (Wu, Wang, Zhang, et al., 2022; Song, Huang, and Wang,
2024), fine-tuning embeddings prepended to the inputs known as continuous prompts (Chang,
Tseng, et al., 2022; Chang, Wang, et al., 2023), and end-to-end SLU by in-context learning on
GPT2 with a fine-tuned audio encoder (Gao, Ni, et al., 2022). They are nevertheless distinct
from the current prompting and in-context learning scheme, and have not approached the
regime of emergent abilities. Hence the potential and limitations of this new type of method
on SLU remain unexplored. Therefore we endeavor to undertake it by designing prompts and
evaluating these models on multiple SLU benchmarks, including SLURP (Bastianelli et al.,
2020) and the multilingual MINDS-14 (Gerz et al., 2021). Since these models take textual
inputs, beside oracle transcripts, we also use ASR transcripts from Whisper (Radford, Kim,
et al., 2023), which embodies a pipeline upon completely off-the-shelf pretrained models.
Furthermore, we compare smaller models that can easily run on a common GPU, namely
GPT2 (Radford, Wu, et al., 2019) and several OPT models (Zhang, Roller, et al., 2022).

As aresult, we discover that the largest GPT3.5 and ChatGPT models achieve high performance
on intent classification under zero-shot or few-shot in-context scenarios that are close or even
better than models fine-tuned on the whole dataset, when given the oracle transcripts. This is
unique to those large models as the smaller GPT2, OPT and GPT3.5 Curie models have much
lower performance and are entirely ineffective under zero-shot cases. Even in the cases where
the predictions differ from the labels, the predictions are mostly reasonable, often due to the
ambiguity of the sentence. This raises the question that the tasks to predict intermediate IC/SF
labels might not sufficiently reveal the potential of the model. However, for the slot filling
task with a more complicated task definition, the performance is much worse. Additionally,
the accuracy drops significantly when using ASR transcripts. We show that the models have
limited awareness of word pronunciations and possible ASR errors, which poses challenges
for directly deploying those models for real-world SLU. To facilitate reproduction, relevant
resources and prompts are available at https://mutiann.github.io/papers/ChatGPT_SLU/.

4.2 Methods

We design prompts to be given to ChatGPT for the intent classification and slot filling tasks as
in Figure 4.1. We begin by explaining the background of the task, and then provide options,
like possible intents. We rewrite the names of the scenarios and actions in natural language,
for example, with the underlines in the name removed. For in-context learning cases, several
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examples are further appended. Following by instructions about the answer format are the
questions. Several questions are asked in a batch for better efficiency. For instance, in the
case of ChatGPT on SLURP, we ask 45 questions in a conversation, with the first 5 questions
appended to the instructions, and the remaining 40 questions split into 2 rounds to be asked.
We then collect results from each line of the answer that corresponds with each question by
text matching. If the answer could not be identified, we retry up to 3 times. As for ChatGPT,
we use the legacy (a.k.a. default, codenamed text-davinci-002-render-paid) model available
on the webpage, which gives slightly different results compared to the faster default (a.k.a.
turbo, codenamed text-davinci-002-render-sha) model. For slot filling, we further explain
the meaning of each entity type. While as for GPT3.5, we adopt the largest text-davinci-003
model as well as the smaller text-curie-001 model®, using a slightly different prompt to fit
the task of text completion. Since GPT3.5 is called by the OpenAI API, more customization is
allowed, including logit bias to ensure that only tokens that may appear in the answer could be
generated. While as for smaller models, we use GPT2 large (774M) (Radford, Wu, et al., 2019),
the widely-used predecessor, as well as OPT, an open-sourced reproduction of GPT3 with
various sizes available (Zhang, Roller, et al., 2022). We picked the 1.3B, 2.7B, and 6.7B versions
that could be easily run on a single GPU, though we have to use half-precision inference on
the 6.7B one. We performed generation with an 8-beam search, using a prompt similar to
GPT3.5 but perform text completion with one question at a time. Whisper-large is chosen for
performing ASR (Radford, Kim, et al., 2023).

. User: We will show you some commands by a user to a voice assistant
The models are evaluated on the test Spht like Siri or Olly. Please determine that the command is under which of

3 . : _ the following predefined scenarios
Of two dlfferent datasets' SLURP 1S a large Audio: volume up, volume down, volume mute, volume other

scale IC and SF dataset of commands to | . examples are:
1. “book a taxi to the airport for tomorrow morning”: the scenario and

voice assistants with over 141k samples an- | . >, e al
intent is “Transport: taxi”.

notated with 60 different intents formulated - . - " ) .
ease give answers like: 1. Email: query contact, 2. loT: cleaning,

i ; : etc. The intent in your answer must match one of the intents for the
as scenarlo-action pairs, as Weu as 56 types corresponding scenario given above. If you are uncertain, choose the

of entities or slots. There have been limited | °ne thatyou think s the most likely.
How about the following commands:

evaluations on a task with so many differ- | - eventreminder mona tuesday ,
2. what is the exchange rate of us dollar to pound sterling

_ ChatGPT:
ent types, as current works are mostly fo- | ShatoPt:

cused on tasks with a small label space (e.g. | 2 Question Answering: currency

positive/neutral/negative in sentiment anal-
Figure 4.1: An example of ChatGPT doing

SLURP intent classification in a conversation.
The list of options, questions, and answers are
partially omitted for brevity.

ysis), though lower performance has been
found on named entity recognition (NER)
(Qin, Zhang, et al., 2023) and dialogue state
tracking (Bang et al., 2023) with a smaller la-
bel space but share some similarity with this task. MINDS-14 is a smaller banking scenario IC
dataset of 14 intents in 14 different languages, for which we use the XTREME-S split (Conneau,
Bapna, et al., 2022). Evaluations are performed on the test split, while in-context training
examples are picked from the training or validation split.

1The sizes of Davinci and Curie are estimated to be comparable to GPT3 175B and 6.7B respectively, according
to Eleuther Al as in https://blog.eleuther.ai/gpt3-model-sizes/
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4.3 Experiments

Table 4.1: Accuracy for various GPT3-based models on SLURP intent classification task with
zero or few examples.

#Examples 0 10 20 30

GPT3.5 72.86% 74.55% T77.27% 77.44%
w/ bias 75.86% 75.59% 78.31% 77.87%
Curiew/ bias 5.01% 491% 3.80% 3.77%

ChatGPT 79.25% 80.33% 83.93% 80.16%
Turbo ver. 78.98% 80.03% 81.78% 79.62%

Table 4.2: Accuracy for smaller language models on SLURP intent classification task with zero
or few examples. A 30-example prompt is too long for GPT2 with a 1024 token window.

#Examples 0 10 20 30
GPT2 (774M) 6.66% 8.88%  8.31% -
OPT-1.3B 5.58% 10.69% 17.85% 17.01%
OPT-2.7B 7.06% 28.65% 26.66% 36.97%
OPT-6.7B 4.37% 28.18% 35.14% 42.40%

4.3 Experiments

4.3.1 Oracle Texts

We first evaluate the models from OpenAl using oracle transcripts in SLURP for intent clas-
sification. As shown in Table 4.1, ChatGPT achieves an accuracy of 79.25% with zero shot,
and 83.93% with only 20 examples. Despite there being 60 different types of intents in SLURB,
ChatGPT achieves the result even without examples in many of the categories. The result is on
par with, or not far from, many supervised NLU models trained on the full oracle transcripts
dataset, like SF-ID with 82.25%, HerMiT with 84.84% (Bastianelli et al., 2020), and conformer
deliberation with 89.0% (Arora, Dalmia, Chang, et al., 2022), or end-to-end methods like
fine-tuning HUBERT with 89.38% (Wang, Boumadane, and Heba, 2022). While more training
examples seem to have limited or no improvements, as shown by the results on 30 examples.
This could be possibly due to the bloated length of the prompt. When we use a more verbose
version of the prompt with 20 examples but with 1260 tokens, similar to the 30-example one,
the accuracy drops to 81.41%. ChatGPT gives slightly better performance compared to GPT3.5
even with token bias, possibly thanks to its additional dialogue fine-tuning, while the faster
Turbo version shows slightly inferior results.

The results obtained with smaller models are presented in Table 4.2 in addition to the Curie
results above. It is evident that the performance falls far behind the presumed 175B GPT3.5
and ChatGPT models. The model size is apparently the most critical factor affecting the per-
formance, while the number of examples also makes a difference. Relatively larger (e.g. 6.7B)
models can better leverage the increased examples, while none of the zero-shot experiments
work. This is in stark contrast to the largest models where the number of examples has limited
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Table 4.3: Accuracy for intent classification on different languages from MINDS-14 with
ChatGPT, compared to the supervised textual model using full data.

en-US fr-FR pl-PL  ko-KR

0-shot 95.4% 97.4% 90.0% 89.2%
1-shot 97.9% 99.3% 96.1% 90.5%

LaBSE (Gerzetal, 2021) 95.1% 93.1% 89.2% 91.4%

Table 4.4: F1 score for slot filling with ChatGPT with different number of examples.

#Examples 10 20 30

ChatGPT 12.03% 13.00% 13.35%

impact and the zero-shot cases also show good results. This suggests that the largest models
possess sufficient capabilities through pretraining to comprehend the task explanation and
the input question without additional training examples. The role of the training examples is
more to guide the model to align with the requirements of the task that are not elaborated in
the task description. In contrast, in-context examples are more important for smaller models
that lack sufficient internal knowledge.

We then evaluate the models on four different languages from MINDS-14 selected based on
their proportion in the GPT3 training data: Among 118 languages in the data, 92.6% are in
English by word count, while the 2nd-ranked French accounts for 1.8%. Other languages
are exceptionally sparse: Polish (ranked 10th) for 0.16%, and Korean (28th) for 0.017%. Nev-
ertheless, ChatGPT generalizes to all of these languages with similar or better performance
compared to the supervised LaBSE (Feng, Yang, et al., 2022) reported in (Gerz et al., 2021),
though using a different split. The model can almost perfectly solve the task on English and
the rather low-resource French with zero shot, as well as Polish using only 14 examples or 1
shot per category to align with the task. Even on Korean with extremely sparse training data,
the zero-shot and one-shot results are still satisfactory. This demonstrates that the model
enjoys inherent multilinguality to generalize its strong language understanding capability to
various languages.

However, when it comes to the slot filling task with a more complicated task definition, the
situation is different. As in Table 4.4, the F1 score is poor and much lower than the models like
HerMiT with 78.19% F1 (Bastianelli et al., 2020). Therefore, the approach to better leveraging
ChatGPT on this task remains to be explored.

4.3.2 ASR Transcription

We then evaluate the model on SLURP intent classification using ASR transcripts, which
reflects the real SLU scenario. The SLURP recordings are transcribed with 16.7% test WER with
the off-the-shelf Whisper, which is acceptable, considering that the audio is often noisy and
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4.4 Discussions

Table 4.5: Accuracy for intent classification on SLURP with different number of examples using
ASR transcripts.

#Examples 10 20 30

GPT3.5 64.78% 68.95% 68.64%
ChatGPT 72.89% 73.96% 72.85%

an XLSR-based ASR system adapted to the SLURP data reports 15.5% test WER (Villatoro-Tello
et al.,, 2023). To our disappointment, the models suffer from significant performance drop
processing ASR transcripts as in Table 4.5, even though the model is prompted to account for
ASR errors.

Considering that GPT3 is capable of correcting language errors, we are inspired by the chain-
of-thought prompts (Wei, Wang, et al., 2022) to first instruct the model to try to correct the
ASR errors, and then determine the scenario and action. Such a prompt with 5 examples
brings 67.15% accuracy on GPT3.5, which alleviates the issue with a 2.4% improvement
compared to the 10-example prompt, although it is still far from the oracle transcript case and
leads to bloated prompt. We also attempt to directly instruct GPT3.5 to correct ASR errors,
characterized by the replacement of words with similar pronunciation. Given 1000 error cases,
WER increases from 25.6% to 32.4% after the correction. In most cases the sentences are more
fluent, but ASR errors remain. Hence we hypothesize that due to the nature of training on
textual inputs with wordpiece tokenization, the model has limited awareness of phonetics, as
implied by their high error rates on the IPA task (Srivastava et al., 2023). We further verify that
by asking ChatGPT the names of 50 well-known places with their Romanized transliteration in
Chinese and Japanese, e.g., “A city is called Nytiyoku in Japanese. What'’s its name in English?”,
which can be easily guessed by a person knowing the common pronunciation of Latin letters.
However, ChatGPT can correctly answer only 46% from Japanese and 10% from Chinese 2,
which further confirms its deficiency in phonetic knowledge.

4.4 Discussions

Experiments have demonstrated the capability of the model, though many errors are found.
However, it is worthwhile to look into the error cases to determine if ChatGPT really failed to
understand those text, especially considering that SLURP labels are relatively noisy (Villatoro-
Tello et al., 2023). Therefore, we check 100 error cases in the 20-shot ChatGPT experiments,
and find that 79% of them are not errors in the strict sense, as exemplified in Table 4.6. Some
of the “errors” occur when the input sentence is ambiguous and open to multiple different
interpretations. An example is shown in Figure 4.2, in which case we find that ChatGPT could
actually provide the correct answer and explain the answer if we provide clarification that is

2Later we experimented with the more recent GPT4 model, and it achieves 100% accuracy on this Chinese
test. It also appears to have stronger capability for correcting ASR mistakes, but errors are still often. Therefore
a stronger textual model may partially alleviate this limitation, though the extent remains unclear and is left for
future investigation.
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Table 4.6: Examples of “errors” made by ChatGPT on SLURP intent classification and slot
filling. Many of the predictions are also reasonable, but different from the labels in the dataset.

Command

Label

ChatGPT Prediction

Is there a groomer in town for cats only?
In how many hours will it be midnight in
London England.

Please tell me news related to the stock
market.

Olly I need a drink.

Can you give me the details of upcoming
annual function on twenty sixth march?
How long does it take to make vegetable
lasagna?

Give details of rock sand.

General: quirky
Date/time: query

Question answering: stock

IoT: coffee
General: quirky

Cooking: recipe

Question answering: defini-
tion

Recommendation: locations
Date/time: convert

News: query

General: quirky
Recommendation: events

Cooking: query

Question answering: factoid

Event reminder Mona Tuesday.

Exchange rate of US dollar to pound ster-
ling.

Take out the milk from the shopping list.
Increase the brightness of the lights.

Please send a mail to my friend Divya how
are you.

Please scan my social media and tell me
what’s happening.

Event name: Mona;

Date: Tuesday

News topic: exchange rate
of US dollar to pound ster-
ling

List name: shopping

Relation: friend; Person: Di-
vya

Alarm type: reminder; Person:
Mona; Date: Tuesday

Definition word: exchange
rate;
Currency name: US dollar;

Currency name: pound ster-
ling

List name: shopping; Ingredi-
ent: milk

Change amount: brightness;
Device type: lights

Email address: Divya; Person:
friend

Media type: social media;
Definition word: what’s hap-
pening

not given in the command. There are also some examples for which ChatGPT gives a more
accurate answer than the label. While in many other cases the issues arise due to the ambiguity
of the categories, which are often specified by the annotation scheme of the SLURP dataset.
For example, asking for news about stock is labeled as “Question answering: stock,” not “News:
query.” This is a fundamental weakness of prompting: the instructions, examples, and label
names in the prompt must fully reveal the goal of the task if it is not typically observed in
the textual corpus, which is difficult when the task or labeling specification is complicated
and subtle, even if the task itself is straightforward. Such annotation specifications could be
captured by a supervised model given the whole training set, but impossible for a zero-shot or
in-context model.

The phenomenon is more pronounced in the slot filling case where multiple entities with 56
different types could be extracted from a single command. The meanings of the labels often
overlap with each other, and the annotations tailored to the specific scenario of the dataset.
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For example, normal apps are extracted as “app name,” and companies as “business name”,
but Uber as “transport agency” and Northern Rail as “transport name,” which would baffle
a zero/few-shot model as in Table 4.6. The harm of such counter-intuitive labelling scheme
also matches the observations in (McKenzie et al., 2022). This kind of misalignment has more
impact in such a tagging task as tagging decisions need to be made on every individual word,
which may explain the observed worse performance on similar tasks like NER and dialogue
state tracking (Bang et al., 2023; Qin, Zhang, et al., 2023). We also find that ChatGPT may
be biased towards patterns in the limited examples. For example, with “tell me about morel
mushrooms” labeled as “Definition word: morel mushroom” in a training example, ChatGPT
tends to label “Definition word” on other sentences like “tell me what’s happening.” All these
examples illustrate the difficulties of in-context learning on a task with a complicated task
goal.

User: great song for commute

ChatGPT: The scenario and intent is “Recommendation: music”

User: The user might be asking the assistant to recommend a song for
the commute unknown to the user. But what if we already know what
song the user is talking about, as the device is playing it at the moment?
ChatGPT: If the device is already playing a song and the user says

In the evaluations conducted above, we di-
rect the model to fulfill requirements of the

dataset, which are intermediate tasks in a

. . P :1: “great song for the commute”, then the intent could be “Music: likeness”
plpehne‘ The predlctlons are then utlhzed as the user is expressing their enjoyment of the current song and

suggesting that it would be a good choice for a future commute.

to run external functions (e.g., sending an

email, answering a question, telling a joke)

Figure 4.2: An example for ChatGPT giving an
available in the specific annotated scenario

answer different from the label (“Music: like-
using certain rules. However, ChatGPT has ness”) on an ambiguous command. While

demonstrated its versatility as a chatbot that ChatGPT is able to determine the answer that
can communicate with users without being matches the label under an alternative situa-
bound by these objectives. For instance, the tion.

model often appears to “understand” the

commands in the “error” cases above, and may directly request for clarification when the input
can not be understood, such as when an ASR error happens. When equipped with the ability
to call external APIs (Schick et al., 2023; Nakano et al., 2022), New Bing can read returned
results and reason upon them to determine the final response to users’ requests. Additional
instructions regarding the functions can be also fed to the model via some system prompt in
multiple rounds of conversation along with user inputs. In this way, the model’s ability on
such intermediate tasks may underestimate its actual capability as an end-to-end assistant.

4.5 Conclusions

In this chapter we evaluate large language models on SLU tasks with prompting. We find that
they reach results comparable to fine-tuning on intent classification of multiple languages,
but not on tasks like slot filling when understanding the task itself is challenging, and being
sensitive to ASR errors. This supports the potential of using LLMs for SLU, but also reveals the
limitations of cascaded pipelines, and highlights the need for end-to-end approaches.
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5] Linearizing Pretrained Language Mod-
els

Previous chapters have implied pretrained generalist model as an essential component for our
goal on complicated semantic understanding under low-resource scenarios. However, a criti-
cal challenge under the context of this thesis is that the quadratic computational cost of such
models can be prohibitive when processing long contexts. Architectures such as Linformer
and Mamba have recently emerged as competitive linear time replacements for transformers.
However, corresponding large pretrained models are often unavailable, especially in non-text
domains. In this chapter, we present a Cross-Architecture Layerwise Distillation (CALD) ap-
proach that jointly converts a transformer model to a linear time substitute and fine-tunes it
to a target task. We also compare several means to guide the fine-tuning to optimally retain
the desired inference capability from the original model. The methods differ in their use of the
target model and the trajectory of the parameters. In a series of empirical studies on language
processing, language modeling, and speech processing, we show that CALD can effectively
recover the result of the original model, and that the guiding strategy contributes to the result.
Some reasons for the variation are suggested.

The work in this chapter has been published as:

Mutian He and Philip N. Garner (Apr. 2025). “Joint Fine-tuning and Conversion of Pretrained
Speech and Language Models towards Linear Complexity”. en. In: The 13th International
Conference on Learning Representations, ICLR 2025
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5.1 Introduction

Recent progress in language modeling from BERT (Devlin et al., 2019) to Llama3 (Grattafiori
etal., 2024) has witnessed the rise of the attention mechanism and transformer architecture.
Such models are able to scale up to very large model capacity and pretraining data for natural
language processing (NLP), and have lead to breakthroughs in a broad range of downstream
applications under either fine-tuning or zero-shot/in-context scenarios. This is surely not
restricted to the text domain: Off-the-shelf speech and audio models like Wav2Vec2 (Baevski
etal., 2020), HuBERT (Hsu, Bolte, et al., 2021), and WavLM (Chen, Wang, Chen, et al., 2022)
are pretrained on extensive audio data; they can be fine-tuned to obtain good performance on
various tasks from automatic speech recognition (ASR) to spoken language understanding
(SLU). However, such large-scale models are computationally expensive; the main reason
is that in the standard attention mechanism, each token interacts with all other tokens in
the input sequence, forming a complete graph. The computation time therefore increases
quadratically with the input length, and a linear-growing KV-cache is required. As a result,
the computation requirements can become prohibitive, especially for long contexts. A large
cohort of architectures and algorithms have been proposed to mitigate the problem and to
reach linear complexity, using techniques such as low-rank projection, hashing, and sparse
attention (Tay et al., 2022). More recently, there has been a revival of recurrent networks such
as state space models (Gu, Goel, and Re, 2022; Gu and Dao, 2024), RWKV (Peng, Alcaide, et al.,
2023), and RetNet (Sun, Dong, et al., 2023). By recurrently updating states, those models allow
linear time and constant space inference while retaining the transformer’s parallel training
capability. It has been demonstrated that the latest recurrent models, notably Mamba2 (Dao
and Gu, 2024), are capable of reaching performance comparative with the most well-trained
transformer, even in large-scale models.

