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ABSTRACT

Video-language models are increasingly used as judges of video understanding,
both for evaluating model outputs and for training reward models. Whether their
judgments remain reliable when the evidence is buried in day-long videos has yet
to be established. Existing benchmarks cannot answer this. Their videos are typi-
cally only a few minutes long, many answer pairs can be separated from the tran-
script alone, and collecting human judgments does not scale to ultra-long videos.
We introduce PLAYLISTEVAL, an agentic framework that builds video-language
judge benchmarks over 100-hour playlist collection without human annotation. It
automatically generates questions with paired answers whose differences are con-
trolled by causal degradation, so that every pair demands retrieval across the col-
lection. The resulting benchmark contains 630 pairs across seven domains span-
ning both static and dynamic knowledge, and on a stratified subset of 152 pairs it
agrees with human judgments 93.0% of the time (IAA 0.781). Evaluating 17 om-
nimodal and multimodal models from eight families reveals that frontier judges
reach only 75.4% pairwise accuracy, while open-source judge models perform far
behind. We further show that both retrieval and final judgment depend on using
multiple modalities, and that judge accuracy degrades as the playlist set grows.
We release our pipeline, benchmark, and evaluation code at playlisteval.github.io.

1 INTRODUCTION

Video-language judges, which score candidate responses against video evidence, now underpin both
the evaluation and the training of multimodal systems (Zhang et al.| 2025bj Waheed et al.,2026; |[Hu
et al.| 2026)), and nowhere more so than for long video. On the evaluation side, long-video question
answering is moving from multiple choice to long-form answers grounded in hours of video that no
single reference can grade (Fang et al., [2024; [Luo et al.,[2025). On the training side, video MLLMs
are increasingly optimized against judge-provided rewards (Waheed et al.l [2026} |Wei et al., |2026).
Since human feedback does not scale to long video, the judge is the only practical source in both
roles, and a misjudged answer becomes a misranked system or a misguided update. Yet judges have
rarely been tested on video beyond an hour (Zhang et al., 2025b; [Waheed et al., 2026; |Wei et al.,
2026), so we do not know whether that trust survives once the video grows to days.

Three problems in how existing judge benchmarks are built keep it that way. The first is length. The
videos are short. Most run under a minute and few approach an hour (Waheed et al.| 2026; Zhang
et al.,[2025b; Wei et al.| [2026), so the judge sees the whole clip at once and never has to decide where
to look. The second is grounding. Answer pairs come from human labels, ground-truth answers, or
text descriptions of the video, and long-video systems are often graded by text-only judges. A judge
that never looks at a frame can therefore still score well (Wei et al., 2026; 'Waheed et al.,[2026}; Ren
et al.,|2026). The third is scalability. Annotating hours of video for fine visual detail is the main cost
of building long-video sets (Wang et al., 2025a}; |Hu et al., |2026), which keeps existing benchmarks
narrow in domain, fixed in difficulty, and impossible to rebuild over new collections.

To bridge these gaps, we introduce PLAYLISTEVAL, an agentic benchmark curator that tests whether
a video-language judge can be trusted over a multi-day playlist, a set of related videos totaling about
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Figure 1: An item in PLAYLISTEVAL: Two 30-minute segments of a 100-hour Documentary
playlist, paired by embedding similarity, each supply one of the question’s two entities. The ques-
tion names neither entity and identifies each only by its surroundings, so its evidence must be found
across the collection and confirmed by what is seen and heard. From the gold answer, four wrong
answers are derived by injecting visual errors of graded severity (rating 4 to 1), invisible in the tran-
script. Any two answers form a pair, so the rating gap sets how hard each pair is.

carried —

100 hours in each of seven domains (see an example in Figure[I). It builds such preferences fully
automatically from native video collections, matching human judgments without human annotation.
Its two stages and the feedback loop around them address the three problems above in turn.

As seen in Figure [2} Phase I targets length. It indexes the playlist and generates a question whose
evidence lies in two distant moments of it, with a gold answer that cites its supporting spans, so
the judge faces a needle-in-a-haystack search rather than a clip it can watch in full. Phase II targets
grounding. It derives four incorrect answers from the gold by injecting visual errors of varying sever-
ity, each indistinguishable from the gold on the transcript alone, so every incorrect answer differs in
what is seen rather than in what is said. The feedback loop targets scalability. Validity gates at both
phases return their rejection reasons to the generator, making the pipeline self-correcting; at roughly
$1 per question, it retries until all gates are passed or the budget is exhausted, and can be rerun on
any new playlist. Applied to playlists from seven domains, this pipeline yields PLAYLISTBENCH,
a benchmark of 630 preference pairs, each pairing two answers of different error severity with the
milder one as the intended preference. Human annotators confirmed these preferences in 93.0% of
sampled cases, with an inter-annotator agreement of 0.781.

These design choices make PLAYLISTEVAL a controlled testbed. (i) Playlist size: because the gold
answer is grounded in two verified spans, we can vary the playlist length without losing the answer
and check whether retrieval surfaces those spans. (ii) Modality: wrong answers are indistinguishable
from the gold on the transcript alone, so we can measure the contributions of frames, transcript, and
audio to judging and retrieval. (iii) Difficulty: graded wrong answers let the rating gap control
pair difficulty, from obvious errors to single-detail changes. With these controls, we evaluate 17
general-purpose and judge-tuned models from eight families, and pair them with four retrievers to
test whether retrieval helps on long playlists. These controls uncover systematic failures across
length, modality, retrieval, and answer order, with several becoming visible only at day scale and
beyond, which prior benchmarks do not cover.

* The best judge reaches 75.4% against 93.0% for humans, small models sit near chance, and judges
fine-tuned on short video fall to or below chance.
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* Judge accuracy drops steadily from 1 hour to 100 hours, retrieval recovers up to +10.5 points, but
the best retriever finds the right video segments only 37.9% of the time.

* Frames or transcript alone costs 2—7 points against using both, so neither suffices. More thinking
or higher resolution barely helps, so the bottleneck is finding the evidence, not seeing it.

* When the two answers swap sides, weaker judges (e.g., Gemma-4-26B-A4B and Gemini-3.5-
Flash-Lite) reverse their verdict on roughly half of pairs, whereas stronger judges (e.g., Qwen-
3.8-Max and Gemini-3.7-Flash) stay largely consistent.

2 RELATED WORK

Multimodal Judge Models. Using a strong model to score another model’s output, as a reward
model or an LLM-as-a-judge, has become the standard scalable proxy for human preference, since
its introduction in RLHF (Christiano et al.| 2017} Ouyang et al.l 2022)), and this paradigm has since
moved into the multimodal setting. On images, LLaVA-Critic (Xiong et al., [2025) is trained as a
generalist evaluator for both pointwise scoring and pairwise ranking, while InternLM-XComposer-
2.5-Reward (Zang et al.,2025)), Skywork-VL Reward (Wang et al., 2025b), and MM-RLHF (Zhang
et al.||2025a) learn multimodal reward models to align vision—language models to human preference,
with recent work hardening such rewards against spurious cues (Srivastava et al.,[2026). Extending
judges to video is far less explored: VideoJudge (Waheed et al.| 2026) bootstraps an MLLM-as-
a-judge, and Wei et al.| (2026) train dedicated video reward models. These judges, however, are
developed and validated on clips of mostly a few minutes, leaving open whether they can supervise
reasoning over ultra-long, multi-segment video, the regime PLAYLISTEVAL targets.

Judge Model Evaluation. The reliability of a judge is itself measured by dedicated benchmarks,
which pair each prompt with a preferred and a dispreferred response and report how often the judge
agrees with human preference. In the text-only setting, RewardBench (Lambert et al., 2025) and its
harder successor RewardBench 2 (Malik et al., 2026) evaluate reward models across chat, reasoning,
and safety, while JudgeBench (Tan et al.| [ 2025)) stress-tests LLM-as-a-judge on response pairs whose
correctness is objectively verifiable. For image—text inputs, VL-RewardBench (Li et al., [2025)) and
Multimodal RewardBench (Yasunaga et al.,2025)) extend this evaluation to vision-language judges,
and Multimodal RewardBench 2 (Hu et al.| [2026) broadens it to interleaved understanding and
generation. Video-language judges are assessed by VideoJudge (Waheed et al., [2026), VideoRe-
wardBench (Zhang et al.,[2025b), and VURB (Wei et al.| [2026). These video benchmarks, however,
span clips of only a few minutes and rely on costly human annotation, which sharply limits their
reach to ultra-long scenarios. In contrast, PLAYLISTEVAL is the first fully automated, native-video
judge benchmark, built by a scalable pipeline while retaining high accuracy.

3 PLAYLISTEVAL: PLAYLISTS TO JUDGE BENCHMARKS

PLAYLISTEVAL takes a playlist collection and returns preference pairs for judge evaluation with-
out any human annotation (see Figure [2). It is designed to produce pairs that are long and video-
grounded, and, by keeping human involvement to a minimum, to scale to any new playlist collection.
The first two properties are enforced by two generation phases, one generating QA over evidence
scattered across the playlist and the other generating distractors beyond what the transcript reveals,
and the third by a self-correcting feedback loop that wraps around both and selects the final pairs.

Manual Playlist Collection. Selecting playlists is the only step of PLAYLISTEVAL that involves a
human. Following existing video benchmarks (Wu et al., 2024} Wang et al., 2025a), we chose seven
domains—Education, Drama, Life, Art, History, Documentary, and Podcasts—that cover static fac-
tual knowledge, dynamic narrative content, and mixtures of both (Appendix [B.6). For each domain
we searched YouTube playlists under varied filters to gather an initial pool of 100 playlists of diverse
topics and lengths. From this pool, we curated the final set in three passes. We first discarded pri-
vate or deleted video links from the playlists, then, where a playlist’s order disagreed with its titles,
re-sorted the videos by the episode keywords in those titles (e.g., Episode 4 before Episode 5), and
finally trimmed or extended each domain until it covered about 100 hours. As a result, the curated
collection spans 29 playlists and 457 videos with about 4 playlists per domain on average.

Automatic Indexing. A 100-hour playlist collection cannot be reliably processed as a whole by
any current video-language model. Indexing it into smaller units is therefore indispensable, both for
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Figure 2: Overview of PLAYLISTEVAL: (8 From indexed and paired playlist segments, (B) Phase
I generates a QA and (©) verifies it through three gates, ) Phase II generates graded distractors and
verifies them likewise, and (E) the feedback loop returns every rejection to its generator. (F) Surviving
items pass a difficulty gate and G form the preference pairs for judge meta-evaluation.

generating questions and for grounding every answer in the exact moments that support it, which is
central to PLAYLISTEVAL. We split every video into 30-second chunks, a length short enough to
localize a single visual moment yet long enough to carry a complete utterance 2026),
transcribe each with Qwen3-ASR-1.7B 2026), and embed it into a single vector with
Qwen3-VL-Embedding-8B from its sampled frames and transcript together, so that
both what is seen and said are represented. Chunk embeddings are further averaged over the 10-30-
minute segment, the granularity at which evidence is grounded. Together, these chunk and segment
embeddings form a searchable index over the playlist that every later stage builds on. Before it is
used, we remove near-duplicate videos, since duplicated contents would make a question answerable
from a second copy and repeat content across questions. We flag any pair of segments with similarity
above 0.95 and fill the gap with newer videos until each domain again covers 100 hours.

3.1 PHASE I: GENERATING QA OVER SCATTERED EVIDENCE

Phase I turns a segment pair into a question and a gold answer that are grounded in both segments
as evidence, and keeps only those that cannot be answered without watching the video.

Evidence-Cited QA Generation. This step generates a question that cannot be answered from any
single moment of the playlist. Its evidence is scattered across two distant segments of a 100-hour
playlist, so the judge must first find both and then combine them, and the gold answer cites exactly
where each piece lies. In detail, each question is seeded by a pair of same-domain segments with
embedding similarity in [0.40, 0.90], close enough to share a question yet distinct enough to require
both. Gemini-3-Flash receives both segments as native video (0.5 fps, 720p) with audio narration,
and produces a question, a gold answer, and verification metadata in one inference call.

The output is constrained so that neither the question nor the answer can be resolved without the
video. The question, following (2024), refers to entities only by their surroundings in
the frame rather than by name, so that recognizing them requires locating the scene, and it targets
the complex cells of Bloom’s Knowledge Dimension Matrix (Ullrich & Geierhos}, [2021)), so that
answering requires reasoning over both segments rather than recalling a fact. The gold answer is a
3-5 paragraph response in which every claim cites its supporting span as (video—-id @ MM: SS—
MM: SS). These citations form the evidence map of the question, as exemplified in Figure [f]
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Validity Gates. The constraints above are imposed only at generation time, and prior work has
shown that such instructions alone are insufficient (Nagrani et al.| [2025). Synthesized multimodal
QA is often answerable from the transcript or parametric knowledge alone (Mangalam et al.| 2023
Nagrani et al., [2025)), and cited spans do not always support their claims. We therefore verify each
QA through three sequential stages, where cheap structural and text-only checks screen out early
failures before the costly video call, and the verifier never belongs to the generator’s family to
mitigate self-preference bias.

e Structural Validity. A rule-based check with no model call. The answer must contain at least 3
paragraphs, with citations covering 2—15 of the 30-second chunks in each segment (i.e., 1.0-7.5
minutes of evidence), ensuring that the evidence is neither insufficient nor overly diffuse.

* Video Necessity. After the structural checks, we reject any question answerable without the video.
In the transcript test, Gemini-3-Flash answers from transcripts alone, with the relevant transcript
shuffled among windows from another video of the same playlist, and GPT-5.4-mini rejects the
question if the answer matches the gold. In the parametric test, the question is answered from
model memory with no input, under two generator—verifier pairs (Gemini-3-Flash with GPT-5.4,
and GPT-5.4-mini with Gemini-3.1-Pro), and rejected only if both recover the gold. Generator
and verifier always come from different families to mitigate self-preference bias.

* Video Sufficiency. Finally, we reject questions that the video itself cannot answer. Qwen-3.7-Plus,
a third family, receives each segment’s full video at 0.5 fps with its transcript and verifies that the
question is answerable from the video and that every claim in the gold answer is supported by its
segment pairs. As this model does not support native audio, the narration is fed as ASR transcript.

Questions that clear all three stages are fixed for Phase II. Those that fail at any stage are sent back
to the generator with the reason for rejection, which drives the feedback loop described in Sec.
[3.3] Appendix [B.4]discusses each stage’s model, inputs and acceptance rule; and Appendix [G.2]the
prompts.

3.2 PHASE II: GENERATING DISTRACTORS BEYOND THE TRANSCRIPT

Phase II turns a verified QA into a set of wrong answers that differ from the gold only in what is
seen, so that a judge who reads the transcript but never watches the video cannot tell them apart.

Graded Visual Degradation. This step generates four wrong answers from the gold with controlled
severity, rated 4 to 1 with the gold as 5, so that any two answers form a preference pair whose
difficulty is set by their rating gap. Gemini-3-Flash receives the question’s two evidence segments
as native video with the fixed question and gold, and rewrites the gold by injecting visual-only
errors (color, spatial layout, gesture, props, on-screen graphics) that a reader with only the transcript
or world knowledge cannot detect, while preserving its length, tone, and structure. Following causal
rubric prompting (Srivastava et al., | 2026)), the model also records which question-specific attributes
each answer degrades and through which elements, so that severity is an explicit, auditable quantity
rather than an impression. This record fixes the intended order “gold > 4 > 3 >~ 2 > 1.”

Detectability Gates. A degraded set is useful only if its errors are invisible in text yet visible in
video, and neither property is guaranteed by the prompt. Each set therefore passes three gates, run
in the same cheap-to-costly order and with the same cross-family generator—verifier assignment.

* Structural Validity. A rule-based check with no model call. Each degraded answer must carry a
well-formed causal record with at least one visual-only degradation.

 Textual Undetectability. We reject any set whose ranking can be recovered without the video.
Gemini-3.1-Pro and GPT-5.4 each rank the gold and the four degraded answers, shuffled and
identically formatted, from text alone with the question-specific attributes as rubric. The set is
rejected only if both judges recover the intended order.

* Visual Detectability. Finally, we reject any set whose ranking cannot be recovered even with the
video. Qwen-3.7-Plus receives each evidence segment’s full video at 0.5 fps with its transcript
and ranks the four degraded answers, each accompanied by its causal record to verify against the
frames. The set passes only if the judge reproduces the intended order exactly.

