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Abstract—Heterogeneous Face Recognition (HFR) aims at matching face images captured across different sensing modalities, such
as thermal-to-visible or near-infrared-to-visible, enhancing the usability of face recognition systems in challenging real-world conditions.
Although recent HFR methods have achieved significant improvements in performance, many rely on computationally expensive
models, making them impractical for deployment on resource-limited edge devices. In this work, we introduce a lightweight yet effective
HFR framework by adapting a hybrid CNN-Transformer model originally developed for RGB homogeneous face recognition. Our
approach enables efficient end-to-end training with only a small amount of paired heterogeneous data, while still maintaining strong
performance on standard RGB face recognition benchmarks. This makes it suitable for both homogeneous and heterogeneous
settings. Comprehensive experiments on several challenging HFR and face recognition benchmarks show that our method achieves
state-of-the-art or competitive performance while keeping computational requirements low.

Index Terms—Face Recognition, Heterogeneous Face Recognition, Cross-Spectral Recognition, Lightweight Models, Layer
Normalization, Knowledge Distillation
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1 INTRODUCTION

F Ace recognition (FR) has become a ubiquitous modality in
biometric authentication, particularly in access control, due

to its efficiency and non-intrusive nature. With advances in deep
learning, especially convolutional neural networks (CNNs), face
recognition has achieved near-human performance even in uncon-
strained settings [1]. However, most of the existing FR methods
are designed for homogeneous environments, where both gallery
and probe images are captured using visible-spectrum cameras.

In many practical use cases, such as surveillance, mobile
authentication, or defense applications, relying only on visible-
light imagery is insufficient. Images captured outside the visible
spectrum, such as near-infrared (NIR) or thermal imagery, provide
several advantages. For example, NIR is more resistant to lighting
variations and more robust against spoofing attempts [2], [3].
Despite these advantages, developing effective FR models for
these modalities is difficult, mainly due to the lack of large-
scale annotated heterogeneous paired datasets. Heterogeneous
Face Recognition (HFR) addresses this challenge by enabling face
matching across modalities, for instance, comparing thermal or
NIR images with visible-light references [4], [5]. A key aspect of
HFR is Cross-Spectral Face Recognition (CFR), which focuses on
handling the appearance variations caused by spectral differences
between imaging domains. CFR becomes especially important
in low-light or long-range scenarios where visible imaging is
unreliable.

Although deep neural networks (DNNs) have greatly improved
Heterogeneous Face Recognition (HFR), the task remains chal-
lenging due to the large modality gap between source and target
domains. Models trained on RGB images often fail to generalize
to non-RGB inputs [6]. Moreover, the collection of large-scale
paired cross-modal datasets is both costly and difficult, which

• All authors are with Idiap Research Institute, Martigny, Switzer-
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requires the development of methods capable of generalizing from
limited training data. Many state-of-the-art HFR systems also rely
on computationally heavy architectures, which are impractical for
deployment on edge or mobile devices. Consequently, there is
growing interest in lightweight models that maintain competitive
accuracy while reducing computational overhead. Vision Trans-
formers (ViTs) have demonstrated a strong capability to capture
global dependencies [7], making them a useful complement to
CNN-based architectures. These architectures provide an opportu-
nity to design compact yet effective HFR frameworks suitable for
real-world, resource-limited environments.

In this work, we propose a parameter-efficient adaptation
framework that extends pretrained RGB face recognition models
to heterogeneous face recognition without increasing inference
complexity. Instead of introducing modality-specific branches or
additional network modules, our approach selectively adapts Lay-
erNorm parameters and early convolutional layers while keeping
the remainder of the backbone frozen. Combined with contrastive
alignment and self-distillation, this strategy enables effective
cross-spectral adaptation using only a small amount of paired
heterogeneous data while preserving the original RGB recognition
performance. We demonstrate this approach using the lightweight
EdgeFace [8] architecture as a backbone.
The main contributions of this work are as follows.

• We propose a parameter-efficient adaptation framework that
extends pretrained RGB face recognition models to hetero-
geneous face recognition without increasing inference com-
plexity.

• We show that adapting only LayerNorm parameters and
shallow layers, combined with contrastive alignment and
self-distillation, enables effective cross-modal learning using
limited paired data.

• Extensive experiments across six heterogeneous bench-
marks demonstrate competitive or state-of-the-art perfor-
mance while maintaining significantly lower computational
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cost. Code is available at 1.

2 RELATED WORK

Heterogeneous Face Recognition: focuses on matching faces
captured across different imaging modalities such as visible light
(VIS), near-infrared (NIR), thermal cameras, or even hand-drawn
sketches. The main challenge in HFR is the modality gap, meaning
the substantial distribution shift between these modalities. This
gap causes standard face recognition models trained solely on
RGB images to perform poorly when applied to other domains.
To address this issue, recent studies introduce a variety of solu-
tions that generally fall into three categories: learning modality-
invariant features, projecting data into a shared representation
space, and generating source domain samples through synthesis-
based methods.

Invariant feature based approaches focus on learning facial
representations that remain stable across different modalities.
Early studies focused on handcrafted descriptors such as Differ-
ence of Gaussian (DoG) filters, multi-scale LBP [9], SIFT, and
MLBP [10] to capture local texture cues. With the rise of deep
learning, CNN-based models were introduced to learn modality-
invariant features [6], [11], while other works proposed improved
handcrafted features like the Local Maximum Quotient (LMQ)
descriptor [12] or explored composite feature fusion at the score
level [13]. In [14], the authors proposed a NIR-VIS heteroge-
neous face recognition framework that augments lightweight face-
recognition models with Gabor filter–derived invariant features by
appending the filter’s imaginary response as an additional input
channel, followed by PCA-based dimensionality reduction and
Mahalanobis-distance matching. This strategy improves NIR-VIS
recognition performance across benchmark datasets while largely
preserving VIS-domain performance and incurring only minimal
computational overhead.

Common-space projection methods address the domain gap
by mapping features from different modalities into a unified latent
space. Classical techniques include Canonical Correlation Anal-
ysis (CCA) [15], Partial Least Squares (PLS) [16], and various
forms of coupled regression [17], all of which use linear or non-
linear transformations to preserve discriminative properties while
reducing the domain gap. More recent work leverages deep archi-
tectures with domain-specific units [18], domain-invariant mod-
ules [19], coupled attribute-aware loss functions [20], and semi-
supervised collaborative representations [21], enhancing align-
ment even under limited annotations or unpaired data. Further
progress [22], [23] shows that conditioning intermediate feature
maps can effectively bridge the modality gap, later extended
toward modality-agnostic learning [24].