In spite of such transformer substitutes, there remain obstacles to putting them into practical
use. These new models are not simply plug-and-play upgrades for existing pretrained models,
but are generally pretrained from scratch again. The pretrained weights of these models are
often not publicly released; the data and computational cost of repeating such pretraining for
every new model can be prohibitive for users and researchers of downstream applications.
In particular, most models are primarily developed for processing language or text. These
models are typically general-purpose substitutes for the standard attention mechanism, also
applicable to other domains such as speech and audio. However, the pretrained models on
those latter domains simply never exist; this hinders those domains from utilizing the latest
models and algorithms created in the larger machine learning (ML) and NLP community. This
is a particular concern for research in end-to-end speech processing involving long-distance
dependency in the lower information density audio form: such models are a prerequisite to
efficiently process the abundant long-form but poorly segmented audio in the wild.

To address this issue, a possible solution is to make use of off-the-shelf pretrained models and
convert them into the target linear-complexity model. Several previous works have explored
this method to obtain a target model with much less computation. Many of the standard
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transformer layers (e.g., embeddings, MLP) are still part of the target architecture. Compared
to pretraining from scratch, an immediate improvement would be the reuse of those pretrained
layers (Kasai et al., 2021; Choi, 2024). In addition to such parameter transfer, we can further
guide the conversion by transferring model behavior using knowledge distillation (KD). Given
model inputs, KD aligns the model outputs or hidden states between the original transformer
(teacher) and the target model (student) using an extra loss term. In an earlier work, Tang,
Lu, et al. (2019) explored conversion from BERT to RNN by aligning outputs; more recently,
Zhang, Bhatia, et al. (2024) and Bick et al. (2024) tried to reproduce the attention weights of the
standard attention mechanism in linear attention models. However, it has been pointed out
that reproducing attention weights is not a prerequisite to reproduce performance (Mao, 2022),
and even causes training inefficiency and instability (Mercat et al., 2024). More importantly,
this method is restricted to target models for which we can easily determine an attention
weight matrix equivalent to that of the standard one. This is not always the case: e.g., the
matrix in Linformer has a lower rank (Wang, Li, Khabsa, et al., 2020). Furthermore, distillation
only on outputs may not be sufficient to guide the model. The above works are restricted to
NLP tasks without considering other more demanding domains, e.g., speech. Furthermore,
most of these works are focused on conversion using an efficient re-pretraining stage, which
is still difficult for downstream users with limited access to computational resources and
pretraining data. Instead, it would be more attractive to directly perform the conversion
during fine-tuning.

Given the considerations above, we explore the possibility of converting an existing pretrained
transformer into a linear-complexity model on the downstream task. Our approach broadly
covers different source models, target models, and target tasks. This is made possible by
combining parameter transfer and layerwise distillation with hidden states from a target
teacher model, i.e., a pretrained standard transformer fine-tuned for the target task. In
addition to direct guidance from hidden states of the target teacher, we further investigate two
modes of guidance: Recognizing the importance of the pretrained knowledge of the original
transformer that can be lost during fine-tuning, we can guide the converted model by the
sequence of models on the teacher’s fine-tuning trajectory. Alternatively, we can use the
distilled model as a good initialization for conversion, and allow deviation from the teacher’s
behavior in the later training phase.

We demonstrate the advantage of our novel Cross-Architecture Layerwise Distillation (CALD)
approach under a broad range of scenarios, including conversion from RoBERTa to Linformer
for NLP tasks, from Pythia to Mamba for language modeling, and from Wav2Vec2 to Mamba2
for speech tasks including ASR, SLU, and speaker identification (SID). In all of these scenarios,
our converted models demonstrate minor to no performance loss compared to the standard
transformer, much better than naive parameter transfer. Code and resources to reproduce our
work are available at https://github.com/idiap/linearize-distill- pretrained-transformers.
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5.2 Background and Related Work

Linear-Complexity Models Various linear-complexity models have been introduced in Chap-
ter 2.3, including Mamba and Mamba2 used in this chapter. In addition, this chapter also
leverages a different type of effcient attention: Linformer Wang, Li, Khabsa, et al. (2020)
finds that the attention matrix A is inherently low-rank, and projects K and V into a lower
k-dimensional space using k x N matrices E and F. The two matrices can be shared, or even
shared between all layers. Then, the O(N?) matrix multiplication can be avoided, as A can be
provably approximated by

QEK)T

A(Q,K,V) =soft
Q ) = softmax( 7a

)JFV. (6.1)

Knowledge Distillation Distilling knowledge from teacher models to a student one by match-
ing the output probabilities is a standard approach to compress ML models, including pre-
trained language models (LMs) (Hinton, Vinyals, and Dean, 2015; Sanh et al., 2020). Interme-
diate hidden states of the teacher and student can be further aligned by layerwise distillation
(Sun, Cheng, et al., 2019; Aguilar et al., 2020). In addition, Brown, Williamson, et al. (2023)
have attempted to distill and compress existing pretrained linear-complexity LMs. In these
works, parameters from the teacher are also transferred to the student when possible, hence
also represent the direct parameter transfer approach.

Model Conversion Distinct from model compression, there is also a series of works aimed
at converting (a.k.a. uptraining) existing models into new, more efficient ones. Parameter
transfer is generally applied, e.g., in the conversion from standard attention to sparse attention
(Zaheer et al., 2020), RNN (Kasai et al., 2021), linear attention (Mao, 2022; Mercat et al., 2024),
and multi/grouped-query attention (Ainslie, Lee-Thorp, et al., 2023). Distillation, or behavior
transfer, from the standard transformer as the teacher has been also introduced, starting from
early attempts to convert transformers to RNN using teacher outputs or generations (Senellart
et al., 2018; Tang, Lu, et al,, 2019). Zhang, Bhatia, et al. (2024) further tried to reproduce
the attention matrix of standard attention in linear attention with a loss to align the teacher
and student attention weights. Bhati, Gong, et al. (2024a) also used output distillation for
pretraining Mamba-based speech models, but without parameter transfer. A concurrent work
then combined the distillation on attention weights, outputs, and hidden states (Bick et al.,
2024), and managed to convert large-scale LMs into Mamba with limited computation costs
and performance loss. These works are nevertheless focused on conversion during pretraining;
by contrast, we focus on conversion during fine-tuning, which is generally cheaper and more
accessible. Choi (2024) investigated conversion to RetNet or Mamba during fine-tuning on
commonsense reasoning tasks, but using only parameter transfer. Zhang, Bhatia, et al. (2024)
also considered conversion after fine-tuning by attention weight alignment. A concurrent
work converts Llama3 into Mamba using distillation on outputs and generations during
instruction fine-tuning (Wang, Paliotta, et al., 2024). Meanwhile, LoSparse jointly fine-tunes
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and compresses linear layers into LoRA + sparse matrix (Li, Yu, et al., 2023). Our work is
nevertheless distinct in that we investigate different modes of distillation under a general
framework of joint fine-tuning and conversion into efficient architectures based on layerwise
distillation, which allows a broader range of models and tasks as discussed above.

5.3 Methods

We aim at building a broadly applicable framework to convert an existing pretrained model
into a task-specific linear-complexity one. To achieve this goal, we combine parameter transfer
and distillation to best reproduce the performance of the target teacher model, a standard
transformer model fine-tuned on the target task from the pretrained source teacher model.
For parameter transfer, we replace only the attention layers in the teacher with the more
efficient sequence-mixing modules we intend to use, forming the student model as a result;
most other layers including embeddings, feed-forward, and layernorm will be preserved.
Following this approach, the teacher parameters can be used to initialize the student model
as much as possible. This constitutes our baseline unguided approach, in which we directly
fine-tune the student model with transferred parameters. Instead, by posing loss on the
difference of hidden states, we enforce constraints on the deviation of the student’s hidden
states from the teacher. In this way, we directly guide each layer in the student to reproduce
the behavior of the corresponding teacher layer. In addition, we consider different ways or
modes of such guidance, introduced below. These modes are also illustrated in Figure 5.1, and
pseudo-codes for the different modes of training algorithms are available in Appendix B.2.

* Target Guided. We can directly transfer the parameters from the fine-tuned teacher
target model and distill from it. More specifically, given the model inputs for training
on a target classification task, we denote the hidden states from the student and the
teacher target as H ) and HY, each with m vectors; outputs (class probabilities) of the
student and the teacher target as y) and y'; and one-hot labels as y. Then the loss
terms are written as

Ly, y) ==Y yilogy\™) (5.2)
7
(1) (2)

Vi y; 1B
ffKD(y(S),y(t)) — Z (l—)log( i ) (5.3)

T B ylgs)/ﬁ

Dy _ L s (072
LpHY,HY) == (H” - H") (5.4)

m ;=1

£ = acgZcE + akpZLxp + LD LD (5.5)

We set the temperature 8 = 2 following Hinton, Vinyals, and Dean (2015). The final loss
% is a combination of the cross entropy £cg, the KL divergence £xp between teacher
and student outputs in standard KD, and an MSE loss £} p between hidden states for
layerwise distillation. The three terms are weighted by a set of hyperparameters a.
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Figure 5.1: A conceptual illustration of the hidden states shift during training under different
modes of distillation. Given the trajectory (green line) of the hidden states during the fine-
tuning from the source teacher model (i.e. pretrained transformer) to the target teacher model
(i.e. transformer fine-tuned on the target task), we consider: a) Unguided: parameter transfer
without any distillation; b) Target Guided: distill from the target teacher; c) Trajectory/Way-
point Guided: gradually distill from a series of models on the trajectory; d) Hybrid: distill from
the target teacher until a certain step.

Instead, the unguided mode uses Zcg only. More specifically, as the target sequence-
mixing module (e.g., RNN) is nevertheless distinct from standard attention, it can be
more difficult to reproduce the hidden states right after the sequence-mixing layer.
Instead, we extract the hidden states after the processing of the following feed-forward
layer as H for layerwise distillation. As for tasks other than classification, we will replace
the Zcg term with the corresponding loss function, e.g. CTC loss for ASR tasks.

¢ Trajectory guided. Models initialized from pretrained parameters perform much better
than random initialization when trained on downstream tasks. This can be explained by
the rich knowledge internalized into the pretrained model, which may be lost during
fine-tuning. It has been found that preserving the knowledge during fine-tuning can be
helpful for downstream performance (Li, Grandvalet, and Davoine, 2018; He and Garner,
2023a). Therefore, it can be sub-optimal to only reproduce the hidden states produced
by the fine-tuned teacher target model, which has already lost certain knowledge. We
are further inspired by Li, Xiong, et al. (2019) who preserve certain hidden states from
shifting during fine-tuning for better downstream performance, as well as classical
homotopy or continuation methods that solve an optimization problem by tracing
a series of surrogate problems that gradually lead to the goal (Allgower and Georg,
1990; Lin, Yang, et al., 2023). Hence we first initialize the student with source teacher
parameters, and then simultaneously fine-tune the teacher and the student. In each
step, the distillation loss is not computed against the hidden states of the final teacher
target model, but the current teacher model instead. In this way, the student model
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will reproduce the trajectory of the hidden states during the whole teacher fine-tuning
process. As a result, we can better capture the pretraining knowledge present at the early
stage of fine-tuning, and adapt to the target task in a way more similar to the teacher. As
the converted architecture is different from the original one and may require multiple
steps to approximate the current teacher hidden states, we also consider updating the
teacher at a slower pace, e.g., every T, steps.

* Waypoint guided. Joint fine-tuning of the teacher and student will essentially double
the computation. Instead, we can make use of the checkpoints in teacher fine-tuning.
That is to say, we mark the teacher checkpoint of every T, steps as the guiding waypoint.
During conversion, we use the nearest waypoint ahead of the current training step as
the current teacher. In this way, we approximate the trajectory guided approach in a
more coarse-grained way but without extra computation compared to the target guided
approach.

* Hybrid. The target architecture is after all distinct from the standard transformer, and
hidden features in an optimal transformer can be sub-optimal for the target architecture.
Therefore, a hybrid scheme between the target guided and unguided modes can be
useful. Similar to KD annealing (Jafari et al., 2021), we apply the target guided mode at
the initial phase of fine-tuning. We later switch to the unguided mode, which allows
the model to train without the distillation constraint. In this way, the initial distillation
provides a good initialization for the following optimization.

5.4 Empirical Studies

5.4.1 Model Configuration

We carry out experiments on several scenarios that are representative to demonstrate the
advantages of our approach, including

* Converting RoBERTa to Linformer, fine-tuned on language processing tasks, and

* Converting Wav2Vec2 to the latest Mambaz2, fine-tuned on speech tasks.
Although not our focus, we also carry out an extra experiment to convert a widely-used open-

source LM of various sizes, namely Pythia (Biderman et al., 2023), into Mamba for language
modeling by retraining on a small subset of the pretraining corpus.

As mentioned above, we build the target architecture that allows parameter transfer as much
as possible. In this way, the architecture may not be identical to the standard Linformer,
Mamba, or Mambaz2, as specifically described below:

* Language processing by RoOBERTa — Linformer: We only add the E and F matrices to
project the hidden features, which are randomly initialized by .#'(0, 1) to preserve the
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Figure 5.2: Encoder layers in the student bidirectional Mamba2 model (b), converted from
Wav2Vec2 encoder layers in the teacher model (a). In each encoder layer, the attention layer
is replaced by two new forward and backward Mamba2 mixers. Inputs and outputs of the
backward mixer are timewise inverted. Hidden states after the feed-forward layer are extracted
for layerwise distillation.

scale of features after projection. All other parts of the model are left unchanged and
initialized with pretrained RoBERTa parameters. We follow the reported best Linformer
configuration (KV or layer-shared E and F, with rank k = 256).

* Language modeling by Pythia — Mamba: We only replace each attention layer with a
Mamba mixer of the same hidden size. The mixer is initialized using the specific Mamba
state-space scheme to best preserve the past memory (Gu and Dao, 2024).

* Speech processing by Wav2Vec2 — Mamba2: Wav2Vec? is a bidirectional model, while
Mambaz2 is unidirectional. Hence we build a bidirectional Mamba2 similar to the one
by Zhang, Zhang, et al. (2024). Each attention layer is replaced by two Mamba2 mixers
of the same hidden size, but with expand factor = 1, as shown in Figure 5.2. The mixer is
similarly initialized with the specific Mamba2 state-space scheme (Dao and Gu, 2024).

In this way, all the models have roughly the same number of parameters after conversion.
Classification tasks are carried out by adding a linear prediction head after mean pooling. The
modeling and training configuration under each scenario is further introduced below, and
more details including hyperparameters are provided in Appendix B.1. Additional details on
the computational costs are given in Appendix B.3.

5.4.2 Language Processing

We follow the settings in the Linformer paper to fine-tune the models and report the valida-
tion accuracy on a set of widely-used benchmarks: QNLI (Rajpurkar et al., 2016) for natural
language inference, QQP (Iyer, Dandekar, and Csernai, 2017) for text similarity, as well as SST2
(Socher et al., 2013) and IMDB (Maas et al., 2011) for sentiment classification; the former three
being part of the GLUE benchmark (Wang, Singh, et al., 2018). The models are converted from
and compared with pretrained RoBERTa-base. In this way, we are able to directly compare
with the reported results of the fully re-pretrained Linformer, which is not publicly available.
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Table 5.1: Performance of Linformer models converted from RoBERTa, measured by accuracy
on benchmarks reported by the original Linformer paper (Wang, Li, Khabsa, et al., 2020), in
comparison with the reported results of a fully re-pretrained Linformer. The best results are
bolded.

QNLI QQp SST2 IMDB Average
Pretrained Linformer 91.2% 90.8% 93.1% 94.1% 92.3%

Std. RoBERTa 92.4% 91.8% 953% 95.7% 93.8% +1.3

Unguided 69.4% 84.3% 83.6% 82.6% 80.0% -123
CALD

- Target Guided 89.0% 91.8% 93.3% 92.3% 91.6% -0z

- Src. init. 88.5% 91.7% 93.1% 92.3% 91.4% -09

- Trajectory Guided 91.2% 91.9% 94.0% 93.1% 92.5% +0:2
- Waypoint Guided 89.9% 91.9% 93.7% 92.8% 92.1% -0
- Hybrid 86.8% 90.8% 91.4% 90.5% 89.9% -24

We fine-tune all models for 10 epochs, and a waypoint is taken after each epoch.

The results are given in Table 5.1. Compared with our fine-tuned standard RoBERTa, the
re-pretrained Linformer has a slight drop in performance (1.3% on average). This is typical
and can be explained by the reduced expressivity compared to the standard attention. While
without extensive pretraining, unguided conversion with only parameter transfer leads to
much lower accuracy and severe training instability. Despite much lower computational costs,
such performance regression is unacceptable. Fortunately, the regression can be alleviated
using CALD. By simply using the target guided approach, the performance drop can be reduced
to merely 0.7% on average compared to pretrained Linformer. With the trajectory guided
approach, the CALD model can even reach better results (+0.2% on average) but without
any pretraining. The approximated waypoint guided approach leads to only slightly lower
results, but still better than the target guided one. The hybrid approach leads to lower results
compared to target guided, indicating that the guidance is helpful even after early training
updates, which matches the rather low unguided results; this is further discussed below in
Chapter 5.4.4. In addition, we try to use the target guided approach but initialized from the
teacher source parameters. Since the distillation should be easier if the student model is
initialized with parameters exactly from the teacher model (i.e. the teacher target), these Src.
init. models show lower results as we expected. All these results indicate that the behavior
transfer by CALD is effective and critical for the joint conversion and fine-tuning in this
scenario to minimize the performance regression. Particularly, the trajectory or waypoint
guided approaches are helpful.

5.4.3 Language Modeling

We then present the results of experiments on converting Pythia to Mamba for language
modeling. This is nevertheless not our focus as recent pretrained LMs are typically directly
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Table 5.2: Zero-shot performance of downstream evaluation tasks reported by Pythia (Bider-
man et al., 2023) on Mamba-based language models converted from Pythia-1B, using a small
subset of Pile.

Model Lambada PIQA Winog. WSC ArcE ArcC SciQ LogiQA Avg.

Pythia-1B 0.562 0.707 0535 0.670 0.570 0.244 0.839 0.221 0.544

0.5% Pile / 1.5B tokens

Unguided 0.394 0.671 0.493 0.542 0.502 0.211 0.778 0.246  0.479

Tgt. Gd. 0.410 0.686 0.504 0.608 0.538 0.210 0.775 0.230 0.495
Hybrid 0.432 0.683 0.507 0.608 0.537 0.209 0.788 0.238 0.500
1% Pile / 3.0B tokens
Unguided 0.453 0.673 0.514 0.571 0.525 0.217 0.794 0.217 0.495
Tgt. Gd. 0.449 0.689 0.518 0.626 0.535 0.220 0.798 0.218 0.507
Hybrid 0.479 0.693 0.520 0.648 0.531 0.224 0.808 0.247 0.519

2% Pile / 6.0B tokens

Unguided 0.475 0.687 0535 0.612 0.543 0.222 0.802 0.237 0.514
Tgt. Gd. 0.459 0.697 0527 0.656 0.547 0.218 0.817 0.235 0.520
Hybrid 0.485 0.708 0.510 0.645 0.556 0.224 0.829 0.244 0.525

evaluated by zero or few-shot performance in downstream tasks without fine-tuning. There-
fore, we will essentially need to do the re-pretraining under this scenario. Yet we try to convert
the model by training only on a tiny (0.5%, 1%, or 2%) subset of the pretraining corpus, i.e. the
deduplicated Pile (Gao, Biderman, et al., 2020; Biderman et al., 2023). Under this scenario, we
can only compare the unguided, target guided, and hybrid approaches. Models are trained for
2 epochs. Due to limitations in computational resources, we perform experiments only on
Pythia-1B.

We evaluate the models using a set of benchmarks based on those reported in the Pythia paper
as shown in Table 5.2. Compared with the standard Pythia-1B, there remains a performance
gap. Nevertheless, we can find that the gap gets limited using 2% data. More importantly,
the CALD models consistently get better results than the unguided ones, especially with the
hybrid method. We also observe that the unguided training is rather unstable with frequent
NaNs. All the results support the effectiveness of our CALD approach.

5.4.4 Speech Processing

We then convert the Wav2Vec2-large models into the latest Mamba2, using a bidirectional
architecture specified above. We evaluate them on three common speech tasks with cor-
responding common benchmarks: ASR with TED-LIUMv3 (Hernandez et al., 2018), intent
classification, a standard SLU task, with SLURP (Bastianelli et al., 2020), along with speaker ID
with VoxCeleb1 (Nagrani et al., 2020), following the SUPERB configuration (Yang, Chi, et al.,
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Table 5.3: Performance (%) of Mamba2-converted Wav2Vec2 models: word error rate for
ASR on TED-LIUM, as well as accuracy for intent classification on SLURP and speaker ID on
VoxCelebl. The best results are bolded.

ASRWER| ICAcc.1 SIDAcc. 1

Std. Wav2Vec2 6.24 91.70 96.09
Unguided 11.29 79.68 84.24
CALD
- Target Guided 6.56 90.43 96.56
- Waypoint Guided 6.92 90.32 96.16
- Hybrid 6.41 91.23 96.41

2021). Specifically, ASR training is performed by CTC loss instead of cross entropy as Lcg.
The converted models are compared with standard fine-tuned Wav2Vec2 models. We take a
waypoint every 10,000 steps during fine-tuning. Test word error rate (WER) and accuracy are
reported respectively.

