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Abstract

Wearable assistants require episodic mem-
ory over egocentric video, yet current vision-
language models face bounded frame budgets,
growing visual-token costs, and long-context
retrieval failures. Under these practical con-
straints, we study whether textual captions can
serve as reusable episodic memory. We define
the Episodic Memory Video Caption QA task
and introduce CapMem, a human-annotated
benchmark with 75 videos totaling 33.7 hours,
and 1,000 multiple-choice questions across 16
scenarios. On long videos (> 20 min), full-
coverage CaptionQA with 30s and 60s cap-
tion windows outperforms direct VideoQA for
10/12 and 8/12 models, respectively. On the
same video subset, a matched-frame control
across six Qwen models retains mean accu-
racy gains of 3.22 and 2.55 points, respec-
tively. Our caption-guided retrieve-and-verify
harness further improves accuracy by up to 5.3
points. These results support the effectiveness
of caption memory for episodic reasoning over
long egocentric video.

1 Introduction

Recent advances in vision-language models
(VLMs) have turned wearable vision devices from
passive recorders into proactive assistants, sup-
porting tasks from vision-based navigation (Tok-
murziyev et al., 2026) to laboratory procedure as-
sistance (Cong et al., 2025). Yet such assistants
still struggle to retrieve information from contin-
uous egocentric video streams, such as locating
a misplaced object or recalling a specific action
from hours of visual history (Barmann and Waibel,
2022; Mangalam et al., 2023). This challenge is
fundamentally about episodic memory: recover-
ing what happened, where it happened, and when
it happened from past experience (Grauman et al.,
2022; Majumdar et al., 2024; Cheng et al., 2024).
Extending this ability to egocentric video stream

is challenging: processing continuous visual in-
put is computationally expensive (Song et al.,
2024; Liu et al., 2024a), while visual-token bud-
gets limit the number of frames VLMs can pro-
cess per inference, resulting in sparser temporal
coverage and a greater risk of missing relevant
evidence (Lu et al., 2025; Tang et al., 2025).
Even with relevant frames, long multimodal con-
texts can exacerbate fine-grained perception fail-
ures (Fu et al., 2024) and the “lost-in-the-middle”
effect (Liu et al., 2024b; Tian et al., 2025; Fei
et al.,, 2026) (Figure 2). An alternative is to
convert visual streams into textual memory. Al-
though caption-based representations have shown
promise for static images (Yang et al., 2025b; Xing
et al., 2026), whether they can support long-form
egocentric episodic memory is largely unexplored.

We address this gap by defining Episodic
Memory Video Caption QA, a task that evalu-
ates whether self-generated captions can serve
as episodic memory in place of direct visual in-
put for egocentric QA. Existing egocentric bench-
marks (Grauman et al., 2022, 2025; Yang et al.,
2025a) are not designed for this purpose: they
emphasize retrieval or direct VideoQA and often
lack questions probing fine-grained visual details
and long-range temporal recall. Moreover, VLM-
generated questions (Yang et al., 2025b; Maaz
et al., 2024; Chen et al., 2024; Li et al., 2024,
Zhang et al., 2025) can inherit the spatial and tem-
poral weaknesses the benchmark seeks to measure.
To provide a cleaner testbed, we introduce Cap-
Mem, a human-annotated benchmark for egocen-
tric episodic memory. It contains 1,000 human-
authored questions grounded in 75 public egocen-
tric videos totaling 33.7 hours across 16 scenarios.
CapMem supports three task settings, a two-stage
evaluation pipeline with a CleanQA safeguard,
and five diagnostic dimensions. Evidence times-
tamps and fine-grained visual tags enable precise
error analysis. We also filter out questions that can

3888

EMNLP 2026 Industry Track, pages 3888-3914
October 24-29, 2026 ©2026 Association for Computational Linguistics


mailto:YIQIAO-EMAIL
mailto:HANG-EMAIL

st of my time during 32:10-32:127

Outdoor &
Mobility
(29%)

Daily Life
& Domestic
(32%)
Persanal Care
S Lesure
(%)

Procedural
(21%)

Figure 1: CapMem scenario coverage and examples where CaptionQA succeeds but VideoQA fails, percentage for video share.

be answered without visual evidence.

