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Supplementary Material

9. FALCON-Bench: more details

9.1. Examples and video source details

The videos of our benchmark were sourced from three dif-
ferent public datasets:

e SoccerNet [20] — 56 videos were selected from this
dataset, each averaging 92.4 minutes in duration. These
structured soccer match recordings include 389 questions.
The mean GT time interval is 61.9 seconds.

* MovieChat-1K Films [45] — a total of 140 film clips, each
8 minutes long, were selected from the dataset. Clips
from the same film were combined to create 24 film seg-
ments, with an average duration of 46.4 minutes each.
This subset contains 122 questions, with a mean GT time
interval of 22.4 seconds.

* Walking Tours Dataset [48] — 12 high-resolution videos
(3840 x 2160) were selected from this dataset, averag-
ing 81.3 minutes. These videos capture city tours from
an egocentric perspective and include 65 questions. The
mean GT time interval is 31.4 seconds.

Overall, the benchmark comprises 575 questions, covering
4 categories, over 90 videos, with an average video du-
ration of 78.9 minutes and answers localized within a
GT temporal window of 38.4 seconds. The dataset is split
into a test set (506 questions) and a validation set (70 ques-
tions). Figure 3 shows an example question of our bench-
mark across each dataset.
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Figure 3. Falcon-Bench question examples for each dataset.

9.2. Question Categories

To design a benchmark for long VAS tasks, each question
should have its answer contained within a single, short clip
of the video. Based on this consideration, we defined four
question categories:

» Text Reading (TR): Questions ask about a piece of text
that appears at a certain moment in the video.

 Visual Observation (VO): Questions focus on visual at-
tributes of the items appearing in the video, such as col-
ors, textures, components, or materials.

¢ Time Identification (TI): Questions about timestamps on
clocks or alarms shown in the video.

* Object Identification (OI): Questions focus on identify-
ing specific objects within the video.

Figure 4 provides an overview of the number of ques-
tions per video type and per category, illustrating the distri-
bution of tasks across the benchmark.
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Figure 4. Distribution of questions in Falcon-Bench. The left
plot, according to dataset sources: MovieChat-1k, SoccerNet, and
WalkingTours. The right plot according to question category: TR,
VO, TI, and OI.

9.3. Localization evaluation

FALCON-Bench requires models to provide an evidence of
the answer (short clip) rather than precisely matching the
entire clip where the answer is located. To achieve this goal,
we leverage The Ground Truth over Union (GToU) met-
ric to compare the predicted and the GT temporal interval.
Unlike the commonly used Intersection over Union (IoU)
in temporal grounding tasks [16], GToU assigns a score of
1.0 if the predicted interval is entirely within the GT inter-
val, regardless of the degree of overlap. In all other cases,
GToU behaves identically to IoU (Figure 5). In mathemati-
cal terms,
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9.4. Human experiments

To evaluate human performance on our benchmark, we
performed experiments with 10 participants. Each partic-
ipant answered 10 questions based on 10 different videos
(one question per video) and equally spread across the dif-
ferent dataset sources. Each participant answered 5 MCQs
and 5 OQs.
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Figure 5. Visualization of GToU metric designed to measure the
clip localization/retrieval task in which the answer is contained.

Table 8. Mean performance metrics of all participants across the
three video types (MovieChat-1K, SoccerNet, WalkingTours).

Dataset Accuracy mGToU Time (s) Score (0-5)
MCQs 0OQs MCQs OQs MCQs 0Qs 0Qs
MovieChat-1k ~ 100.0  84.6 63.6 60.1 1185 120.2 4.31
SoccerNet 1000 950 795 892 552 67.4 4.30

WalkingTours 769 765 769 582 173.1 2002 4.06

Methodology Participants were seated in front a test com-
puter equipped with two monitors, one for watching the
video and another for editing a .json file. They were pro-
vided with a structured .json file containing the question
details.

Participants were required to fill in the answer and
temporal window fields. About the answer, if the
options field is null, the answer was open-ended; oth-
erwise, the answer was a letter in [A, B, C, D]. In the
timestamp the participants had to indicate a short video clip
where the answer is observed. A supervisor recorded the
total time spent for each question, starting when the par-
ticipant opened the video and stopping when they finished
entering both required fields.

