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Abstract
Auditing how the Sustainable Development Goals (SDGs) are in-
voked in public communication is important for accountability, e.g.,
to detect superficial or strategic “SDG-washing”, but the currently
most accurate and interpretable form of auditing – manual content
analysis – does not scale to the volume and length of contemporary
online video. Long-form online video transcripts are particularly
challenging: they are noisy, weakly structured, and difficult to nav-
igate while still requiring traceable evidence for coding decisions.
We study retrieval-augmented generation (RAG) as an assistant to
support SDG discourse analysis, helping analysts locate relevant
transcript spans and draft codebook-style codes and claim/theme
summaries with quotes. We instantiate this workflow on a French
SDG-focused online video corpus and evaluate a set of practical
pipeline variants and their qualitative contributions. Using a com-
pact evaluation protocol, we find that query rewriting yields the
largest and most consistent end-to-end gains. The main remaining
bottleneck is provenance: models often produce plausible answers
while blurring the boundary between retrieved evidence and back-
ground knowledge, motivating explicit guardrails in the analytical
pipeline.

CCS Concepts
• Information systems→ Information retrieval; Multimedia
and multimodal retrieval; Evaluation of retrieval results; • Comput-
ing methodologies → Natural language generation.
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1 Introduction
The United Nations SDGs are a widely adopted framework for
sustainable development and a common reference point in institu-
tional and public communication [24, 28]. As SDG language spreads
across organizations, auditing SDG discourse – who invokes which
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goals, with what claims, and with what evidence – matters for
accountability, including the detection of superficial or strategic
references (“SDG-washing”) [4, 11, 17].

Long-form, online audio-visual media channels are an increas-
ingly important venue for this discourse, but manual content analy-
sis does not scale. YouTube and podcast transcripts are long, noisy
(ASR errors), and weakly structured, while corpora can include tens
of thousands of items [13, 27]. Analysts therefore face a practical
bottleneck: producing comparable coding decisions while keeping
evidence inspectable and traceable at corpus scale [2, 20].

RAG is a natural candidate for this bottleneck because it con-
ditions generation on retrieved evidence, offering more updatable
and inspectable behavior than purely parametric generation [31].
However, RAG is not “plug-and-play” for analyst workflows over
long-form, noisy transcripts: retrieval errors can surface irrelevant
or misleading context that propagates into downstream generation
[31], and the resulting outputs can blur the boundary between re-
trieved evidence and model background knowledge. These risks are
amplified in multilingual settings, where retrieval and instruction-
following can depend on the datastore language and prompt lan-
guage, motivating explicit bilingual evaluation, rather than assum-
ing English-centric results transfer unchanged to another language,
e.g. a French evidence store [5].

This paper studies RAG as a pragmatic assistant for SDG dis-
course analysis in long-form video transcripts. We frame the model
as an evidence-grounded drafting tool for human review: it pro-
duces structured, codebook-style coding and claim/theme extrac-
tions backed by verbatim transcript quotes, and it surfaces candi-
date comparator videos via retrieval to support cross-item analysis.
We instantiate this approach over a French SDG-focused YouTube
corpus with 13k+ videos, and we further examine an optional multi-
modal extension that incorporates thumbnails as auxiliary context.

Background and positioning. Prior RAGwork catalogs key design
choices and improvements, including pre-retrieval query trans-
formation, retriever-side decisions such as chunking, and post-
retrieval reranking and controlled generation to mitigate halluci-
nations [31]. Multimodal RAG extends the same principle beyond
text by retrieving and integrating visual, audio, or video evidence
at generation time [18]. In video-centric settings, retrieval is often
performed over text-derived video representations (subtitles/ASR),
while thumbnails or keyframes support analysis of visual framing
[9, 12, 15, 16]. We connect this literature to analyst-oriented content
analysis, where structured codes and traceable quotes are central,
and semi-automation is most useful when humans retain inter-
pretive authority [7]. Long-form media transcripts are especially
challenging inputs due to noise and weak structure [1, 27], and SDG
discourse analysis has largely emphasizedmore structured channels
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[23]; this motivates evaluating RAG under the practical constraints
and failure modes that arise in transcript-based auditing.