Sets that clear all gates form a final item with their question. Those that fail return to the distractor
generator with the reason for rejection, driving the feedback loop in Section Details including
prompts, the model, the inputs and the acceptance rule of every stage are in Appendices[B.4|and[G.2]
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3.3 SELF-CORRECTING LOOP AND PAIR SELECTION

The two phases above are not a fixed pipeline of filters but a closed loop, in which every rejection
becomes an instruction for the next attempt. This is what lets PLAYLISTEVAL run end-to-end on a
new playlist without a human deciding what to regenerate, and what keeps its cost bounded.

Rejection as Feedback. Whenever a gate rejects an item,

its reason and the rejected output are appended to the gen- 100

erator’s prompt as an explicit instruction, so that the next . % g:;’;i‘f;giif
attempt is conditioned on the exact failure. Feedback ac- = o0 _ o\ v ——a
cumulates per seed, and a Phase Il initial rejection regen- 2 =

erates only the distractors up to two more times, keep- :g’ 80 o ®

ing the verified question fixed so that the costly video 3 / ®

checks of Phase I are minimized. After three Phase I < 70 o /

rejections, the cycle restarts from Phase I to generate a 6 °

new QA with the same video segment pair, considering ’ i 5 3 4
the previous failure history as feedback. To bound cost (1,372)  (1,029)  (686) (343)
and avoid overfitting to the automated verifiers (Waheed Rating gap (preference pairs)

et al., 2026), we allow at most T" = 6 attempts per seed

and phase, after which the segment pair is discarded. Figure 3: Difficulty by rating gap.

Controllable Pair Selection. Any two of the five answers of an item form a preference pair with
the higher-rated answer as the intended preference, but pairs with a large rating gap are trivially
easy. We thus add a difficulty gate independent of the models above. Two open-weight judges,
Qwen3-VL-30B-A3B and InternVL3.5-8B, evaluate every candidate pair, and only those that at
least one of them fails are retained. Both are deliberately weaker than the judges evaluated in
Sec. [] so the gate removes pairs that even a modest judge solves without biasing the benchmark
toward any evaluated model. As Figure [3|shows, their accuracy rises monotonically with the rating
gap, confirming that our framework generates pairs of controllable difficulty. Finally, sampling 90
preference pairs per domain yields PLAYLISTBENCH, which contains 630 pairs over 327 unique
questions and is dominated by rating gaps of 1 and 2. Appendix [B.3] gives the statistics of the
resulting benchmark.

Cost and Fidelity. The pipeline is cheap because each gate decides whether an item proceeds,
so free rule-based and cent-level text-only checks run first and only survivors reach the two native-
video models that account for over 90% of the bill (see Table . Building the benchmark cost
352 USD, or roughly 1 USD per accepted question including all retries, and each question yields
up to 10 preference pairs from its five graded answers. This economy does not trade away fidelity.
On a stratified subset of 152 pairs, human annotators agreed with the intended preference in 93.0%
of cases with an inter-annotator agreement of 0.781 (see Appendix [F). The same comparison also
shows why human annotation cannot scale to this setting. Verifying those 152 pairs alone cost about
4.7 USD each, whereas our pipeline verified every pair at about 0.5 USD each, roughly x8 cheaper.

4 EVALUATION

Setup. No judge can read a 100-hour collection at once, so each pair is judged over frames drawn
from the question’s domain in one of two ways: (i) Retrieval ranks the indexed 30-second chunks by
similarity to the question and takes two frames from each of the top-64ﬂ and (ii) Uniform Sampling
spaces the frames evenly over the whole domain, without looking at the question. In both, the judge
receives 128 frames of size 640 x 480, resized from 720p. Audio-capable judges additionally receive
the audio of the chunks the frames come from, merged into one file with 0.6-second pauses for the
three Gemini models, whose API accepts a single audio input, and as separate turns for the locally
run Qwen3-Omni-30B-A3B; all other judges receive those chunks’ ASR transcript.

Judge models. We evaluate 17 video-language models from eight families. Fourteen are general-
purpose: seven hosted API models (Gemini-3.1-Pro, 3.5-Flash-Lite, and 3.7-Flash; GPT-5.6-Terra;
Kimi-K2.6; Qwen-3.7-Flash and 3.8-Max) and seven open-weight models run on our own GPUs

"We primarily use Qwen3-VL-Embedding-8B as the retriever in video-text modality. Section also com-
pares Qwen3-VL-Embedding-2B, WeMM-Embedding-9B, and Omni-Embed-Nemotron-3B over the same 30-
second chunks, together with various combinations of modalities; WeMM-Embedding-9B is also used for the
embedding-width ablation in Appendix @ See Appendix E] for detailed retriever configurations.
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Table 1: Judge accuracy (%) per content domain and overall, with domain-retrieved frames versus
uniform frame sampling. Each cell reports retrieved / uniform accuracy. Kimi-K2.6 is 1T-A32B
and Qwen-3.8-Max is 2.4T-A95B. Per column, the best value is in bold and the second best has

Hist = History, Pod = Podcast. Input modalities: B video frames, @ text transcript, W audio track.

Domain (retrieved / uniform) Overall
Judge Input Educ Drama Life Art Hist Doc Pod R/U A
Hosted API models (general-purpose)
% Gemini-3.7-Flash 8w  68/61 72/69 76/66 77/74 78/74 79/74 79/78 75.4/71.0 +4.4
¢ Gemini-3.1-Pro Bm  67/64 63/60 73/70 71/70 69/68 73/73 74/71 70.2/68.1 +2.1
¢ Gemini-3.5-Flash-Lite 8w 49/51 56/52 59/54 61/50 63/59 58/57 71/61 59.5/549 +4.6
¥ Qwen-3.8-Max 82 76/59 64/68 82/74 73/78 76/11 72/68 T4/70 73.9/69.7 +4.2
v Qwen-3.7-Flash 8e 64/61 62/62 73/72 71/61 65/63 68/61 69/51 67.5/61.7 45.7
® GPT-5.6-Terra 8@ 66/64 68/66 81/70 71/77 69/11 77/73 717/67 72.5/69.7 +2.9
@ Kimi-K2.6 8z 71/60 68/61 77/64 70/67 73/70 67/69 75/69 71.4/65.7 45.7

Open-weight local models (general-purpose)
Gemma-4-26B-A4B 8z 51/40 58/46 60/48 59/51 63/51 61/52 66/57 59.7/49.2 +10.5

Gemma-4-E2B 8e 43/47 50/42 56/50 44/42 42/46 39/41 48/41 46.0/44.1 +1.9
Gemma-4-E4B 8e 43/43 42/47 47/52 38/40 51/41 41/40 48/43 44.3/43.8 0.5
v Qwen-3.5-9B 8z 64/51 53/56 59/49 46/53 63/52 58/51 53/61 56.7/53.3 433
v2 Qwen-3.5-4B 8e 51/53 57/58 61/56 64/57 58/50 57/49 46/44 56.2/52.4 3.8
v Qwen-3.5-2B 8e 49/42 47/51 53/51 51/39 50/47 56/47 56/49 51.6/46.5 +5.1

v Qwen3-Omni-30B-A3B  @w  43/39 50/49 54/49 51/51 50/49 49/51 44/47 48.9/47.8 +1.1

Open-weight local models (fine-tuned as judges)
© InternLM-2.5-Reward 8e 58/43 54/59 48/50 54/57 47/58 51/47 57/67 52.7/543 —1.6
B VideoJudge-3B 8a 41/44 42/47 42/40 50/43 51/49 53/54 59/62 48.3/48.3 40.0
B VideoJudge-7B 8e 49/51 49/48 34/36 48/50 49/50 48/52 58/57 47.8/49.0 —1.3

(Gemma-4-E2B, E4B, and 26B-A4B; Qwen-3.5-2B, 4B, and 9B; Qwen3-Omni-30B-A3B). Three
are fine-tuned as judges: InternLM-XComposer-2.5-Reward (Zang et al., [2025)), a reward model
trained on text, image, and video preferences, and VideoJudge-3B/7B (Waheed et al., [2026)), trained
for video understanding evaluation. Refer to Appendix [B.3|for configuration details.

Metrics. Following [Lambert et al.| (2025); Waheed et al.| (2026)), a judge is scored by “pairwise
accuracy,” the fraction of the 630 pairs on which it prefers the answer the benchmark designates as
better; the side each answer appears on is fixed per pair by a shared seed. A retriever is scored at the
10-30-minute segment level, where evidence is grounded: for each of the 343 questions, it ranks the
few hundred segments of the domain by the mean of their three highest chunk similarities, and we
report “Hit@£k,” the fraction of questions with both gold segments in the top £ (Xiong et al., 2021},
and “nDCG@E,” which further rewards ranking them near the top, with & = 10. Requiring both
segments makes Hit@F strict (chance 0.11% at k = 10), since a two-segment question cannot be
answered from one. Appendix [B.2]and Table[I3] give the definitions and per-segment breakdown.

4.1 TRUST: JUDGES FALL FAR SHORT OF HUMANS

Even the strongest judges fall far short of humans. The best judge overall, Gemini-3.7-Flash,
reaches only 75.4% pairwise accuracy with retrieved evidence (Table , trailing the 93.0% agree-
ment of the human annotators (Appendix [F). The remaining hosted judges cluster below it, from
Qwen-3.8-Max (73.9%), GPT-5.6-Terra (72.5%), and Kimi-K2.6 (71.4%) down to Gemini-3.5-
Flash-Lite (59.5%), showing that reliable judgment over ultra-long video is far from solved even
for frontier systems.

Smaller and open-weight judges approach chance. Below the hosted API models, the general-
purpose open-weight models perform substantially worse: only Gemma-4-26B-A4B (59.7%) rises
clearly above the 50% chance floor, while the rest fall between 44 and 57% (Table[1). Accuracy
broadly tracks scale, with the largest member of each family ahead of its smaller variants, indicating
that the spatio-temporal reasoning our pairs demand emerges only at scale.
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Figure 4: Retrieval scope. Pairwise accuracy of three judges as the haystack shrinks from the
full ~100-hour domain to 24- and 10-hour corpora around the gold segments, down to the oracle
(the two gold segments alone). Solid: retrieved evidence; dashed: uniform sampling over the same
scope; shaded: retrieval gain. N = 630 pairs per point.

Domain-specific short-video reward models do not transfer. The judges fine-tuned for video
evaluation, InternLM-XComposer-2.5-Reward, VideoJudge-7B, and VideoJudge-3B, perform no
better than chance (47.8-52.7%), despite being trained for video preference tasks. Retrieval, which
lifts the general-purpose models, leaves them unchanged or slightly worse (e.g., —1.6 points for
InternLM-XComposer-2.5-Reward), suggesting that short-context training does not equip a judge to
locate and reason over evidence scattered across a 100-hour collection.

Retrieval helps, but only for models that can exploit it.  Supplying domain-retrieved frames
in place of uniform sampling improves nearly every capable judge, by up to +10.5 points for
Gemma-4-26B-A4B and +4.4 for Gemini-3.7-Flash (Table m); the exceptions are the fine-tuned
critics, whose accuracy does not move. Delivering the right evidence is therefore necessary but not
sufficient: it raises accuracy only when the judge can reason over what it receives.

Weaker judges also show position bias. Swapping the two answers’ A/B sides flips roughly half
of the verdicts for the weaker models, while stronger judges stay more consistent (Appendix [C.T).

4.2 LENGTH: ACCURACY FALLS AS THE PLAYLIST GROWS

Judge accuracy declines as the collection grows. We sweep the retrieval haystack from the two
oracle segments (~1 hour) through frozen 10- and 24-hour corpora to the full ~100-hour domain
(Figure ). Every judge is most accurate at the oracle scope and degrades as the haystack expands:
with retrieval, Qwen-3.7-Flash falls from 73.6% to 67.5%, Gemini-3.5-Flash-Lite from 63.9% to
59.5%, and Gemma-4-26B-A4B from 62.9% to 59.7% between the oracle and full scopes. Retrieval
matters more as the haystack grows. Uniform frame sampling degrades far more steeply than
retrieval over the same corpora—Gemma-4-26B-A4B loses 13.7 points from oracle to full under
uniform sampling but only 3.2 with retrieval—so the retrieval advantage widens with collection
size, reaching +10.5 points at the full domain. Retrieval narrows but never closes the length penalty,
leaving a persistent gap from the oracle even for the strongest judge.

4.3 MODALITY: NEITHER FRAMES NOR TRANSCRIPT SUFFICES

Both frames and transcript are needed. Judges peak with combined video-text input, and re-
moving either the frames or the transcript costs 2—7 points across judges under our default retriever
Qwen3-VL-Embedding-8B (Figure 5] left). No single modality suffices: our pairs are constructed
so that the deciding evidence appears in the frames while the surrounding context is carried by the
narration, and both must be exploited for optimal performance.
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Figure 5: Judge accuracy by modality. Accuracy under vision-text (left) and vision-audio (right)

retrieval, varying the judge’s input stream.

Text-space retrieval beats audio-space

Table 2: Retriever performance evaluation.

retrieval. Retrieving in video-text space
consistently beats video-audio retrieval

Retriever

Input Hit@10 nDCG@10

with Omni-Embed-Nemotron-3B, both ¥ Qwen3-VL-Embedding-8B 8&  37.9 45.0
in retriever quality: Hit@10 of 30.6% 8 329 37.9
(video-text) vs. 26.2% (video-audio); = 30.0 37.0
and 7.3% (audio only), as in Table * WeMM-Embedding-9B Be 376 42.9
and in the downstream judges each in- ¥ Qwen3-VL-Embedding-2B 88  32.7 38.1
dex feeds (Figure [3} right). We deliber- & Omni-Embed-Nemotron-3B 8@  30.6 39.9
ately exclude questions about purely au- 8am 262 33.4
ditory properties, such as music or vocal W 7.3 14.0

tone, so that the two modalities are com-
pared fairly, and under this setting text is the stronger channel for both retrieval and judgment.

4.4 BOTTLENECK: FINDING THE EVIDENCE, NOT SEEING IT

Effect of reasoning.  Reasoning helps, then
saturates. Enabling reasoning lifts Gemini-3.5-
Flash-Lite by 7.8 points over its minimal set-
ting (51.7—59.5%), but further budget barely
moves it: from low to high accuracy rises only

Table 3: Effect of reasoning budget.

Tokens

Setting Accuracy Prompt Output USD

. minimal 51.7(=7.8) 84k 364 8.26
0.5 points (59.2—59.7%) even as output to-  |ow 59.2(—0.3) 84k 1,035 8.79
kens more than quintuple (Table E[) A modest  medium (base) 59.5 84k 1,447 9.11
amount of thinking is therefore worthwhile, but  high 59.7(+0.2) 84k 1,948 9.50

scaling it up does not close the gap to humans.
We also tested agentic reasoning with tool use, which yielded only marginal gains (Appendix [C.2).

Effect of pixel budget. Pixel budget is not the bottleneck. Raising the judge’s per-frame token
budget changes accuracy by at most 1.3 points (high 60.8% vs. low 59.5%) while roughly doubling
API cost ($9.11 — $18.83), and medium is no better than low (Table . The limiting factor is thus
finding the right evidence, not resolving fine visual detail once it is in view.

Effect of audio speed. Faster audio does not hurt. Playing the merged audio at 2x halves its
duration and cuts prompt tokens from 84k to 60k, lowering cost by 25% ($9.11 — $6.84) while
slightly improving accuracy (+1.6 points; Table [T7). The shorter context helps rather than hurts,
again pointing to context length, not evidence resolution, as the constraint.

4.5 ERROR ANALYSIS

To understand why judges made mistakes, we examined 100 pairs that the four strongest judges
judged incorrectly and identified the root cause of each through manual inspection by the authors.
These failures fall into four types: 1) Retrieval error (Appendix Fig. [0), the dominant failure:
the retriever never surfaces the deciding evidence, so it never reaches the judge, in about 61% of
examined cases. 2) Frame sampling error (Fig.[I0): the right 30-second chunk is retrieved, but
none of its sampled frames land on the deciding moment, in about 15% of cases. 3) Reasoning
error (Fig.[T2): the evidence is served, but the judge is misled by adversarial retrieved chunks and
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fails to identify the correct visual cues, in about 16% of cases. 4) Perception error (Fig.[L1): the
deciding frame is served and legible, but the judge misreads it, e.g. handwritten text or a character’s
attributes, in about 6% of cases (see Appendix@]for all examples). The remaining ~2% we attribute
to annotation noise in the ground-truth ratings.

5 CONCLUSION

In this work, we introduce PLAYLISTEVAL, a fully automated framework that constructs video-
language judge benchmarks over 700 hours of playlist collections without human annotation. Our
analysis reveals a wide gap between human and model accuracy where frontier video-language judge
systems fail to retrieve and reason reliably. Moreover, judge models fine-tuned on short clips fail to
transfer, and judge accuracy degrades as the collection grows, demonstrating that ultra-long spatio-
temporal verification remains largely unsolved. We hope PLAYLISTEVAL plays a foundational role
in the development of judge systems that are trustworthy over day-long video collections.