Results The results of the human experiments were ana-
lyzed in terms of both individual performance of each par-
ticipant and the aggregated performance across all 10 par-
ticipants, in terms of accuracy, mean GToU (mGToU) and
spent time to answer. Figure 6 shows individual perfor-
mance per participant for both MCQs and OQs. Participants
2, 3, 4, and 9 answered correctly all questions. Regard-
ing the spent time, participant 3 was the fastest. Addition-
ally, Table 8 shows the mean accuracy, mGToU, time and
score (only for open-ended questions) of the answers across
the three video types (MovieChat-1K, SoccerNet, Walking-
Tours). SoccerNet questions are generally easier to answer
correctly, simpler to locate within the video, and quicker
to respond to. In contrast, WalkingTours questions are the
most challenging overall due to the extended duration and
continuous nature of the videos.

10. FALCONEYye: more details

This section gives further implementation details of our
FALCONEYye video agent explained in Sec. 3.
10.1. Exploration Algorithm pseudo-code

Algorithm | shows the pseudo-code of FALCONEye explo-
ration algorithm (explained in Sec. 3.2 and Fig. 2).

Algorithm 1: FALCONEYye Exploration Algorithm

Input: Video V, Question @

Output: Answer A, Confidence p(A), Clipv € V

Hyperparams: it,,qz, dur:

Stage (D) Pre-processing

Clips + Segment())

C <+ VLM(Clips)

S + LLM(C)

AllAns [ ] ; it <+ 0

while it < it,nas do

Stage 2) Reasoning

Cand_Clips < LLM(Q, Captions)

Cand_Captions <+ Cand_Clips.Captions

while dur(Cand_Clips) > dur; do

Ans <+ [ |

Stage (3) Evaluation

foreach v; € Cand_Clips do
AL p(AD) — VLM(Q, )
Ans.append({A7,p(A7), v, ¢i})
it it +1

end

Stage (@ Decision

A, Promis_Clips < LLM(Q, Ans)

if A # None then

| return A, p(A),v

end

AllAns.append(Ans)

Cand_Clips < Segment(Promis_Clips)

end
C.remove(Cand_Captions)

end
A+ LLM(Q, AllAns)
return A, p(A),v

10.2. Prompts

Figure 8 shows the prompts sent to the LLM during the
different stages of our FALCONEye exploration algorithm.
Regarding the stages explained in Sec. 3.2: Summary gen-
eration from stage (1) Pre-processing, Select candidate clips
from captions from stage (2) Reasoning, Final answer or
keep exploring and Select candidate clips as promising clips
to keep exploring from stage (4) Decision, and Return final
answer when the maximum number of evaluated candidate
clips is reached.
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Figure 6. Performance metrics across all participants. Figures show accuracy, mean GToU (mGToU), and time spent per question.
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Figure 7. Visualization of the Socratic baseline approach together
with our three exploration baselines considered to address VAS.

Summary generation from captions

Given a <duration>-second video with the following captions from selected
clips: <captions>. Generate a short but detailed summary outlining the
evolution of the main events. Return the summary in" JSON format:
|_<answer_format>.

(Select candidate clips from captions

Given a <duration>-second video with the following summary: <summary> and
captions from specific clips: <captions>. Find the most relevant clips (not
neccesarily 5) that likely contain the answer to this question: <question>.
Consider temporal context from both question and captions. Return the result
in JSON format: <answer_format>. Sort them by likelihood of containing the
answer.

Selecting candidate clips as promising clips to keep exploring

Given a <duration>-second video with the following captions from selected
clips: <captions>. A Visual Language Model provided these local responses
from different time windows: <responses>. However, none were considered
final due to the following reason: <explanation>. Prioritize captions over
responses and carefully identify which of these candidate windows (not
necessarly 3) worth to continue exploring more deeply. Return a list in JSON
format: <answer_format>. If no candidate window is close to answer the
kqueshon return an empty list.

Decision: final answer or keep exploring

Given a <duration>-second video with this summary: <summary>. And the
following question: <f(%uesl\on> A Visual Language Model generated these local
responses from different time windows, along with confidence scores:
<responses>. Do **not** simply return 'the highest-confidence response.
Instead, determine the most logical response by considering: Temporal
windows used for responses, captions, and confidence scores. Return the final
answer in JSON format: <answer_format>. Please return Nan as the final
answer in any of the next cases: The best **response has confidence lower
than <confidence_theshold>*, the best response does **not** answer the
quegnon or, a better answer could be found by exploring more temporal
windows.