Research questions and contributions. We pose three questions.
RQ1: to what extent can RAG support evidence-grounded content
analysis over long-form SDG video transcripts?; RQ2: how sensitive
is the analytical system performance to RAG enhancement choices,
and which improvements generalize across query types?; and RQ3:
what are the dominant failure modes observed, and under which
conditions do they occur? Our contributions are a practical RAG
pipeline tailored to SDG transcript analysis (including metadata
and thumbnails); a compact evaluation protocol combining LLM-as-
judge comparisons across pipeline variants with held-out transcript
coding, thumbnail coding, and hallucination stress tests; and em-
pirical findings with a failure-mode taxonomy that delineate when
the assistant is reliable and where it breaks.

2 Data, Tasks, and System Overview
We study retrieval-augmented generation (RAG) in a setting moti-
vated by content analysis: analysts must efficiently locate evidence,
draft structured codes, and compare discourse patterns across many
long-form items.

Corpus and tasks. The corpus is a French-language YouTube
dataset focused on discourse related to the 17 SDGs. It contains
13,022 videos collected in 2024-2025 using SDG-specific search
queries crafted from relevant keywords for each goal. For each
video, only lightweight artifacts were stored: video metadata (title,
description, channel, publish date, engagement statistics), auto-
generated captions (ASR transcripts), and the thumbnail image.
Average video duration is 50:23 (median: 32:16). The raw footprint
is ∼1 GB (JSON + images), enabling iterative indexing and evalua-
tion. We study three analysis actions: (i) evidence-grounded lookup
(answer targeted questions by retrieving and quoting transcript
spans); (ii) structured coding (draft codebook-style labels for a target
video, with verbatim quotes as justification); and (iii) cross-video
comparison (retrieve and summarize candidate comparator videos
to support pattern finding).

System overview. We describe the end-to-end pipeline and the
design choices we evaluate. Each corpus item is represented by
(i) auto-generated captions (primary textual evidence), (ii) light-
weight metadata (title, description, channel, publish date, engage-
ment counters), and (iii) the thumbnail image.

Text indexing. To enable dense retrieval over long-form tran-
scripts, we chunk captions into overlappingwindows using a tokenizer-
aware sliding strategy. We set the chunk length as large as pos-
sible within the model context (510 tokens) and use a stride of
460 tokens (50-token overlap) [30]. Each chunk is embedded with
intfloat/multilingual-e5-large (1024-d) [29], using themodel-
recommended query/passage prefixes and L2-normalization. Em-
beddings and chunk metadata (videoId, title, statistics, etc.) are
stored in an on-disk ChromaDB collection [6]. This design keeps
retrieval fast and easy to iterate on.

Retrieval and retrieval-time enhancements. Given an analyst query
(e.g., “What claims are made about SDG 13?” or “Does this video
mention partnerships with NGOs?”), the baseline retriever encodes

Figure 1: System architecture: optional query rewriting,
text/image retrieval, reranking, and LLM generation.

the query with the same embedding model and returns the top-𝑘
nearest chunks under the vector-store distance metric (L2 by default
in ChromaDB) [6]. We evaluate two optional retrieval enhance-
ments that trade additional compute for better evidence quality:

• Query rewriting: an LLM rewrites the user query into a
retrieval-oriented form (expanding key entities, SDG ter-
minology, and likely paraphrases) before embedding.

• LLM reranking: we over-retrieve a larger candidate pool and
ask an LLM to score each chunk for relevance to the query
under a simple rubric; the top-𝑘 reranked chunks are then
passed to generation.

Generation, structured outputs, and guardrails. The generator con-
sumes the user query plus the retrieved chunks, and produces struc-
tured outputs. In text-only mode, we use Llama-3.1-8B-Instruct
[10]. Formultimodal variants, we use Mistral--3.1-24B-Instruct-
2503 [19]. We use a minimal RAG prompt template that provides
the user question followed by the retrieved context. The model is
instructed to use the context when relevant, and otherwise rely on
its own reasoning or state that it does not know. As a lightweight
navigation aid for long videos, we optionally attach an approximate
timestamp range to each retrieved chunk by mapping its relative
position in the transcript to the video duration; this is used for
analyst convenience rather than as ground-truth alignment.

