VirtueBench: Evaluating Trustworthiness under Uncertainty in Long Video
Understanding

Supplementary Material

1. Limitations of Existing Long-video Bench-
mark Evaluations

Existing benchmarks for long-video understanding, such

as MLVU [4], LVBench [2], LongVideoBench [3], and

VideoEval-pro [1], exhibit unreliable result when evaluating

state-of-the-art VLMs. To demonstrate this, we conduct a

evaluation using a uniform 64-frame sampling across all

benchmarks, as shown in Table 1. We report results on
both the original Multi-Choice Question (MCQ) and adapted

Open-Ended (OE) formats to mitigate the impact of random

guessing inherent in MCQs [1].

Counter-intuitively, we observe that models typically
recognized for superior capabilities often yield lower
scores. For instance, on MLVU, LLaVA-Video-7B and
InternVideo2.5-8B significantly outperform more advanced
models such as Qwen2.5-VL-7B, Mimo-VL-7B and Qwen3-
VL-8B. Notably, Qwen2.5-VL-7B exhibits much lower per-
formance, likely due to "honest refusal”, where the model
correctly declines to answer when critical visual information
is missing from the sampled frames. Conversely, other mod-
els may achieve artificially high accuracy by hallucinating
or guessing the correct answer despite missing evidence.

This reliability issue stems primarily from two structural
flaws in existing evaluations:

1. Existing benchmarks utilize ground truth answers derived
from the full video. However, the correct answer may
change or become invalid under different frame sampling
rates. Comparing model outputs generated from sparse
sampling against full-video ground truth leads to unfair
comparisons.

2. Due to context window limits, most models cannot pro-
cess all video frames. Consequently, many questions

become unanswerable under incomplete sampling. Exist-

ing metrics treat honest refusals (indicating insufficient

information) as incorrect, while potentially rewarding
models that guess correct answers by chance.

In summary, by neglecting the impact of frame down-
sampling, existing benchmarks fail to provide a trustworthy
assessment of model capabilities. In contrast, VirtueBench
ensures a fair evaluation by rigorously verifying answers
manually against specific frame settings. Questions that
become unanswerable or whose answers shift due to down-
sampling are explicitly corrected, ensuring that models are
evaluated on what is actually visible.

2. Source Distribution of VirtueBench

VirtueBench is constructed by aggregating data from 6 pop-
ular long-video benchmarks. Their proportional distribution
within the final benchmark is shown in Figl.
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Figure 1. Distribution of Source.

Model MLVU LVBench LongVideoBench VideoEval-pro VirtueBench
OE MCQ OE MCQ OE MCQ Overall
Qwen2.5VL-7B 2489 5649 1341 37.92 1234 50.19 14.82 38.03
Qwen3VL-8B 3473 6573 1676 4127 17.35 57.67 24.13 38.78
Mimo-VL-7B 28.52 63.62 1459 4036 15.33 51.46 19.78 35.32
Keye-VL-8B 3418 7571 16.76 40.99 15.71 62.23 24.67 24.55
LLaVA-Video-7B  32.11 71.16 15.15 4330 15.48 43.90 23.89 23.57
InternVideo2.5-8B 2691 75.76 13.55 4134 13.99 62.68 20.56 22.67

Table 1. Performance comparison of VLMs on existing long-video benchmarks versus VirtueBench. We evaluate popular VLMs on
MLVU, LVBench, LongVideoBench and VideoEval-pro against our proposed VirtueBench, using a uniform 64-frame sampling strategy.



3. Prompt for Data Filtering Prompt for difficulty filtering

We use Gemini-2.5-Flash to perform data quality filtering Answer the question using the provided
on existing long-video benchmarks. The filtering consists of image 1if possible. o

two stages: (1) removing questions that cannot be adapted 1f the image s insufficient but the

to open-ended formats, and (2) excluding trivial questions answer can behlnferre(lj . ir(l)m common
answerable without visual reasoning. The exact prompts sense, give the most lLikely answer.

) . If neither is possible, reply: "I
used in each stage are provided below. don’t know."
(1) Filtering Questions Unsuitable for Open-Ended Adap- Output only the answer. Do not
tation include explanations.
Question: {question}
(2) Excluding Trivial Questions Without Video Under-
standing

Prompt for answerability filtering

You are helping filter a dataset of multiple-choice video questions to determine
whether each question can be converted into an open-ended format.