Using CapMem, we evaluate 12 proprietary
and open-weight VLMs. Across the full bench-
mark, full-coverage CaptionQA outperforms di-
rect VideoQA for 8/12 models with 30-second cap-
tions and 6/12 with 60-second captions. These
gains concentrate on videos longer than 20
minutes, where CaptionQA outperforms direct
VideoQA for 10/12 and 8/12 models, while di-
rect VideoQA remains competitive on shorter
videos. After matching visual frames, CaptionQA
retains mean long-video gains of 3.22 and 2.55
points across six Qwen models, with the clear-
est statistical evidence in the 30-second setting.
Cross-captioning shows that performance depends
jointly on caption quality and downstream text rea-
soning. Caption memory also amortizes repeated
visual processing across multiple queries but may
omit subtle visual details. We therefore introduce
a retrieve-and-verify harness that uses captions as
a semantic index and selectively revisits sparse vi-
sual evidence, improving most open-weight mod-
els. Together, the task, benchmark, controlled
analyses, and harness support that caption mem-
ory is an effective approach to long-form egocen-
tric episodic reasoning under current VLM con-
straints.

2 Related Work

2.1 Egocentric Datasets and Benchmarks

Egocentric vision has progressed from clip-level
action recognition (Damen et al., 2022) to large-
scale datasets (Grauman et al., 2022, 2025; En-
gel et al., 2023; Yang et al., 2025a). Existing
assistant-oriented datasets and QA benchmarks,
including QAEGO4D (Bidrmann and Waibel,
2022), HoloAssist (Wang et al., 2023), and
EgoSchema (Mangalam et al., 2023), mainly fo-
cus on short or minute-scale video contexts. More
recent egocentric QA efforts, such as MM-Ego (Ye
et al.,, 2025) and EgoGazeVQA (Peng et al.,
2025), scale annotation with automatic or MLLM-
generated QA pairs, but may inherit generation-
induced language bias. In contrast, CapMem pro-
vides a human-annotated, long-form video bench-
mark.

2.2 Episodic Memory Tasks

Episodic memory is central to wearable assis-
tants (Engel et al., 2023; Grauman et al., 2022).
Ego4D established this paradigm with memory-
oriented tasks such as NLQ, VQ, and MQ (Grau-
man et al., 2022). Subsequent work extends this
line to egocentric episodic-memory QA (Birmann
and Waibel, 2022), narration-supervised query lo-
calization (Ramakrishnan et al., 2023), and cross-
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Figure 2: Overview of captioned episodic memory for ego-
centric video QA.

view memory reasoning (Grauman et al., 2025;
Liu et al., 2026). While these efforts mainly focus
on visual retrieval or direct VideoQA, we evaluate
whether caption-based memory can support long-
form egocentric QA (Appendix A).

2.3 Video Caption and Harness Engineering

Recent work tackles the memory and token limits
of long-horizon videos by abstracting visual con-
tent into textual representations. SiLVR (Zhang
et al.,, 2026a) and MR. Video (Pang and Wang,
2025) use dense clip-level captions for long-
context reasoning with LLMs, while LLMVS (Lee
et al., 2025) applies frame-level captions to LLM-
based video summarization. However, the effec-
tiveness of caption-based reasoning in continu-
ous, long-form egocentric settings remains under-
explored. Our task and benchmark fill this gap,
providing a dedicated testbed for, to our knowl-
edge, the first systematic study of how harness de-
sign can enhance caption-centric reasoning.

3 Task and Evaluation Setup

To evaluate the capability of VLMs to use self-
generated captions as egocentric episodic mem-
ory, we introduce a QA benchmark, whose eval-
uation framework features three distinct task set-
tings, a two-stage evaluation pipeline, and a five-
dimensional analysis of the capabilities of models.

3.1 Task Formulation

We define Episodic Memory Video Caption QA
as a multiple-choice QA task requiring episodic
recall, where models answer solely by self-
generated timestamped captions from an egocen-
tric video. To assess this capability, we use direct

VideoQA as the primary baseline and CleanQA as
a safeguard against parametric priors:

CleanQA. The model receives only textual ques-
tions and options without visual input, serving as
a blind baseline to quantify parametric priors and
rule out blind guessing from pre-trained knowl-
edge.