Synthesis-based methods adopt a different strategy by gen-
erating cross-modal images, typically translating inputs into the
visible domain, so that standard face recognition models can
be directly applied. Early solutions performed patch-level recon-
struction via Markov Random Fields [25] or employed manifold
learning approaches such as LLE [26]. The advent of GAN-
based frameworks, including CycleGAN [27], greatly improved
this approach, enabling unpaired translation and photorealistic
facial synthesis [28], [29]. More recent advances explore la-
tent disentanglement [30], memory-enhanced transformers for
unsupervised reference-guided generation [31], and plug-and-play
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modules like Prepended Domain Transformers (PDT) [32], which
improve cross-domain representation alignment without explicit
image generation. Nonetheless, synthesis-based approaches often
introduce significant computational overhead because they require
both image translation module and a separate face recognition
model for matching.

Recent advances in NIR-VIS heterogeneous face recognition
have increasingly focused on reducing the dependence on man-
ually annotated labels, as acquiring large-scale labeled cross-
domain datasets is both costly and impractical for real-world
deployment. To address this, many recent works adopt unsuper-
vised or semi-supervised learning strategies that exploit pseudo-
label generation, contrastive learning, and prototype-based rep-
resentation learning. For instance, [33] formulates the task as
an unsupervised domain adaptation problem and introduces the
RPC network, which combines NIR cluster-based pseudo-label
sharing with both domain-specific and inter-domain contrastive
learning to produce compact and domain-invariant representa-
tions, achieving over 99% pseudo-label assignment accuracy and
strong benchmark performance. Similarly, [34] addresses the prob-
lem in a semi-supervised setting through the LPL framework,
which combines cross-domain pseudo-label association, intra-
domain compact representation learning, and prototype-based
inter-domain invariant learning to iteratively refine cluster struc-
ture and extract robust cross-domain identity features, reaching
performance comparable to recent supervised methods. Along
the same line, [35] proposes HERE (HEterogeneous learning
and Residual-invariant Enhancement), an unsupervised framework
that employs a homogeneous-to-heterogeneous learning strategy,
combining modality-adversarial contrastive learning, cross-modal
pseudo-label estimation, refined contrastive learning, and residual-
invariant feature enhancement to learn robust modality-invariant
representations. Together, these studies demonstrate that com-
petitive NIR-VIS recognition performance can be achieved with
limited or no explicit identity supervision.

Lightweight Face Recognition: As mobile devices and edge
computing platforms have become ubiquitous, face recognition
(FR) research has increasingly prioritized compact models that
provide strong performance under tight computational and mem-
ory constraints. This shift has driven the development of a
wide range of efficient architectures adapted for FR. Mobile-
FaceNets [36], built on the MobileNet family [37], [38], were
among the first to achieve high performance with under 1M
parameters. MixFaceNets [39] further improved efficiency by
integrating MixConv [40], while ShiftFaceNet [41] leveraged
ShiftNet operations to achieve competitive results with just 0.78M
parameters. ShuffleFaceNet [42], inspired by ShuffleNetV2 [43],
introduced model variants ranging from 0.5M to 4.5M parameters
without sacrificing accuracy. Neural architecture search has also
advanced lightweight FR: PocketNet [44], designed via DARTS
on CASIA-WebFace [45] with multi-stage knowledge distillation
(KD), and VarGFaceNet [46], winner of the ICCV 2019 LFR chal-
lenge [47] used variable group convolutions to optimize efficiency.
Recent work, SynthDistill [48], demonstrated that synthetic data
[49] combined with online KD can effectively train TinyFaR
models [50] to approximate high-performance teacher networks.
GhostFaceNets [51] reduced redundancy in convolutional opera-
tions, achieving extremely compact designs with as little as 61M
FLOPs using depthwise convolutions. Most recently, EdgeFace [8]
combined convolutional and transformer components leveraging
EdgeNeXt [52] framework and employed low-rank linear layers
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to cut both parameters and FLOPs, achieving near–state-of-the-art
results at a fraction of the complexity and securing the top position
among compact models in the IJCB EFaR 2023 challenge [53].

Lightweight Heterogeneous Face Recognition: While
lightweight FR architectures are ideal for edge applications, their
adaptation to the more challenging Heterogeneous Face Recogni-
tion (HFR) has not been addressed in literature. Many current HFR
systems rely on heavy backbones or synthesis-based pipelines,
both of which introduce substantial computational costs that hin-
der deployment in resource-limited environments. To address this
gap, we introduce a compact and efficient HFR framework tailored
for edge devices, with strong cross-modal performance while
keeping computational demands and data requirements minimal.

3 PROPOSED APPROACH

Heterogeneous face recognition (HFR) poses a significant chal-
lenge largely due to the limited availability of paired cross-
modal training data. To address this, a widely used approach is
to start with large-scale models pretrained on visible-spectrum
(RGB) images and then adapt them to heterogeneous domains.
However, directly fine-tuning these models on small HFR datasets
often results in overfitting and catastrophic forgetting, where
the model’s original RGB recognition performance deteriorates
heavily. To mitigate this, prior works [18], [32] have introduced
architectural changes such as modality-specific branches or asym-
metric processing pathways. While these designs help retain
RGB performance, they also increase model size and introduce
parameter redundancy, an undesirable trade-off when aiming for
lightweight models. Further, many existing approaches assume a
fixed representation for the RGB modality and force the other
modality (e.g., NIR, thermal, sketch) to align with the source
modality in the original latent space. This rigid alignment can
limit performance, especially when cross-modal differences are
highly nonlinear.

In this work, our goal is to develop a unified model that
effectively handles both standard (homogeneous) and heteroge-
neous face recognition without adding noticeable computational
overhead or reducing accuracy. We introduce a lightweight yet
robust adaptation strategy for pretrained FR models that prevents
catastrophic forgetting while enabling strong cross-modal match-
ing performance. Unlike prior modulation-based approaches such
as PDT, CAIM, and SSMB, which introduce modality-specific
branches or additional inference-time modules, our method per-
forms parameter-efficient adaptation within the existing pretrained
backbone. Specifically, we selectively update LayerNorm param-
eters and early convolutional layers while keeping the remaining
network frozen. This design avoids additional architectural com-
plexity and maintains the original inference cost. Furthermore,
the proposed self-distillation objective preserves the original RGB
performance, reducing catastrophic forgetting during heteroge-
neous adaptation.