Task:

Evaluate whether the question can be reliably asked and judged as an open-ended
question, based solely on watching the video. Assume you are familiar with its
content.

Output:

Return exactly one word: "Keep" or "Discard". Do not provide explanations.

Keep if:

— The question can be answered objectively by someone who has watched the video, even
if reasoning or summarizing visual evidence is required.

— The answer contains at most 3 distinct elements (objects, actions, events), except
for counting questions where the answer is a single number.

- Or, the question provides a fixed set of elements and asks for ordering or ranking
them.

Discard if any of the following apply:

— The question requires comparing or evaluating the answer options.

— The question is only meaningful when the options are provided.

— The question depends on specific timestamps (e.g., "What happens at 01:207?").

— The question relies on subtitles or precise subtitle timing.

— The answer requires listing more than 3 distinct elements, unless it explicitly asks
for ordering.

— The question is subjective or interpretive (e.g., emotions, opinions).

Examples:

— What color is the car that drives past the house? =+ Keep

— Which of the following animals appears in the video? =+ Discard

— Which statement is true according to the video? =+ Discard

— What happens at 01:20 in the video? =+ Discard

— Summarize the events that happen in the video. = Discard

- How does the character feel after entering the room? =+ Discard

— Put these 4 actions in order: (a) man enters, (b) car leaves, (c) dog barks, (d)
door closes =+ Keep

— Describe the sequence leading to Kaffee and Jo’s discussion about poisoning. =
Discard

Here is the question: {question}
Reference answer: {answer}




4. Prompt for Judgement

Since our benchmark consists entirely of open-ended ques-
tions, we adopt an LLM-as-a-judge evaluation paradigm and
use GPT-40 as the assessment model. As described in the
main paper, the evaluation procedure contains two stages:
(1) refusal detection and (2) correctness judgement. The full
prompt provided to GPT-40 is shown below.

Judgement prompt for GPT-40

You are a strict evaluator assessing answer correctness. You must output 1 for
correct answers and 0 for any other case.

### Input

Question: {question}

Ground Truth Answer: {answer}

Model Prediction: {response}

### Evaluation Rules
Step 1: Refusal Detection - Determine whether the model refused to answer the

question.

- Set refusal = 1 if the prediction indicates that the video lacks sufficient
information to answer the question directly.

— If the model attempts to answer (even incorrectly), set refusal = 0.

Step 2: Judgement of Correctness

Evaluate judgement based on the ground-truth answer type.

Case A: The ground truth has a definite answer

- If refusal = 1, then judgement = 0.

- If refusal = 0, assess semantic consistency:

* Set judgement = 1 if the predicted answer is semantically consistent with the ground
truth, even when expressed indirectly or with mild reasoning.

* Ignore hedging phrases (e.g., ‘‘maybe’’, ‘‘possibly’’, ‘‘not sure’’).

* Minor formatting differences are acceptable.

* Numerical values must match within a reasonable tolerance.

* For unit-based questions, both value and unit must be correct.

* For order-based questions, the event order and the selected events must match
exactly.

* Otherwise, set judgement = 0.

Case B: The ground truth is '‘The video does not provide enough information’’

- Set judgement = 1 only if refusal = 1.

- If the model provides any concrete answer (refusal = 0), then judgement = 0.

### Strict Output Format

Respond strictly in JSON (each field must be either 0 or 1).
Example:

{"refusal": 0, "judgement": 1}




5. Additional Cases of VirtueBench

In this section, we provide additional qualitative examples
from VirtueBench to further illustrate the critical impact
of frame sampling density on video understanding and the
validity of ground-truth answers. These cases demonstrate
how questions that are answerable under high-frame settings
may become unanswerable or misleading when the visual
evidence is lost due to down-sampling.

As shown in Figure 2, we present a fine-grained temporal
reasoning scenario involving a sports score update. Under
the 64-frame setting, the key moment of the score change is
skipped, rendering the question unanswerable. Consequently,
models unable to trace the complete temporal progression

are prone to relying on incorrect

assumptions or priors.