Results are given in Table 5.3, which are consistent with previous findings. There is a significant
gap between the performance of standard Wav2Vec2 and the unguided conversion. This can
be largely alleviated by CALD using the target guided approach, reaching results close to or
even better than standard Wav2Vec2. The hybrid approach further brings slight improvements
on ASR and IC.

However, the waypoint guided approach is found to be not helpful or even harmful; we
choose not to proceed with the more precise trajectory guided approach. Our assumption
is that the trajectory guided approach helps retain the knowledge in the hidden states of
the pretrained model. Hence We hypothesize that the hidden states of the Wav2Vec2 model
undergo significant shift during fine-tuning. As a result, the hidden states of the original
pretrained model or those in the early phase of fine-tuning are less useful for the target task.
To examine the hypothesis, for each model, we compute the average cosine distance of the
hidden states produced by the source teacher and the waypoints, using 100 random data
samples. As shown in Figure 5.3, as for fine-tuning RoOBERTa on NLP tasks, the cosine distance
is relatively small and increases gradually. While the distance is much larger during the fine-
tuning of Wav2Vec2 on speech tasks, even at the early phase of fine-tuning. In fact, the distance
has already reached 0.372 after only 2,000 steps of fine-tuning on TED-LIUM. Therefore, our
hypothesis is supported that the trajectory guided approach works better in the cases when
there is limited hidden state shift during fine-tuning, and when the pretrained model features
remain relevant for the target task. While the condition is not satisfied for speech tasks, in
which case allowing the model to deviate more from the initial behavior using the hybrid
approach will be beneficial.

In addition, we have also attempted to train the models that are unguided and without any
parameter transfer. Such a large Mamba2-based speech model trained on the target task from
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Figure 5.3: Average cosine distance between the hidden states produced by the initial model
and the checkpoints during fine-tuning after each epoch (for NLP tasks) or every 10,000 steps
(for speech tasks). Unlike NLP models, features produced by the fine-tuned speech models
are far from the initial ones since the early phase of fine-tuning.

scratch is rather unstable and fails to converge well. This highlights the necessity of pretraining
in such large models.

5.4.5 Hidden State Trajectory

We further visualize the trajectory of hidden states during fine-tuning on the QNLI dataset
using different guidance modes by applying t-SNE to concatenated hidden states of 20 random
samples in the training set. Hidden states produced by every half-epoch checkpoint are
included, hence a total of 20 points during training are plotted for each model. As shown in
Figure 5.4, the actual trajectory matches our expectation conceptualized in Figure 5.1 that
the target guided model approaches the fine-tuned target teacher model (the end of the
green trajectory), while the waypoint or trajectory guided models further mimic the trajectory,
which is found to be beneficial to the final results. In sharp contrast, the unguided model
will completely deviate from the teacher, which leads to training instability and failure to
reproduce the original performance.

5.5 Conclusion

We investigate the task of converting various existing pretrained transformer models into
efficient linear-complexity architectures without the need to redo the whole pretraining. For
this goal, we propose a novel and broadly compatible Cross Architecture Layerwise Distillation
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Figure 5.4: The trajectory of hidden states during training under different modes of guidance,
visualized using t-SNE.

(CALD) approach, and further enhance CALD with a trajectory-based guidance or a hybrid
approach. Through our empirical experiments, we confirm that CALD can effectively convert
the transformer into an efficient linear-complexity model with performance close to or on par
with the standard transformer, much better than directly converted models. We also verify
the versatility of CALD by experiments on multiple tasks with various speech and language
models. We further identify the tasks where the enhancement approaches are effective in
improving the results. Taken together, these findings offer a practical path toward building
linear-complexity models under constrained computational budgets, and contribute to the
broader study of efficient attention, which is a central theme of this thesis.
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Hybrid Linear-Sparse Attention

The previous chapter provides a cost-effective approach to build efficient linear attention
models, but to put such models into practical use, there is still a critical bottleneck. Linear
attention models compress the entire input sequence into a fixed-size recurrent state offer
an efficient alternative to Transformers, which induces forgetfulness that harms retrieval-
intensive tasks. To mitigate the issue, this chapter explores a series of hybrid models that
restore direct access to past tokens. We interleave token mixers of intermediate time and
space complexity between linear attention and full attention, including the query-aware
native sparse attention, and sparse attention with token eviction. We further propose a novel
learnable token eviction module. Combined with sliding-window attention, an end-to-end
trainable lightweight CNN-based eviction module aggregates information from both past
and future adjacent tokens to adaptively retain a limited set of critical KV-pairs per head,
maintaining linear attention’s constant time and space complexity. Empirical evaluations on
retrieval-intensive benchmarks support the effectiveness of our approaches.
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Chapter 6. Hybrid Linear-Sparse Attention

6.1 Introduction

Large language models (LLMs) highlight the effectiveness of the transformer architecture
(Vaswani et al., 2017). By explicitly scoring pairwise token interactions, transformers excel in
utilizing information from the distant past, and scale efficiently through parallel training on
modern GPUs. These advantages enable transformers to supplant recurrent neural networks
(RNNs). However, the blessing of pairwise attention is also a curse: compute time scales
linearly with context length per query (i.e. quadratically over a sequence), and the memory use
of key-value (KV) cache grows linearly. These costs become especially problematic for settings
such as agents with ultra-long accumulated context. This renewed interest in hardware-
efficient recurrent or linear attention token mixers such as Mamba (Gu and Dao, 2024) and
DeltaNet (Yang, Wang, Zhang, et al., 2024). Like classical RNNs, these models compress the
entire history into a fixed-size memory recurrently updated for each new token (Figure 2.1 (a)),
yielding O(1) time and space per step while remaining competitive with transformers on many
language tasks. However, this also comes with a cost: a variable-length history can never be
losslessly compressed into a fixed-size state. As time elapses, information from distant tokens
inevitably decays, resulting in diminishing performance on retrieval-intensive tasks compared
to standard transformers, even at modest context lengths (Wen, Dang, and Lyu, 2025; Jelassi
et al., 2024; Arora, Eyuboglu, Timalsina, et al., 2024; Arora, Eyuboglu, Zhang, et al., 2024).

Several approaches attempt to alleviate this forgetfulness. A prominent direction is to improve
the update rule itself to increase memory expressiveness and update selectivity (Gu and Dao,
2024; Yang, Kautz, and Hatamizadeh, 2024; Du et al., 2025), without altering the recurrent
nature. Others interleave full and linear attention layers to create hybrid models (Lenz et al.,
2025; Waleffe et al., 2024; MiniMax et al., 2025). While this combination or compromise of
two worlds allows more effective direct retrieval of past memory, it also reintroduces higher
complexity. This motivates a natural question: Can we directly access past tokens for better
retrieval, without much sacrifice in computational complexity?

Other than a complete fallback from linear to full attention, a broad class of sparse attention of
intermediate time and space complexity lies between the two extremes. A promising approach
is query-aware sparse attention (Figure 2.1 (c)) like Native Sparse Attention (NSA) (Yuan et al.,
2025). Such models have a lightweight probing step to first compare the current query against
all past KVs, then perform actual attention only with a few selected KVs. This motivates our
hybrid 1aNSA model that interleaves linear attention and NSA layers to enable direct retrieval
of past tokens while largely preserving favorable time complexity.

This nevertheless introduces the overheads of the probing stage, and requires access to all past
tokens and thus O(/N) memory, undermining linear attention’s constant-space appeal. Ideally,
the model would instead predict whether the current token will matter for future queries,
and proactively evict irrelevant tokens in advance, retaining only O(1) tokens in the working
memory (Figure 2.1 (b)), much like people jotting down brief notes when listening to a long
speech. This allows direct access to the distant past, but suffers from the risk of forgetting:
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once evicted, a token is no longer available to any future query. An accurate importance metric
is henceforth of utmost importance, but most prior work relies on fixed and handcrafted
heuristics. By contrast, we introduce a novel contextualized learnable token eviction (LTE)
mechanism, which combines sliding-window attention (SWA) and a lightweight convolution
neural network (CNN) to predict per-head KV importance from both past and future adjacent
context. Trained end-to-end under sparsity regularization, LTE allows each sparse attention
layer to retain the most relevant KVs under a learned per-head cache budget. We then build
our laLTE model with interleaved linear and LTE-sparse attention layers. We further approach
actual speedup with a dedicated KV cache layout, fused Triton kernels for SWA+KV-sparse
attention, and a lazy scoring scheme. In this design, laLTE preserves the constant time and
space complexity of linear attention.

We pretrain language models at 0.4B and 1.4B scale, and evaluate them on several short-context
and long-context/retrieval-intensive benchmarks. Both 1aLTE and 1aNSA outperform baselines
including hybrids with SWA or heuristic eviction, and approach full transformer performance.
To summarize, our contributions are: 1) propose a novel contextualized learnable token
eviction mechanism for sparse attention under strict time and space constraint; 2) build hybrid
1aNSA and laLTE architectures with efficient implementation; 3) examine the performance of
hybrid linear attention models across the token mixer hierarchy. Our source code and models
are publicly available at https://github.com/idiap/hybrid-linear-sparse-attention.

6.2 Related work

The general background on linear and sparse attention has been introduced in Chapter 2.3.
Below we further introduce specific methods relevant to our work, and how they relate to our
proposed approaches.

Token eviction As introduced in Chapter 2.3.2, query-agnostic sparse attention or token
eviction strategies develop criterion to determine the importance of a token/KV pair without
knowing future queries. In addition to fixed sparsity patterns like SWA, there are many methods
to dynamically measure token importance. For example, as high past attention score (i.e. more
contribution to past outputs) often correlates with future importance, a common strategy is to
retain tokens with top-K accumulated attention scores over the full history (Wang, Zhang, and
Han, 2021; Zhang, Sheng, et al., 2023; Jo and Shin, 2024), in a window (Liu, Desai, et al., 2023;
Zhao, Wu, and Wang, 2024; Oren et al., 2024; Li, Huang, et al., 2024), or to specific query tokens
(Chen, Wang, Shang, et al., 2024; Kim, Shim, et al., 2024). Layer- and head-wise variation of
required budget further motivates non-uniform budget heuristics (Yang, Han, et al., 2024; Cai
etal., 2024; Qin, Cao, et al., 2024) or global allocation (Feng, Lv, et al., 2025; Zhou et al., 2025).
These methods are training-free and largely heuristic. However, some content can be typically
important despite lacking high local importance or attention, such as infobox in Wikipedia.
Furthermore, extracting attention scores that are not materialized in Flash Attention (FA) (Dao,
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Fu, et al.,, 2022) adds implementation complexity and overheads.

In contrast to attention score heuristics, a more potent but underexplored alternative is
learnable token eviction. An early attempt, ColT5 (Ainslie, Lei, et al., 2023), selects tokens
with a linear scorer, taking each token as input without considering the context. Anagnostidis
et al. (2023) use attention score criteria but add a trainable per-layer bias term. Zeng et al.
(2024) train a separate attention layer for LTE, which ingests full context but incurs heavy
quadratic computation and is limited to prefilling stage. More recently, Laricucki et al. (2025)
fine-tune LLMs with a global compression ratio constraint, which allows many layers to remain
uncompressed and contradicts our O(1) complexity goal. Piekos, Csordds, and Schmidhuber
(2025) train small scale LMs under predetermined cache budget, without considering layer
and head variations. Shi, Wu, et al. (2025) predict importance scores that modulate attention
scores directly, departing from standard attention and increasing implementation complexity.
More importantly, these works are limited to single-layer and per-token LTE scorers. To our
knowledge, this chapter is the first to introduce a lightweight contextualized LTE variant.

Query-aware sparse attention Methods above try to predict future relevance without ob-
serving future queries, which can be fallable. If we relax space constraints and retain all past
KVs, we can select .#; = select(q;, K, V) in a g;-aware manner using an O(N) but lightweight
probing step before actual attention, as introduced in Chapter 2.3.2. Early methods use online
hashing and clustering (Kitaev, Kaiser, and Levskaya, 2020; Roy et al., 2021). GPU-efficient
blockwise approximation is highlighted in more recent approaches, such as Mixture of Block
Attention (MoBA) (Lu, Jiang, et al., 2025) which is trained end-to-end during pretraining.
We further adopt the stronger and more sophisticated Native Sparse Attention (NSA) (Yuan
et al., 2025), which combines SWA, attention to compressed KV blocks, and MoBA-like sparse
attention. Other trained variants directly predict block- or token-level attention scores (Gao,
Zeng, et al., 2025; DeepSeek-Al, 2025), approximate scores in lower rank (Singhania et al.,
2024; Tan et al., 2025), combine NSA branches (Zhao, Zhou, et al., 2025), or insert per-block
landmark token per block as k? (Mohtashami and Jaggi, 2023). Many other methods target
training-free setting and use heuristic block summaries such as mean-pooling as k? (Tang,
Zhao, et al., 2024; Chen, Wang, Cao, et al., 2024; Jiang, Li, Zhang, et al., 2024; Xiao, Zhang, et al.,
2024; Lu, Zhou, et al., 2024; Zhang, Xiang, et al., 2025; Lee, Park, et al., 2025); while we focus on
the trained setting to best fit the model to sparse context.

Hybrid attention As discussed in Chapter 2.3.4, a direct way to mitigate the forgetfulness of
linear attention is to put attention back. A small number of full attention layers can substan-
tially improve retrieval performance (Arora, Eyuboglu, Timalsina, et al., 2024; Glorioso et al.,
2024; Waleffe et al., 2024; Wang, Zhu, Abreu, et al., 2025; Yang, Rezagholizadeh, et al., 2025;
Lenz et al., 2025; Jamba Team et al., 2024; Bae et al., 2025; MiniMax et al., 2025; Tencent Hun-
yuan Team et al., 2025; Qwen Team, 2025; Kimi Team et al., 2025a; Ling Team et al., 2025) but at
higher computational cost. In contrast, we prioritize preserving time and space complexity, by
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introducing token mixers of intermediate costs. Interleaving SWA layers has been also shown
to markedly improve linear attention performance (Ren, Liu, Lu, et al., 2024; Zuo, Liu, et al.,
2024; Yang, Kautz, and Hatamizadeh, 2024; Arora, Eyuboglu, Zhang, et al., 2024; Cabannes
et al., 2025; Behrouz, Zhong, and Mirrokni, 2024; De et al., 2024; Lan, Sun, et al., 2025; Irie,
Yau, and Gershman, 2025; Dong, Fu, et al., 2025; Fang, Yu, et al., 2025). Closer to 1aLTE, Ren,
Liu, Wang, et al. (2023) and Nguyen, Nguyen, et al. (2024) study hybrid models that learn to
perform SWA on selected query tokens. These works nevertheless target a distinct regime:
While SWA can be viewed as an eviction policy, it does not grant access to distant tokens, even
when stacked together (Xiao, 2025). Only few concurrent or very recent works explore the
combination of linear and other sparse attention: SE-Attn (Nunez et al., 2025) converts atten-
tion layers in hybrid Mamba2 into query-aware sparse attention, MiniCPM-SALA (MiniCPM
Team et al., 2026) converts transformer models into hybrid of query-aware sparse attention
and linear attention models, LoLA (McDermott, Jr, and Parhi, 2025) and hybrid associative
memory (Lufkin et al., 2026) keeps an inference-time side memory of tokens difficult for linear
attention to memorize, HAX (Zhan et al., 2025) combines Mamba with hashing-based sparse
attention and learned key selection, and RWKV-X (Hou, Huang, et al., 2025) combines RWKV
with MoBA-like attention and block eviction heuristics; none of them explored learnable
contextualized token eviction.

6.3 Methods

6.3.1 Learnable Token Eviction
LTE module

Our LTE module predicts a per-token, per-head retention score r; j, for each KV pair. At
decoding step i and head h, attention is restricted to retained KVs, the SWA window, and the
attention sink: &, , ={j:j<i,(j=<s)Vv (rjn>05)Vv(j=i-w)} , which yields an A+column-
shaped attention pattern in Figure 6.1. To determine retention accurately and efficiently, we
anchor our LTE module design around four principles:

1. Fine-grained: Attention patterns vary substantially across layers and heads: some are
sharply focused on a few tokens, some form local clusters, and others are more dispersed. We
therefore make eviction decisions at the level of individual KV pairs and heads, rather than by
block or layer, to better utilize each head’s budget and capture head-specific behavior.

2. Contextualized: To better understand each token and estimate its importance, we consider
not only each token’s own KV but also its local past and future context. Since future is un-
available to causal/recurrent layers, we introduce a 1D CNN with total receptive field R = 13
tokens, which possesses local look-ahead capabilities thanks to SWA: recent KVs in a window
w > R are cached, hence we can defer computing r; by R//2 steps during decoding until all
KVs within the receptive field are readily available.
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Head

=

Sequence Length

[] Attention sink [ Retained by LTE [ 0 SWA, tobe retained by LTE

CET

El In SWA, to be evicted ‘:’ In SWA, pending LTE scores ‘:’ Evicted

Figure 6.1: Left: [llustration of our eviction scheme, combining LTE, an attention sink (size s =
2), and SWA (w = 12), with 4 KV heads. A CNN stack predicts a per-token, per-head retention
score r;j,, when its receptive field is fully covered by the SWA window, which determines
whether a KV pair is evicted once it leaves the window. With recent KVs cached by SWA, the
CNN can read short-range past and future context. Right: The resulting per-head A-plus-
column sparsity pattern; colored tiles denote tokens selected at each step.

3. Independent: Inspired by ReMoE (Wang, Zhu, and Chen, 2024), we evaluate each token in-
dependently rather than enforcing global scheduling, such as selecting top-K tokens per head
as in other eviction methods. This reduces computational overheads, and more importantly
yields more adaptivity, flexibility, and fine-grained budgeting than manually allocating a fixed
per-head budget K.

4. Lightweight: We prioritize efficient and parallel inference, hence LTE uses a small 3-layer
1D CNN with progressively narrowing width, adding only about 1% parameters.

Figure 6.1 sketches the full eviction scheme. The LTE module consumes, for each head, the
concatenated key and value vectors prior to rotary positional encodings (RoPE) (Su et al., 2024)
for better position generalization. Convolutions are applied independently to each head and
parallelized across heads via grouped 2D convolutions, producing a scalar in the end. We then
apply sigmoid to obtain r; 5, unlike ReMoE for better training stability, and binarize with a
threshold of 0.5. We also force the first s = 4 tokens to retain as attention sinks. During training,
we use FlexAttention (Dong, Feng, et al., 2024) for efficient sparse attention.

Adaptive training

Training LTE is nontrivial as it outputs only r scores that determine a discrete attention mask,
so the gradient cannot be back-propagated directly to LTE parameters. Instead, we leverage
straight-through estimator that conceptually applies an all-one mask m on the value vectors
v = Vj,h-mjp, and use gradients on m; , as a surrogate gradient to r; p:

J»

0% 0% 0% 6.1)

= =(vip — ), .
orjn Omjyp poh Gv}yh

Under this formulation, the gradient on r jhis tied with the contribution to the loss of the
underlying v; j, it controls, and we find that it enables stable end-to-end training.
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In-window KVs Out-of-window KVs

next_ptr

Head

Figure 6.2: Illustration of the KV cache layout in LTE inference, with the same color scheme as
Figure 6.1. It contains a circular SWA segment for in-window KVs and a capped out-of-window
segment for LTE-retained KVs and the attention sink. Retention scores are computed in batch
and deferred as much as possible.

Some heads mainly focus on a few tokens, and their attention patterns naturally become
sparse under this mechanism alone: For unimportant v; j,, the all-one m; ;, is pulled to zero
by a negative gradient, which is copied to r; ;. Other heads exhibit more diffuse attention and
benefit from an explicit sparsity prior. Inspired by ReMoE (Wang, Zhu, and Chen, 2024), we
impose a dynamically weighted L1-style penalty to encourage sparsity of retained tokens:

Lsparse=Y_An Y ReLU(r; ; —0.5) (6.2)
h i

We target a per-head retention cap b =512, i.e. ¢, =) ; 1[r; ;, > 0.5] < b. During training, A, is
adjusted by feedback: it increases when the moving average of cj, exceeds b, and decreases
when it falls below 0.95 - b, with an upper bound 1}, < 1 for stability. We observe that many
heads quickly drive A, to zero, suggesting that LTE gradient signals alone suffice to induce ade-
quate sparsity. In this way, the memory budget of each head emerges from end-to-end training
using gradient signals on the values, without the need of handcrafted budget allocation rules
(e.g. setting a per-layer K). More details are provided in Appendix C.

Inference implementation

Capped capacity Our models are trained on fixed-length sequences (/N = 4096 in our experi-
ments). Although the sparsity penalty regularizes the number of retained tokens, the actual
retention pattern remains input-dependent and no hard cap is enforced during training. At
inference time, however, we expect predictable time and space complexity for arbitrary inputs
of arbitrary length. We therefore resort to a hard global budget: at most b out-of-window KVs
are cached per head.