Al USE STATEMENT

In this work, we used generative Al tools to generate synthetic data sets (Sections [3.TH3.3), design
or provide feedback on research methodology or experiments, implement methods (e.g., for coding
and verification), assist with translation, clean and reformat dataset, support qualitative and thematic
data analysis. We have not used generative Al tools to propose or refine hypotheses, interpret results;
and to help develop theoretical models or conceptual frameworks, formulate mathematical claims,
provide critical ingredients for proving mathematical claims, assist in the writing of proofs are not
applicable to this work. Additionally, we used generative Al tools to create or modify scientific
figures or images, create or edit software code, creation of artifacts, summarize or analyse existing
literature (e.g., finding related benchmarks and Al models), brainstorming, sourcing/searching for
information, edit a research paper to improve readability, and identify relevant literature. For cita-
tions, we use official bibtex entries manually exported and verified from ICLR Proceedings, NeurIPS
Proceedings, PMLR, ACL Anthology, CVF, ACM Digital Library and arXiv. For web URLs, we
use a consistent format. We have reviewed all Al-assisted work. LLM-generated code was verified
and tested for correctness by all authors. We take responsibility for the final content of this work,
including text, claims or artifacts produced with the aid of generative Al

REPRODUCIBILITY STATEMENT

We provide detailed configurations for retrieval (Appendix [B.T] [B.2)), judge models (Appendix[B.3),
and data generation (Appendix[B.4), along with benchmark statistics and a complete data item (Ap-
pendices [B.5] [B.7). All prompts are reproduced verbatim (Appendices [G.THG.3), and cost break-
downs (Appendices [E.T] [E.2) and the human evaluation protocol (Appendix [F) are included. We
will release our pipeline, benchmark, and evaluation code upon publication.

ETHICS STATEMENT

All videos in PLAYLISTEVAL are publicly available YouTube content. We release only the video
URLs, timestamps, and our generated annotations; no raw video or audio files. YouTube videos
may be removed or made private by their owners, any URL in our dataset may become inaccessible
over time. For cases where a video is no longer publicly available, we will share the corresponding
files only with the explicit permission of the video owner. Our benchmark does not collect or store
any personally identifiable information beyond what is visible in the public videos themselves. As
the study poses minimal risk and ensures participant anonymity during crowd-sourced human anno-
tation, we did not seek ethics board approval, in accordance with standards commonly considered
exempt from review.
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A LIMITATIONS AND FUTURE WORK

Generator bias. PLAYLISTEVAL relies on Gemini-3-Flash for question and answer generation, with
other model families reserved for verification. This asymmetry may introduce systematic biases in
the generated data. As cheaper omni-modal models become available (Qwen Team, [2026¢€), future
work could diversify the generator pool to mitigate family-specific artifacts.

Evaluation cost. Because each preference pair requires serving long video to every judge, scaling
the benchmark to substantially more pairs or judges increases cost. Nevertheless, automated evalu-
ation remains an order of magnitude cheaper than manual human annotation at this video duration
scale (see Appendix [E.T]for cost breakdown).
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Language coverage. The current playlist collection is primarily in English, so the benchmark may
not capture challenges specific to multilingual or low-resource settings, where ASR, embedding and
generative models may underperform at various stages of our framework.

B ADDITIONAL EXPERIMENTAL SETTINGS

B.1 RETRIEVER CONFIGURATIONS

Every video segment is split into 30-second chunks, and each retriever embeds a chunk once into a
single vector (Table ). At evaluation time the chunks of the question’s domain are ranked and the
best 64 are handed to the judge in chronological order in the video and video order in the playlist
collection. We discuss this default setup in Table 5] with the settings our experiments vary around it,
and in Table[6]the automated speech recognition system behind a chunk’s transcript.

Table 4: Retrievers. Every index stores one float32 vector per 30-second chunk, for about 100k
chunks across the seven domains. Latency is the average measured time to answer a single query.

Retriever Dim. Index size Query latency (H200 GPU)

v Qwen3-VL-Embedding-8B (Li et al.,|2026) 4,096 1.59GB 13.0ms
Qwen/Qwen3-VL-Embedding—-8B

v Qwen3-VL-Embedding-2B (Li et al.,2026) 2,048 0.79GB 7.5ms
Qwen/Qwen3-VL-Embedding-2B

* WeMM-Embedding-9B (Zhou et al., 2026) 4,096 1.59GB 13.4ms
tencent /WeMM-Embedding-9B
Omni-Embed-Nemotron-3B (Xu et al., 2025b) 2,048 0.79GB 7.5ms

nvidia/omni-embed-nemotron-3b

17


https://huggingface.co/Qwen/Qwen3-VL-Embedding-8B
https://huggingface.co/Qwen/Qwen3-VL-Embedding-2B
https://huggingface.co/tencent/WeMM-Embedding-9B
https://huggingface.co/nvidia/omni-embed-nemotron-3b

Preprint. Under review.

Table 5: Retrieval settings. Each default applies to every experiment except the one that varies
that setting; the last column lists the values swept and where. The pixel limits, input length, and
precision are the loading arguments of Qwen3-VL-Embedding-8B, our default retriever.

Setting

Default

Varied over

Retrieval index
Indexed unit
Chunk representation

30-second chunk
video + transcript

video only, text only; video + audio,

audio only (Fig.
8, 4 (Fig. [8|left)

at most 16
64 x 64 to 960 x 720

Frames per chunk vector
Pixels per frame

Pixel budget per chunk frames x 960 x 720, so every —

frame keeps its full size

Input length at most 32,000 tokens —

Precision bfloat16 —

Embedding width full 2,048 to 64 dimensions
(WeMM-Embedding-9B; Fig.
right)

Search

Corpus the question’s domain (~100h) 24 h, 10h, oracle (Fig.

Retrieved chunks top 64 —

Order shown to the judge chronological —

Baseline without retrieval uniform sampling over the same —

corpus

Retriever evaluation (Table
Ranked unit GT 10-30-minute segments,
247-366 per domain

mean of its 3 best chunk scores
343; 2 per question (random
Hit@10 0.11% for both

segments, 6.8% for either)

Segment score
Questions; relevant segments

Table 6: Speech recognition. Qwen3-ASR-1.7B produces the transcript that is indexed with every
30-second chunk.

Value

Qwen/Qwen3—-ASR-1.7B
Qwen/Qwen3-ForcedAligner—-0. 6B, bfloat16
vLLM

at most 4,096 new tokens per audio input

Setting

Model

Forced aligner
Inference engine
Output length

B.2 RETRIEVAL METRICS

We formally define the two metrics used to score retrievers in Table[2]and Table T3]

Setup. The ranking unit is the ground-truth evidence segment, the 10-30 minute portion of a video
named by the dataset. For a question ¢, the corpus is the set of segments in ¢’s domain (N ~ 288
on average), and the gold set G, = {g1, g2} holds the two segments that contain its evidence;
|G4| = 2 for all 343 questions. Each segment ¢ contains m = 60 thirty-second chunks with unit-
norm embeddings sy, ...,s,,, and the query embedding e, is unit-norm, so an inner product is a
cosine similarity. We score a segment by the mean of its three highest chunk similarities,

1
score(c) = 3 Z (€q,85),
J€T3(c)

where 73(c) is the set of three chunks in ¢ most similar to e,. We rank all segments by score(-) in
descending order and let rank(c) be the resulting 1-indexed position. Every metric below is reported
as a mean over the 343 questions.
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Hit@Fk. Writing 7 = rank(g;) and ro = rank(gs), the default metric requires both segments
within the top £,
Hitpoth @k = 1[max(ry, o) < k],

the two-segment analogue of top-k retrieval accuracy: a two-segment question is unanswerable from
a single segment, so the evidence is delivered only when both segments arrive. For comparison we
also report the single-segment convention (at least one segment in the top k) and the per-segment
rates,

Hitany @k = 1[min(rq,r2) < k], Hitgeg @k = 1[ry, < k],
which Table[I3]lists alongside Hitpotn @k. Drawing k of N segments uniformly at random with two
relevant gives the chance floors

N-2
P(Hitany @k) =1 — ( ( iv)), P(Hitpom Qk) = m%

at N = 288 and k = 10 these are 6.8% and 0.11%, so a low “both” value is not weak in the way its
gap from the “any” value would suggest.

nDCG@Fk. With binary relevance rel; = 1[the segment at rank i € G],
a 1

min(|Gql, k)
re 1 DCG@k
=1

R IDCG@k = _ DCGQk = ———.
1) ; log,i +1) IDCG@k
Unlike Hit@£k, which is a step function of k, nDCG@¥ is rank-sensitive and rewards placing both
gold segments near the top of the ranking, which matters because the judge’s frame budget is spread
over the retrieved chunks in rank order. For |G| = 2and k > 2, IDCGQ@k = 1+1/log, 3 ~ 1.631.
We report k& = 10.

B.3 VIDEO LM CONFIGURATIONS

Table [7] lists the 17 judges and how each is accessed via official APIs or local GPUs. All of them
see the same evidence: 128 frames at 640 x 480, two from each retrieved chunk, together with a
second stream, which is the chunks’ audio for audio-capable judges and their transcript for rest of
the judges (Table §).

Table 7: Details of the 17 judges. Models are grouped by how they are served: through a hosted
official API, or on local GPUs. The last column gives the narration stream format each judge receives
alongside the video frames.

Judge Serving Stream

Hosted Official APIs

¢ Gemini-3.7-Flash (Google Team, [2026c) API audio

% Gemini-3.1-Pro (Google Team| 2026al) API audio

¢ Gemini-3.5-Flash-Lite (Google Team, 2026b) API audio

® GPT-5.6-Terra (OpenAl Team, [2026c) API transcript

Kimi-K2.6 (Moonshot Al Team,|2026) API transcript

¥ Qwen-3.8-Max (Qwen Team, [2026d]) API transcript

¥ Qwen-3.7-Flash (Qwen Team,|2026b) API transcript

Run on Local GPUs

<+ Gemma-4-26B-A4B (Gemma Team et al.,2026) vLLM transcript
Gemma-4-E4B (Gemma Team et al.| 2026) vLLM transcript
Gemma-4-E2B (Gemma Team et al., 2026) vLLM transcript

¥ Qwen-3.5-9B (Qwen Team) 2026al) vLLM transcript

¥ Qwen-3.5-4B (Qwen Team) 2026al) vLLM transcript

¥ Qwen-3.5-2B (Qwen Team) 2026al) vLLM transcript

¥ Qwen3-Omni-30B-A3B (Xu et al.| [2025a) vLLM audio

@ InternLM-XComposer-2.5-Reward (Zang et al.,[2025) Transformers transcript
short name: InternLM-2.5-Reward

VideoJudge-7B (Waheed et al., 2026) Transformers transcript

VideoJudge-3B (Waheed et al., |2026) Transformers transcript
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Table 8: Judge input. Each default holds in every experiment except the one that varies that setting.
The three settings in the last group apply only to Gemini-3.5-Flash-Lite, the judge the sweeps are
run on.

Setting Default Varied over

Retrieved chunks 64 —

Frames per chunk 2 —

Frames in total 128 —

Frame size 640 x 480 480 x 360, 720 x 540
Transcript ASR of the retrieved chunks removed (video only)
Audio (audio-capable judges) the chunks’ audio, one track follows the retrieval scope
Frames kept removed (text/audio only)
Side of the chosen answer fixed per pair by a shared seed both sides (position bias)
Thinking level medium minimal, low, high
Media resolution low medium, high

Audio speed 1.0x 1.5x,2.0x

For audio judges the 64 chunks’ audio is merged into one track with 0.6s pauses for the Gemini
models, which accept a single audio input, and sent as separate turns to Qwen3-Omni-30B-A3B.
Gemma-4-26B-A4B pools every frame to the same number of visual tokens (max_soft_tokens=
280) by default.

B.4 DATA GENERATION CONFIGURATIONS

The remaining tables cover the data pipeline of Figure [2} the model behind each block with its
reasoning setting (Table [0), how video and transcripts are supplied (Table [I0), and the acceptance
rule of every gate (Table[LI)). The prompts and JSON schemas themselves are in Appendix [G.2]

Table 9: Models used in the data pipeline, by block of Figure 2] Gemini models run with their
default thinking mode enabled, GPT models with reasoning effort high, and Qwen-3.7-Plus with the
provider’s default. We override no sampling parameter (temperature, nucleus size, or output length)
for any model.

Block  Step Model API identifier
B QA generation ¢ Gemini-3-Flash (Google Team} |2025)  gemini-3-flash-preview
Cc2 transcript-only answer ¢ Gemini-3-Flash gemini-3-flash-preview
verification ® GPT-5.4-mini (OpenAl Team, 2026b)  gpt-5.4-mini
parametric answer, A ¢ Gemini-3-Flash gemini-3-flash-preview
verification, A ® GPT-5.4 (OpenAl Team, 2026a) gpt-5.4
parametric answer, B ® GPT-5.4-mini gpt-5.4-mini
verification, B ¢ Gemini-3.1-Pro (Google Team, |2026a) gemini-3.1l-pro-preview
C3 video grounding ¥ Qwen-3.7-Plus (Qwen Team, [2026c) gqwen3.7-plus
D1 graded wrong answers ¢ Gemini-3-Flash gemini-3-flash-preview
D3 ranking without the video 4 Gemini-3.1-Pro gemini-3.l-pro-preview
® GPT-5.4 gpt-5.4
D4 ranking with the video ¥2 Qwen-3.7-Plus qwen3.7-plus

gwen3.7-plus resolves to the snapshot gwen3.7-plus-2026-05-26. Blocks C1 and D2 are
rule-based and call no Al model.
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Table 10: Inputs to the data pipeline. A clip is a single segment of at most 30 minutes, and each
question is built from two clips.

Blocks  Setting Value
B, D1 video the two segments as native video, each introduced by a text marker
sampling rate 0.5 frames per second
media resolution medium
transcript (B only) the transcript of both clips, appended to the prompt
C2 transcript windows each segment’s 30-minute transcript plus one window on either side:
three per segment, six in total, in an order shuffled per item
source of the extra windows a different video of the same playlist
C2,D3 parametric input text only: the question (C2), the shuffled answers (D3)
C3,D4 video each segment’s full 30-minute source video, audio removed
frame size resized to fit 640 x 480, aspect ratio kept
sampling rate 0.5 frames per second, from a file stored at 2 frames per second
transcript the segment’s full 30-minute transcript, after its video
all response format JSON under a schema (Gemini), strict JSON schema (GPT, Qwen)

Table 11: Acceptance rule for each gate of Figure[2] The gates run in the order listed, so an item
reaches the costly video steps only after it has passed the cheaper ones.

Block An item is kept when

Cl the answer has at least 3 paragraphs and its citations, mapped onto 30-second chunks,
cover at least 2 chunks per segment and 4 to 30 chunks in total (2 to 15 minutes of
evidence).

Cc2 transcript test: the verifier judges the transcript-only answer not to match the gold an-
swer.
parametric test: at least one of the two combinations judges the memory-only answer
not to match. Combination B runs only for items that combination A flagged.

C3 both verdicts are Yes: the question is answerable from the videos, and the gold answer is
grounded in them.

D2 each of the four degraded answers carries at least one attribute-degradation entry.

D3 at least one of the two judges fails to recover the intended order without the video. The
second judge runs only for sets that the first one ordered correctly.

D4 the judge that watches the video reproduces the intended order exactly.

E A rejected item is regenerated with the rejection reason, for at most 6 attempts per item

in each phase and seed video segment pair.

B.5 BENCHMARK STATISTICS

Table [12] summarizes the resulting benchmark produced by the pipeline of Figure [2| reporting the
number of playlists processed, the questions and pairs retained, and the length distributions of the
questions and of the two answers in each pair.

B.6 DOMAIN DESCRIPTIONS

Table [T3]lists the seven domains in PLAYLISTEVAL with representative topics and their knowledge
type. Static domains test largely fixed factual knowledge (e.g., historical events, species biology),
dynamic domains test evolving narrative or personal content (e.g., TV plot lines, daily vlogs), and
mixed domains contain both.
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Table 12: Benchmark statistics.

Statistic Value
Corpus

Domains 7
Playlists 29
Source videos 457
Benchmark

Accepted Questions 376
Sampled Questions (before pair sampling) 343
Sampled Questions (after pair sampling) 327
Preference pairs 630 (90 per domain x 7 domains)
Length in words (mean / max)

Question 64.0/127
Gold answer 234.6 1477
Degraded answers 245.1/359
Per pair

Chosen minus rejected, words —2.2
Longer answer wins (%) 41.7

Table 13: Domains in PLAYLISTEVAL with example topics and knowledge type.