Furthermore, Figure 3 illustrates a complex social in-
teraction requiring the recognition of emotional cues and
character identities. While the 1024-frame input captures
the full narrative arc, including the specific emotional break-
down of the character, the sparse 64-frame input misses
these subtleties. In the absence of these critical visual cues,
models frequently resort to hallucination or misinterpret the

character relationships.

In the first game, when the challenger scores for the first time, how many points has Bugs & Daffy scored? ‘

Gemini-2.5-Flash: The provided frames do not show the
exact moment when the challenger scores for the first
time in the first game. The first score display is at 0:05,
showing "Bugs & Daffy 3, Challengers 0". The next
score display at 0:25 shows the final score of the first
game as "Bugs & Daffy 10, Challengers 5". Therefore,
the frames do not provide enough information to answer
when Bugs & Daffy scored when the challenger scored
for the first time.

Qwen3-VL-8B: Based on the visual content of the frames: 1. At 0:04,
the scoreboard shows "Bugs & Daffy 3" and "Challengers 0". This
indicates that Bugs & Daffy have scored 3 points, and Challengers
have scored 0 points at this point in the game. 2. The first score by the
Challengers occurs at 0:10, where a player from the Challengers team
makes a basket. However, the scoreboard update is not shown
immediately after this event in the provided frames. 3. The next visible
scoreboard update is at 0:24, which shows "Bugs & Daffy 10" and
"Challengers 5". This means that after the first score by the
Challengers, the score was updated to reflect that the Challengers
now have 5 points. 4. Since the Challengers' first score occurred
before the scoreboard was updated to 5 points, and the previous score
was 0, it implies that the first score by the Challengers was worth 2
points (since 5 - 0 = 5, but the score increased by 2 points from 0 to 2).
5. Therefore, when the Challengers scored for the first time,
Bugs & Daffy had already scored 3 points, as indicated by the
scoreboard at 0:04. The answer is: 3 points.

Qwen3-VL-32B: Based on the frames provided: The first game begins with the score shown as **Bugs & Daffy 3, Challengers
0** at timestamp **0:04**. The next score update occurs at **0:24**, where the score is **Bugs & Daffy 10, Challengers 5**. This|
means that between the start of the game and the first time the challengers score (which would be their first point), Bugs &
Daffy had already scored 7 more points (from 3 to 10). However, the question asks specifically: **"when the challenger scores
for the first time"** — meaning the very first point the challengers score. Looking at the sequence:- At **0:04**, Challengers = 0.-
At **0:24**, Challengers = 5. There is no frame showing the challengers scoring their **first** point (i.e., going from 0 to 1). The.
score jumps from 0 to 5, which implies they scored multiple times in quick succession or the video skipped ahead. But since we
are told the game is "Game to 10" and the score at 0:24 is 10-5, and the challengers' first point must have occurred *after* 0:02
and *before* 0:24, we can only determine the score for Bugs & Daffy **at the moment the challengers score their first point** by
looking at the progression. The earliest possible moment the challengers could have scored their first point is after the initial 3-0
score. Since the next score shown is 10-5, and there's no intermediate score, we cannot definitively say what the score was at
the exact moment the challengers scored their first point. However, if we assume the video shows the score updates only after
each basket and the challengers scored their first point sometime after 0:04 and before 0:24, then **Bugs & Daffy must have
had at least 3 points** (their starting score) and possibly more. But since the video does not show the challengers scoring their
first point, and the next score shown is 10-5, we cannot know for sure how many points Bugs & Daffy had at that exact moment.
Therefore, based strictly on the visual evidence, **the frames do not provide enough information** to determine the
exact score for Bugs & Daffy when the challengers scored their first point. **Answer: Not enough information.**

Gemini-2.5-Flash: "Based on the frames: At the timestamp
01:14, the score displayed is "Bugs & Daffy 7,
Challengers 0". At the timestamp 01:19, a challenger
(player in the red jersey) shoots the ball, and it goes into
the hoop at 01:20. This is the first time a challenger
scores. The next score update shown at 01:26 displays
"Bugs & Daffy 7, Challengers 2". This indicates that the
Challengers scored two points between the previous
score display and this one, and Bugs & Daffy's score
remained 7. Therefore, when the challenger scores for the
first time, Bugs & Daffy has scored 7 points.