(Return final answer if maximum of iterations reached

Given a <duration>-second video with this summary: <summary>. And the
following question: <f?uest\on> A Visual Language Model generated these local
responses from different time windows, along with confidence scores:
<responses>. Do **not** simply return 'the highest-confidence response.
Instead, determine the most logical response by considering: Temporal
windows used for captions, and scores. Return the final
answer in JSON formal <answer_format>.

Choices generation

Given a video frame and a question-answer pair about the visual content,
generate 3 plausible but incorrect distractors to get a 4 multiple- ~choice
question. Guidelines: Keep answers concise (max 1 sentence). Distractors
shouldtbe realistic and not obviously wrong. Ensure only one answer is strictly
correct

Input: "
Frame: <video_frame>, Question: <question>, Answer: <answer>
\

Figure 8. LLM prompts used in FALCONEye algorithm and and
FALCON-Bench.

11. Additional Experiments
11.1. FALCON-Bench

Given the poor performance of state-of-the-art VLMs on
FALCON-Bench, we further evaluated VLMs under a sim-
plified VAS setup. Specifically, we extracted 1-minute clips
centered within the ground truth intervals to ensure that the
answers were contained within these shorter segments (Ta-
ble 9). Qwen2.5-VL achieved the best accuracy and score
in OQs, and LLaVA-Video in MCQs. However, even af-
ter reducing the search space from an hour-long video to
just one minute, the performance remains relatively low.
To address this, we took an additional step and tested the
VLMs by providing a single frame that contains the an-
swer, which is always within the ground truth interval de-
fined by FALCON-Bench (Table 10). These results rep-
resent the maximum performance our FALCONEye agent
could achieve with each VLM, assuming the ground truth
frame is the optimal frame for answering the question. In
this evaluation, GPT-40 achieved the highest performance,
followed by Qwen2.5-VL.

Table 9. Model performance on FALCON-Bench test split with
GT Imin-length clips containing the answer. We report average
accuracy for MCQs and OQs across MovieChat (M), SoccerNet
(S), WalkingTours (T), and overall (Avg.).

MCQs 0Qs
Acc. Accuracy Score (0-5)

Model Name Avg. M N T Avg. M S T Avg.

| Baselines |
Full Mark 100 100 100 100 100 5.00 5.00 5.00 5.00
Random 250 0.00 0.00 0.00 0.0 0.00 0.00 000 0.00

‘ Open-Source VLMs with Multi-Image Support ‘
LLaVa-v1.5 333 686 423 400 503 049 037 040 042
LLaVa-v1.6 419 9.80 234 8.00 137 058 133 058 0.83
mPLUG-OwI13 [58] 57.6 392 21.1 260 287 224 120 158 1.67
LLaVA-OV [22] 722 450 285 460 398 246 157 242 215
Qwen2.5-VL 759 647 522 640 603 349 3.08 326 327

[ Open-Source VLMs designed for Videos |
VideoChat2-HD [25] 27.2 18.6 12.1 220 175 124 067 134 1.08
Video-LLAVA [26] 34.0 196 649 180 146 120 046 1.14 093
LLaVA-Video [23] 79.2 61.7 440 520 526 331 238 274 281

[ Open-Source VLM:s specific for long videos |
MovieChat-OV [45] 44.5 588 183 140 127 049 1.02 082 0.77
Apollo [70] 71.3 509 31.3 480 434 277 179 262 239

| Meta-architectures built from a LLM (GPT4o0-mini) and a VLM (Qwen2.5-VL) |
FALCONEye-Pro 81.7 63.7 700 750 667 339 351 356 349
FALCONEye-Flash 81.9 66.6 69.7 700 68.8 354 362 362 3.59




Table 10. Model performance on the test set providing the model
with GT frames containing the answer. We report average accu-
racy for MCQs and OQs across MovieChat (M), SoccerNet (S),
WalkingTours (T), and overall (Avg.).