Our method builds upon EdgeFace [8], a lightweight architec-
ture that integrates convolutional layers with transformer modules.
The main idea in our approach is that Layer Normalization [54]
plays a useful role in modality adaptation [55]. Instead of modify-
ing the backbone structure or adding redundant pathways, we treat
LayerNorm as a modulation mechanism that adjusts modality-
specific statistics, enabling the network to learn discriminative
features for both RGB and other modalities within a single shared
architecture.

To accomplish our goal, we adopt a contrastive self-distillation
training approach. The objective consists of two key components:

• Contrastive Modality Alignment, which encourages paired
samples (e.g., RGB–NIR) to produce closer embeddings in
the shared latent space promoting modality-invariant repre-
sentations; and

• Self-Distillation Regularization, which preserves the pre-
trained model’s RGB accuracy by transferring its knowledge
to the adapted model reducing catastrophic forgetting.

Together, these components allow effective fine-tuning on
limited HFR data while retaining strong RGB performance and
maintaining a lightweight design. The following subsections pro-
vide detailed explanations of the training objectives, backbone
configuration, and implementation specifics.

LayerNorm Adaptation: Prior work has shown that the
statistical characteristics of feature maps in deep neural networks
(DNNs) encode key stylistic cues of images first demonstrated by
Gatys et al. [55]. This insight has made normalization layers cru-
cial for stabilizing and improving deep model training. Layer Nor-
malization (LayerNorm), introduced by Ba et al. [54], overcomes
the limitations of batch normalization by computing normalization
statistics over the feature dimension of each individual sample
rather than across the batch. As a result, LayerNorm maintains
consistent behavior during both training and inference, making it
well-suited for settings involving variable input structures or non-
i.i.d. data. In large language models (LLMs) and their multimodal
variants (MLLMs), recent work by Zhao et al. [56] has shown
that selectively fine-tuning LayerNorm parameters inside atten-
tion blocks can yield significant efficiency gains while reducing
computational cost. This approach outperforms several parameter-
efficient fine-tuning techniques, such as Low-Rank Adaptation
(LoRA) [57]. LayerNorm’s scale and shift parameters serve as
natural modulation points: small updates to these parameters can
reshape the distribution of intermediate features across layers
without modifying the pretrained backbone. As observed in Xu
et al. [58] and Zhao et al. [56], the expected gradient of Layer-
Norm diminishes with network depth, while the gradient variance
remains low, properties indicative of good generalization. These
low-magnitude, low-variance gradients make it possible to adapt
the model to new domains by updating only the LayerNorm
parameters, preserving the stability of the pretrained network. This
characteristic is especially valuable in our setting, where robust
cross-modal adaptation must be achieved without extensively
altering the underlying model weights, preventing catastrophic
forgetting.

For modalities such as NIR or Thermal, the modality gap is
primarily spectral/photometric rather than geometric. The facial
structure remains largely unchanged, while the image statistics
seen by the network such as intensity distribution, local con-
trast, and channel-wise feature responses shift substantially across
modalities. In pretrained face recognition models, these low-level
statistics are mainly processed in the early convolutional layers
and normalization layers. Adapting these components therefore
provides a principled way to compensate for modality-dependent
shifts at the feature-statistics level, while leaving most of the
deeper identity-discriminative representation unchanged.

Problem Setting: We start with a pretrained face recognition
network F , whose parameters ΘFR have been learned from a
large-scale RGB (visible-spectrum) dataset. Let (Xsi , Xti , yi)
denote a triplet consisting of a pair of images Xsi and Xti from
the source (e.g., RGB) and target (e.g., NIR or thermal) modalities
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Fig. 1. Model architecture of xEdgeFace models: The highlighted modules (LN-LayerNorm, ST-Conv. Stem, Stages-S0, S1, S2) are adapted while
other network components remain frozen. The two loss components ensure modality alignment while preserving source-domain FR performance.
Computational complexity remains unchanged in new models.

respectively, and a binary identity label yi ∈ {0, 1}, where yi = 1
indicates that both images correspond to the same identity and
yi = 0 otherwise.

The goal is to adapt F into a heterogeneous face recognition
network F̂ , parameterized by ΘHFR, such that the resulting em-
beddings esi = F̂ (Xsi) and eti = F̂ (Xti) are well-aligned in a
shared embedding space if they belong to the same identity, while
also preserving the discriminative ability of the original model F
on the source modality.

We initialize F̂ with the pretrained parameters ΘFR, and
decompose ΘHFR into three disjoint subsets:

ΘHFR =
{
Θ

(1:K)
LN ,ΘAdapted,ΘFrozen

}
, (1)

where Θ
(1:K)
LN denotes the set of all LayerNorm parameters (from

K layers), ΘAdapted includes all trainable parameters except Lay-
erNorms, and ΘFrozen refers to the set of parameters that remain
fixed during training.

To enforce alignment between embeddings from different
modalities, we use a cosine-based contrastive loss defined as
follows:

LC(esi , eti , yi) = yi · (1− cos(esi , eti))

+ (1− yi) ·max (0, cos(esi , eti)−m) ,
(2)

where cos(esi , eti) =
esi ·eti

∥esi∥2∥eti∥2
is the cosine similarity be-

tween the embeddings and m ∈ [0, 1] is a contrastive margin.
To retain the model’s original recognition ability on the source

modality, we incorporate a self-distillation loss that guides the
adapted model F̂ to remain consistent with the pretrained model
F on source-domain embeddings. Formally, this loss is defined as:

LSDL(eFsi
, eF̂si

) = 1− cos(eFsi
, eF̂si

), (3)

where eFsi
= F (Xsi) is the frozen embedding from the original

model and eF̂si
= F̂ (Xsi) is the adapted embedding for the same

image.
The overall training objective for the adapted network (F̂ )

combines the contrastive loss for modality alignment with the
self-distillation loss that preserves source-domain performance,
resulting in the following formulation:

Ltotal = (1− λ) · LC(esi , eti , yi)

+ λ · LSDL(eFsi
, eF̂si

),
(4)

where λ ∈ [0, 1] is a balancing hyperparameter controlling the
trade-off between cross-modal alignment and self-regularization.