Cache prefilling We first allocate and fill a fixed-size cache, illustrated in Figure 6.2, consisting
of two segments: one holds the recent w KVs within the SWA window, and other gathers
out-of-window KVs retained by LTE or forced by the attention sink. This yields contiguous
KVs amenable to tiled FlashAttention, avoids memory management intricacies due to cache
size imbalance between heads, and prevents worst-case slowdowns when a head is unusually
dense. Specifically, since we store post-RoPE KVs, physical positions in memory are irrelevant,
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allowing arbitrary reordering and compaction. We therefore store the SWA segment in a
circular buffer with a maintained next_ptr, and compact retained out-of-window KVs into
a contiguous span, similar to Pagliardini et al. (2023). If the capacity happens to exceed on
a certain head, we keep those with top-b scores. We then compute SWA+sparse attention
by a FlashAttention-style Triton kernel. For each query tile, attention is computed in two
stages: (1) SWA over original KV tiles; and 2) sparse attention using compacted tiles. To avoid
double counting, compacted KVs that fall inside the SWA window are masked out, and tiles
completely inside the window or violating causality are skipped.

Cached decoding During decoding, each new KV is pushed into the SWA buffer and the
leftmost KV is popped. Ifits r > 0.5, it is copied into the next free slot of the out-of-window
segment. If the segment is also full, it replaces the current lowest-score entry only if it scores
higher. We implement this cache-replacement step as a fused Triton kernel for efficiency. Now
there is only one query token, and when the SWA buffer is full all its relevant KVs are contiguous.
In this case we can directly utilize the existing highly-optimized flash_attn_with_kvcache
API that supports cache_seqglens during decoding.

Lazy scoring We need not compute r; as soon as it becomes available, i.e. when current N
reaches j+ R//2. LTE scoring can be deferred and batched as long as the entire receptive
field remains inside the SWA window. Accordingly, we trigger LTE scoring only when an
uncomputed r; depends on a token about to leave the window, i.e. when N —w = j — R//2. At
that point we rotate the buffer so that next_ptr=0, and score all tokens from N - w + R//2 to
N —R//2in a batch. A further complication is that LTE consumes pre-RoPE keys, whereas KV
cache stores post-RoPE keys. We therefore undo RoPE on cached keys by applying the inverse
rotation. With RoPE implemented using cached sinusoids, this is equivalent to reapplying
RoPE with negated sine values at offset N — w. Using this trick, scores are computed every
w — R steps in parallel, incurring minimal overheads.

6.3.2 Hybrid modeling

We use Gated DeltaNet (GDN) as both the baseline and linear attention backbone thanks to
its relatively strong retrieval performance. Following the GDN+SWA design of Yang, Kautz,
and Hatamizadeh (2024) (GDN-H1), we interleave GDN layers and alternative token-mixer
layers in a 1:1 ratio for a simplified comparison. We use w = 1024 for SWA and w = 768 for LTE.
Although the LTE cache is capped at b = 512, the observed average number of retained tokens
per head is about 256, making the effective total memory comparable.
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Table 6.1: Results (perplexity and accuracy%) on short-context tasks; best numbers bolded.

Model Wiki. LMB | LMB PIQA Hella Winog. ArcE ArcC BoolQ SciQ SIQA Avg.t
ppll ppll | acct acc! acc_nt acc! acc] acc_n] accl acc! acct
0.4B Params.
GDN 27.56 36.06 | 31.9 66.4 39.1 50.9 56.8 25.9 58.4 71.0 375 48.7
GDN+SWA | 26.99 33.87 | 33.7 66.4 39.6 51.5 56.4 27.9 60.2 724 38.5 49.6
laLTE 26.65 30.03 | 344 66.1 40.2 52.8 57.2 26.3 61.8 75.6 38.1 503
laNSA 26.84 36.19 | 33.2 66.1 39.9 51.8 58.0 28.3 61.6 73.1 377 50.0
GDN+Attn. | 26.61 33.50 | 34.6 66.5 39.8 51.6 57.4 27.0 55.8 749 38.2 49.5
NSA 27.70 3933 | 33,5 66.4 38.7 50.8 55.8 28.1 59.7 69.4 373 48.8
Transf.++ 2797 40.36 | 32.8 65.9 38.3 51.1 56.8 28.0 61.2 71.0 38.6 493
1.4B Params.
GDN 18.31 15.27 | 43.2 70.9 52.4 54.6 67.8 34.4 58.0 83.9 404 56.2
GDN+SWA | 1853 14.77 | 43.7 70.4 51.7 55.0 66.8 35.2 61.4 815 402 56.2
laLTE 17.99 14.79 | 43.9 71.1 54.0 55.2 68.4 35.8 60.6 834 394 56.9
laNSA 18.16 14.73 | 449 71.2 52.4 54.6 67.3 35.5 59.9 824 40.8 56.6
GDN+Attn. | 18.68 16.10 | 43.2 69.6 51.0 53.5 66.3 32.8 53.8 81.5 40.1 54.6
NSA 19.53 18.48 | 42.2 68.8 50.1 53.0 65.6 34.0 59.1 80.5 39.1 54.7

Transf.++ 20.68 20.17 | 39.1 68.1 47.2 52.0 63.8 33.5 62.5 80.5 388 54.0

6.4 Empirical studies

We evaluate hybrid attention models that interleave GDN with token mixers spanning the hi-
erarchy in Figure 2.1: sliding-window attention (GDN+SWA), learnable token eviction (1aLTE),
native sparse attention (1aNSA), full-attention (GDN+Attn.), along with several ablated variants
of LTE. We also compare against pure GDN, pure NSA, and a strong transformer (Transf.++)
following Gu and Dao (2024). With limited computational resources, we train 0.4B- and 1.4B-
sized models with 10B and 30B tokens from FineWeb-Edu (Penedo et al., 2024) from scratch.
We implement LTE layers, hybrid models, and inference kernels for LTE and NSA on top of
Flash Linear Attention (Yang and Zhang, 2024). Below we leverage both short-context and
long-context/retrieval-intensive benchmarks to assess models above and to demonstrate the
effectiveness of our 1aLTE and 1aNSA approaches, and compare the prefilling and decoding
efficiency. More details are available in Appendix C.

6.4.1 Short-context benchmarks

We first evaluate zero-shot commonsense tasks. As these inputs are typically shorter than the
SWA window, denser attention will not show their advantage in long-term retrieval, and per-
formance differences reflect only knowledge capacity and training stability. This is confirmed
by results in Table 6.1. At 0.4B GDN slightly lags behind Transf.++, but at 1.4B, GDN slightly
outperforms Transf.++, while NSA and GDN+Attn. fall in between. GDN+SWA performs similar
or slightly better, while adding LTE or NSA yields small gains, with 1al'TE showing best average
accuracy. Overall, our observations corroborate Yang, Kautz, and Hatamizadeh (2024) that
linear attention and hybrid models match or slightly exceed transformers on these tasks,
further demonstrated by our laLTE and laNSA.
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Table 6.2: Results (%) on recall-intensive EVAPORATE tasks; best linear-time results bolded.

Model FDA SWDE NQ SQUAD TQA DROP Avg.
0.4B Params.

GDN 4.17 8.37 10.90 27.95 47.69 17.73 19.47
GDN+SWA  5.08 18.27 9.34 34.52 49.11 20.51 22.81
laLTE 15.52 19.26 11.15 32.98 48.99 23.67 25.26
laNSA 17.33 23.13 10.71 31.60 49.17 21.56 25.58
GDN+Attn. 29.31 26.19 11.53 30.53 46.92 18.69 27.19
NSA 7.99 26.28 10.01 33.91 47.16 19.74 24.18

Transf.++ 28.58 26.46 11.09 31.94 46.68 17.30 27.01
LTE-MLP 1270 18.63 11.15 31.27 49.76  20.17 23.95
Pure LTE 14.25 18.72  7.44 33.31 46.15 19.45 23.22

1.4B Params.

GDN 2096 25.83 17.96 35.02 56.46 20.75 29.50
GDN+SWA  26.68 27.99 16.53  41.09 58.95 23.29 3242
laL'TE 28.68 2898 1768 43.00 60.60 22.62 33.59
laNSA 31.85 36.99 1720 38.07 58.06 20.60 33.80
GDN+Attn. 46.64 41.13 18.09 40.21 58.47 22.57 37.85
NSA 25.59 34.83 1391 40.65 56.28 23.05 32.38
Transf.++ 38.84 3492 16.19 3760 5592 21.66 34.19
TOVA 2096 30.78 13.49 40.18 5859 22.62 31.10

Unif+SWA 1597 2421 11.82 22.32 57.17 15.81 24.55

6.4.2 Retrieval-intensive benchmarks

We then evaluate on single needle-in-a-haystack (S-NIAH) from RULER (Hsieh et al., 2024)
and the EVAPORATE suite (Arora, Eyuboglu, Zhang, et al., 2024). S-NIAH spans tasks from
retrieving numbers in synthetic texts (S1) to the more difficult extraction of long UUIDs from
real essays (S3). We evaluate contexts of 1K-4K where models at our scale can attain non-trivial
accuracy. EVAPORATE, a benchmark challenging for linear attention models and standard in
the area, comprises realistic QA-style retrieval over passages up to 4K tokens. Since these tasks
require retrieving from distant past, we expect hybrid models with more direct and accurate
access to past tokens to perform better; under tight time and/or space constraints, this should
favor 1aLTE and 1aNSA. Meanwhile, access to past tokens does not always guarantee successful
retrieval, higher computational complexity does not monotonically improve accuracy, and
outcomes remain task-dependent as observed by Wang, Zhu, Abreu, et al. (2025).

Results in Table 6.2 and Table 6.3 confirm the effectiveness of hybrid models, 1aLTE in particular.
Specifically, pure GDN excels on S-NIAH and, at 1.4B, approaches full transformers, echoing
Yang, Kautz, and Hatamizadeh (2024). However, GDN lags on the more realistic EVAPORATE
QA tasks. GDN+SWA improves substantially on EVAPORATE, yet perform much worse on
S-NIAH, especially beyond its 1K window size and at 1.4B. GDN+Attn. achieves the best
EVAPORATE results across scales and remains competitive with full transformers and pure
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Table 6.3: Results (%) on RULER single needle-in-a-haystack tasks; numbers >80% bolded.

Model S1-1K S1-2K S1-4K S2-1K S2-2K  S2-4K  S3-1K  S3-2K  S3-4K  Avg.
0.4B Parames.
GDN 99.8 92.8 45.2 100.0 94.8 32.4 0.2 0.2 0.0 51.7
GDN+SWA 100.0 52.0 27.0 61.2 67.2 27.4 75.4 64.8 174 547
laLTE 99.8 86.8 36.4 99.8 74.2 25.0 87.2 42.8 178 63.3
laNSA 100.0 100.0 65.0 88.6 100.0 37.6 97.6 73.0 11.8 748
GDN+Attn. 100.0 100.0 77.0 100.0 99.6 52.6 95.4 87.0 12.2 80.4
NSA 100.0 98.8 46.6 100.0 95.8 36.4 94.4 64.6 186 72.8

Transf.++ 100.0 99.6 50.8 100.0 100.0 55.4 62.8 71.4 358 75.1
LTE-MLP 95.6 50.0 23.0 100.0 56.6 24.4 25.4 32.0 16.2  47.0
Pure LTE 94.4 37.8 21.4 74.2 54.6 22.6 85.8 37.6 150 493

1.4B Params

GDN 100.0 100.0 100.0 93.6 99.0 88.0 93.0 77.6 49.0 889
GDN+SWA 100.0 52.0 29.6 93.4 83.2 34.2 92.8 57.0 194 624
laLTE 100.0 99.2 95.0 100.0 98.0 81.4 85.4 55.6 33.2 83.1
laNSA 100.0 99.8 57.8 80.6 1000 68.2 60.4 94.2 340 77.2
GDN+Attn.  99.8 1000 784 100.0 100.0 90.6 83.8 71.0 58.0 86.8
NSA 100.0 93.8 36.2 100.0 99.4 40.2 97.8 78.6 268 74.8
Transf.++ 100.0 1000 98.4 100.0 100.0 85.6 89.4 84.2 64.8 914
TOVA 99.8 81.6 41.0 100.0 11.4 8.0 83.8 0.0 0.8 474

Unif +SWA  94.2 37.6 20.2 100.0 54.4 24.2 84.8 37.2 23.0 52.8

GDN on S-NIAH, but its computational cost undermines our efficiency goals.

As for our models, 1aNSA achieves the best EVAPORATE performance among linear-time
methods, approaches full transformers on 0.4B S-NIAH, and outperforms pure NSA. However
it trails full transformer and GDN+Attn. on EVAPORATE, and weaker on 1.4B S-NIAH despite
theoretical access to the full history. It also underperforms laLTE on shorter-context retrieval
(e.g. S3-1K). Possible reasons include interference between different attention branches
(Hu et al., 2025), and its small number of KV heads: NSA requires at least 16 group size for
grouped-query attention. In our models with relatively small hidden sizes and head counts,
NSA is effectively reduced to near multi-query attention with only 2 KV heads, which can be a
performance bottleneck and a factor of instability. LaLTE stands out against this backdrop:
Despite similar time and space complexity as GDN and GDN+SWA, it outperforms both on
EVAPORATE, and nearly matches 1aNSA on EVAPORATE and 1.4B GDN+Attn. on S-NIAH
despite limited KV cache. This highlights 1al.TE’s cost-effectiveness and versatility for long-
context retrieval under tight complexity constraints.

We further ablate laL'TE against GDN+following token mixers with constant time and space
complexity: LTE-MLP replaces CNN with a 2-layer MLP with no access to the future context;
Pure LTE is a pure transformer with all layers sparsified by LTE; Unif.+SWA retains out-of-
window tokens at a uniform stride; TOVA is one of the state-of-the-art eviction heuristics
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(a) Prefilling time (kernel) (b) Prefilling time (c) Decoding time

- TE
FAV2 (SWA)
m FAV2 (Full)

Time per token (104 ms)
Time per token (104 ms)
Time per token (10~ sec)

16K 32K 2%

2% aK

o 16K
Decoding Length

K B
Sequence Length

oK
Sequence Length

Figure 6.3: Runtime comparison of LTE, SWA and full attention with FlashAttention v2, on
(a) attention kernels prefilling with artificial KVs; and hybrid layers with real inputs during
(b) prefilling and (c) decoding with a 4K-token prompt, under 1.4B configurations with batch
size=32. The shaded portion of the LTE bar in (b) indicates LTE scoring overheads. Note that
decoding is substantially more time-consuming than prefilling. Overall, LTE and SWA have
similar runtime and much faster than full attention.

based on accumulated attention scores (Oren et al., 2024). The latter two are training-free,
and evaluated by applying them to pretrained GDN + Attn. for which we use an identical 1024
total memory size. Although LTE-MLP and TOVA achieve moderate results on EVAPORATE,
better than pure GDN, all of them underperform l1aLTE, especially on S-NIAH; while Unif.+SWA
performs much worse than all other models. This confirms the importance of an accurate
eviction rule, and underscores the effectiveness of our design of contextualized and learnable
eviction. The observation is similar on Pure LTE, which highlights the complicacy of the
synergy between sparse and linear mechanisms: Improving a hybrid attention model cannot
be reduced to improving each of the linear and softmax attention components, and LTE works
much better when combined with linear attention, possibly thanks to the compressed memory
to compensate for evicted tokens. To summarize, the results underscore the value of direct and
accurate access to historical context for retrieval-intensive tasks. From GDN, GDN+SWA/1alTE,
1aNSA, to GDN+Attn., increasingly complete access to past tokens generally improves long-
context performance, although gains remain task-dependent. In particular, 1aLTE offers a
strong performance-efficiency trade-off under rigorous time and space constraints.

6.4.3 Efficiency

We next benchmark the actual efficiency of LTE on a single H100-SXM GPU. Figure 6.3 (a)
shows the runtime of prefilling kernels at different sequence lengths, compared with SWA
and full attention using the highly-optimized FlashAttention v2 (Dao, 2024) kernels. For LTE,
we use an artificial half-full out-of-window KV-cache, with 1024 tokens matching the SWA
window size. Our SWA+sparse attention kernel exhibits runtime scaled linearly with the input
length, comparable to SWA and much faster than full attention. While for LTE, eviction is input
dependent and actual retention rates vary by layer and head; LTE scoring and caching also
introduce overheads. We therefore also measure the actual model prefilling and decoding time
on real inputs. To better isolate the relevant costs, we only time the hybrid layers, excluding
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Figure 6.4: Average retention rate per head per layer produced by a 1aLTE model.

other layers like GDN. Figure 6.3 (b, c) again confirms the efficiency of LTE. During prefilling,
scoring adds some overhead, but this is largely offset by faster attention thanks to layers and
heads with few retained KVs. During decoding, which dominates inference time, lazy scoring
makes the overhead negligible, and LTE runs slightly faster than SWA. Furthermore, LTE uses
a constant-size KV-cache equal to 1280 tokens, i.e. 2.5MiB per sample per layer in our 1.4B
setting. Relative to full KV cache with longer context, this enables larger batch sizes and higher
token throughput given limited memory. Taken together, these results support adopting LTE
in lieu of SWA for better performance without much efficiency degradation.

6.4.4 Retention pattern

Figure 6.4 shows the average memory retention rate per head per layer from the out-of-SWA
part of 16 samples drawn from the training data produced by our 1.4B 1aLTE model. We find
that retention rates are highly varied across layers and heads, while the higher layers are often
denser. This is similar to findings in other works, e.g. Laricucki et al. (2025), except that dense
heads do not present in lowest layers; The interleaved GDN layers may have a role in it. The
observation also supports the necessity of having a fine-grained cache budget different from
head to head and from layer to layer.

6.5 Conclusion

We study hybrid models that improve the retrieval ability of linear attention by interleaving
token mixers with different time-space trade-offs. We propose two variants: laNSA, which
interleaves query-aware native sparse attention and achieves sub-quadratic time complexity
when memory capacity permits; and laLTE, which performs token eviction with a learnable
contextualized module, preserves constant space complexity, and supports an efficient de-
coding algorithm. Empirical results confirm the effectiveness of our approaches, particularly
highlighting laL'TE as a strong candidate for hybrid linear-sparse attention with improved
retrieval performance. Although these methods are not evaluated directly on SLU tasks, they
contribute to a central theme of the thesis: developing architectures for efficient and effective
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modeling of extended sequences.
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d Application to Interview Analysis

This chapter returns to the original motivation of interview analysis and looks into a specific as-
pect, namely storytelling. More specifically, structured interviews often include past-behavior
questions inviting applicants to recount a past work experience. While optimal responses to
these questions should take the form of a story, applicants struggle to produce them extempo-
raneously. Asynchronous video interviews (AVIs) present new opportunities for job interview
coaching, which can incorporate artificial intelligence to analyze audio-recorded responses
and deliver personalized feedback. We explore the potential of audio-based deep-learning
models to the specific SLU task of identifying storytelling and other, sub-optimal responses
(pseudo-stories, decontextualized self-descriptions) from interview audio recordings. Using
data from 254 mock interviews featuring three past-behavior questions, we developed models
to determine the utterance type, considering different scenarios and labeling schemes of
varying granularity. We further applied multiple techniques to improve the model accuracy.
Findings show that our models achieve satisfactory performance when enhanced with audio
information and enriched with longer context. However, providing paralinguistic cues from
the audio recordings brings limited benefit to the models’ performance in our experiments.
We discuss the results, implications, and future research directions.

The work in this chapter has been published as:

Elisabeth Germanier, Mutian He, et al. (Aug. 2025). “Identifying storytelling in job interviews
using deep learning”. In: Computers in Human Behavior Reports 19, p. 100688. DOI: 10.1016/j.
chbr.2025.100688
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Chapter 7. Application to Interview Analysis

7.1 Introduction

Job interviewing is a common procedure for recruiters to assess applicant characteristics
such as personality and competencies (Huffcutt, Conway, et al., 2001). Behavioral interviews
are a best practice in interviewing. They often feature past-behavior questions, which are
valid predictors of future job performance. Past-behavior questions invite participants to
describe their behavior in past work-related situations (Campion, Palmer, and Campion, 1997;
Janz, 1989). Applicants’ responses to such questions should thus take the form of a narrative
(i.e., storytelling) (Ralston, Kirkwood, and Burant, 2003). Indeed, storytelling is a good way
to create a positive impression, providing an engaging and potentially more memorable
response (Bangerter, Corvalan, and Cavin, 2014; Stevens and Kristof, 1995), thus increasing
hireability ratings (Bangerter, Corvalan, and Cavin, 2014). Practical interview guides often
advise applicants to use the STAR mnemonic to organize their stories: Start with a brief
description of the situation (S), explain the task and actions undertaken (TA), and describe
results obtained (R) (Kessler, 2006). For example, regarding the past behavior question:

Can you tell me about a situation where one of your employees didn’t complete a
task on time? How did you react to this problem?

a storytelling response from our corpus, translated from French, is (see Table 7.1 for abbrevia-
tions and definitions):

then uh yes it did happen uh during a project to be handed in uh for uh the
courses (SS)/ and um what happened is that I uh discussed with uh the various uh
collaborators who hadn't handed in their work on time (STA)/ and so we sent an
e-mail uh [laughs] fo the professor (STA)/ to extend the deadline (STA)/ to find a
way (STA)/ basically we used uh I tried to communicate the best I could with them
(STA)/ and tell them what was wrong (STA)/ and what solutions we could perhaps
uh put in place [laughs] (STA)

This example constitutes a story because it describes a unique episode (it did happen uh
during a project) in the past, one marker of this being the use of the past tense. In this example,
the response has been segmented into utterances and each utterance has been labeled as
being about the Situation (SS), Task and Actions (STA), or Results (SR). Besides the words
constituting each utterance, the response transcript also shows evidence of filled pauses ("uh")
and paraverbal behavior ("laughs").