Domain Example topics Knowledge
Education Academic lectures, software tutorials Static
History Ancient civilizations, military strategies  Static

Art Painter biographies, classical music Static
Documentary ~ Marine wildlife, space exploration Static
Drama Scripted TV series Dynamic
Life Cooking, daily vlogs Dynamic
Podcasts Interviews, sports analysis Mixed

B.7 A COMPLETE PLAYLISTBENCH ITEM

Figure [6|shows the item of Figure|[I]in full. In the gold answer, every claim cites its supporting span
inline as a chip giving the segment ((1) or (2)) and the time range, and a dotted underline marks every
span that some wrong answer alters, found by diffing the gold against each rating.

Each graded wrong answer is the gold with visual errors injected (new) or inherited from the answer
above (carried); its pills show the attributes its causal record degrades, darker for more elements.
Two pairs run over these answers: on answers 3 vs. 2 both difficulty-gate VLMs fail while all three
annotators prefer answer 3, and on answers 2 vs. 1 with retrieved evidence, a Rotterdam narration
that echoes segment (2) outranks the true tower and misleads GPT-5.6-Terra.

C ADDITIONAL RESULTS AND ANALYSIS

C.1 POSITION BIAS

Running the benchmark twice with the two answers’ A/B sides exchanged, strong judges track the
answer rather than the slot: when the sides swap, they switch letters accordingly, giving low letter
agreement (14.8% for Qwen-3.8-Max, 21.6% for Gemini-3.7-Flash). Weaker judges instead tend
to pick the same slot regardless of content, with letter agreement rising to 47.5% for Gemini-3.5-
Flash-Lite and 49.1% for Gemma-4-26B-A4B (Table . Position bias thus tracks judge quality
and is another axis on which the weaker models prove unreliable.
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D Places to See in United States - Documentary playlist two 30-min segments, paired by embedding similarity 0.90
Wonders of Pacific Northwest (8| 30 min Unseen Washlngton 0~ I 30 min

unrelated scene White Stag sign the stag unrelated scene clock tower clock face

e Two-segment question Meta-cognitive - Analyze 29 evidence: [ seen Wi heard

Interpret the urban identity represented by @ the illuminated symbol positioned atop the rooftop structure between the traffic-filled streets alongside the
light of the setting sun compared to @ the building with the elevated timepiece positioned between the modern high-rises overlooking the harbor full of
vessels.

£ 03:13 the symbol is Portland's White Stag sign; Wl¥ narrated as “Keep e & 21:05 the building is Tacoma's historic clock tower; W a former industrial
Portland Weird” reinvention. hub, now creative.
Eé Gold answer in full, with its inline evidence citations ®mm:ss-mm:ss @mm:ss-mm:ss cited span - underlined: altered by a wrong answer
intro

The provided media offers a detailed exploration of the ongoing reinvention of urban landscapes in the Pacific Northwest, interpreting their
modern identities as a combination of progressive social philosophy alongside historical architectural preservation @03:10-04:00
@02:51-03:40 . This strategic evolution highlights a move toward creative, sustainable environments that deliberately distinguish themselves
from standard American metropolitan development @04:44-05:12 204:05-04:30 .

segment® | the city celebrated for its unique river crossings, urban identity is interpreted through @ the illuminated symbol positioned atop a rooftop
structure, which represents the "Keep Portland Weird" culture ®03:10-03:40. This lifestyle is framed as a successful social expenment where
reinvention thrives through a phllosophy of strangeness, manifesting visually as mobil. t kitch ked t to ext e
bookstores that operate ¢ y (003:12-03:52 . The metropolis further reinforces this identity through intentional urban deS|gn that
converts riverfront space: sive park systems to model environmental sustainability ®04:50-05:15.

segment @ Similarly, the relnvented industrial hub of Tacoma marks its transition into a creative laboratory through landmarks like @ the building with
the elevated ti @02:51-03:21 , The historical church serves as an architectural testimony to a city in constant transformation,
where former | nelghborhoods have been replaced by ant artistic districts and museums that pulse with creativity @03:15-03:40.
Tacoma balances this urban progress with nature by integrating massive natural reserves into its city center to demonstrate a harmonious
model for the future of the Northwest @03:41-04:15 .

synthesis Ultimately, the interaction of these visual narratives interprets the regional character as a tiered urban territory where history frames a
futuristic vision of community ®05:10-05:30 @04:35-05:05 . By repurposing historical landmarks relative to modern luminous icons, these cities
cultivate an unmistakable identity that prioritizes social and environmental progress over disorderly urban sprawl @12:45-13:15.

[ Graded wrong answers gold >4 >3 >2> 1 each = gold + injected visual errors only the video refutes (D@: the frame)
Causal record: m degraded elements  constant VS visual-spatial - SA semantic accuracy - MS multi-segment - NF narrative - ST structure

) @

new “..featuring a striking new “...blue clock face with gold new “..a large rotating neon star

new “..chrome-finished kitchens

silver-plated dome...” parked in paved lots... white- numbering@... rooftop lattice of icon@... constructed entirely from
=~ N hulled luxury yachts...” N metal scaffolding...” - sleek black glass@...”
carried — carried silver-plated dome carried silver-plated dome - chrome- carried silver-plated dome - luxury
finished kitchens - luxury yachts yachts

MS | NF (ST s (w7 | |EEDEE vs N (ST | | @SR @SR ST
61 Judges - retrieved evidence; v = picks the higher-rated answer 3>2 GV 4V v RBY 2>1 @ X 47 Bv Ry
&1 Preference pairs over the same item's answers - gold > 4 >3 >2 > 1 v = the judge picks the higher-rated answer
@ Preference pair answer 3 vs answer 2, one rating apart Retrieval twist answer 2 vs 1 on retrieved evidence; # = rank

Answer 2's causal record: m « ‘the clock face as
blue with gold numbers”; impact ‘the actual clock

face is white or light-colored with dark numbers” — the

frame (right) confirms it. Tacoma #7 zoom caption Seattle #46  Vancouver #49

e X Rotterdam narration #3 (port #6) echoes segment @: “...this reinvented
% InternVL3.5-8B X ¥ Qwen3-VL-30B-A3B X "R 3/3 v rEetropolis lies the Markt Hall... a covered market with a gigantic clock... stretches
the port...”

“the clock face is not blue and the numbers are not gold ... The tower is brick.”
— annotator ® GPT-5.6-Terra X “...both incorrectly call the location Tacoma and invent

details; neither accurately identifies Rotterdam’s Markthal...”
¥2 Qwen-3.8-Max v 4 Gemini-3.7-Flash v/

Figure 6: A detailed PLAYLISTBENCH example, the item of Figure|[T]in full. Two 30-minute seg-
ments of a Documentary playlist, paired by embedding similarity, each supply one of the question’s
two entities, with the gold answer, its four graded wrong answers, and two preference pairs scored
over them.

23



Preprint. Under review.

Table 14: Sensitivity to answer position by the judge models.

Consistent (< 25%) Inconsistent (> 25%)

2 Qwen 4 Gemini 3 Qwen ¢ Gemini Gemma

3.8-Max 3.7-Flash 3.7-Flash 3.5-Flash-Lite 4-26B-A4B
Input 8 (=2 B8e (= 8e
Accuracy, forward (%) 74.4 75.4 67.9 59.5 59.6
Accuracy, reversed (%) 75.9 76.7 68.7 62.5 59.8
Picked A, forward (%) 49.5 57.9 48.5 67.8 70.6
Picked A, reversed (%) 58.8 61.4 52.3 70.8 68.4
Letter agreement (%) 14.8 21.6 22.3 47.5 49.1
Solved in both runs (%) 67.8 65.2 57.2 373 35.1
Wrong in both runs (%) 17.4 13.2 20.5 15.2 15.7

C.2 EFFECT OF AGENTIC TOOL USE

At the oracle scope of Figure [ where the judge receives only the two gold segments, Gemini-3.5-
Flash-Lite with agentic tool use (Google Team et al.l |2026), which fetches its own evidence from
the video instead of receiving a fixed sample of frames, reaches 65.9%. That is only 2.0 points
above the same model with fixed frames at the same scope (63.9%), and 27.1 points below human
agreement (93.0%). Even without retrieval, letting the judge search for itself does not close the gap:
finding and reading the deciding moment within a 10-30 minute segment remains hard.

C.3 CORRELATION WITH LONG-VIDEO UNDERSTANDING

A judge’s accuracy on PLAYLISTEVAL tracks its long-video question answering ability. For the
seven judges with a published LVBench score (Wang et al.,|2025a)), the two accuracies are strongly
correlated (Pearson 7 = 0.96, p = 6.3x107%; Figure. This suggests that our fully automated gen-
eration pipeline recovers the same model ranking as human-annotated benchmarks, while remaining
far from saturated (best judge system 75.4% vs. 93.0% human).

LVBench

90 | =096, p=6.3x107*
> Gemini—3.7—Flash/Q/
o ¥ Qwen-3.8-Max

80
o@ GPT-5.6-Terra

Qwen-3.5-9B @
Qwen-3.5-4B @

/' 3 Qwen-3.5-2B

o ¥ Qwen3-Omni-30B-A3B

60

Accuracy (%)
3

50

50 60 70 80
PlaylistEval accuracy (%)

Figure 7: Accuracy on PLAYLISTEVAL vs. accuracy on LVBench.
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C.4 RETRIEVAL BY SEGMENT

Table 15: Hit@10 by segment: the breakdown behind the Hit@ 10 column of Table 2} the both,
either, and per-segment rates are defined in Appendix [B.2] All values in % over the 343 questions.

Retriever Input Both segments Either segment Segment 1 Segment 2
v Qwen3-VL-Embedding-8B 8 379 79.0 56.9 60.1
8 329 70.3 51.6 51.6
=) 30.0 69.7 46.4 534
» WeMM-Embedding-9B =]=) 37.6 76.7 52.5 61.8
v Qwen3-VL-Embedding-2B B8 327 72.0 47.5 57.1
< Omni-Embed-Nemotron-3B B8& 30.6 74.9 51.3 542
aw 26.2 67.9 47.5 46.6
W 7.3 37.3 222 224

Table T3] splits the Hit@10 of Table [2]into the rate at which each segment is retrieved on its own,
and the rate at which at least one of the two arrives. The either-segment rate is the number usually

reported as Hit@ 10; both segments together, which is what a two-segment question needs, is roughly
half of it.

C.5 FRAME BUDGET AND EMBEDDING WIDTH OF THE RETRIEVER

Figure [§] varies two costs of the retriever while holding the rest of the setup fixed. Embedding a
chunk from more frames barely helps: going from 4 to 16 frames moves Hit@ 10 from 35.6 to 37.9
(it peaks at 38.8 with 8 frames) and nDCG@ 10 from 42.6 to 45.0. The embedding width can be cut
much further before it matters. Truncating WeMM-Embedding-9B from 4,096 to 1,024 dimensions
costs 0.9 points of Hit@10 at a quarter of the storage; below that the loss grows fast, and at 64

dimensions Hit@ 10 has fallen by 14.3 points, to 23.3. The full truncation shrinks the float32 vector
stored per chunk from 16 KB to 256 B.

=O- Hit@10 =O=nDCG@10 @ default setting

50 7 Qwen3-VL-Embedding-8B #. WeMM-Embedding-9B
S o —o0——*
240
E O/O\.
&
£ 30
g
3
o~

20

4 8 16 64 256 1,024 2,048 4,096
Frames per 30-second chunk Embedding dimensions

Figure 8: Frame budget and embedding width of the retriever. Left: Qwen3-VL-Embedding-
8B embeds each 30-second chunk from 4, 8, or 16 frames (16 is the default). Right: WeMM-
Embedding-9B truncated along its matryoshka dimensions from 4,096 down to 64. Filled markers
are each retriever’s default; every point retrieves over the question’s whole domain for the same 343
questions (Hit@ 10 and nDCG @10 as defined in Appendix [B.2).
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C.6 PIXEL BUDGET AND AUDIO SPEED OF THE JUDGE

Table 16: Effect of judge’s image resolution.  Table 17:  Effect of judge’s audio playback

speed.
Tokens P
Setting Accuracy Prompt Output USD Tokens
low (base) 59.5 g4k 1447 9.11 Setting Accuracy Prompt Output USD
medium 584 (—1.1) 119k 1,514 12.48 1.0x (base) 59.5 84k 1,447 9.11
high 60.8 (+1.3) 186k 1,528 18.83 1.5%x 60.6 (+1.1) 68k 1,445 7.60
2.0x 61.1 (+1.6) 60k 1,441 6.84

Table[I§|repeats the pixel-budget sweep of Table[I6] Table 18: Pixel-budget on Gemma-4-26B-
on Gemma-4-26B-A4B, which we run on our own A4B. Accuracy (%), with the paired differ-
GPUs (NVIDIA H200). It pools every frame to the ence from the low default in parentheses (per-
same number of visual tokens (Table[8), so a larger centage points). Best accuracy in bold.

budget only sharpens what it sees before pooling;

its accuracy does not improve. Setting Max soft tokens  Accuracy
low (base) 280 59.7
medium 560 57.8(—1.8)

D FAILURE CASES high 1,120 57.6 (~2.1)

Section[4.5]counts how often each kind of error decides a pair. Figures[9|to[I2]show one pair of each
kind in full. Each panel shares the following layout.

The header names the domain, playlist, segment similarity, and the pair’s rating gap. A banner below
it labels the error type and how many of the four strongest judges it affected. A five-step chain (in
the video, retrieved, sampled, read, weighed) marks the first step at which the deciding evidence
was lost: retrieval and sampling are delivery steps, while reading and weighing are the judge’s own
reasoning.

The two segment blocks each show a timeline with ticks for every served frame, the deciding mo-
ment highlighted in green (served) or red (missed), the entity each segment identifies, and zoomed
thumbnails of the key evidence. Below them, the two-segment question is shown with entity names
withheld, as the judge must resolve them from the video alone.

The bottom panel shows the span where the two answers differ over the deciding evidence, the four
judges’ verdicts, and a diagnosis of the failure.
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@ History - History DW Documentary similarity 0.72 - preference pair 3 vs 2

l Retrieval error the segment holding the evidence was never retrieved 3 of 4 judges wrong ]

Where it broke for segment @ delivery judgement

@ What became of the riches of East Germany's...

6 of 128 served frames
11:35

30 min
H]
0 H——t H H

@ — A financial check for 75 million Ostmarks | served frame 1 never served I served
9"T?:UUU'-'@W.'U“"""""""'-
Stootsbank :
] ScheckNr. 11 Devircran Dumeiral

2154252 ' sedin i werIenran v e EOem WIS,

H ie'bzi millionen—=--i

reeeremm . ——

Seventy-five million

. Fuinfundsiebzig
s eventy five milion ...

=

8 (Mork In Worlen, Plennige mie oben)
iz on_Islemische Religi
L T T Seace s iy ol

never served 11:38 - A check for 75 million zoom the sum, in words
Ostmarks is shown.

@ Nuremberg trials: Benjamin Ferencz’s battle for... 0 of 128 served frames

08:35 22 min
0

@ — The assembly hall electronic scoreboard

|
‘ADOPTION OF THE ROME-STATUTE

120 YES. 7 NO, 21 ABSTENTIONS

never served 08:42 - An electronic scoreboard zoom the vote, on the chyron
displays the vote results: 120...

e Two-segment question the entity names are withheld; only the video resolves them
How does the leading digit of the number shown on the surface of the object within the workspace containing @ a globe on a

lower shelf of a massive shelving unit translate to the category of responses represented by that specific count on the device @
mounted against the wall above tiered rows of individual desks?

& What the judges chose between higher-rated answer 3 vs lower-rated answer 2

higher-rated ...rendered in a bright orange font to distinguish it from the other categories. In the workspace containing
the globe on the lower shelf, the check for seventy-five million is resting in a bright blue, velvet-lined
display case atop the shelving unit. Ultimately, these details highlight the...

lower-rated ...rendered in a bright orange font. Ultimately, these details highlight the....
4 Gemini-3.7-Flash X ¥ Qwen-3.8-Max v/ @ GPT-5.6-Terra X Kimi-K2.6 X
Diagnosis

The ground truth evidence for both segments (the 75 million Ostmark check and the Rome Statute scoreboard
showing '7 No') is located in video segments that were never retrieved or served to the judges.