In all of our experiments, we set λ = 0.75 and the margin
m = 0 unless otherwise indicated. This configuration empirically
provided the best balance between adapting to the heterogeneous
domain and retaining source modality performance.

Although our implementation uses EdgeFace as the backbone,
the proposed contrastive alignment and self-distillation objectives
are architecture-agnostic. In principle, they can be applied to other
pretrained face recognition networks, enabling similar parameter-
efficient heterogeneous adaptation without modifying the underly-
ing architecture.

Face Recognition Backbone We use the pretrained EdgeFace
[8] model as our face recognition (FR) backbone. EdgeFace
is a hybrid convolutional–transformer architecture that employs
LayerNorm instead of the more common BatchNorm, enabling
stable training across modalities. The model is trained on the large-
scale WebFace12M dataset [59], which includes over 12 million
RGB images from more than 600,000 identities. All input faces
are resized to 112× 112 and aligned via a similarity transform to
standardize eye locations. For thermal images, which are single-
channel, we replicate the channel three times to match the RGB
input format required by the backbone.

Implementation Details Our HFR framework incorporates
a frozen copy of the pretrained EdgeFace model as a regular-
ization teacher network, guiding the fine-tuning of a shallow,
trainable surrogate network through self-distillation (Figure 1).
The surrogate is initialized with the pretrained weights, and only
selected early modules including LayerNorm layers, are unfrozen
for adaptation, while the remaining components stay frozen. To
further improve cross-modal consistency, we apply a contrastive
loss on the surrogate’s embeddings for both RGB and thermal
inputs.

The framework is implemented in PyTorch and built upon the
Bob library [60], [61]2. Training uses the Adam optimizer with
a learning rate of 1 × 10−4, a batch size of 256, and runs for
20 epochs. The contrastive loss margin m is set to 0, and the
weighting factor λ is fixed at 0.75 for all experiments. Although
both pretrained and surrogate networks are used during training,
only the adapted surrogate model is required for inference.

4 EXPERIMENTS

This section reports the results of an extensive set of exper-
iments conducted using the proposed framework. We evaluate
heterogeneous face recognition (HFR) performance on established

2https://www.idiap.ch/software/bob/
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benchmarks and compare our method against state-of-the-art ap-
proaches. To verify that the adaptation process does not introduce
catastrophic forgetting, we also assess performance on standard
face recognition datasets. Across all experiments, cosine distance
is used as the similarity metric for evaluation.

4.1 Datasets and Protocols

For our evaluations, we used the following datasets:
Tufts Face Dataset: The Tufts Face Database [62] contains a

broad collection of facial images captured across multiple modal-
ities, making it well-suited for heterogeneous face recognition
tasks. In our experiments, we followed the VIS-Thermal protocol
and used the thermal subset of the dataset. Tufts includes 113
identities (39 males and 74 females) covering diverse demographic
groups, with each subject represented across several modalities.
Following the protocol in [29], we randomly selected 50 identities
for training (with 45 for training and 5 as validation) and used the
remaining subjects for testing.

MCXFace Dataset: The MCXFace dataset [32], [63] consists
of facial images from 51 participants, collected under different
illumination conditions across three sessions and multiple sensing
channels. These channels include RGB, thermal, near-infrared
(850 nm), short-wave infrared (1300 nm), depth, and depth es-
timated from RGB. The dataset provides five folds, each created
by randomly splitting identities into training and development sets.
Our evaluations focus on the challenging VIS-Thermal protocols,
which serve as standard benchmarks for cross-modal face recog-
nition on this dataset.

Polathermal Dataset: The Polathermal dataset [64], collected
by the U.S. Army Research Laboratory (ARL), is an HFR dataset
containing both polarimetric long-wave infrared (LWIR) imagery
and visible-spectrum color images for 60 subjects. In addition
to polarimetric data, the dataset provides conventional thermal
images for each subject. Following the five-fold partitioning pro-
tocol introduced in [18], we use the conventional thermal images,
assigning 25 identities for training and the remaining 35 identities
for testing.

SCFace Dataset: The SCFace dataset [65] includes high-
quality enrollment images paired with low-quality probe images
captured in realistic surveillance environments using multiple
cameras. It is organized into four evaluation protocols: close,
medium, combined, and far, with the “far” protocol presenting the
highest level of difficulty. In total, the dataset contains 4,160 static
images from 130 subjects, recorded in both visible and infrared
domains.

CUFSF Dataset: The CUHK Face Sketch FERET Database
(CUFSF) [66] consists of 1,194 facial photographs from the
FERET dataset [67], each paired with an artist-drawn sketch. Due
to the stylized and exaggerated nature of the sketches, CUFSF
poses a challenging HFR setting. Following the protocol in [68],
we use 250 identities for training and evaluate on the remaining
944 identities.

CASIA NIR-VIS 2.0 Dataset: The CASIA NIR-VIS 2.0 Face
Database [69] contains images from 725 subjects captured in both
visible (VIS) and near-infrared (NIR) modalities. Each subject
has around 1-22 VIS images and 5-50 NIR images. Experiments
follow a fixed 10-fold cross-validation protocol with 360 identities
used for training. The gallery and probe sets include 358 distinct
individuals, ensuring no identity overlap between training and
evaluation.

Metrics: We evaluate model performance using several stan-
dard metrics commonly adopted in the heterogeneous face recog-
nition literature. These include the Area Under the Curve (AUC),
Equal Error Rate (EER), Rank-1 identification accuracy, and
Verification Rates at multiple false acceptance rates (0.01%, 0.1%,
1%, and 5%). For datasets with multiple folds, we report the mean
performance along with the corresponding standard deviation
across folds.

4.2 Model Complexity
The main objective of this work is the development of lightweight
models for heterogeneous face recognition. Therefore, it is im-
portant to compare the computational footprint of our proposed
models with those commonly used in prior literature. We assess
computational efficiency using two standard metrics: the number
of floating-point operations (in terms of GFLOPs) and the total
number of parameters (in millions, denoted as MPARAMs). As
summarized in Table 1, the xEdgeFace [70] variants achieve
significantly lower computational cost and parameter count, high-
lighting their suitability for deployment in resource-limited envi-
ronments. Throughout the remaining comparisons, it is important
to note that the xEdgeFace base model has one-third the param-
eters and demands roughly one-twentieth of the compute of the
state-of-the-art models.