Thumbnail handling. We experimented with two thumbnail de-
signs. (A) Text-aligned thumbnails attach the thumbnail of each
video whose transcript chunks were retrieved. This guarantees that
the image corresponds to the retrieved text chunk, but it cannot sur-
face visually important videos that are missed by caption retrieval.
(B) Independent thumbnail retrieval treats thumbnails as a first-class
retrievable modality: all thumbnails are embedded with a CLIP-
style encoder (jinaai/jina-clip-v2) [14] and searched with the
query in the same image-embedding space. This surfaces visually
relevant thumbnails but can decouple images from retrieved text.
This trade-off suggests a natural next step: retrieve coherent (chunk,
thumbnail) pairs via a joint score under a same-video constraint.
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3 Evaluation Design
Overview. We evaluate the pipeline as an analyst assistant rather

than a standalone classifier: outputs should remain inspectable
(structured fields and quotes) and degrade safely when evidence is
missing. We combine a small-scale benchmark for fast variant se-
lection with targeted qualitative probes of analyst-facing behavior.

LLM-as-judge benchmark (variant selection). We construct a 15-
question benchmark spanning (a) general SDG Q/A (e.g., “What
is SDG 1?”), (b) detail-oriented retrieval (numbers, statistics and
statements), and (c) analyst-style synthesis (claims, framing, and
cross-video comparison). For each variant (top-𝑘 , query rewriting,
reranking, multimodal mode, EN vs FR version), we run end-to-end
RAG and score outputs with a rubric-based judge LLM across six
metrics summarizing relevance/coverage, grounding to retrieved
evidence, use of retrieved context, analyst usefulness, and prove-
nance transparency (including an overall quality score). Scores are
aggregated across questions to identify the strongest configuration
for deeper analysis.

Held-out transcript coding. To test analyst-style coding on unseen
items, we sample 50 videos and remove their transcript chunks from
the retrieval pool. The model is given (i) the full transcript of the
target video, and (ii) a mock codebook, and is tasked with producing
a structured coding sheet.

The codebook includes a block for (a) assigning codes grounded
in verbatim transcript quotes, (b) extracting the video’s main claims
with supporting quotes, and (c) proposing cross-video links by
retrieving candidate comparator chunks from the remaining corpus.

We manually inspect all 50 outputs for query rule adherence
(format, quoting, etc.) and code plausibility; for 10 videos we ad-
ditionally create a small human-coded reference to characterize
agreement and recurring divergences.

Multimodal thumbnail coding and hallucination stress test. For
the vision-capable variant, we evaluate whether the model can
apply simple visual codes to retrieved thumbnails (e.g., depicted
entities, clarity score, clickbait score) without inventing content.
Separately, we run a “plausible-but-unanswerable” stress test (5
queries) designed to elicit overconfident completions (e.g., corpus-
wide statistics or exact quotes not present in retrieved context). We
compare a minimal prompt against a guarded prompt emphasizing
an explicit “insufficient evidence” response and noting that some
answers may be absent.

4 Results
The experiments reveal clear quality gains from pipeline enhance-
ments (see results in Table 1), alongside recurring failure modes
that concentrate in attribution, uncertainty handling, and workflow
compliance. We unpack these insights in the following paragraphs.

Benchmark: effect sizes and interpretation. Increasing retrieval
depth from top-𝑘=3 to 5 produces a small but consistent uplift
(R1: 3.63 → R2: 3.68), suggesting that many questions benefit from
slightly broader evidence coverage.

Query rewriting is the strongest single lever (R2: 3.68 → R3:
3.96, +0.28). Qualitatively, rewriting helped most when the original

Table 1: Run configurations and combined score (max 5). MM
= multimodal.