MCQs 0Qs

Acc. Accuracy Score
Model Name Avg. M S T Avg. M S T  Avg.
‘Baselines
Full Mark 100 100 100 100 100 5.00 5.00 5.00 5.00
Random 250 0.00 0.00 000 000 000 0.00 0.00 0.00

‘ Proprietary Long-Context LLMs [
GPT-40-mini (LR) 753 617 285 42.0 440 3.8 152 228 232
GPT-40-mini (HR) 884 705 579 700 66.1 358 321 378 3.52

GPT-40 (LR) 83.7 78.0 477 62.0 525 394 263 332 329
GPT-40 (HR) 94.1 803 669 720 73.0 4.06 3.67 382 385
[ Open-Source VLMs for images \
LLaVa-v1.5 56.7 40.1 245 340 328 234 138 196 1.89
LlaVa-v1.6 78.5 539 485 620 548 3.08 251 342 324
mPLUG-OwI3 [58] 82.9 59.8 53.1 580 652 325 289 318 3.10
LLaVA-OV [22] 84.4 40.1 104 540 348 202 053 280 1.78
Qwen2.5-VL [] 84.1 715 629 780 70.8 3.80 333 402 372
LLaMa3.2M [1] 859 69.6 649 70.0 68.1 3.68 327 370 355

11.2. Ablation study of exploration algorithm stages

We validate FALCONEye’s exploration algorithm with an
ablation study of its different stages, explained in Sec. 3.2,
shown in Table 11. It is noted that each stage contributes
significantly to achieving the FALCONEye’s superior per-
formance compared to the baselines.

We also perform a more detailed study of the influence of
the zoom-in effect incorporated in our approach. Qwen2.5-
VL can process images of any resolution, dynamically con-
verting them into a variable number of visual tokens. This
creates a trade-off between number of frames and frame res-
olution when processing videos within the context window
size limit. This trade-off is analyzed in the validation split
of FALCON-Bench by varying the clip length (Table 12).
The best configuration per clip-level category is selected for
FALCONEye.

Table 11. FALCONEye ablation study of the exploration algo-
rithm. We compare the time and performance gain that each
of the four stages of our exploration algorithm brings (D Pre-
processing, (2) Reasoning, (3) Evaluation, and @ Decision, as
detailed in Sec. 3). To validate them, we first measure perfor-
mance when giving the whole video to the VLM and the captions
extracted in Stage () to the LLM. Lately, we validate the stages
adding them sequentially and comparing the reasoning stages 2
and @ vs random guess.

FALCONEye MCQs 0Qs
Exploration Algorithm s Acc. Loc. s Acc. Sc. Loc.
Video — VLM 689 234 000 701 11.3 071 0.00
Captions from @) — LLM 1234 399 178 1250 13.8 0.89 162
(DO+Random+Q) 1749 26.1 3.16 1652 9.92 0.60 4.06
O+@+3 1812 519 2211 171.6 348 190 212
D+@+@+Random 3832 548 268 2908 389 201 219

FALCONEYE:D+@+Q+@® 348.7 59.6 273 2292 466 247 269

Table 12. Qwen2.5-VL performance comparison when varying the
GT clip length of FALCON-Bench validation split.

Visual Information MCQs 0Qs
At Frames Accuracy Accuracy Score
s # Res. M S T Ag M S T Ag M S T Awg

60 2fps 336 x 616 850 543 733 709 600 57.1 666 613 3.5 323 346 328
60 64 476 x840 800 628 733 721 700 57.1 533 602 3.60 346 293 338
60 32 672x1204 850 714 867 810 600 600 667 622 3.5 354 3.53 343

5 2fps 824x 1462 850 743 80.0 798 700 629 733 687 370 371 3.80 3.73
5 5 824x 1462 850 800 933 86.1 550 657 667 625 295 3.69 353 339

11.3. VLMs Calibration

To measure VLM calibration, we adopt the Reliability Dia-
grams [13]. These diagrams group all the predictions in bins
according to their confidence and measure the gap between
confidence and accuracy per each bin. Specifically, we split
the IV predictions in M = 10 bins according to their con-
fidence and, for each bin B,,, we compute its count N,,
average confidence (', and its average accuracy A,,. From
these diagrams, we may compute the Average Calibration
Error (ACE) as,

M
1
ACE = —= > [Cin — Au|, MCE = max|Ci, — Ay

m=1

3)
where M is the number of non-empty bins [34]. We com-
pute Calibration Count (CC), which quantifies the percent-
age of predictions above a defined confidence threshold,
weighted by their accuracy calibration error (1-CE). For ex-
ample, the Calibration Count at threshold 0.9 is computed
as,

N
CC@0.9 = % (1—[Cio — Ag)). 4)

Confidence metrics-. As detailed in Sec.3.2, estimating
answer confidence in OQs requires a metric to average to-
ken probabilities along the response (see Figure 9).