TABLE 1
Comparison of computational complexity between the proposed

method and state-of-the-art HFR approaches, reported in terms of
floating point operations (GFLOPs) and number of parameters

(MPARAMs).

GFLOPS MPARAMS

CAIM(1-3) [23] 26.3 65.6
DIU [19] 24.2 65.2
SSMB [24] 24.2 65.5
PDT [32] 24.2 65.2

xEdgeFace - Base 1.39 18.23
xEdgeFace - S (γ = 0.5) 0.31 3.65
xEdgeFace - XS (γ = 0.6) 0.15 1.77
xEdgeFace - XXS 0.09 1.24

4.3 Ablation Studies
Given the large set of design choices and hyperparameters in-
volved, we begin with a comprehensive ablation study to examine
the impact of each component on overall model performance.
All ablation experiments are conducted on the Tufts Face Dataset
following the VIS-Thermal protocol, which represents one of the
most challenging heterogeneous face recognition (HFR) settings
due to its large modality gap. In the experiments that follow,
adapted HFR versions of the base models are denoted as xEdge-
Face.

Adapting Different Sets of Layers: To identify the most
effective subset of layers for adaptation, we perform a series
of controlled ablation experiments by selectively unfreezing the
LayerNorm (LN) layers, the initial convolutional stem (ST), and
successive backbone stages: Stage 0 (S0), Stage 1 (S1), and
Stage 2 (S2). In addition to cumulative configurations, we also
evaluate individual stages and deeper-stage adaptation settings to
better isolate the contribution of each component. The results,
presented in Table 2, show that adapting only the LayerNorm
layers already provides a significant improvement over the pre-
trained baseline, while incorporating the stem and early stages
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further enhances performance. Among single-stage adaptations,
S0 performs best (51.76%), outperforming S1 and S2, and the
same trend is observed when combined with LayerNorm, where
(LN, S0) (54.92%) clearly surpasses (LN, S1) and (LN, S2).
The best overall result is obtained with (LN, ST, S0) (56.03%),
whereas adapting deeper stages provides limited additional benefit
and slightly degrades performance. These results indicate that the
main gains come from LayerNorm and early-stage adaptation,
which offer the best balance between heterogeneous face recog-
nition performance and parameter efficiency in training. At the
same time, the average face recognition accuracy remains nearly
unchanged across all configurations (96.6–96.8%), confirming
that the proposed adaptation improves heterogeneous verification
without sacrificing standard RGB recognition.

TABLE 2
Ablation study on the Tufts Face Dataset using different configurations
of adapted layers. The verification rate on the Tufts Face dataset and
the average accuracy on the face recognition benchmarks are shown.

Adapted Layers VR@FAR=0.01% Avg. FR Acc. (%)

LN 32.47 96.62 ± 0.93
ST 13.73 96.83 ± 0.90
LN,ST 48.79 96.64 ± 0.95
LN,ST,S0 56.03 96.72 ± 0.92
LN,ST,S0,S1 53.62 96.71 ± 0.82
LN,ST,S0,S1,S2 52.88 96.71 ± 0.85

S0 51.76 96.56 ± 0.88
S1 48.05 96.78 ± 0.85
S2 34.69 96.66 ± 0.90

LN,S0 54.92 96.74 ± 0.85
LN,S1 44.53 96.75 ± 0.85
LN,S2 40.45 96.65 ± 0.89

S1,S2 44.16 96.65 ± 0.87
S0,S1,S2 49.17 96.68 ± 0.87
ST,S0,S1,S2 44.90 96.69 ± 0.86
LN,S0,S1,S2 53.99 96.69 ± 0.90

Effect of Varying λ: The hyperparameter λ controls the
balance between the supervision signal from the pretrained model
and the modality alignment objective, both essential components
for effective heterogeneous face recognition (HFR) task. Table 3
summarizes the results of this ablation experiment. Setting λ = 0
emphasizes only the modality alignment term, removing all
guidance from the pretrained network. Although this encourages
alignment to the new modality, it quickly leads to overfitting
due to the limited size of the training set. In contrast, using
λ = 1 depends entirely on pretrained supervision, resulting in
inadequate cross-modal alignment and poor HFR performance.
The values of λ = 0.50 and λ = 0.75 both provide strong
results; however, λ = 0.75 achieves the most favorable trade-
off by placing slightly more weight on the pretrained guidance,
which is important given the small fine-tuning dataset. This choice
not only improves HFR accuracy but also reduces catastrophic
forgetting, preserving performance on the original RGB domain (
Table 6).

Effect of Training Set Size: In Table 4, we investigate how
the number of subjects influences performance. In particular, our
training protocol already operates in a highly data-efficient regime:
using 100% of the available training data corresponds to only 45
subjects with paired RGB–Thermal samples: orders of magnitude

TABLE 3
Ablation study with varying values of hyperparameter λ.

λ AUC EER Rank-1 VR@FAR=1%

0.00 94.52 12.23 52.96 46.57
0.25 97.87 7.24 79.53 81.82
0.50 98.46 5.95 83.3 84.79
0.75 97.91 6.68 82.59 86.83
1.00 87.47 20.22 42.19 42.86

Fig. 2. Performance evolution using different fractions of the training
data

fewer identities than typical RGB face recognition models, which
are often trained on more than 100K identities. Despite this limited
supervision, our method achieves strong results, showing that the
method can still learn useful representations from limited paired
data.

TABLE 4
Experimental results using different fractions of the training set on the

Tufts Face Dataset.

% of Training Data Number of Subjects AUC EER Rank-1 VR@FAR=1%

100% 45 97.91 6.68 82.59 86.83
50% 22 97.32 7.65 79.17 81.82
20% 9 95.71 11.13 70.38 74.40
10% 4 92.70 15.62 58.89 61.04
5% 2 90.15 18.37 48.11 46.94

To further evaluate the model, we progressively reduce the
training set and show the performance trend in Fig. 2. As expected,
performance decreases as less training data is used; however, the
method remains relatively stable at moderate fractions and only
shows a sharper decline below 20% of the data (less than 10
subjects in the training set). This indicates that our approach is
resilient under constrained data availability while also suggesting
clear room for further improvement with more paired data.