Direct VideoQA. The model answers each ques-
tion directly from uniformly sampled video frames
through its native visual interface, without con-
structing or using an intermediate textual mem-
ory. For brevity, we refer to Direct VideoQA as
VideoQA throughout the paper.

CaptionQA. The evaluated model first converts
temporally segmented video frames into times-
tamped captions. It then answers each question
using only this textual memory, without access to
visual inputs or prior conversation history.

3.2 Benchmark Scope and Statistics

A benchmark for evaluating caption-based mem-
ory in downstream real-world applications should
reflect both the diversity of authentic human rou-
tines and the temporal demands of long-horizon
video understanding. To this end, CapMem com-
prises 75 egocentric videos totaling 33.7 hours,
spanning four high-value domains: Daily Life &
Domestic, Outdoor & Mobility, Work & Procedu-
ral, and Pet Related. Collected across diverse cul-
tural backgrounds, the benchmark covers 16 pre-
cise professional and domestic scenarios, ranging
from industrial machinery repair to outdoor activi-
ties, sports, and human—pet interaction (Figure 1).
Beyond scenario coverage, the benchmark is inten-
tionally length-challenging: 37.3% of the videos
are short clips (< 20 mins) for verifying foun-
dational video understanding, whereas 62.7% are
long videos (> 20 mins, up to 1 hour) to stress
episodic memory over extended contexts. This
emphasis is further reflected in the QA distribu-
tion, where 79.2% of all questions are assigned
to the long videos (Table 2). In total, the bench-
mark contains 1,000 multiple-choice questions, av-
eraging 13.3 questions per video. Each question
includes four options, one ground-truth answer,
and an annotated evidence timestamp indicating
where the supporting visual evidence occurs in the
video. Table 1 summarizes the distribution of ques-
tions across the four domains and QA taxonomy
axes (Sec. 4.2), while Table 2 reports the distri-
bution of video duration, evidence location, and
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Table 1: QA statistics. Queries per domain are categorized
along two orthogonal axes: subject of inquiry (EGO/EXO)
and query intent (4W1H).

Category #QA (EGO | EXO) WHO WHAT WHERE WHEN HOW
Daily Life 404 (931311) 20 203 54 40 87
Outdoor 298 (491249) 11 151 19 44 73
Pet 115 (32183) 1 56 16 25 17
Work 183 (501133) 14 104 8 18 39
Total 1000 (2241776) 46 514 97 127 216

fine-grained visual tags. We categorize evidence
by its relative temporal position in the video as be-
ginning (0-20%), middle (20-80%), or end (80—
100%). The fine-grained visual tags (Sec. 4.2)
characterize the visual elements incorporated into
the questions and answer options to increase per-
ceptual difficulty.

3.3 Evaluation Framework and Dimensions

We design a two-stage evaluation framework:

Stage 1: Baseline Safeguard. CleanQA is used
as a gating test for semantic bias and data con-
tamination. Only models performing near chance
level (15%—-35%) proceed to the main evaluation.
To preserve the validity and fairness of down-
stream comparisons, models falling outside this
range are excluded from the subsequent VideoQA—
CaptionQA evaluation. Because guessable ques-
tions were filtered during benchmark construc-
tion (Sec. 4.3), unusually high performance at this
stage may indicate training-data contamination.
Stage 2: Comparative Assessment. Models that
pass the initial gate are evaluated under VideoQA
and CaptionQA, as defined in Sec. 3.1. The com-
parison measures how well self-generated textual
memory can substitute for direct visual input in
egocentric episodic memory tasks. We analyze the
performance along the following dimensions:

Overall QA Accuracy. Accuracy over the full
question set.

Computational Cost. Average per-question token
consumption.

Fine-grained Visual Accuracy. Accuracy re-
ported separately for the four tag groups.
Evidence-location QA Accuracy. Accuracy
across the evidence-location groups defined in
Sec. 3.2, testing sensitivity to the “lost-in-the-
middle” phenomenon.

Duration-wise QA Accuracy. Accuracy across
< 20-minute and > 20-minute video subsets.