We evaluated various confidence aggregation methods,
specifically likelihood, average, and geometric average, as
done in similar calibration studies with LLMs [29]. Look-
ing first at the reliability diagrams (Figure 10 (a-f)), we dis-
card likelihood as a suitable confidence metric. The distri-
bution of confidence values is highly spread out, with many
answers assigned extremely low confidence. This occurs
because likelihood multiplies the probability of all tokens,
thus longer answers tend to receive lower confidence scores,
making it unreliable for calibration.

Comparing the average and geometric average, the re-
liability diagrams do not show major differences between
them. However, the calibration metrics in Table 13 indicate
that geometric average results in lower Brier Score (BS),
MCE, and ACE for both LLaVA-Video and Qwen2.5-VL,
suggesting slightly better calibration performance.
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Figure 9. Given a question and a set of frames, FALCONEye
leverages the answer outputted by the VLM but, and its confi-
dence (geometric average through all output tokens probabilities).

Table 13. Calibration metrics comparison with GT 1min-length
clips in the open-ended (OQs) questions test split of FALCON-
Bench. Lower values for BS, MCE and ACE, are better.

Model Name At F
s # BS MCE ACE BS MCE ACE BS MCE ACE

LLaVA-Video 60 32 023 034 0.17 024 037 022 022 031 0.6
LLaVA-OV 60 32 026 092 041 028 039 029 026 059 0.29
Qwen2.5-VL 60 2fps 0.19 031 0.15 026 045 025 024 038 027

Likelihood Average Geom. Average

Models-. Regarding model selection, we compare relia-
bility diagrams for LLaVA-Video, LLaVA-OneVision, and
Qwen2.5-VL, evaluated on both MCQs and OQs. For
MCQs, all models show strong calibration, with low cali-
bration error, specially for high confidence values (Fig. 10
(g-1)). However, for OQs, the distribution of high-
confidence answers differs significantly. Both LLaVA-
Video and LLaVA-OneVision have a much smaller propor-
tion of answers with 0.9 confidence, whereas Qwen2.5-VL
not only produces a higher number of high-confidence an-
swers but also demonstrates extremely low calibration error
for those predictions.

11.4. FALCONEYye vs GPT40

Figure 11 shows three FALCON-Bench example questions
and compare the responses from GPT40 and FALCONE}ye.

11.5. FALCON-Bench vs QAEgo4D

The QAEgo4D [5] dataset is the closest to FALCON-Bench
in terms of the task definition as it also addresses the prob-
lem of VAS, that the authors call question answering visual
language grounding (VLG). They also have open ended
questions. However, besides the time differences in the
video durations -FALCON-Bench with an average duration
of ~ 80 minutes while QAEgo4D has an average duration
of ~ 8 minutes—, the type of questions are completely dif-
ferent. QAEgo4D questions are automatically generated
from the sparse video narration, focusing on the main ob-

ject or action: Q: What did I Put in the Pan?—A: cheese, or
Q: What paint can did I open?—A:black paint. Meanwhile,
FALCON-Bench questions are human curated to be chal-
lenging: Q: What is the number of the train that crosses
paths with Lightning McQueen at night?-A:Al113; Q:What
message about the flu appears on a city building ?—A:Bovril
nourishes you to resist 'flu or Q:Which player of Chelsea
received a red card?—A: Thibaut Courtois.
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Figure 10. (a-f) Calibration plots for different probabilities aggregation metrics with the GT 1min clips of the FALCON-Bench test split,
and (g-1) calibration plots when testing the VLMSs with the GT 1min-length clips of the FALCON-Bench test split.
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Figure 11. Answer comparison between GPT40 and FALCONE}ye for three example questions, showing the frame that contain the answer.