Applicants do not always spontaneously provide storytelling responses when asked past-
behavior questions, and often provide sub-optimal responses, such as general descriptions
of generic situations (pseudo-stories, P), often using the present tense without any individ-
ualizing information (e.g., specific time or location, specific actions or outcomes). Another
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Table 7.1: Overview of Utterance Types

Utterance Type Abbreviation Definition

Story S Description of a specific past event
Situation SS Description of a specific situation
Task-Action STA Description of specific tasks and actions
Result SR Description of specific results obtained

Generic description of events

Pseudo-Story P
Situation PS Generic description of situations
Task-Action PTA Generic description of tasks and actions
Result PR Generic description of results usually obtained

Value/Opinion VO Assertions about one’s values and opinions

Self-description SD Assertions about one’s traits

Justification IN] Justifications of one’s actions

Other OR Other types of utterances

type of sub-optimal response consists of decontextualized assertions about oneself, includ-
ing values/opinions (VO), self-descriptions (SD), or justifications (JS); examples are given in
Appendix D.1.

This does not only illustrate the difficulties applicants face in producing stories in response
to past-behavior questions, but also highlights the variability in the types of responses given.
While storytelling allows applicants to present themselves positively by attributing desirable
characteristics to themselves in their telling (Ralston, Kirkwood, and Burant, 2003; Silvester,
1997), it also involves descriptions of concrete past behaviors that help recruiters evaluate
them. In contrast, pseudo-stories offer descriptions of generic typical behaviors and decontex-
tualized self-descriptions fail to provide any evidence of what applicant has done in the past.
This variability in response content may constitute an important factor affecting the validity
of the interview procedure (Huffcutt and Murphy, 2023). Coaching applicants to tell stories
can help reduce the variability in response type, thus limiting variance in evaluation that is
unrelated to the competencies targeted by the interview questions.

Recently, in-person job interviews are being increasingly complemented by asynchronous job
interviews (AVIs). Applicants connect to a platform and audio-/video-record their responses
to questions which are displayed on-screen or asked by an avatar, without much dialogue or
interactions between the interviewer and applicant as in FTF interviews. Recruiters, or, more
recently, algorithms, evaluate applicants’ responses based on the video-recording (Lukacik,
Bourdage, and Roulin, 2022). Since AVIs constitute different interactional situations, appli-
cants’ responses to past behavior questions are likely to differ. Compared to FTF interviews,
applicants’ storytelling responses in AVIs feature similar proportions of STAR narrative ele-
ments (Germanier, Bangerter, Renier, et al., 2023). However, applicants talk more about their
values and opinions in AVI settings (Germanier, Bangerter, Ortji, et al., 2025). Such expressions
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of personal values may not constitute relevant responses to past-behavior questions, resulting
in lower chances of being hired (Orji et al., 2024). To help with this, video-based training has
been developed, by explaining for instance what constitutes good behaviors leading to higher
performance, including storytelling (Roulin, Pham, and Bourdage, 2023). An alternative train-
ing approach for effective storytelling could involve Al-powered systems that automatically
provide tailored feedback to applicants based on recordings of their responses.

Along with the advent of AVIs, significant progress has been made in machine learning (ML).
Machine learning has been applied in AVIs to predict applicants’ personality traits or hiring
recommendations based on automatically extracted verbal, paraverbal and visual features
as well as human annotations (e.g., Naim et al. (2015), Nguyen, Frauendorfer, et al. (2014),
Chen, Zhao, et al. (2017), Hickman, Bosch, et al. (2022), Rupasinghe et al. (2016), Holtrop et al.
(2022), and Liem et al. (2018)). In the context of job interview training, ML applications can
provide applicants with automatic feedback to improve their interview performance. One
study developed an application where interviewees interact with a conversation avatar coach
to get feedback (Hoque et al., 2013). Another study implemented automatic feedback on
interviewees’ behavior into serious games for job interview training (Gebhard et al., 2019).
Langer et al. (2016) also investigated how real-time feedback on nonverbal behaviors in avatar
training job interviews improves interviewee performance.

The above systems deliver feedback on nonverbal or paraverbal aspects of applicants’ re-
sponses. One system delivers feedback on "weak language" (i.e., filler words) (Hoque et al.,
2013). Currently, no systems we are aware of are capable of delivering feedback tailored to the
substantive content of participants’ responses. This is an important gap because semantic
content is one of the most important factors affecting interview performance, being more
important than nonverbal or paraverbal behavior (Rasmussen, 1984; Riggio and Throckmor-
ton, 1988). Further, content is particularly important in evaluating or improving responses to
past-behavior questions. The analysis of semantic content from an interview recording can
be broadly considered as a specific spoken language understanding (SLU) task, which is the
subject of this thesis. In a first step in this direction, Bangerter, Mayor, et al. (2023) used ML to
identify storytelling in applicants’ responses in FTF interviews. Based on interview transcripts,
they automatically extracted semantic features (i.e., LIWC; Pennebaker et al. (2015)), word
counts, and TF-IDE Using ML algorithms (e.g., random forest), they predicted whether a re-
sponse consisted of a story or not considering the amount of different STAR narrative elements
in responses. Their findings suggested that it is feasible to identify a particular utterance type,
storytelling, in applicants’ responses using ML. A limitation of that study is the reliance on
transcribed speech, which restricts the applicability of the approach to a real training platform
setting. Indeed, it is not feasible to manually transcribe the audio recordings prior to ML
analyses in a scalable application.

More sophisticated deep learning (DL) techniques may enable progress. These techniques
have also been used in AVI settings, e.g., to predict personality using convolutional neural
networks (Suen, Hung, and Lin, 2019), or hirability using hierarchical gated recurrent units
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(Hemamou, Felhi, Vandenbussche, et al., 2019), though still using handcrafted features, with
attention weights used to identify critical timespans (Hemamou, Felhi, Martin, et al., 2019).
Particularly, the high cost of collecting realistic data (as in the case of interview responses)
becomes a restriction of the dataset scale. Hence recent large-scale pretrained models on the
text and speech domain, as introduced in Chapter 2, can be relevant. Attempts have been
made to incorporate pretrained models into interview analysis, such as using them to process
interview transcripts for predicting hirability (Rahman et al., 2021). However, there is still
much to explore about the potential of end-to-end models with pretrained models in different
modalities (including both language and speech) in analyses of applicants’ response content.

Building on these studies and the recent progress in ML, this study aims to develop neural
models based on PTLMs, capable of automatically identifying storytelling as well as other, sub-
optimal types of response from audio recordings, using models that can easily be adapted to
various languages. To summarize, our contributions are (1) building a realistic machine learn-
ing dataset on interview responses and storytelling; (2) analyzing the content of participants’
responses; (3) evaluating performance of neural models under the pretraining+fine-tuning
paradigm; and (4) working directly from audio recordings in either cascaded or end-to-end
manner, which brings us a step closer to practical implementation in real application scenar-
ios. Our findings pave the way for developing models to implement in Al-powered training
platforms or in AVIs that provide automatic feedback on applicants’ responses to past-behavior
questions from the audio recordings.

7.2 This Study

This study used DL models with the goal of predicting storytelling components (S/TA/R)
and other utterance types such as pseudo-story components (S/TA/R), values/opinions, self-
descriptions, and justifications from audio recordings of participants answering past-behavior
questions in mock job interviews. Participants’ responses were labeled by human annotators.
These labels were used as the ground truth for training models.

This study goes beyond previous work (e.g., Bangerter, Mayor, et al. (2023)) in several technical
respects. First, we leverage large-scale pretrained models, which is essential in the current
situation where the training set of participants’ responses is relatively scarce and linguistically
complex. Specifically, we used the multilingual version of the recent pretrained textual model
RoBERTa (Liu, Ott, et al., 2019) and speech model Wav2Vec2 (Baevski et al., 2020), in combi-
nation with the state-of-the-art pretrained speech recognizer Whisper (Radford, Kim, et al.,
2023). Second, we predicted a large set of labels (i.e., 10) that constitute a comprehensive
and fine-grained array of applicants’ potential responses to past-behavior questions. Third,
we implemented a range of different modeling techniques to identify the impact of various
factors.

Using these pretrained DL models, our modeling followed a three-stage development. In the
first stage, we conducted baseline assessments. We compared the performance of the models
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under the evaluation scenarios using human transcripts (i.e., transcription-based scenarios), or
using automatic speech recognition (ASR) models that generate transcripts to mirror practical
cases when only the audio is available (i.e., audio-based scenarios). In addition to the original
labeling scheme with 10 labels, we also assessed two higher-level labeling schemes with fewer
categories. We did this because prediction of labels that were less frequent (See Figure 7.1) or
that were difficult to discriminate may be challenging and less accurate. This is even more
problematic with limited context, i.e., when there is no information from the surrounding
utterances from the same interview to help the model correctly classify a targeted utterance.
More importantly, our objective is to detect storytelling, and it could be useful to consider
simplified schemes that are more focused on this goal.

The second stage consisted of information enrichment in training of audio-based models. We
considered the effectiveness of the model trained upon the human transcripts only, versus
models trained with additional information from the audio. Such techniques include using
transcripts produced by ASR during training, as well as directly introducing the audio as
part of the model input. We explored these scenarios because human transcripts, although
more accurate and generally used for model training, are not available in real cases based on
interview recordings where we can only access ASR transcripts. Furthermore, paraverbal cues
(e.g., intonation, prosody) might be also informative for this semantic-centric classification,
but are not well represented in transcripts. For example, narratives (stories and pseudo-stories)
involve (specific or generic) descriptions of past experiences that often lead to narrative
transport (Green and Appel, 2024), which can result in more dynamic vocal behaviors, such as
pitch variations.

The third stage consisted of context enlargement. Given the significant variation in utterance
length and the prevalence of relatively short utterances, it is often challenging to accurately
determine the utterance type. For instance, an utterance describing an action may be classified
as STA if the exact time of the event is mentioned in the previous utterances but as PTA
otherwise. Therefore, incorporating more information from the surrounding utterances of the
target utterance into the models can enhance their performance. Similar benefits have been
also observed in other tasks like speech translation (Zhang, Titov, et al., 2021) and ASR (Chen,
Kano, et al., 2024). Hence we created two different techniques to incorporate more context,
namely coalescence and expansion. Coalescence involves merging adjacent utterances of the
same type, while expansion directly enlarges the context visible to the model.

7.3 Dataset Preparation

7.3.1 Data Collection

We recruited 254 French-speaking undergraduates into our study as participants, and engaged
them into a two-stage lab experiment. In the first stage, they performed a work sample (i.e.,
two role plays) adapted from Richter et al. (2016). About one week later, participants returned
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Figure 7.1: Number of Utterances, Percentage, and Average Length (sec) of Different Labels for
Utterances from FTF Interviews and AVIs.

PR: 121 SD: 216)S: 235
(0.9%) (1.6%) (1.8%)
3.89s 4.51s 4.13s

SS: 2356 STA: 3163 SR:799  PS: 600 PTA: 2049 VO: 3090 OR: 470
AVI (18.0%) (24.1%) (6.1%) (4.6%) (15.6%) (23.6%) (3.6%)
4.89s 4.60s 4.26s 4.87s 4.28s 431s 5.03s.

S5: 1650 STA: 2213 SR:439  PS: 281 PTA: 1257 VO: 1398 OR: 252

FTF (21.0%) (28.2%) (5.6%)  (3.6%) (16.0%) (17.8%) (3.2%)
4.19s 4.18s 3.83s 4.665 3.87s 3.89s 3.76s

PR: 68 SD: 128 J5: 168
(0.9%) (1.6%) (2.1%)
4.32s 4.03s 3.85s

Note. The number, percentage, and average length (in seconds) of utterances for each type are indicated in the figure. The
proportion differs between the two interview conditions, while for both the categories are highly imbalanced and labels like PR
and SD account for little proportion of the data.

Figure 7.2: Histogram of the Word Counts and Utterance Duration in Our Dataset.
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Note. The distribution leans to the left, indicating a large number of short utterances.

for a mock job interview for a managerial job position, randomly assigned to either FTF or
AVI conditions. During the interview, all participants were asked the same four questions,
including one self-presentation question and three past-behavior questions on managerial
skills, including one targeting the role play of the previous week. Audio recordings of interview
are collected and used in this study. More details of the data collection process are available in
Appendix D.2.

7.3.2 Annotation and Statistics

All participants’ responses to the past-behavior questions were transcribed manually, includ-
ing disfluencies (uh, um, hmm), hesitations, repetitions, and word truncation. Their responses
were then segmented into shorter units, here utterances corresponding to a subject, verb, and
object structure (Bangerter, Corvalan, and Cavin, 2014).

We compared utterances and interview lengths between FTF interviews and AVIs using the
Kolmogorov-Smirnov test, as the data were not normally distributed. Regarding the utter-
ance lengths, there was a small but significant difference between FTF interviews and AVIs
(Kolmogorov-Smirnov D = 0.022, p = .016, w.r.t. word counts): Each utterance contained
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on average M=11.68 words (SD=5.67) or M=4.06 sec (SD=2.59) of speech for FTF interviews,
and M=11.96 words (SD=6.02) or M=4.52 sec (SD=2.69) for AVIs. Thus, utterances were often
quite short (see Figure 7.2). Also, there was a significant difference between the two interview
conditions for the total length of an interview (Kolmogorov-Smirnov D = 0.235, p=.002, w.r.t.
word counts): For each FTF interview, there were M=1250.25 words (SD=423.53) or M=7.27
min (SD=2.31) min of non-silent audio on average, while for AVIs the number was M=1511.26
words (8§D=644.69) or M=9.69 min (SD=3.82).

Each utterance contained in participants’ responses to past-behavior questions was annotated
using the categories proposed by Bangerter, Corvalan, and Cavin (2014), as provided in Ta-
ble 7.1; more details are provided in Appendix D.2. Two trained experts in personnel selection
were involved in this annotation task. Reliability was established by double-annotating 30
transcripts (Fleiss’ Kappa = .99, p < .01). The proportion of utterances for each category is
demonstrated in Figure 7.1.

7.3.3 Alignment

Interview audio files collected in this study are first transcribed, and the type of each utterance
is then annotated from the transcript. To directly analyze the interview speech, it is necessary
to associate the annotated utterance type with the audiorecording of the corresponding
segment, so that we can train DL models to predict the label given audio only. To achieve
that, we use the standard technique known as forced alignment in speech processing, which
aligns the transcript with the audio by identifying the exact start and end timestamps within
the audio for each word in the transcript. Then it is straightforward to identify the audio
segment or time interval in the recording corresponding to each utterance, and the label can
be assigned to each segment accordingly.

Typically, forced alignment is carried out using acoustic models, which are also a key com-
ponent of ASR systems; multiple out-of-the-box toolkits are available. However, in our data
the recordings are long-form French dialogues. There are many filler words, variations in the
recording quality, long silences, and sometimes overlapping speech between speakers; also
the target utterances are often rather short. Long silences due to, e.g., participants thinking
about their response, are particularly disturbing as they interfere with acoustic modeling. But
identifying them, known as voice activity detection (VAD), is not trivial, and simple energy-
based VAD (e.g., identifying a time interval as silence when the amplitude is small enough
compared to other parts of the audio) fails due to variations in the dialogue and recording
environment, as well as bursts of environmental noise (e.g., knocking at the table). We tried
several well-known out-of-the-box toolkits for forced alignment, including Montreal Forced
Aligner (MFA) (McAuliffe et al., 2017) and WhisperX (Bain et al., 2023), but both of them failed
to address these unique challenges and reach satisfactory results. Therefore, we had to build
a specialized forced alignment pipeline using a combination of multiple pretrained speech
models and heuristics.
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We mainly leveraged the forced alignment toolkit in Massive Multilingual Speech (MMS)
(Pratap et al., 2024), an ASR system focused on multilingual scenarios. The toolkit is based on a
multilingual Wav2Vec2-based encoder-only model with Connectionist Temporal Classification
objective (Graves et al., 2006). Such standard acoustic models allowed us to obtain the exact
timestamp of phonemes, and the toolkit could then assign timestamps to the words and
achieve forced alignments. In particular, the toolkit is able to identify silent frames, which
allowed us to jointly perform VAD and forced alignment precisely. Nevertheless, long silence
was generally harmful to the model performance. Therefore, we pre-processed the audio with
the toolkit, and removed all the long silences (>4 sec), with 1.6 sec safe margin to allow for
some error. All the following processes are based on this new version of recordings with silence
removed. Using this toolkit we then obtained the final forced alignment and segmented the
recordings into audio utterances. Additional margins on the left and right of the segment were
added if the pause between words permitted. We found the results generally satisfying.

7.3.4 ASR Transcription

We then produced the ASR transcripts of our recordings for the training and evaluation
procedures. Since the ASR system that produces the transcripts is an essential part in our
pipeline, we need an ASR system that accurately recognizes our French speech data and avoids
speaker biases (Hickman, Langer, et al., 2024). We thus chose OpenAl Whisper (large-v2)
(Radford, Kim, et al., 2023), which is a sequence-to-sequence ASR model pretrained on an
enormous amount of online available speech data from diverse speakers, styles (e.g., accent),
and languages. Although it is not suitable for forced alignment, it stands among recent ASR
systems with the lowest error rates (Hickman, Langer, et al., 2024). There were discrepancies
in the text normalization scheme ! between Whisper transcripts and ours, which contributed
to extra “errors”. By running Whisper on the audio segments, we nevertheless obtained a total
character error rate of 16.0% between the ASR and human transcripts. This low error rate
(close to the 13.9% error rate on the widely used yet challenging Common Voice benchmark, as
reported by Radford, Kim, et al. (2023)) further verifies the forced alignment results, since the
spoken content of each segmented clip will match the transcript only when the segmentation
(decided by the starting and ending timestamp of each utterance) is accurate.

7.4 Modeling

7.4.1 Model Building

We formulated this interview analysis as a multiclass classification task under supervised ML,
based on a pipeline combining multiple pretrained DL models. We followed standard ML

IThe same speech may be transcribed in multiple slightly different ways, due to, e.g. whether numbers
are transcribed in words or digits, whether filler words are transcribed, how is the text punctuated, etc. Text
normalization refers to the process of specifying a normalized form of ASR transcription, which may affect
downstream text processing.
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Figure 7.3: Training and Evaluation Pipeline for Predicting Utterance Types from Interview
Recordings.
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Note. In the transcript-based modeling, the ground-truth human transcripts are used as the sole input for fine-tuning as well as
evaluating the pretrained multilingual RoBERTa model; while in the audio-based modeling, human transcripts are still used
in training, but transcription by the ASR system, Whisper, becomes the basis of evaluation. Furthermore, in the information
enrichment with ASR Mixing, ASR transcripts are also used during training. In addition, the audio inputs may be directly
processed by the neural model via Wav2Vec2 as an audio encoder.

practice to partition our data randomly into 8:1:1 training, validation, and testing subsets
based on interviews and their conditions. Utterances from the same interview were grouped in
the same subset, and FTF interviews and AVIs were assigned to the subsets in a balanced ratio.
For the classification of utterance types, we focused on predicting the label of each utterance
individually. Therefore, the task was simplified as standard supervised learning by fine-tuning
pretrained models to predict the labels of certain shorter text or audio utterances. This task
was developed in three stages, baseline, information enrichment and context enlargement. An
overview of the pipeline is illustrated in Figure 7.3.

Baseline Assessments

We distinguish two types of modeling, depending on the availability of ground truth tran-
scripts. Human transcript-based models are trained and evaluated using human transcripts,
while audio-based models are trained with human transcripts but evaluated using audio
data converted to ASR transcripts. We then created three different labeling schemes: The
first scheme involves fine-grained labeling, which distinguishes the ten human-annotated
categories (i.e., SS, STA, SR, PS, PTA, PR, VO, JS, SD, and OR). The second scheme, combining
non-narratives, merges VO, JS, SD, and OR labels into a generalized OR category, reducing
the total number of categories into seven. The third labeling scheme, coarse-grained labeling,
merges the SS/STA/SR into a single S category and PS/PTA/PR into PS, resulting in the most
simplified three-way classification.
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Information Enrichment

We used two techniques to enrich the training of audio-based models with audio information.
The first technique is ASR mixing, which involves mixing samples of human transcripts and
ASR transcripts during training. Although Whisper ASR (large-v2) is fairly accurate, the auto-
matic system can produce errors compared to the ground truth human transcripts, which will
mislead the model. Even if we do not count the errors, there are still differences in transcribing
style (e.g. regarding punctuation). These discrepancies lead to domain mismatch of the model
inputs between training and evaluation. Such mismatch may reduce performance, but can be
alleviated by training the model on both the source (human) and the target (ASR) transcripts to
better adjust the model to tolerate ASR transcription inputs. The second technique used audio
inputs, directly injecting the corresponding audio segment extracted by forced alignment
into the model, creating a joint speech-language model, so that paraverbal or nonverbal cues
missing in the transcripts can be accessed by the model. In this case, we leveraged the pre-
trained Wav2Vec2 as an audio encoder to extract audio features which are then concatenated
with the text inputs as the input sequence to the text model. Whilst the use of paraverbal
cues is naturally related to the performance of storytelling, note that there is prior research
evidencing that linguistic information is critical in predicting applicants’ personality or in-
terview outcomes (Koutsoumpis et al., 2024). Indeed, in some cases, combining multimodal
predictors (linguistic, paralinguistic, nonverbal) can even increase bias without improving
performance (Booth et al., 2021). The use of audio inputs hence amounts to examine whether
paralinguistic information improves model performance in the storytelling classification task.