Table 2: Dataset statistics. Fine-grained tags are multi-label.

Aspect Category Count
. . < 20 mins videos 208 Qs (20.8%)
Video duration  Z1o 0 g videos 792 Qs (79.2%)
Begin 348 Qs (34.8%)
Evidence location Middle 507 Qs (50.7%)
End 145 Qs (14.5%)
Object 962 Qs (96.2%)
. Attribute 708 Qs (70.8%)
Fine-grained tag ¢ a1 581 Qs (58.1%)
Action 844 Qs (84.4%)

4 Benchmark Construction

4.1 Video Collection

Our video pool is drawn from seven egocentric
datasets: Ego4D (Grauman et al., 2022), EgoLife
(Yang et al., 2025a), EgoPet (Bar et al., 2024),
EPIC-KITCHENS (Damen et al., 2018), HoloAs-
sist (Wang et al., 2023), ENIGMA-51 (Ragusa
et al., 2024), and CASTLE2024 (Rossetto et al.,
2025). We release the CapMem annotations and
associated metadata for non-commercial research
purposes only, without redistributing the source
videos or frames; dataset-specific licensing condi-
tions are detailed in Appendix G.

4.2 Question Generation

We generate QA pairs through a taxonomy-guided
annotation pipeline. The taxonomy is defined
along two axes: the subject of inquiry, distinguish-
ing questions about the camera wearer and their
actions or attributes (Ego) from questions about
external entities in view (Exo), and the query in-
tent, organized by the 4W1H forms (Who, What,
Where, When, How). Based on this taxonomy,
we design 50 question templates covering com-
mon episodic reasoning patterns, including object
counting, state transitions, and ego—exo interac-
tions (Appendix B). For each video, human an-
notators select suitable templates and instantiate
them with concrete entities or events from the
video. To increase fine-grained discrimination dif-
ficulty, both questions and answer options are en-
riched with fine-grained cues spanning object iden-
tity, visual attributes, spatial relations, and actions,
while the options are constructed with distractors
that require models to distinguish subtle visual de-
tails.

4.3 Question Filtering

After the generation of QA pairs, we adopt a
two-stage filtering pipeline to discard flawed data.
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More quality control detail can be found in Ap-
pendix E.

Step 1: Text-Only Filtering. VLMs may an-
swer questions without visual reasoning by ex-
ploiting linguistic priors, commonsense knowl-
edge, or option-level shortcuts (Li et al., 2023; Liu
et al., 2024c; Zhang et al., 2026b). We therefore
run a text-only blind test with a four-model ensem-
ble (GPT-5.2, Gemini 3, Qwen3.5, and InternVL).
Questions answered correctly by at least three
models are considered visually bypassable and re-
moved. Residual biases are further controlled by
the CleanQA gate in our evaluation framework.
Step 2: Visual Solvability Filtering. Human val-
idators verify each query using only the source
video. Queries with ambiguous or subjective vi-
sual evidence are discarded.

5 Experiment and Discussion

5.1 Experiment Setting

Our evaluation encompasses 12 models, includ-
ing representative proprietary models (Gemini
3 Flash (Google DeepMind, 2025) and GPT-
5.2 (OpenAl, 2025)) and a comprehensive suite of
open-weight models spanning various parameter
scales: InternVL3.5 (Wang et al., 2025), Qwen3-
VL (Bai et al., 2025), and Qwen3.5 (Qwen Team,
2026). We test the models under distinct settings:

CleanQA. We run strictly single-turn, zero-shot
inference. Each query is processed independently
with an empty context window, clearing the KV-
cache and conversation history to prevent cross-
query contamination.