Experiments with Other EdgeFace Variants: Although our
primary experiments use the EdgeFace-Base model, we addition-
ally evaluated the proposed adaptation strategy on smaller variants
of the architecture. Table 5 compares the performance of the
original pretrained models with their adapted versions, denoted
as xEdgeFace. The results show that absolute heterogeneous face
recognition (HFR) performance scales with the quality of the
pretrained weights. Nonetheless, our adaptation method delivers
substantial improvements across all model sizes, achieving relative
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gains of 103%, 194%, 257%, and 361% from the largest to the
most compact variant. These findings demonstrate both the scal-
ability and robustness of the proposed approach, showcasing its
effectiveness even when applied to extremely lightweight model
variants.

TABLE 5
Comparison with different variants of EdgeFace

Model AUC EER Rank-1 VR@FAR=1%

EdgeFace - Base 87.44 20.37 42.73 42.86
xEdgeFace - Base 97.91 6.68 82.59 86.83 (↑ 103%)
EdgeFace - S (γ = 0.5) 80.93 27.30 24.78 25.05
xEdgeFace - S (γ = 0.5) 96.93 8.89 71.10 73.65 (↑ 194%)
EdgeFace - XS (γ = 0.6) 77.76 30.24 18.67 19.11
xEdgeFace - XS (γ = 0.6) 96.28 10.02 68.22 68.27 (↑ 257%)
EdgeFace - XXS 75.72 31.73 17.41 12.80
xEdgeFace - XXS 95.14 11.35 60.50 59.00 (↑ 361%)

Face Recognition Performance of Adapted HFR Models:
To assess the face recognition (FR) capability of the adapted
models beyond the heterogeneous setting, we evaluate the xEdge-
Face variants on standard FR benchmarks. Specifically, we report
accuracies on LFW [71], CA-LFW [72], CP-LFW [73], CFP-
FP [74], and AgeDB-30 [75]. We compare xEdgeFace models
adapted under both the VIS–NIR and VIS–Thermal HFR set-
tings, with the latter representing the most challenging domain
shift in our experiments. As shown in Table 6, the adapted
model maintains FR performance that is nearly identical to the
original EdgeFace backbone, even after adaptation to the severe
VIS-Thermal scenario. At the same time, xEdgeFace achieves
substantial improvements in HFR accuracy, demonstrating strong
performance in both homogeneous and cross-modal recognition
tasks. This behavior highlights the effectiveness of the self-
distillation component, which acts as a regularizer that mitigates
catastrophic forgetting and preserves the discriminative power of
the pretrained RGB model. Overall, the proposed training strategy
successfully extends the model’s capabilities to heterogeneous
face recognition without degrading its original FR performance,
thereby showcasing reliable performance in both homogeneous
and heterogeneous settings.

TABLE 6
Face recognition performance of the pretrained and adapted model.

Model LFW [71] CALFW [72] CPLFW [73] CFP-FP [74] AGEDB-30 [75]

EdgeFace - Base 99.83 ± 0.24 96.07 ± 1.03 93.75 ± 1.16 97.01 ± 0.94 97.60 ± 0.70
xEdgeFace - Base (VIS-Thermal) 99.78 ± 0.27 95.85 ± 1.16 93.62 ± 1.31 96.83 ± 0.99 97.50 ± 0.88
xEdgeFace - Base (VIS-NIR) 99.82 ± 0.26 96.07 ± 0.99 93.78 ± 1.24 96.94 ± 0.97 97.28 ± 0.83

Visualizations In this section, we compare the score distri-
butions of the models before and after the adaptation process.
Figure 3 shows the score distributions on the Tufts dataset under
the VIS–Thermal protocol, illustrating the baseline performance
where the genuine and impostor VIS–Thermal pairs are plotted.
Prior to adaptation, the genuine score distribution heavily overlaps
with the impostor distribution. After adaptation, however, the
genuine distribution shifts to the right, indicating improved sep-
arability. This clearly demonstrates the improvement achieved by
our proposed pipeline in the challenging VIS–Thermal matching
scenario.

We further examine the t-SNE distribution of the embeddings
before and after adaptation. The t-SNE plots in Fig. 4 illustrate
how the embedding space evolves after the training process. After
adaptation, the identities form tighter and more coherent clusters
and align more closely with the source-domain embeddings.

Fig. 3. Genuine and Impostor Score Distribution Before and After Adap-
tation

Fig. 4. t-SNE plots of visible and thermal images at different stages of the
pipeline, where each color represents a distinct identity. Lines connect
the cluster centers of the visible and thermal images for each identity. (a)
shows the embedding space before adaptation, while (b) shows the final
embedding space. As observed, the identity clusters align much more
closely in the final embedding space.

Fig. 5. Illustration of successful and failure cases in the MCXFace
VIS–Thermal face-matching scenario. The reported scores correspond
to the cosine similarity computed between each reference–probe pair.

We also present success and failure cases from the
VIS–Thermal protocol, one of the most extreme and challenging
recognition scenarios in the MCXFace dataset (Fig. 5). These
examples are particularly useful for understanding the failure
cases. As shown, the cold temperature in the nose region distorts
key discriminative cues, leading to false negatives. In the false-
positive examples, although the match scores remain relatively
low, the similar facial structure, combined with the absence of
rich textural information can still result in incorrect high match
scores.

4.4 Comparison with State-of-the-art
In this section, we provide a comparative evaluation of the
proposed xEdgeFace model against state-of-the-art heterogeneous



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 8

face recognition (HFR) approaches reported in the literature. How-
ever, it is important to remember that xEdgeFace is substantially
more lightweight than the competing models, highlighting the effi-
ciency and practicality of our method. For all experiments, we use
the xEdgeFace-Base variant with two adaptation configurations:
(LN, ST) and (LN, ST, S0). The adaptation loss weight λ is fixed at
0.75 across all evaluations to maintain consistency, although this
value can be further tuned for specific datasets depending on their
size and the desired balance between adaptation strength and face
recognition performance.

Experiments with the Tufts Face Dataset: Table 7 reports
the performance of xEdgeFace alongside state-of-the-art meth-
ods on the VIS-Thermal protocol of the Tufts Face Dataset.
This dataset is particularly challenging due to substantial pose
variations, especially extreme yaw angles that negatively im-
pact both visible-spectrum and heterogeneous face recognition
systems. Despite these challenges, the xEdgeFace model using
the (LN, ST, S0) configuration achieves the highest verification
rate (69.02%) and Rank-1 accuracy (82.59%), while remaining
extremely lightweight compared to competing approaches.

TABLE 7
Experimental results on VIS-Thermal protocol of the Tufts Face dataset.