Figure 9: Retrieval error. A History pair, answers 3 versus 2, that three of the four judges lost.
The question bridges the leading 7 of a 75-million-Ostmark cheque in segment () to the 7 no votes
on the Rome Statute scoreboard in segment (2). Segment (2) was never retrieved, and none of the

six frames served from segment (1) lands on the cheque, so neither number reached the judges; only
Qwen-3.8-Max chose the higher-rated answer.
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@ Documentary - Best Ocean Documentaries similarity 0.82 - preference pair gold vs 4
l Frame sampling error retrieved, but the deciding moment was never sampled 4 of 4 judges wrong ]
Where it broke for segment @ delivery judgement
( v in the video )—»( Vv retrieved )—»—» read > weighed
@ Shark Territory - A Journey into the Deep | Free... 4 of 128 served frames
id:20 30 min

0 M I

@ — Jason Isley | served frame 1 never served O served

served 14:42 - A person draws a world map on zoom the waypoints being labelled
paper, labeling waypoints '‘Doha’,...

@ Sharks: Masters of the Ocean | Free Documentary 2 of 128 served frames
11:30

30 min
0

@ — Erich Ritter

France:

great white shark
spiny dogfish.

never served 11:36 - An animated globe zoom on-screen: spiny dogfish
highlights the Mediterranean coast,...

Q Two-segment question the entity names are withheld; only the video resolves them

Identify the specific predatory species inhabiting the coastal region highlighted closest to the second waypoint labeled on the
paper map positioned @ at the flat work surface cluttered with open books beside a laptop computer where four square framed
underwater scenes are mounted on the wall adjacent to large windows overlooking dense greenery if they choose remaining at
that hub instead of proceeding to the city labeled immediately after it as observed on the animated sphere presented by @ the

individual seated at the opaque desk where a curved skeletal replica of a feeding apparatus rests on the surface against a
neutral partition.

68 What the judges chose between higher-rated gold vs lower-rated answer 4

higher-rated ...great white shark and the spiny dogfish. Understanding these regional differences in...

lower-rated ...great white shark and the blue shark. Understanding these regional differences in...
4 Gemini-3.7-Flash X ¥ Qwen-3.8-Max X @ GPT-5.6-Terra X Kimi-K2.6 X
Diagnosis

The decisive evidence is the on-screen text 'spiny dogfish' displayed on the animated globe (segment @).

Figure 10: Frame sampling error. A Documentary pair, the gold answer versus answer 4, that all
four judges lost. Both segments were retrieved, but none of the 128 sampled frames lands on the
deciding moment — the on-screen label spiny dogfish at 11:36 in segment (2) — so the judges fell
back on the transcript, which names a different species in an unrelated passage.
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3 Life - Cooking 101 similarity 0.84 - preference pair 2 vs 1

l Perception error the evidence was served and legible, and misread 3 of 4 judges wrong ]

Where it broke for both segments delivery judgement

( v in the video ) ( v retrieved ) ( v sampled )

@ Our Ultimate Guide to Cooking a Thanksgiving...

6 of 128 served frames

£2:50 21 min
o

@ — Melissa Clark

| served frame 1 never served I served

' 4

served 12:55 - Melissa uses a digital zoom the display reads 164
thermometer on the roasted turkey, and...

@) All The Best Ways to Cook Chicken | Cooking 101...
04:00 12:00

0 i [ I I

@ — Sola

16 of 128 served frames

teg —_ |
N

Active parts with more connective tissue and fat

served 04:15 - Sohla explains that active muscles served 12:15 - The expert explains that for a
like legs and wings contain... perfect texture, dark meat should ideally...

Q Two-segment question the entity names are withheld; only the video resolves them
Select according to the specific numeric value appearing on the electronic display held by @ the one positioned in the
workspace featuring multiple storage compartments below a tiled vertical surface supporting several horizontal shelves of
diverse literature, whether this captured state meets the rendering requirements for active muscles as explained by @ the one

situated in the alternative cooking area characterized by a large potted botanical specimen resting on a shelf above the main
preparation zone.

&8 What the judges chose between higher-rated answer 2 vs lower-rated answer 1

higher-rated ...of tougher connective tissue and fat, they require higher temperatures to reach a tender state. Reaching

a...

lower-rated ...their high fat content and dense collagen structure. The explanation highlights that a target of 175
degrees...

rubric weight [ ] 0.15 - 1 element, 0 major - higher-rated

degraded D 0.35 - 2 elements, 0 major - lower-rated

4 Gemini-3.7-Flash X ¥2 Qwen-3.8-Max v/ & GPT-5.6-Terra X Kimi-K2.6 X

Diagnosis

The decisive evidence is the visual confirmation of the thermometer reading and the kitchen environments.

Figure 11: Perception error. A Life pair, answers 2 versus 1, that three of the four judges lost.
The deciding evidence is present and legible — a served frame at 12:55 shows a handheld probe

thermometer reading 164 over the roasted bird — yet the judges misread the display, and three
preferred the answer whose account of it is wrong.
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@ Life - Life in Wetland similarity 0.89 - preference pair 4 vs 2

l Reasoning error the evidence was read correctly, then weighed wrongly 4 of 4 judges wrong ]
Where it broke for segment @ delivery judgement
( v in the video ] ( V retrieved ] ( v sampled ] ( v read ] X weighed
@ A special day of my life" &:)0MUB AOMVILI | HIDGB... 0 of 128 served frames
05:(I)4 15 min
0

@ — the woman processing fresh ginger and garlic | served frame 1 never served I served

never served 05:09 - A woman pounds fresh zoom the saree: navy, not orange
ginger and garlic in a small stone...

®) " Meals Ready " QUO)OME2] (UEIET H:01 | Fish fry |... 2 of 128 served frames
08:06 15 min
0 Bl
@ — the woman grinding dried turmeric and chilies
served 08:26 - A woman smashes a dried zoom roller, block, dried chillies
turmeric finger with a heavy stone roller on...
e Two-segment question the entity names are withheld; only the video resolves them

Based on the physical resistance of the raw materials processed by @ the figure seated on the low wooden platform in front of
the mud-walled building across from the stack of ceramic pots beside the broad foliage surface versus @) the individual
positioned at the heavy rectangular stone block situated against the sunlit outer wall of the building beneath the overhanging
thatch, find out which manual technique requires greater mechanical force to achieve a fine paste.

- ~
&8 What the judges chose between higher-rated answer 4 vs lower-rated answer 2
higher-rated ...the dehydrated, dense materials. The stone block is situated directly beside a series of tall, blooming...
lower-rated ...the dehydrated, dense materials. The figure maintains constant eye contact with a young child standing

Just...
rubric weight ( _______J 0.25 - 2 elements, 0 major - higher-rated
degraded D 0.45 - 3 elements, 2 major - lower-rated
4 Gemini-3.7-Flash X ¥ Qwen-3.8-Max X & GPT-5.6-Terra X Kimi-K2.6 X
Diagnosis The judges failed because they misweighed the severity of hallucinations according to the rubric.

Figure 12: Reasoning error. A Life pair, answers 4 versus 2, that all four judges lost. A served
frame lands on the grinding sequence in segment (2), which shows neither the purple flowering plant
nor the child that the lower-rated answer describes — its two major fabrications. By the generator’s
own rubric that answer is degraded on 0.45 of the weight and the higher-rated one on 0.25 with no
major element, yet all four judges preferred the lower-rated answer.
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Table 19: Cost to generate a question, by domain. Spend is the domain’s total API cost, and
pooled and mean are two per-question averages of it (defined in the text). All figures are in US
dollars.

Per question ($)

Domain Runs Questions Spend ($) Pooled Mean = sd Range
Art 5 56 57.37 1.02 1.05+£0.16 0.80-1.22
Documentary 4 47 47.04 1.00 1.02£0.21 0.83-1.29
Drama 4 49 39.01 0.80 0.83+0.13 0.71-1.00
Education 4 62 60.54 098 0.97 £0.09 0.90-1.09
History 5 47 49.25 1.05 1.17+030 0.75-1.54
Life 4 65 46.20 0.71 0.64 £0.13 0.52-0.79
Podcast 4 50 53.04 1.06 1.10+0.11 0.99-1.25
All 30 376 352.45 0.94

Table 20: Cost to generate a question, by model. Tokens counts prompt and output together, and
per question divides a model’s spend by all 376 accepted questions. All figures are in US dollars.

Model Tokens  Spend ($) Share (%) Per question ($)
¢ Gemini-3-Flash 518M 165.34 46.9 0.440
¥ Qwen-3.7-Plus 189M 154.75 43.9 0.412
% Gemini-3.1-Pro 4M 16.61 4.7 0.044
® GPT-54 3M 12.84 3.6 0.034
@ GPT-5.4-mini 3M 2.90 0.8 0.008

All 717M 352.44 100.0 0.937

E CoOST ANALYSIS

As long-video input is quite costly, we analyze the cost of our data generation process with details
of each pipeline stage including the retries.

E.1 DATA GENERATION COST

Building the benchmark cost $352.45 in API calls, or $0.94 per accepted question. That figure is
the whole bill divided by the questions that survived: retries and the candidates a gate rejected are
paid for too, and are included here. Table [19] breaks it down by domain and Table [20] by model.
Two models carry almost all of it, and both are the ones that read native video: question and wrong-
answer generation with Gemini-3-Flash, and the video-grounded checks with Qwen-3.7-Plus. The
text-only verifiers, which see a transcript or nothing at all, together account for under a tenth.

In Table [T9] pooled divides a domain’s spend by its accepted questions, while mean averages the
per-question cost across its runs (batches), counting a small run the same as a large one. In Table 20}
tokens counts prompt and output together and per question divides a model’s spend by all 376
accepted questions; the rounded per-model figures sum to a cent below the $352.45 total.

E.2 DOWNSTREAM EVALUATION COST

Scoring the benchmark once with all seventeen judges cost $340.16: $245.39 for the hosted models
and $94.77 of GPU time, 23.7 NVIDIA H200 GPU-hours, for the ones we run ourselves locally.
Table 21] gives it per judge, in the groups and order of Table [T} with each of the 17 judges scoring
all 630 pairs on retrieved evidence. Only this main run is counted here and each ablation is a further
pass of the same kind.

31



Preprint. Under review.

Table 21: Cost of one pass over the benchmark, per judge. A hosted judge is billed for the tokens
it reads and writes, and a locally served judge for the GPU time it occupies (at $4 per NVIDIA H200
GPU-hour), so each row fills one column or the other. Spend is in US dollars.

Judge Tokens  GPU-hours  Spend ($)
Hosted API models (general-purpose)
¢ Gemini-3.7-Flash 53.9M — 21.44
¢ Gemini-3.1-Pro 67.5M — 82.21
¢ Gemini-3.5-Flash-Lite 54.0M — 9.11
v2 Qwen-3.8-Max 32.4M — 33.92
v Qwen-3.7-Flash 34.5M — 4.32
® GPT-5.6-Terra 23.5M — 25.79
Kimi-K2.6 46.2M — 68.60
Open-weight local models (general-purpose)
Gemma-4-26B-A4B — 39 15.50
Gemma-4-E2B — 0.9 3.61
Gemma-4-E4B — 0.4 1.69
v Qwen-3.5-9B — 6.2 24.61
v Qwen-3.5-4B — 4.9 19.56
v Qwen-3.5-2B — 2.6 10.51
v Qwen3-Omni-30B-A3B — 1.2 4.83
Open-weight local models (fine-tuned as judges)
© InternLM-XComposer-2.5-Reward — 0.6 2.55
B VideoJudge-3B — 0.2 0.97
B VideoJudge-7B — 2.7 10.92
All 312.1M 23.7 340.16

F HUMAN EVALUATION DETAILS

To reduce the burden of watching long videos, we retrieve the key moments corresponding to each
part of the question and each answer sentence using Qwen-3.7-Plus from both video segments in a
preference pair; Appendix [G.3| gives the prompt it is asked this with and the schema of its response.
Moreover, we underline the differences between two answers in each preference pair to spot subtle
changes in text, with the option to toggle by the annotators.

We have collected 87 hours of human annotation with median time spent 7 to 11 minutes across
workers. The annotators received 8.23 USD per hour on average, which is higher than the federal
minimum wage in the US.

We restrict the task to workers who meet four Amazon Mechanical Turk qualifications: a lifetime
HIT approval rate of at least 95%, at least 1,000 approved HITs, residence in a majority-English-
speaking country (Australia, Canada, New Zealand, the United Kingdom, or the United States), and
the Masters qualification granted by Amazon. To further improve the annotation quality, we include
10% attention check samples, trivial questions with straightforward answers, and we discard the
ratings of any worker who fails it.

We summarize the study in Table The three annotators of a pair agree with each other at « =
0.781, and 93.0% of the individual ratings fall on the answer PLAYLISTEVAL intends to win. Taking
the majority of a pair’s ratings, 147 of the 152 pairs side with the benchmark and five overturn it.
Neither slot is favoured, so the position preference the judges show (Table is a property of the
judges rather than of the task.

The task as a worker sees it is shown in Figures T3] [[4]and [I3} the instructions and payment terms,
the question with its evidence video and the two answers, and the decision and written explanation
the worker submits.
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Which answer does the video better support?

’ Watch the evidence video, read the question and the two answers (A and B), then choose the answer the video better supports.

Payment

$0.50 + $0.20

base reward per HIT bonus per minute of video

[ This video is 2.6 min — your reward: $0.50 base + $0.50 bonus = $1.00 total. ]

Bonus scales with video length — e.g. a 3-min video ears a $0.60 bonus (total $1.10), a 10-min video earns a $2.00 bonus (total $2.50). Bonuses are paid within 2 days of your
work being approved, as a separate MTurk bonus payment on top of the base reward.

How to choose:

Pick A or B — whichever is BETTER ‘You must pick one

« Base your choice on what the video actually shows and says — not on « Atie is not allowed — even if both look similar, one is better supported. Find
which answer sounds more polished or is longer. For each highlighted the deciding detail.
difference, re-read the surrounding sentence and find that moment in the « You must also explain your choice in writing (1-3 simple sentences, at least
video before judging it. 20 words): why your pick is better and why the other is worse.

« Prefer the answer whose claims are supported by the footage across both « If both answers seem bad, that is expected — do not skip or guess.
parts of the two-hop question. randomly. Tally the errors on each side and weigh their severity: which

« Count hallucinated details (things the video does not show), wrong on-screen answer's mistakes, all considered together, contradict the video less? Never
entities, or wrong ordering against an answer. eliminate an answer over one flaw while ignoring the rest.

« Expect several errors in BOTH answers — that is normal for this task. « You must select A or B before submitting.

Finding one mistake in an answer does not settle the choice: the other answer
usually has mistakes too.

« Decide by the combined severity of ALL errors on each side, not by a single
difference. A fabricated scene or wrong person is serious; a slightly-off color or
minor wording is small. Pick the answer whose errors, taken together, do less
damage.

Before you start: Please ensure a stable internet connection and that your device audio is on. Each video is high-definition with sound — you must be able to both see and
hear it to judge accurately.

* Tip: The video is a set of short evidence clips stitched together (it may jump between scenes). Judge from what these clips show.

A Attention Check Notice: Responses that fail attention checks may be rejected. Please watch the video carefully.

A\ Research Use Notice: Only your responses will be used for academic research purposes.

Figure 13: Annotation task on Amazon Mechanical Turk, part 1 of 3: what the worker is asked
to do, what it pays, and how to choose between the two answers.
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QUESTION

Examine the path cutting through the hills within the protected fossil reserve situated at the center of the
arid valley to evaluate how its elevation above the terrain contrasts with the surface of the pedestrian
walkway stretching beneath the blooming trees in the metropolitan park situated between the dense urban

rainforest across from the expansive waterfront.

Highlight what differs between A and B 2 places differ (6 of 424 words) = 1 prev | next

The two answers are mostly identical — the highlights are where they disagree. For every highlight, read the full
sentence around it and check that sentence against the video: does the footage actually show what each
version claims? A highlighted word alone can look fine — its sentence may still describe something the video never
shows. Weigh all the differences together, not just the first one you spot

ANSWER A

The video highlights the regional synthesis of
urban infrastructure and natural preservation
across the Pacific Northwest. In a vast
metropolitan park located between a dense urban
rainforest and an expansive waterfront,
pedestrians are seen traveling along a sidewalk
beneath a dense canopy of blooming trees. Visual
analysis of this frame reveals that the walkway s
constructed at ground level, consisting of a dark,
charcoal-grey asphalt surface that integrates
directly with the surrounding public park
environment and city grid.

In contrast, the scene explores a remote
geological site within a protected fossil reserve
situated in the center of an arid valley. Cutting
through this fragile terrain is a visitor path that is
distinctively elevated above the layered soil on a
complex wooden framework, incorporating
protective railings along both sides of the
boardwalk. This specific construction provides a
secure vantage point for observers while
preventing direct human contact with the ancient
and sensitive geological striations of the site.