Run 𝑘 Rewrite Rerank MM Lang Combined

R1 3 N N N EN 3.63
R2 5 N N N EN 3.68
R3 5 Y N N EN 3.96
R4 5 N Y N EN 3.72
R5 5 Y Y N EN 4.00
R6 5 Y Y N FR 3.91
R7 5 Y Y Y EN 4.04
R8 5 Y Y Y FR 4.02

question was underspecified, conversational, or used SDG short-
hand: the rewriter expanded the query into a phrasing that better
captures the user intent and leads to a more meaningful embedding.

Reranking alone yields a smaller gain (R2: 3.68 → R4: 3.72),
but combining rewriting and reranking is best among text-only
variants (R5: 4.00). Qualitatively, without reranking, some retrieved
chunks were only weakly relevant, and highly informative passages
sometimes appeared deeper in the list (e.g., among ranks 6–10) than
in the first few results. Reranking helps by reordering the candidate
set so that the most on-topic evidence is surfaced early and passed
to the generator.

Multimodal runs obtain the highest combined scores (R7: 4.04; R8:
4.02), driven mainly by higher relevance and better “referenceless”
quality (answers remain coherent even when the judge does not
see retrieved context), consistent with the generator being a larger,
more capable model [21].

Switching internal prompt language (EN vs. FR) does not yield
consistent improvements: for the strongest text-only configuration,
FR is slightly worse, while multimodal differences are negligible. In
our setting, this suggests that (English) rubric clarity may dominate
over (French) lexical matching in intermediate prompting.

Benchmark: Source attribution remains the bottleneck. Across vari-
ants, provenance transparency is systematically lower than other
dimensions. Source attribution is weakest on “easy” questions (e.g.,
definitional SDG questions), where models tend to blend retrieved
snippets with background knowledge without explicitly marking
which claims are supported by quotes. This matters for content
analysis, because high apparent correctness does not imply that
evidence can be traced or audited.

Held-out coding (50 videos): compliance, agreement, and where the
system breaks. On held-out coding, the system typically follows the
requested structured format and grounds most assigned codes in
verbatim transcript excerpts. Hallucinated quotes were uncommon
under the quote-first prompt.

The main compliance failures were (i) proceeding to full coding
despite an explicit screening outcome indicating “partial”/“do not
code” (i.e., violating workflow control), and (ii) occasional leakage
from metadata (implicitly treating dataset SDG labels as truth even
when the transcript suggests otherwise). A simple mitigation is to
remove SDG labels from the model’s input queries/prompts, forcing
the system to infer SDG relevance from transcript evidence rather
than from dataset annotation. More broadly, this highlights the
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need for iterative evaluation and prompt refinement: small prompt
changes can materially affect whether the model treats metadata
as evidence.

Agreement with a small human-coded subset (10 videos) is
strongest for low-ambiguity, single-label fields (explicit SDG men-
tions, broad stance/tone, simple format decisions). Divergences
concentrate in nuance-heavy and variable-length fields: the model
often under-reports stakeholders and responsibility attributions
(multi-label under-selection), shows calibration drift on ordinal
scales (e.g., agency/intensity), and overfits to the available taxon-
omy rather than selecting “unclear/insufficient evidence.” In prac-
tice, these are precisely the dimensions where a human analyst’s
interpretive judgment is most valuable, supporting a hybrid “draft
→ review” workflow.

Claims and cross-video linking: extraction strong, comparison shal-
low. Claim/theme extraction is a consistent strength: it compresses
noisy ASR captions into inspectable themes with supporting quotes,
enabling rapid triage. In contrast, cross-video linking remains the
main bottleneck. Links are often topical rather than mechanism-
or framing-based; link types (e.g., “corroborate” vs. “extend mecha-
nism“) are sometimes overstated; and the model occasionally an-
chors on early retrieved candidates rather than the best match in the
set. This suggests linking is bounded by both retrieval (candidate
quality) and reasoning (typing and justification).