Method Rank-1 VR@FAR=1% VR@FAR=0.1%

LightCNN [76] 29.4 23.0 5.3
DVG [77] 56.1 44.3 17.1
DVG-Face [29] 75.7 68.5 36.5
DSU-Iresnet100 [32] 49.7 49.8 28.3
PDT [32] 65.71 69.39 45.45
CAIM [23] 73.07 76.81 46.94
SSMB [24] (N=1) 75.04 78.29 53.99
SSMB [24] (N=2) 78.46 80.33 54.55

xEdgeFace-Base (LN, ST) 75.76 79.59 62.89
xEdgeFace-Base (LN, ST, S0) 82.59 86.83 69.02

Experiments with the MCXFace Dataset: Table 8 presents
the average performance over five folds for the VIS-Thermal
protocol on the MCXFace dataset, with results reported as mean
and standard deviation across all folds. The baseline shows the
performance of the pretrained IresNet100 face recognition model
when evaluated directly on thermal images. As shown in the
table, the proposed xEdgeFace method surpasses all competing
approaches, achieving the highest average Rank-1 accuracy of
91.68%.

TABLE 8
Performance of the proposed approach in the VIS-Thermal protocol of

MCXFace dataset, the Baseline is a pretrained Iresnet100 model.

Method AUC EER Rank-1

Baseline 84.45 ± 3.70 22.07 ± 2.81 47.23 ± 3.93
DSU-Iresnet100 [32] 98.12 ± 0.75 6.58 ± 1.35 83.43 ± 5.47
PDT [32] 98.43 ± 0.78 6.52 ± 1.45 84.52 ± 5.36
CAIM [23] 98.97 ± 0.24 5.05 ± 0.91 87.24±2.75

xEdgeFace-Base (LN, ST) 99.12±0.14 4.71±0.31 89.98±2.47
xEdgeFace-Base (LN, ST, S0) 99.50±0.21 3.42±0.78 91.68±2.67

Modality agnostic performance on MCXFace dataset: We
further evaluated the baseline methods and the proposed approach
on the MCXFace dataset under the “VIS-UNIVERSAL” protocols
(using protocols from [24]), where enrollment samples come from
the VIS domain and probe samples may belong to any of the other
modalities (Thermal, Near-Infrared, or Shortwave Infrared). Each
protocol includes a training set that contains identities in both

the source and target modalities, as well as a development (dev)
set in which the source images are used for enrollment and the
target images are used for probing. Model training and selection
are performed exclusively on the training set, while the dev set
is used only for performance comparison and not for additional
tuning. For evaluation, experiments are conducted across all five
protocol splits, and we report the mean and standard deviation
of the results (we follow the same evaluation scheme reported in
[24]).

Table 9 presents the aggregated results across all probe modal-
ities. The proposed approach achieves performance comparable
to existing methods while operating with a substantially smaller
computational footprint. Across the three probe modalities: Near-
Infrared, Thermal, and Shortwave Infrared, our method attains an
average verification rate of 94.11%. These results demonstrate that
our approach enables modality-agnostic heterogeneous matching
with a single unified model, greatly enhancing flexibility by
supporting both homogeneous and heterogeneous recognition, as
well as potential cross-modal matching across different spectral
domains.

Experiments with the Polathermal Dataset: We evaluate our
method on the thermal-to-visible face recognition protocols of the
Polathermal dataset, with results summarized in Table 10. The
reported values correspond to the average Rank-1 identification
accuracy over the five protocols defined in [18]. As shown, the
proposed xEdgeFace model achieves the highest performance,
reaching an average Rank-1 accuracy of 97.31%.

Experiments with the SCFace Dataset: The SCFace dataset
introduces a challenging form of heterogeneity due to the quality
differences between the gallery images (high-resolution mugshots)
and the probe images (low-resolution surveillance camera images).
Table 11 reports the results for the “far” protocol, which is the
most difficult among the dataset’s evaluation protocols. As shown,
our method achieves the best Rank-1 accuracy of 96.36%. This
demonstrates that our framework can effectively handle not only
cross-modal variation but also substantial image quality degrada-
tion.

Experiments with the CUFSF Dataset: We next evaluate our
method on the challenging sketch-to-photo face recognition task.
Table 12 reports the Rank-1 accuracies of other approaches under
the evaluation protocol defined in [68]. Our method achieves a
Rank-1 accuracy of 80.30%, ranking second only to SSMB [24].
Despite this strong relative performance, the absolute accuracy
remains lower than in other modalities such as thermal or near-
infrared, showing the difficulty of this VIS-Sketch matching task.
The CUFSF dataset contains viewed hand-drawn sketches [80],
which, although recognizable to humans, often omit or exaggerate
key discriminative facial cues used by recognition models. Un-
like other sensing modalities, sketches are heavily influenced by
artistic style and interpretation, introducing a substantial domain
gap. Nevertheless, our approach demonstrates competitive perfor-
mance under these extreme cross-modal conditions, highlighting
its robustness and adaptability.

Experiments with the CASIA NIR-VIS 2.0 Dataset: We
further evaluate the proposed method on the CASIA NIR-VIS 2.0
dataset to examine its performance on the VIS-NIR matching
task. Due to the relatively small domain gap, VIS-pretrained
models already achieve strong baseline performance. To ensure
more rigorous comparison, we adopt stricter evaluation criteria,
reporting VR@FAR=0.1% and VR@FAR=0.01%. Following the
standard protocol, results are presented as the average and standard
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TABLE 9
Experimental results on VIS-UNIVERSAL protocol of the MCXFace dataset– aggregated performance.

Modality AUC EER Rank-1 VR@FAR=0.1% VR@FAR=1%

DSU [32] 95.57±0.80 10.24±0.88 84.21±0.94 67.89±1.05 78.13±1.20
PDT [32] 96.16±1.60 9.60±2.07 80.90±2.49 64.63±5.87 76.30±2.49

CAIM [23] 99.45±0.12 3.67±0.33 90.92±1.30 79.64±2.46 91.58±0.68

SSMB [24] 99.70±0.08 2.59±0.28 92.80±0.71 84.04±1.71 94.50±1.44
xEdgeFace-Base (LN, ST, S0) 99.72±0.07 2.76±0.42 94.42±1.42 85.59±2.10 94.11±1.24

TABLE 10
Pola Thermal - Average Rank-1 recognition rate.

Method Mean (Std. Dev.)