Ultimately, the comparison between these two
locations evaluates how diverse environmental
settings dictate structural requirements for human
access. While the ground-level asphalt sidewalk in
the metropolitan park facilitates high-volume.
transit in a robust urban setting, the elevated
boardwalk in the protected hills serves as a
necessary conservation tool to shield the
prehistoric terrain from modern environmental
impact.

Evidence clips (watch fully — with sound)

ANSWER B

The video highlights the regional synthesis of
urban infrastructure and natural preservation
across the Pacific Northwest. In a vast
metropolitan park located between a dense urban
rainforest and an expansive waterfront,
pedestrians are seen traveling along a sidewalk
beneath a dense canopy of blooming trees. Visual
analysis of this frame reveals that the walkway is
constructed at ground level, consisting of a flat,
stable surface that integrates directly with the
surrounding public park environment and city grid.

In contrast, the scene explores a remote
geological site within a protected fossil reserve
situated in the center of an arid valley. Cutting
through this fragile terrain is a visitor path that is
distinctively elevated above the layered soil on a
complex wooden framework, incorporating
protective railings along both sides of the
boardwalk. This specific construction provides a
secure vantage point for observers while
preventing direct human contact with the ancient
and sensitive geological striations of the site.

Ultimately, the comparison between these two
locations evaluates how diverse environmental
settings dictate structural requirements for human
access. While the ground-level sidewalk in the
metropolitan park facilitates high-volume transit in
a robust urban setting, the elevated boardwalk in
the protected hills serves as a necessary
conservation tool to shield the prehistoric terrain
from modern environmental impact.

Figure 14: Part 2 of 3: the two-segment question with the evidence video beside it, and the two
answers. Differences between the answers are highlighted and can be stepped through, so a worker
compares only the few places where they disagree rather than re-reading both in full.

YOUR DECISION

Which answer does the video better support?

® Answer A is better ® Answer B is better

YOUR EXPLANATION

In 1-3 simple sentences (at least 20 words), explain why the answer you chose is better and why the other is worse — point to what the video shows.
If both had errors, say which errors mattered most to your decision.

Example: Answer A matches the video — the mill and the waterfall are both shown. Answer B mentions a suspension bridge that never appears, so it is describing
something else.

z

0/20 words keep writing... (and pick A or B above)

Figure 15: Part 3 of 3: the forced choice between the two answers, and the written explanation of
at least 20 words that a worker must give before submitting.
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Table 22: Summary of human evaluation. Each pair was a forced A/B choice shown to three
annotators, with the benchmark’s intended answer placed in a random slot. The middle block reports
agreement among the annotators, the last block agreement with the intended answer (per rating and
per pair majority), and the final row the share of ratings per slot.

Statistic Value
Study

Pairs 152
Valid ratings 456
Attention checks passed 40/40
Agreement between annotators

Krippendorff’s o (Krippendorft] 2011) 0.781
Unanimous pairs (3 of 3) 126
Agreement with the intended preference

Ratings that agree (%) 93.0
Majority agrees 147 (96.7%)
Majority overturns 5(3.3%)
Answer position

Preferred slot A/B (%) 49.8/50.2
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G PRrROMPTS

G.1 REWARD MODEL EVALUATION PROMPT

Every judge in the meta-evaluation (block G of Figure [2) receives the prompt below, and the diffi-
culty gate (block F) runs InternVL3.5-8B and Qwen3-VL-30B-A3B on the same prompt. Follow-
ing |Luo et al.| (2025); |[Lambert et al.| (2025)), the judge is shown two answers to one question, one
ranked above the other in the intended order, and must pick the better one; a tie is not accepted. The
frames are attached to the request. The transcript block is sent only when the judge input includes
the transcript, as it does by default for every judge that does not receive audio (Table[8). The verdict
isthe [[A]] or [ [B]] in the reply. In the meta-evaluation, which answer appears as Model A is
drawn once per pair with a shared seed, so every judge sees a given pair the same way round, and a
reply without a verdict, whether unparsed output or a provider’s refusal, is credited at chance.

Pairwise judging

Blocks F and G - InternVL3.5-8B and Qwen3-VL-30B-A3B (F), every judge of Table |Z] (G) - input:
frames, with the transcript or the audio of their segments

You are an expert video understanding evaluator. You are shown frames sampled from a set of short video
segments retrieved from a video library — they are NOT one clip per hop, they are not in a guaranteed
order of relevance, and some may be irrelevant to the question. Together they may or may not contain
what is needed to answer BOTH hops. You are given the two-hop question and two candidate answers to
it (from Model A and Model B). Act as an impartial judge and decide which answer is better, grounding
EVERY judgement in what the frames actually show and say — not in surface plausibility. If the frames
do not show something an answer asserts, treat that assertion as unsupported rather than assuming a
segment you were not shown covers it.

Two-hop question:

<guestion>
{{question}}
</question>

sent only when the judge input includes the transcript

Transcript (dialogue from the retrieved segments):
<transcript>

{{transcript}}
</transcript>

Model A’s answer:

<answer_model_a>
{{answer_a}}
</answer_model_a>

Model B’s answer:

<answer_model_b>
{{answer b}}
</answer_model b>

Evaluate both answers against these standards:

1. [Instruction Following]: The answer closely follows the question and directly addresses the specified
two-hop task.

2. [Accuracy]: The answer uses the frames faithfully — correct events, on-screen entities, and the order
in which they appear across BOTH hops and the bridge between them; no hallucinated visual/au-
dio details, no actions attributed to the wrong subject or phase; contextually coherent with precise
terminology.

3. [Relevance]: The answer is comprehensive and on-topic, covering both hops and their connecting
bridge without straying, and offering the detail the question calls for.

4. [Helpfulness]: The answer gives clear, valuable information that actually resolves the question, avoid-
ing vague or irrelevant content.
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You MUST choose one answer. A tie is not an option. Even when the two answers look similar in
quality — both strong, both weak, or both partly unsupported by the frames — one of them is still better
on the standards above. Find the discriminating detail and commit to it: a claim one answer grounds in
the frames and the other does not, a hop one covers and the other skips, a hallucinated entity, a wrong
ordering across the bridge. Do NOT say both are good, do NOT say neither is good, and do NOT decline
to choose.

Avoid any position biases and ensure that the order in which the answers were presented does not influence
your decision. Do not allow the length of an answer to influence your evaluation — a longer answer is
not a better one, and extra detail that the frames do not support counts against it, not for it. Be as objective
as possible.

Follow these steps for your judgement:

e Step 1: Analyze which answer is better on [Instruction Following].

» Step 2: Analyze which answer is better on [Accuracy].

e Step 3: Analyze which answer is better on [Relevance].

 Step 4: Analyze which answer is better on [Helpfulness].

* Step 5: From Steps 1-4, determine the overall winner. If the four standards are split, weigh [Accuracy]

highest — grounding in the frames is what this task is testing. The outcome is either Model A or
Model B; there is no third option. Emit it as [[A]] or [[B]].

Respond strictly in the following format:

Y

[Instruction Following]
[Your Analysis]

“Y‘[Accuracy]
[Your Analysis]
Vi
*Y'[Relevance]
[Your Analysis]
Vaa
‘‘‘[Helpfulness]
[Your Analysis]

‘‘[Overall Judge]
[[A]] if assistant A is better, [[B]] i1f assistant B is better.

— slot formats

{{answer_a}} and {{answer b}} are the two answers with their citations removed.
{{transcript}} has one line per segment, in the order of the frames; ¢ numbers the source videos by
first appearance, and mm: ss is where the segment starts in its video:

[Video 1 @ mm:ss] <transcript of the segment>

G.2 DATA GENERATION PROMPTS

This section gives every prompt of the data pipeline, in the order of Figure 2] each followed by the
schema of the response it must return. Table 23] maps each block of the figure to its model and
prompt. The wording inside each prompt box is the prompt as sent; Markdown emphasis, headings
and bullets in the templates are rendered as typography. Slots such as {{question}} are filled
for each request, and marked dividers show text added to a template at run time. Every call returns
JSON constrained by a response schema, passed to Gemini models as a JSON schema and to the
GPT and Qwen models as a strict JSON schema. Each schema box shows the typed field tree and
then the field descriptions verbatim, because the model reads those descriptions too, and for question
generation and wrong-answer generation they carry much of the specification.

G.2.1 TWO-SEGMENT QA GENERATION (B)

Gemini-3-Flash receives the two paired 30-minute clips as native video sampled at 0.5 fps, each
introduced by a marker (-——-Here is Clip l:---,—--—-Here is Clip 2:---), followed
by the prompt below. The model answers in a structured format whose field descriptions carry
most of the question and answer specification; the schema box after the prompt gives them in full.
The keyword {{question_type_word}} is drawn per request, uniformly over the Understand,
Apply, Analyze and Evaluate columns of the knowledge dimension matrix.
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Table 23: Steps of the data pipeline, by block of Figure 2] with the model that runs each step and
its prompt. Blocks C1 and D2 are rule-based and call no model.

Block Step Model Prompt
B Two-segment QA generation Gemini-3-Flash
Cl Structural checks — —
C2 Transcript test: transcript-only answer  Gemini-3-Flash G.2.2
verification of that answer GPT-5.4-mini G.2.4]
Parametric test: answer, combination A  Gemini-3-Flash G.2.3
verification, combination A GPT-5.4 G.2.4
Parametric test: answer, combination B GPT-5.4-mini G.2.3
verification, combination B Gemini-3.1-Pro G.2.4
C3 Video grounding Qwen-3.7-Plus G.2.5
D1 Graded wrong answers Gemini-3-Flash G.2.6
D2 Structural checks — —
D3 Ranking without the video Gemini-3.1-Pro and GPT-5.4 G.2.7
D4 Ranking with the video Qwen-3.7-Plus G.2.8
E Regeneration feedback appended to the B and D1 prompts |G.2.9

Two-segment QA generation — prompt

Block B - Gemini-3-Flash - input: two clips as video

Role

You are an expert video analyst and educational content designer specializing in multi-hop reasoning.

Task

Generate one diverse, complex, two-hop question that require synthesizing information from two distinct
video segments. These video segments are the part of a large video database on a specific topic.

Output Requirements

* JSON Format: Must be a strictly valid JSON object.

e Timestamps: Provide start_time and end_time in seconds. This duration must contain neces-
sary information to understand the question context and the answer to the corresponding question.

* Clip IDs: Use 1-indexed video indices.

The Knowledge 1 Remember 2 Understand 3 Apply 4 Analyze 5 Evaluate
Dimension
A Factual name, list, restate, order  state, distinguish, select
define, label determine classify according to
B Conceptual identify, locate describe, illustrate, examine, rank, compare
explain show analyze
C Procedural tell, describe ~ summarize, solve, deduct, conclude,
translate demonstrate  diagram choose
D Meta — interpret, find out, use infer, examine jutsify, judge
Cognitive paraphrase

The keywords in the Knowledge Dimension Matrix indicate the level of complexity within a search query.
While simpler questions are located at the top left, more complex questions are positioned on the bottom
right of the table. Please formulate diverse and more complex questions requiring multi-hop reasoning.

Contextual Identification Protocol

* Zero Nominal Reference: Do not use pronouns, names, or formal titles.
e Environmental Anchoring: Refer to participants only by their position relative to fixed landmarks
(e.g., “the one positioned between the flickering lamp and the open doorway”).
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 Attribute Exclusion: Strictly avoid describing what an entity looks like, wears, is doing, is acting or
is made of. The viewer must deduce “who” or “what” based solely on where they are and within the
shot. For example, you MUST avoid the COLOR.
¢ Anti-Generic Detail: Use hyper-specific environmental cues that exist only in this specific sequence
to ensure the video is the only key to the description.
* Process: Find a scene, observe the people, entities or objects in this scene. Describe/outline the scene
information in the question stem.
* Example Question stem: On the red wooden table, there is an iron grid rack with a glass bowl
containing four rolls of food. In the frame, there is a brush covered with yellow liquid decorating
them.

— appended at run time: the transcript of both clips

Audio transcript of the clips (everything SPOKEN in the two videos)
{{transcript}}

CRITICAL — visual grounding requirement

The generated question AND its answer MUST require WATCHING the video. The transcript above is
the complete spoken audio. Your question+answer must NOT be answerable from this transcript alone,
nor from general world knowledge — the answer must depend on VISUAL details shown on screen but
NOT stated in the transcript (e.g. colours, spatial layout, gestures, on-screen objects/text, who or what
appears). Do not merely restate what is said.

Two-segment QA generation — response schema

Structured output Recipe, enforced as a JSON schema; its field descriptions, below the tree, are read by
the model together with the prompt

Recipe
ga_pairs : list of QA_Pair
question : string
answer : string
question_type : { row : "Factual" | "Conceptual" | "Procedural" | "Meta
<~ Cognitive",
column : "Remember" | "Understand" | "Apply" | "Analyze" | "
< Evaluate" }
bridge : string
hop_1 : string
hop_2 : string
scene_references : list of { scene_description : string, actual_entity_name : string
— }
clip_ranges : list of { clip_id : integer, start_time : integer,
end_time : integer, ga_reference : string }

— field descriptions
ga_pairs List of QA pairs.
e Linguistic Architecture
« Entity Diversity: Each QA pair must focus on different objects, people, or concepts to ensure zero
repetition.
¢ Unified Media Perspective
* Single Entity Rule: Treat all provided clips as one single video.
* Terminology: Use only “the video,” “the scene,” “the frame,” or “the shot.”
* Prohibited References: Never use “Video 1,” “first lecture,” “second clip,” or any term implying

the media is split.
Each QA pair
question Question stem sentence(s), followed by a multihop question.

* Forbidden Terms: You must not use the word “and” in any question.
* Forbidden Syntax: Avoid semicolons or comma-splices used to mimic the word “and.”
¢ Question Specifications

e Draft as a single, grammatically correct sentence without the word “and.”
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* Temporal Distance: The two segments used for each question must be at least 4 minutes apart.
¢ The “Two-Hop” Logic:
* Hop 1: Extract a specific fact or concept from Video A.
* Bridge: Connect that fact to a related concept in Video B.
e Hop 2: Derive the final answer based on the interaction of both facts.
e Complexity: Target the bottom-right of the Knowledge Dimension Matrix (Analyze, Evaluate,
Meta-Cognitive).
Multi-Hop QA Generation Tasks

* Question 1: The Justification Query
» Keyword Requirement: The question must include the word “{{question_type word}}”.
e Multi-Hop Logic:
* Hop 1: Information must originate from the Clip 1.
e Hop 2: Information must originate from the Clip 2.
* Anti-Generic Detail: Use hyper-specific environmental cues that exist only in this specific sequence
to ensure the video is the only key to the description.
* Detailed Scene Description: Give detailed description of the scene surrounding the entity. Avoid very
short and vague descriptions. Use at least 20 words per entity.
« Attribute Exclusion: Strictly avoid describing what an entity looks like, wears, is doing, is acting or
is made of. The viewer must deduce “who” or “what” based solely on where they are and within the
shot. For example, you MUST avoid the color, organs or any direct physcial attribute.

answer Task: Comprehensive Video Answer Synthesis. Objective: Generate a detailed, long-form
summary of the provided video content, organized into distinct thematic paragraphs.

1. Citation Formatting Constraints. You MUST cite the video source for every claim made. Use the
following strict format for timestamp ranges:
* Format: (video-id @ MM:SS - MM:SS) — the l-indexed clip id, then @, then a start
- endrange in MM: SS.
* Multiple ranges: comma-separate them inside one bracket, repeating video—id @ whenever
the clip changes, e.g. (1 @ 04:20 - 05:15, 2 @ 10:02 - 13:32).
* One clip per range: each start - end range belongs to a SINGLE clip. NEVER mix two
clips in one range (do NOT write (1 @ 04:20 - 2 @ 05:15)).
* Placement: Brackets must be placed only at the end of the sentence or section they support.
* Example: “The speaker argues that renewable energy costs have plummeted significantly (1 @
04:20 - 05:15).”
2. Structural Requirements.
* Multi-Paragraph Format: Do not use bullet points for the main body. Use 3-5 distinct paragraphs
to group related concepts.
¢ Introduction: Briefly state the primary topic and the speaker’s core thesis.
* Deep Dive: Summarize the specific evidence, data, or narrative sequences presented in the footage.
* Conclusion: Summarize the final takeaways or calls to action provided at the end of the video.
3. Content Accuracy. Summarize only the information retrieved from the video. Do not add outside
information. Ensure the summary is cohesive and maintains the original context of the discussion.

question_type Type of question as per the Knowledge Dimension Matrix (row: Factual, Concep-
tual, Procedural or Meta Cognitive; column: Remember, Understand, Apply, Analyze or Evaluate).

bridge Logical bridge between hops. hop_1 Firsthop. hop-2 Second hop.

scene_references Scene references where entity has been encoded with the scene-referred sur-
rounding description in the QA pair with decoded identity. Each gives scene_description (the
scence-referred hint or description used in the question) and actual_entity_name (the real identity
of the entity).

clip _ranges Comprehensive list of clip ranges for covering all the references to the question context
and answer. Each gives c1ip_id (1-indexed video index), start_time (absolute start time (adding
start offset) in seconds where any reference to the question context and/or answer begins), end_t ime
(absolute end time (adding start offset) in seconds covering a particular reference to the question con-
text and answer from the start time) and ga_reference (the reference to the question context and/or
answer).
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G.2.2 TRANSCRIPT-ONLY ANSWER (C2)

The transcript-shortcut check asks whether a question can be answered without the video. Gemini-
3-Flash answers from transcripts alone; GPT-5.4-mini then compares that answer with the gold
answer using the verification prompt of Appendix [G.2.4] To make the relevant passage harder to
locate, each segment’s own 30-minute transcript is placed among two further 30-minute windows
from a different video of the playlist, in an order shuffled per item.