Context Enlargement

To enlarge utterance context, we tested two techniques: coalescence and expansion. Coales-
cence involves merging adjacent utterances of the same type. Since utterance segmentation
is often relatively fine-grained, we can merge adjacent short utterances (<2 sec) in each in-
terview based on the forced alignment results. To do this, we locate the shortest utterance
at each instance using a priority queue and then coalesce it with the neighboring utterance
(with <1-sec gap) of the same type on the left or right side. This allows for the absorption of a
short utterance into a longer one or the merger of multiple short utterances into a longer one,
resulting in more information being available within each new "utterance" (see Figure 7.4,
b-c). Under the original fine-grained labeling scheme, there are limited adjacent utterances
with the same label. Hence, we limit this approach to the coarse-grained labeling case. In
this way, the mean length of the utterances can be increased from M = 11.86 words (SD =
5.89) or M =4.35sec (SD=2.66) to M =35.50 words (SD=18.70) or M =12.78 sec (SD = 6.28).
Nevertheless, it should be noted that it requires pre-known information about the type of each
utterance, which would not be available in real situations.

Expansion is an alternative way to feed the context directly into the model. We provide the
model with a longer segment of the interview comprising the target utterance and a short
part of context before and after it. We use a pair of special tokens <s> (Begin-of-Sequence)
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Figure 7.4: Examples of Context Enlargement Techniques with Different Labelling Schemes.

@ L1 NG LSS [] ss STA! STA | VO

b 1 :F"é_li"}[ Ss I| STA | VO |

o (TRl 5 Jror

@ [T [or1[ ss ss | [sTAl [sTal [ VO |

Note. (a) Only the target utterance (indicated by the utterance with the red border, with label Story: Situation) is provided;
(b) Coalescence: adjacent utterances of identical label are coalesced and classified together; (c) In addition to (b), a more
coarse-grained labeling with only three different types (Story/Pseudo-Story/Other Responses) is used, hence the SS and STA
utterances can be coalesced; (d) Expansion + Audio inputs: longer context around the target utterance with various labels is
provided; in addition, the corresponding audio segment is also provided. I indicates an utterance spoken by the interviewer,
which may serve as a boundary between questions.

and </s> (End-of-Sequence) to enclose the target utterance within the input to specify the
actual target to be classified. With this method, a broader context containing various types
of utterances can be included (see Figure 7.4, d). Specifically, for each target utterance, we
included the adjacent utterance before or after the target utterance, starting with the shorter
one, so as to cover a context of 15~25 sec with at least 5 sec on each side. FTF interviews
involved dialogues between participants and the recruiter, thus also including the interviewer’s
speech. In this case, for consecutive utterances from one speaker, the exact speaker was
indicated to the model (e.g., "CA" for participants). Also, multiple questions were included in
FTF interviews and AVIs. When the target utterance is part of the answer to a specific question,
the part regarding other questions might not be relevant and should not be included in the
context. Therefore, we assumed that in a FTF interview a new question starts whenever the
interviewer makes a long statement introducing the next question. As for AVIs, we knew exactly
when a new question started as it was on the screen. In both cases, the iterative expansion on
either the left or the right side stops when the presumed question boundary is touched, so as
to avoid including responses to other questions. In this way, prediction on each utterance may
leverage an expanded context of various types of utterances, with M =19.10 sec (SD =2.70)
or M =58.83 words (SD = 11.24). Furthermore, the expansion technique does not depend on
manual transcription once trained, since the models are able to transcribe audio responses on
their own and make predictions about each specific utterance, leveraging the enlarged context
determined on their own. As such, this approach allows the model to classify any interview
segment with minimal dependence on pre-known information about how the utterances are
segmented and labeled.
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7.4.2 Model Implementation

We use current pretrained language models in our system. For handling text inputs, we
used XLM-R (Conneau and Lample, 2019), the multilingual version of RoBERTa (Liu, Ott,
etal., 2019), trained upon data in 100 languages, French included. The model is fine-tuned
using Adam optimizer (Kingma and Ba, 2017), the widely used efficient accelerated stochastic
gradient descent approach based on moment estimation. The learning rate is set to 2E-5
by grid search, and follows a schedule of linear warm-up in 500 steps followed by inverse-
square learning rate decay. To accommodate the model in a single 24GB RTX3090 GPUs while
avoiding inefficient padding, we use dynamic batching with around 44 samples per batch
in average. The models are trained for at most 7500 steps, which can already ensure good
convergence in our experiment. On a single RTX3090, a single training run will take around 1
hour for a model using only text inputs, and 2.5 hours for a model with audio inputs. We then
chose the checkpoint with best validation accuracy, and report the validation and test results.

In the case of audio-based modeling, the large-v2 version of Whisper is used as the ASR system
to transcribe the recordings for its reported superior performance. Furthermore, instead of
relying on ASR transcripts (i.e., indirectly using the audios), we may also allow the model
to directly process the audio recordings. To handle audio inputs, we chose the Wav2Vec2
(Baevski et al., 2020) as the basis of our audio encoding module.In particular, we leveraged
its multilingual version XLSR (Conneau, Baevski, et al., 2021) to handle French speech. We
observed that the training failed to converge when we tried to fine-tune both the audio encoder
and the stacked text model (i.e., RoOBERTa). Therefore, we used the audio encoder as a feature
extractor and to additionally concatenate the audio features after the embeddings of the
textual inputs as an audio prompt for the text model. The speech models (i.e., Wav2Vec2 and
Whisper) are frozen during training, and only the RoBERTa-based text model is updated. We
also found out that it is difficult to train the models initialized from the original pretrained
RoBERTa. Instead, we fine-tune the model initialized from the text-only response classification
built above. Following common BERT-like practice, we leveraged the final layer features of
the audio encoder; nevertheless, it has been found that higher layer features represent more
semantic cues but lose paralinguistic ones from lower layers, which motivates the technique
of Layer Mixing (Pepino, Riera, and Ferrer, 2021): Instead of using only the final layer, we
combine the features from different layers by taking a weighted average. Initialized to be equal
to each other, the weight for each layer is a learnable parameter further optimized during
the fine-tuning. This allows the features from the most relevant layer to be automatically
extracted, which improves the performance on speech classification tasks.

In sum, we build two types of models. The first are transcript-based models, which are trained
and evaluated using only human transcripts. They serve as a baseline for performance compar-
ison. The second type are the audio-based models, which are trained using human transcripts
(and ASR transcripts in some scenarios) but evaluated only with ASR transcripts (see Table 7.2).
As such, audio-based models, once trained, do not require manual transcription to identify
the response type in new audio responses.
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Table 7.2: Transcript- versus Audio-Based Models inputs

Training Validation and Test
Transcript-based human-transcript human transcript
Audio-based human-transcript ASR transcript
+ ASR Mixing human or ASR transcript ASR transcript
+ Audio inputs human-transcript + audio ASR transcript + audio
+ ASR Mixing (human or ASR transcript) + audio ASR transcript + audio
+ Layer mixing human-transcript + audio ASR transcript + audio

7.5 Results

We present our results on the validation and test set after training the models for various
techniques. We first report the accuracy of the model. However, as shown in Figure 7.1, there
is a class imbalance issue in our task. A naive model that simply outputs the most frequent
category (i.e. STA) for any input can already achieve nearly 30% accuracy. To better reflect
the model performance on predicting less frequent categories, we also report the macro-F1
score. In this way, the performance of the model on all categories is better represented. The
evaluation results are reported in Table 7.3.

7.5.1 Baseline Assessments

Results for human transcripts showed satisfying performance in the test set on all three
labeling schemes, including the most challenging 10-way fine-grained labeling with 63.65%
accuracy and 51.41% macro-F1. The performance was further increased when combining
non-narratives (accuracy difference: +2.32%; macro-F1 difference: +5.5%) and even more
with the coarse-grained labeling scheme (accuracy difference: +8.69%; macro-F1 difference:
+17.82%). The confusion matrix in the human transcript-based model with the fine-grained
labeling scenario (see Figure 7.5) confirmed that the model had trouble distinguishing several
categories (e.g., VO vs JS, VO vs OR, STA vs SR). The comparison between human transcript-
based and audio-based models showed that the performance of audio-based models was
consistently lower across all labeling schemes (accuracy difference range: from -1.73% to
-1.86%; macro-F1 difference range: from -0.39% to -1.34%). However, the gap is narrowed as
the performance of audio-based models improved considerably from fine-grained labeling
to combining non-narratives (accuracy difference: +2.19%; macro-F1 difference: +4.71%)
and further to coarse-grained labeling (accuracy difference: +9.54%; macro-F1 difference:
+17.98%).
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Table 7.3: Validation and Test Accuracy/F1 Scores For Baseline Assessment, Information
Enrichment and Context Enlargement.

val. acc.  val. F1.  testacc. testFl.
HUMAN TRANSCRIPT-BASED
Fine-grained Labeling 59.83 50.39 63.65 51.41
Combining Non-narratives 62.25 52.61 65.97 56.91
Coarse-grained Labeling 70.16 65.23 72.34 69.23
AUDIO-BASED
Fine-grained Labeling 56.77 50.24 61.92 50.86
+ ASR Mixing 57.35 51.28 62.25 53.52 1
+ Audio Inputs 57.06 50.43 61.79 50.76
+ ASR Mixing 57.30 49.40 62.39 52.81
+ Layer Mixing 56.87 51.15 61.92 51.24
Combining Non-narratives 59.29 50.25 64.11 55.57
+ ASR Mixing 59.49 51.56 64.90 55.59
+ Audio Inputs 59.44 52.07 64.76 55.69
+ ASR Mixing 59.24 52.40 1 64.53 55.49
+ Layer Mixing 59.34 51.85 64.85 55.61
Coarse-grained Labeling 68.12 63.88 71.46 68.84
+ ASR Mixing 67.25 62.82 71.32 68.70
+ Audio Inputs 68.12 64.17 74.091 72.161
+ ASR Mixing 66.47 62.28 72.38 70.04
+ Layer Mixing 68.12 63.88 71.87 69.32
W/ COALESCENCE
Coarse-grained Labeling 69.19 63.97 72.56  69.96
+ ASR Mixing 70.271  65.21 71.87  69.58
+ Audio Inputs 69.05 63.20 73.12 70.85 1
+ ASR Mixing 71.351  65.63 72,56  70.28
W/ EXPANSION
Fine-grained Labeling 65.36 1 51.35 68.621 53.161
+ ASR Mixing 65.26 1 50.81 67.601 53.711
+ Audio Inputs 65.31 1 53.40 1 69.351 54.121
+ ASR Mixing 65.60 1 50.91 67.2117 53.161
Combining Non-narratives 66.91 1 55.58 1 70.57 1 54.72
+ ASR Mixing 66.571 54.561 71.461 58.921
+ Audio Inputs 66.621 55.301 70.141 54.62
+ ASR Mixing 66.231 54.321 71.121 59.421
Coarse-grained Labeling 72.97 1 68.74 1 77.221 74771
+ ASR Mixing 73.801 70351 77.451 75.391
+ Audio Inputs 72.63 1 68.84 1 76.56 1 74.391
+ ASR Mixing 74.141 70421 77.671 75.561

Note. Results are in %. In each scenario and labeling scheme, the highest results across different information enrichment
techniques are underlined. We also bold the results for a technique when it is better compared with the corresponding baselines:
In the Audio-based experiments, the results for a specific technique is compared with the one without it (e.g.,+Audio Inputs + ASR
Mixing is compared with +Audio Inputs). In the context enlargement (coalescence/expansion) experiments, one is compared
with the Audio-based results with the same enrichment technique but without context enlargement. We further put an 1 for
models with >2% improvements compared to the baseline under the scenario and labeling scheme without any extra enrichment
or enlargement. Abbreviations: val. = validation, acc. = accuracy, F1. = macro-F1.
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Figure 7.5: Confusion Matrix Predicted vs True Labels for Human Transcript-Based Fine-
Grained Labeling.

V0| 0.00| 0.01) 0.00| 0.02| 0.14 [ 0.00 0.01| 0.06 | 0.08 | 0.67
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Note. Distinguishing labels like VO and JS is challenging.

Figure 7.6: Normalized Attention Weights in Fine-Grained + Audio Input Model.

[CLS] Text Audio
[CLS] 10.90% | 87.72%  1.38%
Text 464%  89.18% 6.17%
Audio 0.50%  48.32% 51.18%

Note. Averaged over layers and heads from different part of the inputs on each row to other parts in each column, with [CLS] the
classifier token that is used to produce the final prediction. The [CLS] token and the text part puts little attention weight on the
audio part, and most attention weights for the [CLS] are placed on the text part of the inputs.

7.5.2 Information Enrichment

Applying ASR mixing in audio-based models during training led to slight improvements
in the more challenging fine-grained labeling schemes compared to the audio-based fine-
grained labeling model trained on human transcripts only (accuracy difference: +0.33%;
macro-F1 difference: +2.66%). But it was less effective with combining the non-narrative
(accuracy difference: +0.79%; macro-F1 difference: +0.02%) and coarse-grained labeling
(accuracy difference: -0.14%; macro-F1 difference: -0.14%) cases compared to their respective
audio-based models without ASR mixing. Enriching the model with audio inputs in the
training phase improved performance in the more coarse-grained labeling case compared to
the coarse-grained labeling audio-based model without audio inputs (accuracy difference:
+2.63%; macro-F1 difference: +3.32%). However, it did not improve performance in the fine-
grained labeling (accuracy difference: -0.13%; macro-F1 difference: -0.10%) and combining
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non-narratives labeling (accuracy difference: +0.65%; macro-F1 difference: +0.12%) when
compared to the audio-based models without direct audio inputs under their respective
labeling scheme. Since the prediction is made upon the features corresponding to the [CLS]
token which aggregates the information from the whole inputs using an attention mechanism
with an attention weight assigned to each part of the input, we were able to determine the
importance of each part of the input for making the prediction by the weight. As given in
Figure 7.6, the normalized attention weights extracted from this model confirmed that the
[CLS] token and the transcript part (human or ASR) placed little attention weight on the audio
part (see Figure 7.4). Instead, most attention weights for the classifier token [CLS] were placed
on the text part of the input. Moreover, the attention weight on the audio part gradually
decreased during the training process, indicating that, for making the prediction, the model
learned to put more focus on the texts and less focus on the audio. Therefore, the information
learned from the audio by the model was of limited relevance for making the prediction, and a
pipelined analysis via ASR transcripts can already achieve performance very close to or even
better than the model directly processing audios.

We continued to investigate whether combining the audio inputs with other enrichment
approaches (i.e., ASR mixing or layer mixing) leads to better performances. Combining the
audio inputs with ASR mixing in the training phase seldom improved the models’ performance,
regardless of the labeling schemes. When compared to their respective labeling schemes audio-
based models with only audio inputs enrichment, the accuracy differences range from -1.71%
to 0.60% and macro-F1 difference range from -2.12% to +2.05%. Performance when combining
the audio inputs with layer mixing in the training phase never deviated much from the audio-
based models with audio inputs under their respective labeling schemes but without layer
mixing (accuracy difference range: from -0.51% to 0.32%; macro-F1 difference range: from
-1.57% to 0.12%). To summarize, enriching the model with ASR Mixing or Audio Inputs may
improve the performance, depending on the labeling scheme, though combining them shows
limited help to the model.

7.5.3 Context Enlargement

Coalescence improved performance in all scenarios of coarse-grained labeling compared to
the original audio-based models trained without context enlargement (accuracy difference
range: from +0.18% to +1.1%; macro-F1 difference range: from +0.24% to +1.12%), except for
model with audio inputs solely (accuracy difference: -0.97%; macro-F1 difference: -1.31%).
The performance of models trained with expansion consistently outperformed almost all the
scenarios compared to the original audio-based models (accuracy difference range: from
+2.47% to +7.56%; macro-F1 difference range: from -1.07% to +6.69%), with the most signifi-
cant improvement in fine-grained labeling cases. Specifically, the models reached the best
results when either audio inputs, ASR mixing, or both were leveraged, with as high as 69.35%,
71.46%, and 77.67% test accuracy and respective 54.12%, 58.92% and 75.56% macro-F1 on the
three labeling schemes respectively.
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7.6 Discussion

This chapter examined interview-response analysis as a realistic SLU task and showed that
pretrained models can successfully identify storytelling-related utterance types from French
interview recordings, despite limited labeled data. Beyond the feasibility of the task itself, the
results provide several insights that are relevant to the broader questions of this thesis.

The results suggest that this particular classification task depends primarily on lexical-semantic
information rather than on paraverbal cues. Directly incorporating audio into the model
yielded only small and inconsistent improvements, indicating that the signal from the au-
dio input is too weak, noisy, or misaligned to the task for the model compared to the text
input. Notably, using direct audio inputs will considerably increase the model complexity
and computational costs, which overshadows the necessity of this technique. This does not
imply that audio information is generally irrelevant for interview analysis, but rather that,
for utterance-type classification as defined here, the relevant signal is largely semantic and
can already be captured through the transcript. After all, the storytelling analysis task can be
annotated based merely on the text transcripts without paralinguistics. Nevertheless, there
remains space for the paraverbal signal to be relevant for interview-related tasks, possibly
when it is more aligned with the task at hand, and when models better at extracting the signal
can be used.

Enlarging the available context leads to consistent performance improvements, especially
with the expansion technique. Indeed, stories are not a property of isolated sentences but
rather are intrinsically durative and structured as a sequence of clauses that mirrors the
chronological order of past events (Labov and Waletzky, 1997; Bruner, 1991). In this respect,
the interview-analysis task provides a concrete application-level validation of a broader claim
developed throughout this thesis, namely that access to longer contextual spans rather than
isolated short segments can be important to effective spoken language understanding in
realistic settings.

At the same time, the gains from context enlargement also expose the practical limitation of
current Transformer-based approaches. Enlarging the context improves prediction, but it also
increases computational cost. This trade-off is particularly relevant here because interview
recordings are long, utterances are short, and only part of the surrounding material is useful
for each local decision. The present results therefore reinforce the motivation of the previous
chapters: long-context spoken language understanding requires not only semantically strong
pretrained models, but also mechanisms that use context efficiently. In that sense, this
application chapter complements the methodological parts of the thesis by showing, in a
realistic task, why long-context modeling is not merely an architectural concern but a practical
requirement.
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7.7 Conclusion

This chapter applied pretrained models to the analysis of French interview responses and
showed that storytelling-related utterance types can be identified from speech recordings with
promising accuracy, even in a low-resource setting. We also demonstrate the benefits of using
expanded context as well as various information enrichment techniques, though direct audio
cues bring limited help. The results support the value of foundation models in SLU, especially
for the practical use of interview analysis.
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8.1 Conclusions

This thesis investigated how pretrained and generalist models can be effectively applied to
spoken language understanding (SLU), especially in long-form and low-resource settings
where both semantic complexity and computational constraints are central. Motivated by the
analysis of long-form French interview recordings in the SteADI project, the work addressed
a broad research question at the intersection of model capability, model efficiency, and
real-world application: how to obtain strong semantic understanding of spoken input while
remaining feasible in settings characterized by limited labeled data, long temporal context,
and practical deployment constraints.

To answer this question, the thesis progressed through three complementary phases.

The first phase examined the semantic capability of pretrained and generalist models for
SLU. It first studied the impact of introducing stronger semantic supervision to speech foun-
dation models trained by low-level self-supervised acoustic objectives. We confirmed the
effectiveness of speech translation as a means of improving the semantic utility of pretrained
speech models, as demonstrated by improved performance on downstream SLU tasks. We also
showed that this enhanced the cross-lingual transferability of the models. The same study also
demonstrated that adaptation must be performed carefully: preserving pretrained semantic
knowledge during fine-tuning, especially through Bayesian regularization, proved beneficial
for downstream tasks compared to allowing the model to freely overwrite its pretrained knowl-
edge. We then evaluated the semantic understanding capabilities of large language models
(LLMs) in zero- and few-shot prompting settings. We found that LLMs can achieve strong
performance on intent detection as part of a cascaded SLU system with a few or even zero ex-
amples. However, their performance degraded when handling tasks with complex definitions,
or when there are ASR errors. To conclude, this phase indicates that pretrained generalist
models have semantic capabilities to handle SLU tasks, while techniques like end-to-end
modeling and proper supervsion, adaptation, and prompting techniques remain important to
fully leverage their potential.
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The second phase of the thesis focused on model efficiency, especially in the context of long-
form speech processing. We show that our Cross Architecture Layerwise Distillation (CALD)
framework is capable of training student models that can process long sequences with efficient
attention mechanisms while retaining the performance of pretrained transformer-based
teacher models, using only downstream data without the need for additional re-pretraining.
We also demonstrated that leveraging intermediate models during the teacher’s fine-tuning
process can be helpful for distillation on language tasks. We then showed that hybrid linear-
sparse attention can mitigate the forgetfulness of linear attention and improve the retrieval of
distant context. Particularly, we found that our contextualized lightweight learnable token
eviction approach is particularly effective at improving the retrieval of distant context without
any sacrifice of theoretical and practical efficiency compared to standard linear attention.
These findings suggest that efficient attention mechanisms can be a promising direction for
long-form SLU, while our proposed methods address their limitations in training costs and
forgetfulness.