DPM in [64] 75.31 % (-)
CpNN in [64] 78.72 % (-)
PLS in [64] 53.05% (-)

LBPs + DoG in [9] 36.8% (3.5)
ISV in [78] 23.5% (1.1)
GFK in [79] 34.1% (2.9)
DSU(Best Result) [18] 76.3% (2.1)
DSU-Iresnet100 [32] 88.2% (5.8)
PDT [32] 97.1% (1.3)
CAIM [23] 95.00% (1.63)

xEdgeFace-Base (LN, ST) 95.98% (1.90)
xEdgeFace-Base (LN, ST, S0) 97.31% (1.96)

TABLE 11
Performance of the proposed approach in the SCFace dataset,

performance reported on the far protocol.

Method AUC EER Rank-1

DSU-Iresnet100 [32] 97.18 8.37 79.53
PDT [32] 98.31 6.98 84.19
CAIM [23] 98.81 5.09 86.05
SSMB [24] (N=1) 98.77 5.91 87.73
SSMB [24] (N=2) 98.67 6.36 86.82

xEdgeFace-Base (LN, ST) 99.86 1.82 96.36
xEdgeFace-Base (LN, ST, S0) 99.71 2.27 93.18

deviation over 10 folds. As shown in Table 13, our approach
consistently surpasses existing state-of-the-art methods, demon-
strating excellent performance in the VIS-NIR setting.

4.5 Discussions
The comprehensive experimental results across six heterogeneous
face recognition (HFR) benchmarks highlight the effectiveness,
generalizability, and efficiency of the proposed xEdgeFace frame-
work. Despite its lightweight design, xEdgeFace consistently
outperforms or closely matches state-of-the-art methods across a
wide range of modalities, including thermal, NIR, sketch, and low-
resolution surveillance imagery. Notably, our approach achieves
top Rank-1 accuracy on several challenging datasets with minimal
degradation in performance on standard face recognition bench-
marks. The ablation studies provide valuable insights into the most
impactful components of the adaptation strategy and demonstrate
the crucial role of self-distillation in balancing cross-modal align-
ment while preventing catastrophic forgetting. The framework also
scales effectively to highly compact model variants, achieving
large relative improvements showcasing its suitability for edge
and resource-constrained scenarios. Moreover, strong performance
under large domain shifts (e.g., visible to thermal) further validates

TABLE 12
CUFSF: Rank-1 recognition rate in sketch to photo recognition.

Method Rank-1

IACycleGAN [68] 64.94
DSU-Iresnet100 [32] 67.06
PDT [32] 71.08
CAIM [23] 76.38
SSMB [24] (N=1) 81.14
SSMB [24] (N=2) 81.67

xEdgeFace-Base (LN, ST) 80.30
xEdgeFace-Base (LN, ST, S0) 78.81

TABLE 13
Experimental results on CASIA NIR-VIS 2.0.

Method Rank-1 VR@FAR=0.1% VR@FAR=0.01%

IDNet [81] 87.1±0.9 74.5 -
HFR-CNN [82] 85.9±0.9 78.0 -
Hallucination [83] 89.6±0.9 - -
TRIVET [84] 95.7±0.5 91.0±1.3 74.5±0.7
W-CNN [85] 98.7±0.3 98.4±0.4 94.3±0.4
PACH [86] 98.9±0.2 98.3±0.2 -
RCN [87] 99.3±0.2 98.7±0.2 -
MC-CNN [88] 99.4±0.1 99.3±0.1 -
DVR [89] 99.7±0.1 99.6±0.3 98.6±0.3
DVG [77] 99.8±0.1 99.8±0.1 98.8±0.2
DVG-Face [29] 99.9±0.1 99.9±0.0 99.2±0.1
PDT [32] 99.95±0.04 99.94±0.03 99.77±0.09
CAIM [23] 99.96±0.02 99.95±0.02 99.79±0.11

xEdgeFace-Base (LN, ST) 99.96±0.02 99.91±0.02 99.83±0.04
xEdgeFace-Base (LN, ST, S0) 99.99±0.01 99.93±0.02 99.86±0.04

the robustness and adaptability of the proposed method across
challenging heterogeneous settings. These results suggest that het-
erogeneous face recognition can be effectively addressed through
parameter-efficient adaptation of pretrained RGB models, without
requiring heavy architectures or modality-specific branches.

4.6 Limitations

The proposed framework is most effective for modality gaps
dominated by spectral or photometric differences, such as VIS–
NIR and VIS–Thermal, where adapting LayerNorm parameters
and shallow layers can reduce domain gap while preserving
RGB recognition performance. Its effectiveness is more limited
for modalities with stronger structural discrepancies, such as
sketch-to-photo matching, since these differences cannot be fully
addressed through statistical alignment alone. This is reflected
in the lower performance on CUFSF compared to the thermal
and NIR benchmarks. More generally, our method should be
viewed as a lightweight and parameter-efficient adaptation strategy
that is particularly well suited to cross-spectral face recognition,
rather than a universal solution for all heterogeneous settings. For
modalities with larger structural gaps, more expressive adaptation
mechanisms may be required.
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5 CONCLUSIONS

In this work, we presented xEdgeFace, an efficient framework for
lightweight heterogeneous face recognition (HFR) that extends
existing face recognition models to cross-modal scenarios. By
selectively adapting early convolutional layers and LayerNorm
(LN) modules within a contrastive self-distillation framework,
our approach achieves strong cross-modal generalization while
preserving the model’s original performance in the visible spec-
trum. This design enables the adapted model to perform robustly
across challenging HFR tasks, including VIS-Thermal, VIS-NIR,
and sketch-to-photo recognition while maintaining competitive
accuracy on standard FR benchmarks, effectively mitigating catas-
trophic forgetting. Extensive experiments demonstrate that xEdge-
Face consistently outperforms or matches state-of-the-art methods,
even when applied to highly compact model variants, making it
particularly suitable for edge deployment. The proposed model
achieved performance comparable to, or better than, state-of-the-
art models while using roughly one-twentieth of the compute.
Furthermore, the results show that our adaptation strategy supports
modality-agnostic heterogeneous matching within a single unified
architecture, greatly enhancing flexibility by enabling both homo-
geneous and heterogeneous recognition, as well as potential cross-
modal matching across different spectral domains. The source
code and pretrained models are made publicly available to support
reproducibility and facilitate further extensions of this work.
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