Thumbnail coding: vision is reliable, retrieval bounds usefulness.
When a thumbnail is provided, the multimodal model reliably de-
scribes salient elements (text overlays, people, logos, nature im-
agery) and applies simple visual codes with few severe hallucina-
tions. Errors are typically minor (small object additions or overly
specific entity labels), indicating that most failures are in label
mapping rather than perception.

However, independent thumbnail retrieval frequently surfaces
generic “SDG poster” imagery (e.g., the SDG grid), which is on-
theme but often uninformative for the analyst’s specific query. As
a result, the added value of multimodality is frequently bounded
by image retrieval specificity and text–image alignment.

Uncertainty stress test: overfitting vs. fabrication, and prompt sen-
sitivity. On plausible-but-unanswerable questions, the minimally
constrained variant passed 3/5 cases; the two failures were (i) evi-
dence stretching (overfitting to partially related snippets to force a
specific answer) and (ii) evidence fabrication (inventing details not
present in context).

With explicit guardrails, the system passed 5/5 cases, abstaining
when the retrieved context did not support a specific answer and
explicitly stating what evidence was missing. This indicates that
epistemic safety is highly prompt-sensitive and that “insufficient
evidence” behaviors are a practical guardrail for analyst-facing
RAG.

5 Conclusion
Our findings suggest that RAG is a practical aid for SDG discourse
auditing in long-form transcripts when outputs are anchored in
verbatim evidence, but reliability hinges on explicit provenance
guardrails. We synthesize the results into answers to RQ1–RQ3.

RQ1: Can RAG support evidence-grounded content anal-
ysis over long-form SDG transcripts? Overall, yes: across our
tasks, the assistant is most reliable when the output is explicitly
tied to verbatim transcript quotes (e.g., evidence-grounded lookup
and claim/theme extraction) and when coding fields have clear lex-
ical anchors. In this regime, RAG helps analysts triage long, noisy
ASR captions into compact, checkable artifacts and navigate to
relevant regions of long videos. However, the same experiments
show that provenance transparency remains the core bottleneck:
models often blend retrieved evidence with background knowledge,
especially on seemingly “easy” questions, and cross-video linking
tends to produce topical rather than mechanism- or framing-based
comparators.

RQ2: How sensitive is the analytical system performance
to RAG enhancement choices, and which improvements gen-
eralize across query types? Performance is sensitive to enhance-
ment choice, with consistent, cross-task gains coming from en-
hancements. Across our query types, query rewriting is the strongest
single lever: it improves retrieval relevance and downstream out-
put quality at comparatively low cost. LLM reranking can provide
additional gains when combined with rewriting by promoting the
most on-topic chunks into the limited context budget, but it is more
expensive and its benefit is limited. Multimodal variants obtain the
best overall benchmark scores, most likely due to the larger size of
the LLM.

RQ3: What are the dominant failure modes observed, and
under which conditions do they occur? The dominant failure
modes are (a) weak source attribution and evidence–knowledge
boundary control, (b) overconfidence and insufficient uncertainty
expression, (c) occasional metadata leakage, and (d) instruction
non-compliance in structured workflows (e.g., proceeding to full
coding despite a “partial”/“do not code” screening outcome). These
issues cluster in predictable conditions: attribution and evidence–
knowledge blending is most common on seemingly “easy” ques-
tions (e.g., definitional SDG prompts); workflow violations surface
in multi-step coding pipelines; and metadata leakage appears when
dataset annotations or labels are present in the model input. Encour-
agingly, our hallucination stress tests show that explicit guardrails
can materially reduce fabrication.

Limitations. Our study has four limitations. First, the inves-
tigated corpus is predominantly French, so results may not di-
rectly transfer to other languages [5, 22]. Second, captions are
ASR-generated and noisy [25], and the system has limited access
to audio/visual signals, which can omit nuances that are important
for coding [8]. Third, LLM-as-judge scores are subjective and can
be brittle, so we interpret only aggregate trends [26]. Fourth, gen-
eralization is limited by the evaluation scope: held-out coding uses
a 50-video sample and a mock codebook, so agreement patterns
should be read as indicative [3].
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