Finally, the third phase applied these methodological advances back to the motivating applica-
tion of interview analysis. We demonstrated that speech foundation models can be effectively
adapted to the specific domain of French interview recordings to identify storytelling and
other sub-optimal responses. We also observed the benefits of incorporating more contextual
information for this task, while noting the limited help of audio clues in our study. These
findings indicate that recent advances in SLU using foundation models can be valuable for the
practical use of interview analysis.

Taken together, the findings of this thesis suggest that pretrained and generalist models are
a viable foundation for SLU in long-form and low-resource settings, but only when carefully
used. Strong performance requires improved semantic supervision, architectures that can
handle extended speech efficiently, as well as accommodation to specific applications.

8.2 Future Work

This thesis explored a broad range of directions on using generalist models for SLU, and
observe its strength and limitations across several settings. The results also point to a number
of open questions that remain important for future research.

The first phase of the thesis highlighted the importance of richer semantic supervision for
speech models, as well as the promise of LLMs for downstream spoken language understand-
ing. Recent speech LLMs, such as the Qwen-Omni family, are typically built by post-training a
combination of speech encoder and LLM using a cohort of speech tasks, including ASR, speech
translation, speech QA, speaker recognition, etc. This corroborates one of the conclusions
of this thesis: low-level acoustic objectives are not sufficient for learning strong semantic
representations. A natural next step is therefore to develop more principled approaches to the
design of such training pipelines, including the choice of auxiliary tasks, the balance between
them, and the overall adaptation strategy. More broadly, an important long-term question
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concerns the gap between speech and text pretraining paradigms. In contrast to the relatively
unified framework of causal language modeling for LLMs, speech model pretraining remains
more heterogeneous, and the integration of speech with language models is often deferred to
alater, isolated stage. Bridging this gap and developing a more unified pretraining paradigm
for data in different modalities may provide a more native way to capture both low-level and
high-level structure and to make better use of data and computation.

The second phase of the thesis demonstrated the value of efficient attention mechanisms, and
in particular the potential of hybrid linear-sparse designs for long-context modeling. At the
same time, these results suggest that the design space of hybrid attention remains far from fully
explored. Existing architectures often combine different attention mechanisms in relatively
simple ways, for example by interleaving layers, yet the best strategy for coordinating their
complementary strengths is still unclear. An important direction for future work is therefore
to investigate more adaptive forms of cooperation between components, such as mechanisms
through which the linear attention component can proactively delegate difficult long-range
dependencies to a sparse or full-attention component. A second key direction concerns
the sparse component itself. Although hybrid linear-sparse models offer clear efficiency
advantages, there remains a substantial performance gap relative to the hybrid of linear and
full attention. Reducing this gap will likely require more accurate token selection mechanisms,
so that important information can be retained more reliably. A third key direction is to
apply such hybrid attention to actual speech processing task. A brief exploration of dynamic
chunking and compression of speech based on hybrid attention is presented in Appendix E,
featuring promising but still preliminary results, and more in-depth investigation is critical.
Progress on these questions could be important steps towards future LLM architectures
beyond Transformer, and may be especially relevant for multimodal LLMs.

The third phase of the thesis examined the application of speech foundation models to
interview analysis. Several important questions remain open in this setting. A first direction is
to better understand how audio information can be exploited for this task, since the present
study found only limited benefits from acoustic cues beyond the spoken content itself. A
second direction is to evaluate more directly how efficient long-context modeling techniques
can be integrated into this application when the complete context (e.g. the whole recording)
is leveraged. A third challenge is to determine how recent speech LLMs can be adapted to
this setting under an intermediate data regime: the available dataset is substantially larger
than a typical few-shot prompting setup, yet still much smaller than the scale usually required
for conventional fine-tuning. A fourth concern is due to the limitations of the dataset used
in our study, covering a limited set of questions in a specific laboratory setting. This calls for
investigation for the generalization of techniques with more diverse, realistic, and possibly
noisier data. Beyond storytelling identification, it will also be important to extend these
methods to broader interview-related constructs, including, ultimately, signals relevant to
hirability and self-presentation quality. In the longer term, these advances may contribute to
the development of practical systems such as coaching platforms with real-time feedback that
support interviewees and interviewers through more reliable automatic analysis of spoken
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responses.
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i\ Details and Additional Results for

Enhancing Spoken Language Under-
standing via Speech Translation

A.1 Bayesian Transfer Learning

Asin the standard machine learning configuration, we determine the parameters by optimizing
loss with an L2 regularizer, i.e. minimizing £ (D;0) + allBII% for the parameters 0 € RN given
data D = {(x, y)} and the hyperparameter «, in which the cross-entropy loss £ corresponds
to the negative log-likelihood —logp(y|0) of the label upon model outputs. This can be
formulated as maximum likelihood estimation (MLE) of 8 by maximizing log p(8]D), which
is equal to logp(DI0) +logp(@) —log p(D) by Bayes’ theorem. With constant p(D) and a
zero-mean isotropic Gaussian prior .4 (0,02 I) on @ with scalar o, the optimization objective
corresponds to

logp(01D) x log p(D|@) +1og p(0) (A1)
=log p(D|0) +log(N (8;0,0%1)) A.2)
(D) - — %92 (A.3)

(e ; 292 P i .

Hence L2 regularization can be viewed as giving an isotropic zero-mean Gaussian prior to the
model parameters that assigns higher probability to close-to-zero parameters, with a larger a
indicating a smaller scalar o®. While instead of zero, 1.2-SP (Li, Grandvalet, and Davoine, 2018)
proposes to limit the parameter shift from the pretrained ones during fine-tuning by assigning
a Gaussian prior .4 (6, o> I) centered at pretrained parameters 6y, which has been found to
lead to better downstream performance.

Nevertheless, it is an over-simplification of the prior as different parameters are unequal and
some parameters are more critical for the performance on the pretraining task than others.
The importance of a parameter can be represented by posterior distribution p(@|D ) near 6y
on the pretraining data D, that corresponds to the pretraining loss £ (D;;0) « p(D,|0). In
this way, elastic weight consolidation (EWC) (Kirkpatrick et al., 2017) assigns a Gaussian prior
N (09, 0% T) with diagonal covariance o; according to the estimated posterior distribution (i.e.
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loss landscape) of ; on the pretraining task. A parameter 6; with larger impact to the £ (D,;0)
will have sharper p(6;|D,) and smaller 012. =1/(aF;), thus less flexibility in fine-tuning, lower
variance in the fine-tuning prior, and higher weight for its L2 regularizer under the goal of
preserving knowledge for the pretraining task.

To estimate this posterior distribution or loss landscape on the pretraining data D), we can
perform Taylor expansion for the log likelihood log f () = log p(6| D)) near the parameters
after pretraining, namely 8, which is assumed to be near to the optimum, making Vlog f(6y) =
0. Hence,

1
log £(8) =log f(By) + Vlog f (B0) (0 — o) + 5 (6 — 00)" Hiog £(00)(0 —B0) +---  (A.4)

1
~log f(Bo) + E(H_BO)TI_Ilog £(00)(6 —6) (A.5)

Therefore, through a second-order expansion, p(0|D),) is approximated by a Gaussian distri-
bution corresponding to the negation of the quadratic term above, with 8y being the mean
and the Hessian matrix corresponding to the inverse covariance. To estimate the Hessian
matrix, we use Bayes’ theorem and take a flat prior on D, forming

0°logp(01D))
002

0%logp(Dy|0)
R

8%log p(x|0)
= Ex~p(x|0) [T]

Hiog 0) =

(A.6)

While the following matrix is referred as an empirical Fisher matrix, and can be estimated by
squared gradients as in Pascanu and Bengio (2014):

8%log p(x|0)

S, (A7)

F=—Ex pxi0)

Therefore, the posterior distribution of the parameter @ on the pretraining task is approximated
by a Gaussian distribution with the mean u = 8 and the inverse covariance X! = F. EWC
further simplifies it by only considering diagonal terms.

A.2 Implementation Details

We pretrain the model following the common settings in the field on single 24GB V100 GPUs
using the Adam optimizer with a learning rate schedule of 20k linear warmup steps from 0
to le-4, followed by an inverse-sqrt decay to 3e-5. Models are selected and early stopping
is performed according to the WER or BLEU on the dev set. 5-beam search is used during
evaluation. The PTLMs we use are the 24-layer "large" versions provided by Hugging Face. A
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SLURP Script Label ASR ST ST+ASR

is there a meetingon my calendar,query calendar,set calendar,query  calendar,query
calendar this afternoon

look for apple pie recipe  cooking,recipe qa,stock ga,recipe cooking,recipe
can you really see russia qa,factoid alarm,remove  qa,factoid general,quirky

from alaska
are there morning shows calendar,query weather,query recommendation, lists,query
available events

Table A.1: Examples of SLURP IC benchmark and predictions produced by different models.

dynamic batching strategy is adopted to accommodate input utterance with different lengths.
Accompanied with gradient accumulation, an average batch size of ~25 with ~500 target to-
kens per step is used. The wav2vec2 part is frozen for the first 10k steps, and utterances shorter
than 0.1s or longer than 10s are not used during the first 20k steps. The L2 regularization
with a=5e-3 is applied to the weights, except the Bayesian transfer learning experiments. The
setting is similar for the fine-tuning cases except that the encoder is frozen during the initial
steps, and for joint-training models a 1:3 ratio between data for the pretraining and target task
is used. While for smaller datasets including MINDS-14, SLURP-Fr, and Spoken Gigawords,
the data ratio, dropout rate, and learning rate schedule are further tuned to avoid overfitting.
We also build and compare with several cascaded pipelines based on our ST model, for which
we directly use the model outputs with beam search without external LM as the model already
leverages a strong language model. More details could be found from the source code.

A.3 Examples

Several examples in the SLURP IC benchmark and the predictions from different models are
provided here in Table A.1 for a more direct demonstration for the understanding capability of
the models.

A.4 Dataset Details

Three new datasets are introduced in this work. Among them, SLURP-Fr is our main dataset for
experiments on cross-lingual transfer, while we additionally carry out a series of experiments
on Spanish (Es) to show that our methods work on more than one language. For the synthetic
portion of SLURP-Fr/Es, we built the dataset based on MASSIVE, textual translation of SLURP,
each using 4 speakers from Google TTS, with total 11.3H and 13.9H audio respectively. There-
fore the contents are identical to MASSIVE. While for the real portion of SLURP-Fr, we leverage
two native French speakers to read the held-out samples from MASSIVE. The dataset size and
mean length (in seconds) of the utterances are given in Table A.2.

As for speech summarization, we follow MTL-SLT (Huang, Rao, et al., 2022) to build the
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train dev test real

#Samples 11514 2033 2974 477
Avg. sec (Fr) 2.47 244 244 235
Avg. sec (Es) 3.03 3.01 3.01 /

Table A.2: Statistics of the SLURP-Fr/Es datasets.

train dev test

#Samples 50000 1000 385
Mean length (sec) 9.21 9.30 9.24
Article word count 23.9 24.0 24.0

Headline word count 7.8 8.1 8.0

Table A.3: Statistics of the Spoken Gigaword dataset.

synthetic spoken version of Gigaword (Rush, Chopra, and Weston, 2015), using 9 speakers
from Google TTS, with total 131.5H audio. We follow the data split in the original Gigaword
dataset with a small and noisy test split (which we further filtered) and randomly sample
from the train and dev split. The resultant size and mean length of the utterances are given in
Table A.3.

A.5 Spanish Experiments

Similar to the default type of models using only data with English and French, we first introduce
the Spanish data to the En+Fr ASR model or the En—Fr ST model to pretrain a En+Fr+ES ASR
model as well as a En—Fr+En—Es ST model, with satisfactory results as in Table A.4. Both ASR
and ST models are then fine-tuned with joint training on SLURP, reaching 87.63% and 89.59%
accuracy respectively. Then they are used for cross-lingual transfer to SLURP-Es.

A.6 EWC Weight Distribution

The distributions of the log estimated Fisher diagonals for each weight matrix or bias vector
are illustrated in Figure A.1. It can be observed that most weights are concentrated around

TEDx MuST-C CoVoST2

ASRWER| 15.05% 8.94% 11.34%
STBLEU?1 25.84% 30.06% 33.90%

Table A.4: Test results of the model with Spanish data added on the cleaned pretraining
datasets given by word error rate (WER) for ASR and BLEU score for ST, with Spanish inputs
for TEDx and CoVoST2, and English inputs for MuST-C.
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Figure A.1: The distribution of the estimated Fisher diagonals shown in heat map, with x-axis
for the means of the log squared gradients of each weight or bias, and y-axis the standard
deviation.

le-5 to le-10, and they are close to each other as the standard deviations are at the similar
magnitude. Hence with a=1e-7, most weights will reach the 1e-2 clamping threshold. The
exceptions are the biases for key projection in attention modules, which correspond to the
lower-left cluster and have much smaller weights.
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Details and Additional Results for Lin-
earizing Pretrained Language Models

B.1 Implementation Details

We build the models as mentioned above, and train the models using the AdamW optimizer.
On Mamba/Mamba2 models, we also find it important to apply layer normalization on hidden
states prior to computing the layerwise distillation loss, i.e. we take the hidden states after
the layernorm operation at the following layer. Otherwise the hidden states will have a rather
wide range and bring training instability. We only use output distillation by setting axp =1 in
ASR experiments. On other experiments, we find that the distillation on output probabilities
actually leads to suboptimal results, and thus set axp = 0. We always use acg = 1. As for the
hybrid mode of distillation, we start with the optimal target guided configuration, but switch
to unguided mode when the loss is close to converge, generally at around 30% of the total
training steps.

For each target task, we train the models based on its common training recipe for standard
transformers, and further search and determine hyperparameters and the model checkpoint
to use according to the validation performance. Details for each task are listed below, and
more specific details can be accessed from our source code.

» Language processing: We train the model using a learning rate (LR) schedule of linear
decay with 6% warmup steps. A total batch size of 32 is used. Other hyperparameters
are listed in Table B.1.

* Language modeling: We train the model using a learning rate of 3e-4 and a schedule
of cosine decay with 3% warmup steps and a 3e-5 minimum learning rate. We use a
total batch size of 128, each with 2048 tokens. We also apply the weight decay of scale
0.1 on Mamba parameters following the Mamba training scheme, along with gradient
norm clipped to 1. We set a;p = 15 in the experiments. FP16 mixed precision training is
adopted.

* Speech processing: We train the model using a learning rate schedule of exponential
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Table B.1: Hyperparameters for language processing tasks.

QNLI QQP SST2 IMDB

Std. RoBERTa LR 3e-5 3e-5 3e-5 le-5
. LR le-5 le-5 3e-5 le-5
Unguided Share mode KV  Layer KV Kv
LR le-4 le-4 le-4 3e-4

Target Guided arp 25 20 10 15
Share mode Layer Layer KV KV
LR 3e-4 le-4 le-4 3e-4

. . aLD 30 25 30 40

Traj.

raj. Guided Share mode Layer KV KV KV

T, 5 1 3 3
LR le-4 le-4 le-4 3e-4

Waypoint Guided a;p 10 20 5 25
Sharemode KV  Layer KV KV

decay with 5000 warmup steps and 1.5e-6 minimum learning rate. We use a dynamic
batch strategy that leads to a batch size of approximately 64 in average. We also apply
the weight decay of scale 5e-3, along with gradient norm clipped to 1. For ASR, IC, and
SID, we set arp to 15, 15, and 30, respectively. BF16 mixed precision training is adopted.
We find that these hyperparameters work well across different modes of distillation.

B.2 Distillation Algorithms

Here we provide the pseudo-code to describe the training algorithms under different modes
of distillation to facilitate understanding. Please refer to Chapter 5.3 for the notation scheme
we use, including the model output terms and loss functions.

B.3 Computational Costs

The proposed method is presented as a more efficient alternative to re-doing the whole
pretraining process on the target architecture, as the model pretraining is notoriously ex-
pensive and generally infeasible with academic computation. For example, Wav2Vec2-large
pretraining took 5.2 days on 128 V100 GPUs (Baevski et al., 2020), while our target guided
CALD experiment to convert Wav2Vec2-large into Mamba2 for ASR takes only 1.6 days on a
single RTX3090 with just 24GB memory. Without the computation on the teacher model, the
unguided training will be roughly 40% faster, but the accuracy degradation is unacceptable.
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Algorithm 1 CALD training under the target-guided or hybrid mode

Require: mode (training mode: Hybrid or TargetGuided), Tj, (number of guided steps in

— = =
s e e

15:
16:
17:

© e N2 R e

hybrid mode), T (total number of training steps), dataloader, acg, @xp, a1p (loss scaling
hyperparameters)

: Build and initialize the teacher model Mt and the student model Mg with the teacher

target model

: Replace the attention layers in Mg
: Build the optimizer for Mg

fori=1to T do
(x,y) —next(dataloader)
(y(S),H(S)) — Mg(x)
ifmode =Hybrid and i > T}, then
L —ace Ly, y)
else
', HY) — M7 (x)
L —acg Ly, y)
+axp Zo (YW, y )
+aip%ip (H(S), H(t))
end if
< backward()
Update the parameters of Mg using the optimizer
end for

Algorithm 2 CALD training under the trajectory-guided mode

Require: T, (interval between teacher model updates), T (total number of training steps),

e e e e o

17:
18:

£ X ND DR YD

dataloader, acg, axp, arp (loss scaling hyperparameters)

: Build and initialize the teacher model Mt and the student model Mg with the teacher

source model (the original pretrained model)

: Replace the attention layers in Mg
: Build the optimizer for Ms and M

fori=1to T do
(x,y) —next(dataloader)
', HY) — My (x)
if i mod T,, = 0 then
Lr — Ly, y)
ZLr.backward()
Update the parameters of M1 using the optimizer
end if
(y(S),H(S)) — Ms(x)
L —acgZLce(y?,y)
+axpZLxo (¥, y)
+arp Lo (HY, HY)
Z backward()
Update the parameters of Mg using the optimizer
end for
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Algorithm 3 CALD training under the waypoint-guided mode

Require: W (list of waypoint models), T,, (interval between waypoint switching), T (total
number of training steps), dataloader, acg, axp, @1p (loss scaling hyperparameters)
1: Build and initialize the teacher model My with W;; set w; — 1
: Build and initialize the student model Mg from the teacher source model (the original
pretrained model)

\S]

3: Replace the attention layers in Mg
4: Build the optimizer for Mg
5: fori=1to T do
6: (x,y) —next(dataloader)
7 Y HY) « Ms)
g (', HY)— Mr(x)
9 L—accLxEy",y
10: + axpZxD (y(s), y(”)
11: +aLD$LD(H(s),H(t))
12z Z.backward()
13: Update the parameters of My using the optimizer
14: if i mod T,, = 0 then
15: w; —w;+1
16: Re-initialize Mt with Wy,
17: end if
18: end for

The hybrid approach is faster owing to more than half of the training steps being under the
unguided mode, while reaching better performance than the target guided one. The waypoint
guided model doesn't involve any extra computation compared to the target guided one, and
hence takes roughly the same time. In NLP experiments, the trajectory guided models enjoy
better performance at the cost of more computation. For example, on QNLI with layer-shared
Linformer projection, the target or waypoint guided training takes around 3.4 hours under our
training configuration with a single RTX3090, while the trajectory guided training takes 3.5
hours (T, =5) to 4.0 hours (T, = 1). The unguided training takes around 3.0 hours. To sum up,
the CALD approach saves much computation compared to re-pretraining, and the extra cost
compared to the unguided training is limited.

We also provide a brief evaluation on the inference speed of transformer-based versus Mamba2-
based ASR models we used in Chapter 5.4.4, as shown in Figure B.1. With asymptotic linear
time complexity, the Mamba2 model will be much faster given sufficiently long inputs com-
pared to the quadratic time transformers, although the actual speedup depends on the exact
implementation.
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Figure B.1: Time costs for Mamba2 and transformer-based models performing ASR on audio
samples with different lengths, averaged by 5 runs on a single RTX3090.
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tention

We train our models using Flame (Zhang and Yang, 2025) based on TorchTitan (Liang et
al., 2024) and refer to their training recipes, while adapted to our computational resources
available. All the models are implemented based on Flash Linear Attention (FLA). Particularly,
FLA implements the prefilling kernel for NSA, and we develop the decoding kernel based on it.
It is noteworthy that NSA implemented by FLA is a simplified version that directly use mean
pooling to produce the compressed k2 and v2, which may further limit its capability. We also
develop the LTE prefilling kernel upon the FLA attention kernel. Both the 0.4B and 1.4B models
have 24 layers, with hidden size = 1024 and 2048 respectively. As for GDN layers, we use 8 heads
and expand_v = 1. As for attention layers, we set number of heads H; = Hy, = 16 at 0.4B, and
grouped-query attention (Ainslie, Lee-Thorp, et al., 2023) with H; = 32, Hy,, = 8 at 1.4B. Similar
configurations are also adopted by Wang, Zhu, Abreu, et al. (2025). The exception is that NSA
requires at least 16 group size due to hardware constraints, hence we use H; = 32, H,, = 2.
Token embeddings are tied on 0.4B models.