Transcript-only answer

Block C2 - Gemini-3-Flash - input: text only

Task: Comprehensive Answer Synthesis (Transcript-Grounded)

Objective: Answer the given question using ONLY the provided transcript(s). Do not use outside knowl-
edge and do not infer visual details that are not stated in the transcript. Organize the answer into distinct
thematic paragraphs.

Structural Requirements

* Multi-Paragraph Format: Do not use bullet points for the main body. Use 3-5 distinct paragraphs to
group related concepts.

* Transcript Grounding: Base every claim on the transcript text. If the transcript does not contain the
information needed to answer, state that plainly rather than guessing.

Output Fields (return JSON)

 explanation: FIRST, briefly reason about the question — identify the two hops it spans and how the
transcript connects them. This is your scratchpad; it is not part of the answer.
» answer: THEN write the transcript-grounded answer as described above (3-5 paragraphs). Do not
restate the explanation or add any prelude/follow-up.
Transcript

{{transcript}}

Question
{{question}}

Transcript-only answer — response schema

Structured output GeneratedAnswer, enforced as a JSON schema; the explanation comes first so the
model reasons before it answers

GeneratedAnswer
explanation : string
answer : string

— field descriptions
explanation Reasoning: identify the two hops the question spans and how they connect, before
writing the answer. Not shown to the verifier.

answer The detailed, long-form answer: 3-5 distinct thematic paragraphs, no bullet points.

G.2.3 PARAMETRIC ANSWER (C2)

The parametric-recall check asks whether a question can be answered from memory, with neither
the video nor its transcript. It runs in two combinations with the generator and verifier swapped:
Gemini-3-Flash answers and GPT-5.4 verifies (combination A), and GPT-5.4-mini answers and
Gemini-3.1-Pro verifies (combination B). A question is rejected only when both combinations judge
the memory-only answer correct. Both generators receive the same prompt.
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Parametric answer

Block C2 - combination A: Gemini-3-Flash - combination B: GPT-5.4-mini - input: the question only

Task: Comprehensive Answer Synthesis

Objective: Generate a detailed, long-form answer to the given question, organized into distinct thematic
paragraphs, using your own parametric knowledge.

Structural Requirements

* Multi-Paragraph Format: Do not use bullet points for the main body. Use 3-5 distinct paragraphs to
group related concepts.

¢ Introduction: Briefly state the primary topic and the core thesis.

* Deep Dive: Summarize the specific evidence, data, or narrative.

¢ Conclusion: Summarize the final takeaways or calls to action.

Output Fields (return JSON)

 explanation: FIRST, briefly reason about the question — identify the two hops it spans and how they
connect. This is your scratchpad; it is not part of the answer.

» answer: THEN write the answer as described above (3-5 paragraphs). Do not restate the explanation
or add any prelude/follow-up.

Question:
{{question}}

Parametric answer — response schema

Structured output GeneratedAnswer, the same as for the transcript-only answer (Appendix [G.2.2);
only its answer field reaches the verifier

GeneratedAnswer
explanation : string
answer : string

— field descriptions
explanation Reasoning: identify the two hops the question spans and how they connect, before
writing the answer. Not shown to the verifier.

answer The detailed, long-form answer: 3-5 distinct thematic paragraphs, no bullet points.

G.2.4 ANSWER VERIFICATION (C2)

One verification prompt serves all three shortcut checks. It compares the answer produced without
the video, from the transcript (Appendix [G.2.2) or from memory (Appendix [G.2.3), with the gold
answer. A Yes means the shortcut succeeded. In the transcript check a single Yes rejects the question;
the parametric check rejects it only when both combinations return Yes.

Answer verification

Block C2 - transcript test: GPT-5.4-mini - parametric test: GPT-5.4 (combination A), Gemini-3.1-Pro
(combination B) - input: text only

You are an expert evaluator assessing the accuracy of an AI’s predicted answer against a ground-truth
reference answer for a complex multi-hop question.

Both the Reference Answer and the Predicted Answer may be long-form text. Your task is to extract the
core factual claims and determine if the predicted text successfully resolves the multi-hop logic without
introducing fatal contradictions.

Evaluation Criteria:

1. Deconstruct the Truth: Analyze the Reference Answer and identify the core factual conclusion neces-
sary to answer the multi-hop question.
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2. Scan the Prediction: Read through the long-form Predicted Answer to locate where (or if) it addresses
those core facts.
3. Judge the Context:

» Match (Yes): The predicted answer explicitly states the core factual truth found in the reference.
Ignore extra verbosity, tangential information, or conversational filler, provided the core truth is
present and unequivocally supported by the text.

* Mismatch (No): The predicted answer fails to include the core truth, completely misses one of the
necessary logical “hops”, or includes a direct contradiction that negates the correct information.

Input

Question
{{question}}

Reference Answer
{{reference_answer}}

Predicted Answer
{{predicted.answer}}

Answer verification — response schema

Structured output QueryJudgement, enforced as a JSON schema; the explanation precedes the verdict

QueryJudgement
explanation : string
judgement : "Yes" | "No"
— field descriptions

explanation Reasoning identifying the core facts in the reference, mapping them to the long-form
prediction, and noting any contradictions.

judgement Whether the prediction is factually consistent with the reference answer for the question.

G.2.5 VIDEO GROUNDING (C3)

Qwen-3.7-Plus receives the prompt first and then, for each segment, the full 30-minute source video
(resized to fit 640 x 480, audio removed, sampled at 0.5 fps) followed by its complete transcript,
labelled as shown at the end of the box. The question’s own two-segment decomposition, written
by the generator in Appendix[G.2.1] is added as a checklist to verify rather than to trust. An item is
kept only when both verdicts are Yes.

Video grounding

Block C3 - Qwen-3.7-Plus - input: two full videos and their transcripts

You are a video content analyst. You will receive video segments with their audio transcripts.

You are given a two-hop QUERY and its proposed ANSWER. Perform TWO assessments. An item is
accepted ONLY when BOTH are “Yes”, so judge each carefully and independently.

Assessment 1 — Is the QUERY answerable from the videos? — query _grounded

Determine if the following two-hop query can be answered using the information present in the provided
videos.
Rules for Two-Hop Evaluation:

 Primary Goal (The Facts): Both distinct pieces of foundational information (the “hops”) required to
answer the query MUST be explicitly present in the videos or transcripts.

e Secondary Goal (The Reasoning): If both hops are explicitly present, you may apply commonsense
reasoning to connect them and draw the final conclusion. The final conclusion or relation itself does
NOT need to be explicitly stated in the videos.

* “Yes” ONLY if both foundational facts are explicitly present and the logical connection between them
can be safely drawn.
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» “No” if either of the required foundational hops is missing, or if the connection requires specialized
outside knowledge beyond basic commonsense.

Assessment 2 — Is the proposed ANSWER grounded in the videos? — answer_grounded

Determine whether the specific claims made in the proposed ANSWER are actually SUPPORTED BY
(grounded in) the video content and transcripts — not merely plausible or answerable in principle.
* “Yes” ONLY if every substantive claim in the ANSWER is directly supported by what is shown on
screen or said in the provided videos/transcripts.
* “No” if the ANSWER asserts details that are absent, contradicted, hallucinated, or that rely on outside
knowledge beyond the videos.

For BOTH assessments, provide video references by their IDs in your explanations, indicating which
video contains which hop / supports which claim.

Query: {{question}}
Proposed Answer: {{answer}}

Respond in this exact JSON format:
{

"query_grounding_explanation": "<1-2 sentence reasoning identifying where the two
< hops are found and how they connect>",

"query_grounded": "<Yes or No>"

"answer_grounding_explanation": "<1-2 sentence reasoning on whether the proposed
< answer’s specific claims are supported by the videos/transcripts>",
"answer_grounded": "<Yes or No>"

— appended: the generator’s own decomposition

INTENDED TWO-HOP DECOMPOSITION (authored with the question; the deliberately-obfuscated
wording above encodes exactly these claims). Your task is to VERIFY each part is actually supported by
the corresponding video AND its transcript — confirm it, do not assume it:

* Hop 1 — should be grounded in Video 1 (+ Transcript 1): {{hop_1}}

* Hop 2 — should be grounded in Video 2 (+ Transcript 2): {{hop_2}}

* Bridge — the entity/reasoning linking hop 1 to hop 2: {{bridge}}

— appended: how the input is laid out

You are given, for each hop, the FULL ~30-minute source vidleo FOLLOWED BY its full spoken-audio
transcript: Video 1 (hop 1) then Transcript 1, Video 2 (hop 2) then Transcript 2. These are the WHOLE
source videos (not pre-selected clips), so the relevant moment may be anywhere within — search the full
transcript for the spoken facts and the video for the visuals. Judge grounding from BOTH.

— content parts that follow the prompt, once per segment k € {1,2}

Video k (hop k) — the FULL ~30-minute source video ({{duration}}s): [video]
Transcript for Video k (the full spoken audio, which the video frames alone do not convey):
{{transcript}}

Video grounding — response schema

Structured output VideoQueryJudgement, enforced as a strict JSON schema; each verdict is pre-
ceded by its explanation so the model reasons first

VideoQueryJudgement

query_grounding_explanation : string

query_grounded : "Yes" | "No"

answer_grounding_explanation : string

answer_grounded : "Yes" | "No"
— field descriptions

query grounding_explanation 1-2 sentence reasoning identifying where the two hops are found
and how they connect.

query _grounded Whether the two-hop QUERY is answerable from the provided videos/transcripts.
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answer _grounding explanation 1-2 sentence reasoning on whether the proposed answer’s spe-
cific claims are supported by (grounded in) the provided video content and transcripts.

answer_grounded Whether the proposed ANSWER’s claims are actually grounded in the videos/-
transcripts (not merely plausible or answerable in principle).

G.2.6 GRADED WRONG ANSWERS (D1)

With a question and its gold answer fixed, Gemini-3-Flash writes four degraded answers rated 4 to
1 while watching the same two clips, supplied as in Appendix [G.2.1] The seven visual categories
are listed in a fresh random order for every request, so no category is anchored to a fixed position.
The response schema again carries much of the specification: the constraint every degraded answer
must meet, and a severity clause that differs by rating.

Graded wrong answers — prompt

Block D1 - Gemini-3-Flash - input: two clips as video

You are provided with two long video clips from a large database of multiple videos, a gold standard long-
form response rated 5 (perfectly accurate, highest quality, comprehensive synthesis), and a corresponding
multi-hop question for a long-video understanding task. These video segments are part of a large video
database on a specific topic. This task requires detailed narrative generation, complex event synthesis,
temporal reasoning, or comprehensive summarization over extended video durations.

Citation Formatting Constraints

The gold standard long-form response also contains citations from the videos. For every claim made,
the video source has been cited using the following strict format for timestamp ranges:

e Format: (video-id @ MM:SS - MM:SS) — the l-indexed clip id, then @, then a start -
end range in MM: SS. Comma-separate multiple ranges inside one bracket when needed, repeating
video-id @ whenever the clip changes.

* Placement: Brackets are placed only at the end of the sentence or section they support.

« Example: “The speaker argues that renewable energy costs have plummeted significantly (1 @ 04:20
- 05:15).”

Your task is to generate four additional long-form responses that simulate progressively lower-quality
outputs for the same multi-hop question. Each generated response should correspond to a quality rating
from 4 to 1, where Rating 5 is the provided gold standard and Ratings 4 through 1 represent decreasing
quality.

As the rating decreases, the responses should reflect increasing levels of degradation specific to chal-
lenges in long-video processing. These degradations should include temporal hallucinations (mixing
up the timeline), omission of entire key segments, loss of narrative coherence, and so on.

Crucial Length Constraint: All generated responses must remain similar in tone, length and structural
depth (e.g., multi-paragraph) to the gold standard. Do not simply truncate the gold response to lower its
quality—simulate realistic, meaningful degradation and narrative drift while maintaining the long-form
format. Use the provided videos to ground the correctness of the response content.

Hard Negative Constraint: The degradations introduced in the lower-rated responses (particularly Rat-
ings 4 and 3) must act as hard negatives. Avoid obvious gibberish, blatant self-contradictions, or sudden,
jarring shifts to unrelated topics that make the errors easily detectable. Instead:

* Weave in plausible but subtly incorrect details, possibly grounded on the video.
* Make realistic-sounding visual swaps (e.g., attributing an action to the wrong on-screen subject).
¢ Maintain an authoritative, fluent, and confident tone while presenting flawed reasoning.

The errors should require careful reading and deep comparison with the provided videos to spot, forcing
the evaluator to actively verify the logic and timeline rather than relying on surface-level structural flaws.
Visual Modality Taxonomy

Degradations should come from purely visual-only cues — such as, but not limited to, the following
categories. You may also use other purely-visual details not listed here, as long as they stay invisible to a
transcript-only or world-knowledge reader:

* COLOR/APPEARANCE: Object color, texture, material, clothing color
* SPATIAL: Left/right positioning, foreground/background, proximity
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* GESTURE/POSTURE: Body language, hand position, eye contact direction

* PROPS/OBJECTS: What object is held/used (when not named in audio)

* ENVIRONMENT: Background setting details, room layout, visible signage

* ON-SCREEN GRAPHICS: Slide content, diagrams, charts shown (if not read aloud)
* CROWD/PRESENCE: Number of people visible, audience reactions

DO NOT degrade using:
» Speaker identity, names, or roles (text-verifiable)
¢ Numerical claims, statistics (text-verifiable)
» Event sequence or temporal order (text-verifiable)
» Causal relationships between events (text-verifiable)
* What is explicitly said or described verbally (text-verifiable)

Output Format

Return a valid JSON object matching the provided schema (causal_attributes,
gold_standard.analysis, and rating_4 ... rating_1). Each rating contains the degraded
long-form response plus its causal-attribute analysis. EXCLUDE all timestamps and citations from
the degraded answers. Do not include any commentary outside the JSON object.

Input

multi-hop question:
{{question}}

Gold Standard Long-Form Response (Rating 5) containing timestamp references:
{{gold.standard response}}

Graded wrong answers — response schema

Structured output VideoResponseDegradation, enforced as a JSON schema; its field descriptions,
below the tree, are read by the model together with the prompt

VideoResponseDegradation

causal_attributes : list of CausalAttribute
attribute_name : string
importance_score : number
description : string
gold_standard_analysis : GoldStandardAnalysis
attribute_analysis : list of GoldAttributes
attribute_name : string
quality_by_elements : list of { element : string, impact : string }
rating_4, rating_3, rating_2, rating_1l : DegradedResponse
response : string
attribute_degradations : list of AttributeDegradations
attribute_name : string
degradation_by_elements : list of { element : string, impact : string,
modality : "visual_only" | "audio_visual" | "
— text_verifiable" }
constant_attributes : list of ConstantAttributes
attribute_name : string
consistency_by_elements : list of { element : string, impact : string }
upgraded_attributes : list of UpgradedAttributes
attribute_name : string
improvement_by_elements : list of { element : string, impact : string }

— field descriptions

causal_attributes As a reward model, rate answers for the given question across multiple at-
tributes. First identify these attributes and give an importance score between 0 and 1 for each, based on
how important they are for rating a response to that question. The importance scores should sum to 1.