Qwen3-VL-8B: Based on the video frames, in the first
game, when the challenger scores for the first time (at
0:15), Bugs & Daffy have scored 1 point.

Qwen3-VL-32B: Based on the video frames: 1. The first game begins with both
teams at 0 points. 2. The score updates after each basket. 3. At 1:26, the
scoreboard shows "Bugs & Daffy 7" and "Challengers 2". This is the first time the
Challengers have scored any points (they went from 0 to 2). 4. Therefore, when
the Challengers scored their first point (which happened during the sequence
leading to the 2-point total), Bugs & Daffy had already scored 7 points. The
answer is **7**.

Figure 2. In the 64-frame clip, the sampled frames do not include the moment when the challengers score for the first time, so the clip does
not provide enough information to determine Bugs & Daffy’s score at that point. In contrast, in the 512-frame clip, the green-highlighted
frames clearly show the sequence: Bugs & Daffy lead 7-0, the challengers land a hit, and the score updates to 7-2 at the top of the screen.

Therefore, the correct answer is 7.



What happens to the green dress woman after Brian dumps his girlfriend? ‘

64f

Gemi -Flash: Based on the provided frames, a i . . " . . L .
woman wearing a green dress named Alexis is shown _Qwena-_VL-aB. The video does not provide any M|Mo-.\{L-7B. After Bnan dumps his girlfriend, the woman in the»green GPT-5: She walks off the
on stage (frames 00:24-00:30). Her description states, information about what happens to the woman in dress **confronts Brian, leading to a heated argument and physical
" : " C . B the green dress after Brian dumps his girlfriend. altercation, with security intervening**. stage

Boyfriend of six years is dumping her for an online The frames show her being introduced as part of
crush". The frames show her reacting emotionally as ) e i .

3 the \"Real Girlfriend Vs. Online

she stands near her boyfriend and another woman. e e @ 0 R

However, the frames do not explicitly name the EEATEI, IV (OO WETEY G A LEN E T

boylriend as "Brian " Therefore, | cannot confinm what indicating any specific events occurring to her after | | MiMo-VL-7B-RL: <think=Got it, e ook at the frames. In the part

happens to the green dress woman after *Brian* dumps g;;::;l;u%hz‘?:m;er;s“‘f r?:: gg:jdbloenkt)he - is dumping®, ther Oman || internVideo2.5: she gets
his girlfriend, as the name "Brian" is not associated with s PP 9 gth).... So maybe the answer is that smackdown
the man shown dumping the woman in the green dress. :

1024 f

hat happens to
we need

Gemini-2.5-Flash: After Brian dumps his Qwen3-VL-8B: After Brian dumps his girlfriend, the
girlfriend, the woman in the green dress (Alexis) | |Woman in the green dress becomes visibly upset and
becomes visibly upset, crying and screaming at | |emotional. She is seen crying and expressing her
Brian. She also attempts to physically attack distress, indicating she is heartbroken by the breakup. Thus, after Brian dumps his girlfriend, the woman in the green dress **confronts Brian,

Dominique, Brian's online crush, leading to The situation escalates as she confronts Brian, and leading to a heated argument and physical altercation, with security intervening**."
security stepping in to separate them. eventually, she is physically restrained by security
N due to her i state and the intensity of

the confrontation.

She confronts Dominique directly, leading to a physical altercation. Security guards
intervene to separate them, as seen in the chaotic interactions on - stage. Thus, after
Brian dumps his girlfriend, the green - dress woman (Alexis) **confronts Dominique
aggressively, leading to a physical altercation with security intervention**.

Figure 3. This video depicts a TV program segment where Brian (man in red shirt) meets his online crush, Dominique (woman in pink),
and proceeds to dump his real girlfriend, Alexis (woman in green dress). This act causes Alexis to become extremely emotional and cry,
ultimately escalating into a physical confrontation. The 1024-frame clip clearly shows the entire event. Conversely, the 64-frame clip is
missing the man’s name and the green-dressed woman’s emotional reaction. While MiMo-VL-7B and MiMo-VL-7B-RL correctly identity
the physical confrontation in the 1024-frame clip, they miss the key detail of Alexis’s crying and emotional breakdown and incorrectly state
that ”Brian dumps Dominique.”
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