The LTE module consists of a 3-layer 1D grouped convolution stack, using kernel size = 3
and dilation = 2, yielding a receptive field R = 13. Each layer halves the channel width. Each
layer is followed by a Swish activation and a dropout layer with p = 0.1. It then passes linear
projection per head implemented as grouped convolution with kernel size = 1, and produces
the retention score r after sigmoid. We implement directly with Conv2D to avoid tensor
manipulation overheads. The number of groups equals the number of KV heads to process
each head independently and efficiently. Inputs are zero-padded on the left, and thanks to the
deferred computation with SWA, padding is not necessary on the right. The LTE module will
add ~1.7% and ~0.7% parameters on 0.4B and 1.4B models respectively.

We use the AdamW optimizer with learning rate = 3e-4 under cosine decay. At 0.4B/1.4B, we
use global batch sizes of 0.5M/1.0M tokens, context length 4096, for 20480/30720 steps with
1024/512 warmup steps. As for LTE training, we initialize the regularization weight matrix
A to 1e-9, and update it via a feedback loop every u = 32 steps for stability, following the
pseudocode given in Algorithm 4. The update is based on the exponential moving average ¢ of
the retention count ¢, with coefficient a4 = 2/(1 + u/2) to approximate the average within
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the update cycle.

Algorithm 4 Pseudo-code for the LTE training loop.

1 A—1079 > Initialize A matrix (shaped [#layers, #heads])
2: for step—0to T do > T is total training steps
3: r,¢,¢ — model(fetch_inputs()) > Retention score, retention count, and LM loss
4: f— ¢+ A -RelLU(r) > Augment loss with L1 penalty on r
5: optimizer.step()
6: C— ®ema - C+ (1 —aema)-¢ > Exponential moving average of retained token counts
7: if step mod u =0 then > Every u steps, update 1
8: Synchronize ¢ across devices
9: s—1(c>L)-1(c<0.95-L) > Direction to adjust A
10: A—=A-a
11: A «—min(A, 1.0) > Clamp A to at most 1.0
12 AA<1079 <0 > Eliminate near-zero values
13: AMe>L & A=0] 1079 > Re-enable penalty when too many retained
14: end if
15: end for

During L'TE decoding, we directly use the flash_attention_kv_cache API by Flash Atten-
tion, which supports different past KV cache length per sample in a batch by passing in
cache_seqlens. Since we have different cache length per head, we merge the dimensions
for KV head and batch size, leaving a KV cache with the number of query heads equal to the
GQA group size. As for evaluation, we use LM-eval-harness for short-context and RULER
evaluations, and leverage the reference implementation by Arora, Timalsina, et al. (2024)
for EVAPORATE benchmarks. We follow their input truncation scheme, but only truncate
the input length to 4K tokens when it exceeds 4K to better reflect long-context performance.
Inference is carried out using greedy decoding in a single run in FP32 for stability, except that
GDN and Flash Attention kernels support FP16 only, hence we perform all token-mixing ops
in FP16 for parity. For compute-cost measurements, we report the total elapsed time between
the CUDA event pairs at layer entry after a full warm-up phase; for prefilling we average the
middle three of five runs. Samples from the training dataset are used as inputs.
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D.1 Response Examples

Regarding the past behavior question:

Can you tell me about a situation where one of your employees didn't complete a
task on time? How did you react to this problem?

, an example of a pseudo-story response from our data is:

hmm for example a colleague (PS)/ well I try if I'm able to save the situation in
quotes (PTA)/ well I give him my help (PTA)/ and so that everyone gets out of it
(PTA)/ and but if I can’t do anything (PTA)/ well I couldn’t do anything (PTA)/ well
then I wouldn'’t be the one to uh try to sink the person or whatever (PTA)/ I'll always
try to help him (PTA)

While given the question:

Can you tell me about a situation where you were responsible for carrying out
several tasks in a short space of time? Tell me how you organized yourself to deal
with this situation.

An example of a response loaded with other non-story utterances is:

okay uh well the [sighs] multitasking uh of course she uh doing several tasks uh at
the same time is not my forte (SD)/ but uh I think we w- we can all do several tasks
uh at the same time (VO)/ so uh me that’s what- the style I prefer uh to do one at a
time uh (SD)/ but uh um there are times when we're obliged to do uh several uh
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things uh at the same time (VO)/ uh and uh the switch and manage the tasks at
the same time it's a uh it’s a bit tiring for the brain (VO)/ but uh uh I can do it (SD)/
so uh it’s not it's what I prefer (SD)/ uh but uh I can do it (SD)

D.2 Dataset Preparation

There were 254 French-speaking undergraduates (59.8% women, Mjge = 21.60, SD = 3.07) re-
cruited through a pool of participants from a Swiss university. Fifty-two % of participants held
a high school diploma, 48.8% had a university degree (bachelor: 39% and master: 9.8%) and
1.3% held other types of diplomas. Participants had already experienced 1.94 job interviews
on average (SD = 2.79). Participants were offered monetary compensation consisting of a fixed
sum and a performance-based bonus.

Participants engaged in a two-stage lab experiment. In the first stage, they started completing
a consent form and a personality questionnaire. Then, they performed a work sample (i.e.,
two role plays), imitating a layoff scenario. After each role-play, participants self-rated their
performance. About one week later, participants returned for a mock job interview for a
managerial job position, randomly assigned to either FTF or AVI conditions. Once the job
interview was completed, participants filled out a final short questionnaire. Throughout
both the work sample and the job interview, participants were audio-recorded with a PG85
microphone connected to one Focusrite Scarlett 2i2 4th Generation, and video recorded using
a front Logitech HD Pro C920 webcam and a side Sony CX625 camera.

During the interview, all participants were asked the same four questions. The first question
was about self-presentation asking "Could you please introduce yourself and summarize your
background in a few words?" The second and third questions were past-behavior questions
targeting managerial competencies (e.g., multitasking: "Can you describe a situation where
you were responsible for completing several tasks within a short period? How did you organize
yourself to manage this situation?"). The fourth question was also a past-behavior question
that targeted the role play of the previous week (i.e., "Can you tell us about a recent situation
in which you had to give bad news to someone?"). In the FTF condition, participants were
interviewed by a mock recruiter trained to follow a script. After the experimenter briefed them
about the job interview and left the room, the recruiter greeted the participant, started with
a brief overview of the interview, and continued asking the questions before concluding the
interview. In the AVI condition, participants used the same AVI platform as in Roulin, Wong,
etal. (2023)’s study to read and respond to on-screen questions. Following the experimenter’s
instructions, participants had up to 20 seconds to read each question and up to 5 minutes to
answer. They had the flexibility to start and finish their responses before the respective timers
ended, for all interview questions.

The per-utterance categories include: story (S) considered as a "set of events related to a
unique past episode, characterized by a unity of time or action"; pseudo-story (P) defined
as "a description of a generic situation or recurrent set of similar situations, without unity of
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time or action", and decontextualized assertions about interviewees’ opinions (value/opinion,
VO), justification for their actions (justification, JS) or self-descriptions (self-description, SD)
(Bangerter, Corvalan, and Cavin, 2014, p. 6). Any utterance not falling into these specific
categories was annotated as "other," (OR). Categories were mutually exclusive. Narrative
utterances (i.e., story and pseudo-story) were further annotated according to the STAR model
(Kessler, 2006): Utterances providing information about the context were annotated for sit-
uational elements (SS for stories, PS for pseudo-stories), utterances providing information
about roles and actions of protagonists were classified as task- and action-related elements

(STA/PTA), and those referring to the results obtained were classified as results-related ele-
ments (SR/PR).
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13 Exploration in Dynamic Chunking
and Compression of Long-form
Speech

E.1 Introduction

Modern speech understanding systems largely rely on speech foundation models (SFMs)
such as Whisper (Radford, Kim, et al., 2023) and HuBERT (Hsu, Bolte, et al., 2021). These
models are pretrained on large-scale speech corpora and are used either directly or after
fine-tuning for downstream tasks such as automatic speech recognition (ASR) and spoken
language understanding (SLU), as well as the speech encoders in multimodal large language
models (MLLMs). Despite their success, these Transformer-based models remain limited by
several coupled factors: i) Computational cost: They exhibit the inherent quadratic time and
linear memory costs due to the attention mechanism, which is prohibitive with long-form
inputs; ii) Long-context generalization: They are typically pretrained on short audio clips (e.g.
30 seconds for Whisper) and struggle to generalize to longer audio, which further translates
into the audio context window constraints in many MLLMs (Chu et al., 2024; Tang, Yu, et al.,
2024; Ghosh, Kumatr, et al., 2024); iii) Temporal redundancy: They operate at a temporal
resolution much higher than the corresponding semantic representation (e.g. the 50Hz frame
rate for HuBERT, compared to roughly 2-3 tokens per second for the transcribed text). This
exacerbates problem i) and ii), and further leads to degraded MLLM performance due to the
modality mismatch (Hsu, Zhang, et al., 2026).

However, speech understanding in the real world is inherently long-context: meetings and
calls span minutes to hours, and their interpretation depends on discourse-level structure
and long-range dependencies. A standard strategy for handling such inputs is to divide the
audio into fixed-length segments and process them separately, as in Whisper and several
MLLMs that support long-form audio (KimiTeam et al., 2025b; Ghosh, Kong, et al., 2025;
Goel, Ghosh, et al., 2025; Liu, Ehrenberg, et al., 2025). These MLLMs often leverage an
adaptor, such as a CNN stack, that downsamples the encoded speech to a lower frame rate, for
example 12.5 Hz, to better match the text modality. Under this sliding window approach, the
SFM itself has no access to out-of-window context, which can hinder long-form recognition
performance (Koluguri et al., 2024; Chen, Kano, et al., 2024; Hori et al., 2021; Flynn and Ragni,

111



Appendix E. Exploration in Dynamic Chunking and Compression of Long-form Speech

2024; Fox et al., 2024). Furthermore, fixed-rate compression in such adaptors ignores a basic
property of speech: its information density is highly non-uniform over time. Long stretches of
silence, background noise, or sustained vowels may span hundreds of milliseconds, whereas
transient consonantal events can burst within only a few milliseconds. Aggressive fixed-
rate compression may therefore fail to exploit highly compressible stationary chunks while
discarding information from rapidly changing regions that are more sensitive to temporal
compression. This motivates a natural but underexplored question: Can we dynamically
split speech into variable-length, content-dependent chunks and compress each chunk into
a single frame, thereby approaching the temporal resolution of text without substantially
degrading fine-grained acoustic discrimination?

Very recently, H-Net (Hwang, Wang, and Gu, 2025) suggested that linear attention is well suited
to modeling noisy and redundant sequences. By combining unidirectional linear attention,
similarity-based boundary detection, and temporal smoothing, H-Net learns to hierarchically
segment and compress raw UTF-8 text or DNA sequences into meaningful chunks, yielding
more effective sequence modeling than standard Transformers. This capability is particularly
desirable for speech, given its non-uniform information density, motivating us to explore
dynamic chunking and compression for speech sequences. We therefore conduct a prelimi-
nary exploration in which lightweight dynamic chunking layers are inserted into pretrained
Whisper models for ASR, adding less than 1% additional parameters. We then adapt these
models to long-form ASR with inputs up to 30 minutes, using an aggressive 9x temporal
compression ratio. The empirical results provide preliminary evidence that this technique
shows promising performance and merits further investigation.

E.2 Methods

E.2.1 Model Backbone

We adopt pretrained Whisper large-v3 as the encoder-decoder ASR backbone and introduce
several modifications to support long-form speech processing. The original Whisper uses
absolute positional encodings: sinusoidal encodings in the encoder and learned embeddings
in the decoder. These absolute encodings impose fixed maximum input and output lengths in
the original implementation and become inconvenient for much longer contexts; for example,
a 30-minute audio sequence would require 90,000 separate positional embeddings. In contrast,
relative positional schemes such as RoPE do not rely on a fixed-sized embedding table and
are often better suited to length extrapolation. We therefore drop the absolute positional
embeddings, and fine-tune the model to use RoPE in their self-attention layers, similar to
Gumma, Chitale, and Bali (2025). For compressed frames, we compute RoPE using the original
start position of each chunk, rather than its index in the compressed sequence, which improves
training stability.

In addition, Whisper pads input sequences to a fixed length of 30 seconds, and feeding
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sequences with mismatched lengths can degrade performance. Because long-form audio
samples vary substantially in length, fixed-length padding is highly inefficient. We therefore
also adapt the model to accept variable-length inputs during this fine-tuning stage. Finally,
to process long-form inputs efficiently without altering the existing encoder architecture,
we replace full self-attention with sliding-window attention using a 60-second bidirectional
window. The encoder henceforth reduces to full attention given <30-second inputs, but allows
an efficient gathering and processing of local context given long-form inputs.

E.2.2 Chunking Layer

Following H-Net (Hwang, Wang, and Gu, 2025), we build the chunking layer from three
components: a linear-attention encoder, a similarity-based routing module, and a smoothing

module. Specifically, given a sequence of encoded frames X € RV*4

, we first apply a causal
linear attention layer to obtain contextualized representations X. In our experiments, we
instantiate this encoder with DeltaNet (Schlag, Irie, and Schmidhuber, 2021; Yang, Wang,
Zhang, et al., 2024) rather than Mamba?2 due to its strength and efficiency. We then identify
chunk boundaries at points with notable representation shift, which signify transitions from
one acoustic unit to another. To this end, a routing module measures the cosine distance

between adjacent frames through projected queries and keys, with trainable W, and Wy:

=W,x;, k; = Wi Xy, =—(1-
e = Wake ‘ S qell ]

1 ) q; ki1
2

) €[0,1], (E.1)

with p; = 1 by definition. During training, we follow DLCM (Qu et al., 2026) to sample
the hard boundary indicator b; from a Bernoulli distribution by a sharpened version of p;
to encourage exploration. During inference, we deterministically set the hard boundary
indicator as b; = 1[p; = 0.5]. To avoid over-compression, we limit the maximal chunk length
to 1 second. Ideally, when adjacent frames %;_; and X; span a boundary between acoustic
units, e.g. phonemes or syllable, the projection q; will diverge from k;_;, yielding a larger p;
and eventually the start of a new chunk.

Given a list of start-of-chunk indices s; where b, = 1, the downsampler then compresses X by
taking the mean of each chunk, i.e. Z; = meanpool([Xs,, X5, +1, ..., Xs,,,~1]). Unlike the original
H-Net, which applies smoothing in the dechunking layer, we apply smoothing immediately
after downsampling, directly over the compressed chunk representations. Concretely, we use
an exponential moving average over chunks,

2t =PiZi+(1-PpZ, (E.2)

where P; = ps,. This allows differentiable learning of boundary probabilities and potential
error correction for boundaries with low p by sharing information from the preceding chunk.

We further adopt H-Net’s auxiliary ratio loss to encourage the router to approach the desired
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compression ratio. Given the original sequence length N and the prescribed compression
ratio D, we compute the empirical boundary rate F = % Z]t\il b;, and the average boundary
probability G = % Zﬁ\il p:. We then use

D
Zratio = m((D—l)FG+(1—F)(1—G)), (E.3)
which provides continuous feedback through G while encouraging F to approach the desired
value 1/D. We add this term to the ASR loss with a coefficient of 0.05, so that the model is
trained to optimize transcription accuracy while maintaining the prescribed compression
ratio.

E.3 Empirical Studies

E.3.1 Experiment Settings

We compare the following systems in our experiment:

* Whisper: We directly use the pretrained Whisper (large-v3) model with its standard
long-form transcription pipeline without fine-tuning. The underlying Whisper model
operates on short audio windows. To handle long audio, Whisper uses a complicated se-
quential chunkwise transcription algorithm. It determines window shifts from emitted
timestamps, conditions each 30-second chunk on previous transcriptions, actively de-
tects potential errors using handcrafted heuristics, and retries decoding with alternative
generation parameters when such errors are found.

e Post-DC: This model applies dynamic chunking twice after the transformer encoder,
with each layer using a 3x compression ratio.

¢ Pre+Post-DC: This model applies dynamic chunking both before and after the Trans-
former encoder, with each layer using a 3x compression ratio. This variant is more
efficient because the pre-encoder chunking layer reduces the sequence length pro-
cessed by the Transformer encoder.

¢ Post-CNN: This model replaces dynamic chunking with fixed-rate CNN downsampling.
It applies two stride-3 CNN layers after the Transformer encoder, yielding the same total
9x compression ratio as Post-DC.

The latter three models require fine-tuning but make it possible to process long-form inputs
within our GPU memory constraint thanks to an aggressive total 9x compression.

We conduct the experiments using a long-form ASR dataset derived from the expanded TED-
LIUMv3 corpus (Fox et al., 2024). The training split contains 484.5 hours of training data from
2.1K TED talks (documents) with durations ranging from 2 to 30 minutes. The dev set contains

114



E.3 Empirical Studies

Table E.1: Results (word error rate) of different models on long-form TED-LIUM data.

utterance document

WER dev test dev test
Whisper 2.54 207 3.87 8.35
Pre+Post-DC  4.13 3.85 5.01 6.24
Post-DC 293 279 3.78 3.87

Post-CNN 426 3.16 42.49 61.10

8 talks totaling 1.7 hours, and the test set contains 11 talks totaling 3.0 hours. The documents
are further segmented into 64.8K utterance-level samples, each less than 30 seconds long.

We fine-tune Whisper (large-v3) using the dataset in three stages: 1) We adapt the model to
RoPE and variable-length inputs, implemented using FlashAttention’s packed varlen mode,
by fine-tuning it on the utterance-level data for 2K steps; 2) We insert the additional com-
pression/dynamic chunking layers and fine-tune the model on the utterance-level data for
5K steps; 3) We fine-tune the model on a mixture of utterance- and document-level data for
another 5K steps, yielding final models that can process long-form inputs directly. We use a
learning rate=3e-4 and global dynamic batching with a maximal total audio duration of 128
minutes per batch. All the dynamic chunking models reach the desired compression ratio
during training. We then evaluate models on both utterance and document levels using the
checkpoint with the best performance on the document-level dev set. We use greedy decoding
for evaluation and report word error rate (WER) after applying Whisper text normalization.

E.3.2 Results

Table E.1 reports the WER results of all evaluated models. All compressed models retain
reasonable utterance-level performance, despite the aggressive 9x compression. Among them,
Post-DC performs most consistently and achieves the lowest WER on the document-level test
set across all models. Pre+Post-DC performs worse, suggesting that premature compression
prior to bidirectional context aggregation from the Transformer encoder may hurt recognition
accuracy. Post-CNN performs worst, especially at the document level, suggesting that aggres-
sive fixed-rate compression is substantially less robust than adaptive dynamic chunking in
this setting. Nevertheless, Post-DC still underperforms Whisper on utterance-level evaluation.
In particular, qualitative inspection suggests that most document-level errors are not local
phonetic confusions, but sequence-level failures such as skipping, repeating, and hallucina-
tions. These errors suggest that a major challenge of long-form encoder-decoder ASR still lies
in the maintenance of robust alignment between the acoustic contexts and generated tokens
in a single but extensive decoding pass. Therefore, while dynamic compression can reduce
the computational burden of long-form inputs, it may not by itself solve the alignment and
decoding challenges of long-form ASR.
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E.4 Related Work

Related work on speech foundation models and efficient attention has been discussed in
Chapter 2. For the chunking and compression of speech frames, several recent approaches
consider frame merging/pruning directly through frame similarity in MLLMs (Bhati, Thomas,
et al., 2025; Wang, Li, Ma, et al., 2026; Lin, Fu, et al., 2025; Xiang et al., 2026). Related ideas
also appear in neural codecs, known as variable frame rate codecs (Li, Qian, et al., 2025;
Wang, Guo, et al., 2025; Zheng et al., 2025). These approaches typically rely on heuristic
or post-hoc criteria rather than an explicit learned router for boundary prediction. More
related to our scheme, continuous integrate-and-fire approaches dynamically chunk the
input sequence by accumulating a segmentation score over time, and start a new chunk
whenever the accumulated score exceeds a threshold (Dong and Xu, 2020; Fan et al., 2022;
Dong, An, et al., 2023; Meng et al., 2023). Alternatively, Zuo, Zhang, et al. (2025) determine
chunk boundaries using the predictive entropy of a separate frame-level language model.
Recently, H-Net introduces the hierarchical dynamic chunking and compression approach
and applies it to byte-level token-free language modeling and DNA modeling (Hwang, Wang,
and Gu, 2025). Dynamic Large Concept Model (DLCM) (Qu et al., 2026) and ConceptMoE
(Huang, Zhou, et al., 2026) further extend this idea to compress tokens into high-level semantic
units in standard language modeling tasks. H-Net-style chunking has also been applied to
video-to-audio generation (Simon et al., 2026). However, its application to long-form speech
processing remains underexplored.

E.5 Conclusion

This appendix chapter presented a preliminary exploration of H-Net-style dynamic chunking
for long-form ASR. The results suggest that post-encoder dynamic chunking can support
aggressive temporal compression while maintaining good recognition accuracy, and that it
is substantially more robust than a fixed-rate CNN baseline under the same nominal com-
pression ratio. However, there is still a gap with the sequential chunk-by-chunk short-context
transcription. These findings suggest that dynamic chunking is a promising compression
mechanism, but that further work is needed before it can serve as a reliable approach for
long-form speech processing.
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