Provide 5 mutually exclusive and important attributes required to rate an answer holistically, along
with their importance score. These attributes should be independent of each other and depend largely
on the given Question. Each gives attribute_name (the name of the holistic evaluation attribute),
importance_score (ranging from O to 1) and description (what this attribute measures in the
context of the question).
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gold standard analysis Analysis of how the gold standard response (Rating 5) satisfies the iden-
tified causal attributes. Try to mention all five causal_attributes in GoldAttributes. For each
attribute, the specific causal elements that make the gold standard response high quality, with the direct
causal impact of each on the attribute’s high rating.
rating 4, rating.3, rating.2, rating.1l Each carries the same constraint text, differing
only in clause 3:

CRITICAL CONSTRAINTS:

1. Structural Equivalence: Maintain the exact length, tone, and 2-hop QA structural depth of the gold
standard.

2. Strict Exclusions: No timestamps, no meta-commentary, and strictly use positive phrasing only.

3. Visual-Dependent Degradation: (clause for this rating, below)

Try to mention all causal_attributes in AttributeDegradations, ConstantAttributes, and Up-

gradedAttributes as a whole; the same attribute can be repeated across these three.

* Rating 4: The text must read as perfectly logical and plausible; the error must be purely visual and
undetectable relying solely on the transcript or world knowledge (minor visual alteration).

* Rating 3: The text must NOT be disjointed or logically broken; it must read smoothly. The halluci-
nation must rely entirely on inventing visual elements undetectable without video playback (moderate
visual substitution).

* Rating 2: Despite severe factual drift from the video, the text MUST remain cohesive and plausible.
Do not ramble. The error must be purely visual and impossible to detect by reading the text or transcript
(major visual event/subject change).

e Rating 1: The text MUST NOT be incoherent, repetitive, or structurally broken. It must read flaw-
lessly as a highly plausible long-form answer to a different video — the total fabrication is 100% visual
and undetectable without watching the video (completely fabricated visual sequence).

Each rating’s fields

response Gold-Standard Response Constraints. The gold standard response was generated with the
following constraints:

e Structural Requirements
* Multi-Paragraph Format: Do not use bullet points for the main body. Use 3-5 distinct paragraphs
to group related concepts.
¢ Introduction: Briefly state the primary topic and the speaker’s core thesis.
* Deep Dive: Summarize the specific evidence, data, or narrative sequences presented in the footage.
e Conclusion: Summarize the final takeaways or calls to action provided at the end of the video.
e Content Accuracy. Summarize only the information retrieved from the video. Do not add outside
information. Ensure the summary is cohesive and maintains the original context of the discussion.

Based on the provided Gold Standard Response and Video, generate a degraded response that strictly
adheres to the following constraints:

1. Structural Equivalence: Maintain the exact length, tone, and structural depth of the gold standard.

2. 2-Hop QA Format: strictly follow the 2-hop question-answering structure used in the gold standard.
3. No Timestamps: Do not include or reference any video timestamps or citations.

4. No Meta-Commentary: Do not mention, hint, or imply that the response is fabricated, altered, or

artificial.
5. Positive Phrasing Only: Strictly avoid Negative Polarity sentences (e.g., do not use phrasing like
“There is no real connection. ..”, “The video does not show...”, or “Unlike...”).

6. Visual-Dependent Degradation (CRITICAL): The error or hallucination introduced must rely entirely
on visual elements of the video. A reviewer reading only the text transcript/audio or relying on general
parametric world knowledge must not be able to detect the degradation. It must read as perfectly
logical and plausible unless compared directly against the actual video playback.

Generate a degraded response that passes the following adversarial test:

TEST: Give only the audio transcript of the video (no visuals) to a strong Al judge and ask it to rate this
response. The judge MUST rate this response as high quality (4-5/5) because the degradation is invisible
in the transcript or parametric knowledge.

To pass this test, degradations must ONLY target:

e Visual appearance details (colors, clothing, object appearance)
e Spatial/positional details (where things are placed on screen)
* Gestural/body language details (what gesture accompanies speech)
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* Environmental/background details (what is visible in the scene)
e Unnarrated on-screen graphics content
Degradations MUST NOT target anything a transcript reveals:
e What is said, claimed, or argued
* The sequence or timing of verbal events
» Names, titles, statistics, or quoted content
» Causal logic stated in the narration
SELF-CHECK before finalizing: Read your response alongside only the audio transcript. If a fact-checker

with only the transcript could flag your error, revise it. The error must survive transcript-only verification
as plausible.

attribute_degradations As an expertin causal reasoning and response evaluation, identify gen-
eralizable causal elements that directly affect the strength of each attribute (CausalAttribute) in the de-
graded response.

* Identify a list of causal elements that impact each attribute.
¢ Each element must have a clear role in decreasing the attribute; explain its direct causal impact.
* Do not include any non-causal heuristics.

Each element gives element, impact and modality, which must be visual_only for valid degra-
dation (the alternatives are audio_visual and text_verifiable).

constant_attributes Identify causal elements explaining how certain attributes remained consis-
tent with the gold standard.

* Each element must have a clear role in maintaining stability.
 Explain the direct causal impact on keeping the attribute stable.

upgraded_attributes Identify causal elements explaining how certain attributes were improved
compared to the gold standard (if any).

¢ Each element must have a clear role in the enhancement.
¢ Explain the direct causal impact on the improvement.

G.2.7 RANKING WITHOUT THE VIDEO (D3)

This check asks whether the degradations can be spotted without watching. Two judges, Gemini-3.1-
Pro and GPT-5.4, each rank the gold answer together with its four degraded answers, shuffled, with
neither the video nor the transcript. Every candidate is formatted identically, so the gold answer
cannot be picked out by its text structure. The rubric is the set of attributes that Appendix [G.2.6]
produced for this question. A set is rejected only when both judges recover the intended order.

Ranking without the video

Block D3 - two judges: Gemini-3.1-Pro and GPT-5.4 - input: text only

You are an expert evaluator. You are given a multi-hop question about long videos and several long-form
response candidates that each attempt to answer it.

You are NOT given the videos or their transcripts. Using ONLY your own reasoning about internal
consistency, plausibility, coherence, and general world knowledge, rank the candidates from best (rank 1)
to worst.

Multi-hop Question:

{{question}}

Response Candidates:

{{candidates}}

Evaluation Criteria:

e Accuracy / Plausibility: Which candidate reads as the most accurate, internally consistent account?
¢ Temporal Consistency: Which maintains a coherent timeline of events?

* Hallucination: Which weaves in implausible or self-contradictory details?

e Coherence: Which flows most logically across paragraphs?
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Question-Specific Attributes (weigh the candidates on these):

{{rubric}}

Rank ALL candidates from best to worst. Give particular problems in each response, not vague difter-
ences. Return the full ranking plus a brief overall summary.

— slot formats

{{candidates}}, one block per candidate i:
### Response Candidate i:

<candidate_response>
</candidate_response>

{{rubric}}, one line per attribute:

— *xx<attribute_name>x* (importance <importance_score>): <description>

Ranking without the video — response schema

Structured output WrongAnswerRanking, enforced as a JSON schema; the gate compares the returned
order with the intended one

WrongAnswerRanking

rankings : list of RankEntry
rank : integer
candidate_index : integer
reasoning : string

overall_summary : string

— field descriptions
rankings A full ranking of ALL candidates, from best (rank 1) to worst.

e rank: 1 =best. Increasing rank = lower quality.

e candidate_index: The 1-indexed candidate placed at this rank.

* reasoning: Specific problems or strengths that justify this placement. Name particular issues in the
response; do not give vague differences.

overall summary A brief summary of the key factors that discriminated the candidates.

G.2.8 RANKING WITH THE VIDEO (D4)

The complementary check asks whether the degradations are visible once the video is available.
Qwen-3.7-Plus receives the prompt followed by the two full videos and transcripts, laid out as in
Appendix [G.2.3] and ranks the four degraded answers. The gold answer is left out here, so each
candidate can carry the degradation analysis that Appendix [G.2.6] wrote for it without making any
one of them stand out. A set passes only if the judge reproduces the intended order exactly.

Ranking with the video

Block D4 - Qwen-3.7-Plus - input: two full videos and their transcripts

You are an expert video evaluator. You are given video clips (as sampled frames) together with their audio
transcripts, a multi-hop question, and several long-form response candidates that each attempt to answer
it.

Your task is to rank these response candidates from best (rank 1) to worst based on their accuracy, temporal
consistency, and alignment with the actual VIDEO evidence — not merely on surface plausibility. Ground
every judgement in what the clips actually show and say.

Multi-hop Question:
{{question}}

Response Candidates:
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{{candidates}}

Question-Specific Attributes (weigh the candidates on these):
{{rubric}}

Evaluation Criteria:

* Accuracy: Does the response correctly identify events and details actually shown in the video?
¢ Temporal Consistency: Does it maintain the correct timeline of events as they appear in the clips?
* Hallucination: Does it invent visual details or attribute actions to the wrong on-screen subject/phase?
* Coherence: Does the narrative flow logically across paragraphs?
Each candidate is accompanied by its intended degradation analysis for internal verification. Verify those

degradations against the video, then rank ALL candidates from best to worst. Give particular problems
grounded in the video, not vague differences. Return the full ranking plus a brief overall summary.

— slot format
{{candidates}}, one block per candidate ; {{ rubric}} as in Appendix

### Response Candidate 1i:
<candidate_response>
</candidate_response>

#### Intended Degradation Analysis (for internal verification):
<rubrics>
[
{
"attribute_name": "...
"degradation_by_elements": [

{

n
’

"element": "...",
"impact": "...",
"modality": "visual_only"
}
]
}
]
</rubrics>

Ranking with the video — response schema

Structured output WrongAnswerRanking, enforced as a strict JSON schema; the same schema and
field descriptions as for the ranking without the video (Appendix [G.2.7)

WrongAnswerRanking

rankings : list of RankEntry
rank : integer
candidate_index : integer
reasoning : string

overall _summary : string

G.2.9 REGENERATION FEEDBACK (E)

When an item fails a gate, the reason is fed back and the item is generated again, up to the attempt
limit. The block below is appended to the question-generation prompt (Appendix [G.2.1) or, if
only the wrong answers were rejected, to the wrong-answer prompt (Appendix [G.2.6), listing every
earlier failed attempt for that item. {{reason}} is replaced by the matching guidance for the gate
that rejected it.

Regeneration feedback — question and answer

Block E - appended to the question-generation prompt (B) on retry

Feedback — regenerate a BETTER two-hop QA
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Your previous attempt(s) were REJECTED. Do NOT repeat these mistakes:

* Previous question: {{question}}
Previous answer: {{answer}}
Rejected because: {{reason}}

Generate a NEW question+answer that REQUIRES watching the video: not answerable from the tran-
script/audio alone, nor from world knowledge, with both hops explicitly grounded in the clips.

— {{reason}}, by the gate that rejected the item

* Structural checks (C1): the answer had a structural/format issue — use 3-5 paragraphs with proper
(id @ MM:SS - MM:SS) citations covering at least two 30s segments per hop.

» Transcript test (C2): it could be answered from the transcript/audio ALONE (no video needed) —
make the answer depend on VISUAL details that appear only in the video.

* Parametric test (C2): it could be answered from general world knowledge — make it depend on
specific content unique to THESE clips, not common knowledge.

¢ Video grounding (C3): the answer was not actually shown in the video — ensure BOTH hops are
explicitly present in the clips.

Regeneration feedback — wrong answers

Block E - appended to the wrong-answer prompt (D1) on retry; the question and gold answer stay fixed

Feedback — regenerate BETTER distractors (wrong answers)
Your previous degraded-answer set(s) were REJECTED. Do NOT repeat these mistakes:

* Question: {{question}}
Rejected because: {{reason}}

Produce a NEW set of four degraded answers (Rating 4—1) with VISUAL-ONLY degradations that
survive a text-only check but are detectable WITH the video.

— {{reason}}, by the gate that rejected the set

e Structural checks (D2): some degraded answers were malformed — every rating (4—1) must carry
anon-empty attribute_degradations analysis and a proper response.

* Parametric detectability (D3): the degradations were too obvious: BOTH text-only judges ranked
them correctly WITHOUT the video. Degrade ONLY visual details (colour, spatial layout, gesture,
on-screen objects/text) that a reader cannot infer from the question or the gold answer wording, so the
wrong answers are indistinguishable from text alone.

G.3 HUMAN EVALUATION EVIDENCE PROMPT

An annotator sees short evidence clips, not the two full segments. To choose them, Qwen-3.7-Plus
reads both segments of a question in full — each downscaled to 480p with the audio track removed
and encoded at 2 fps — together with their complete transcripts, and returns time ranges for two
things: the aspect the question asks about in each segment, and every sentence of the reference
answer. Those ranges become the 30-second chunks in the worker’s video panel (Figure [14). The
transcript handed to the model is relabelled to its segment’s own clock, so the [MM:SS-MM: SS]
labels on its lines and the timestamps we ask for share one time base. The pass reads the video itself
rather than reusing the timestamps that the generator recorded when it wrote the question.

Evidence selection for human evaluation

Human study - Qwen-3.7-Plus - input: both segment videos in full and their transcripts

You are given, for each of the two hops of a two-hop question, the FULL source video (each label states
its exact length) followed by its full spoken-audio transcript: Video 1 (hop 1) then Transcript 1, Video 2
(hop 2) then Transcript 2. These are the WHOLE source videos — the relevant moment may be anywhere
within.
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You will ground TWO things against the videos. For each, output the moment(s) it occurs as time ranges
— start_time and end_t ime in MM:SS (minutes:seconds, relative to the start of the relevant hop’s
video; each video is under an hour, so use minutes:seconds only, e.g. 05:15 is 5 min 15 s and 23:40 is 23
min 40 s) plus a short event describing what actually happens on screen / is said there. The transcript
lines are labelled [MM:SS-MM: SS] in the SAME clock, matching the video’s own time.

(A) the two QUESTION HOPS — the specific aspect the question asks about in each hop. Hop 1 is
grounded in Video 1, Hop 2 in Video 2 (each hop’s aspect lives in its own video).

(B) the REFERENCE ANSWER, sentence by sentence — for each sentence give the hop (1 or 2) that
supports it and the range(s); a sentence may span one hop or both, one range or a few. If a sentence is a
general summary not tied to any specific moment, return an empty ranges list for it.

Use BOTH modalities to locate every timestamp — do not rely on the transcript text alone:

* IMAGE (video frames): confirm what is actually SEEN on screen at that moment (objects, people,
actions, on-screen text, scene) matches.

e TEXT (transcript): confirm what is SAID at that moment matches.
A time range is valid only when the visual evidence AND/OR the spoken text at that moment genuinely
support it; cross-check the frames against the transcript and prefer moments where they agree. Use the
smallest ranges that cover the evidence, and make event a concrete description of that moment.
Question:
{{question}}
Question hops (ground each in ITS video — Hop 1 in Video 1, Hop 2 in Video 2):

* Hop 1: {{hop-1}}
* Hop 2: {{hop-2}}

Reference answer sentences (ground each in whichever hop supports it):
{{numbered}}

Respond with a SINGLE valid JSON object and NOTHING else (no prose, no markdown, no code
fences), of this EXACT shape:

{"hop_groundings": [{"hop": 1, "ranges": [{"start_time": "MM:SS", "end_time": "MM:SS", "
— event": "<what happens there>"}]}, {"hop": 2, "ranges": [{"start_time": "MM:SS",
< "end_time": "MM:SS", "event": "<what happens there>"}]}], "groundings": [{"

— sentence": <int>, "ranges": [{"hop": 1, "start_time": "MM:SS", "end_time": "MM:SS
— ", "event": "<what happens there>"}1}]}

— content parts that follow the prompt, once per segment k € {1,2}

Video k (hop k) — the FULL source video, ~{{minutes}} min ({{duration}}s):
[video]

Transcript for Video k:

{{transcript}}

Evidence selection — response schema

Structured output grounding, enforced as a strict JSON schema. It fixes the types and the MM:SS
pattern only, so the meaning of each field is carried by the prompt above

grounding
hop_groundings : list of one entry per question hop
hop : integer 1 or 2
ranges : list of
start_time : string “\d{1,2}:\d{2}$
end_time : string “\d{1,2}:\d{2}$
event : string
groundings : list of one entry per reference-answer sentence
sentence : integer
ranges : list of
hop : integer 1 or 2
start_time : string “\d{1,2}:\d{2}$
end_time : string “\d{1,2}:\d{2}s
event : string
— field descriptions
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hop_groundings The two QUESTION HOPS: the specific aspect the question asks about in each
hop, with the moment(s) it occurs. Hop 1 is grounded in Video 1 and hop 2 in Video 2, so a range here
needs no hop of its own.

groundings The REFERENCE ANSWER, sentence by sentence, by the sentence’s position in the
numbered list the prompt shows, counting from zero. A sentence may be supported in one hop or both,
by one range or a few; a general summary tied to no specific moment returns an empty ranges list.

hop Which hop’s video the range lies in, for a range that supports an answer sentence.

start _time, end time The range, in MM:SS on the clock of that hop’s video — the same clock
the transcript lines are labelled in. The smallest range that covers the evidence.

event A concrete description of what happens on screen or is said in that range.
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