VideoQA. We extract frames at 1 FPS and uni-
formly subsample when the sequence exceeds con-
text limits. Sequences are capped at 128 frames for
InternVL3.5 and 768 frames for Qwen; for cross-
model comparability, closed-source APIs are also
capped at 768 frames. Models process visual in-
puts by their native modality interfaces in a single-
turn manner. Due to closed-source API budget
constraints, Gemini 3 Flash VideoQA is taken on
a 786-question subset; all other reported settings
use the full benchmark. This setting represents the
standard direct video-input interface of general-
purpose VLMs under their supported frame bud-
gets. Our goal is to evaluate CaptionQA against
this standard baseline, rather than claim superior-
ity over all visual-reasoning pipelines.
Full-coverage CaptionQA. Models deterministi-
cally caption the entire 1-FPS frame sequence in

Model Clean Cap30 Cap60 Video
InternVL3.5-8B 293 35.8 343 39.4
InternVL3.5-38B 28.4 42.1 39.8 42.8
Qwen3-VL-2B 27.0 36.3 352 354
Qwen3-VL-4B 26.9 42.3 40.3 37.1
Qwen3-VL-8B 25.8 39.6 39.0 37.2
Qwen3-VL-32B 26.1 47.7 449 42.8
Qwen3.5-2B 26.6 37.2 34.7 37.2
Qwen3.5-4B 27.4 41.8 39.6 39.6
Qwen3.5-9B 29.4 42.8 43.7 423
Qwen3.5-27B 30.9 49.3 46.9 45.0
GPT-5.2 25.6 52.0 51.4 373
Gemini 3 Flash 29.5 55.7 53.2 58.8*

Table 3: Overall model accuracy across evaluation formats.
* means partial test due to API budget.

consecutive 30- or 60-second windows (tempera-
ture = 0), without a video-level frame cap. They
concatenate the captions with timestamps as tex-
tual episodic memory and answer each query us-
ing only this text. Visual inputs are unavailable at
QA time, and the captioning and QA prompts are
shared across models (Appendix C)).

Frame-aligned Control. Because CaptionQA
may process more frames than VideoQA, we con-
duct a frame-aligned control on six Qwen models
to determine whether its gains arise from caption-
based memory rather than greater visual cover-
age. Both settings use all 1-FPS frames up to 768,
or the same 768 uniformly sampled frames other-
wise; CaptionQA groups the selected frames by
timestamp into 30- or 60-second windows to con-
struct the caption for QA.

Cross-captioning Control. Because self-caption
QA jointly reflects caption-generation quality and
text-QA capacity, we conduct a cross-captioning
control to decouple these two factors. Captions
from six Qwen models are paired with Qwen3.5-
2B and Qwen3.5-27B as QA models. We evaluate
every captioner—QA pairing using the same frames
uniformly sampled over the full videos and capped
at 768 per video.

5.2 Main Results

We evaluate full-coverage CaptionQA for overall
accuracy, video duration, amortized visual pro-
cessing, and evidence position, and use frame-
aligned and cross-captioning controls to decouple
the effects of visual coverage, caption quality, and
text-QA capacity.

Full-coverage CaptionQA is competitive un-
der current VLM frame limits. Table 3 re-
ports the end-to-end results of full-coverage Cap-
tionQA. CleanQA remains near chance (25.6%—
30.9%), providing a sanity check. With each
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model’s better caption window, full-coverage Cap-
tionQA outperforms VideoQA for 8 of the 12 mod-
els. For example, 30-second CaptionQA improves
Qwen3-VL-32B from 42.8% to 47.7%, Qwen3.5-
27B from 45.0% to 49.3%, and GPT-5.2 from
37.3% to 52.0%. The 30-second setting also gener-
ally outperforms the 60-second setting, suggesting
that shorter windows better preserve local details.
However, VideoQA remains stronger for both In-
ternVL3.5 models and Gemini 3 Flash. Overall,
caption memory provides an effective alternative
under current frame and context constraints, but
does not universally outperform direct visual in-
put.

Full-coverage CaptionQA gains concentrate on
videos longer than 20 minutes. Figure 3 reveals
a clear duration-dependent pattern . On videos of
at most 20 minutes, CaptionQA generally trails
direct VideoQA, indicating that captioning may
discard useful visual details when the visual con-
text is not long. On videos longer than 20 min-
utes, the gaps become positive for most models,
reaching +7.2 points for Qwen3-VL-32B with 30-
second captions and +15.2 points for GPT-5.2 with
60-second captions. Thus, full-coverage caption
memory is particularly useful for long-video rea-
soning under current VLM frame and context lim-
its, rather than uniformly beneficial across dura-
tions.

CaptionQA retains a mean advantage after
frame alignment, particularly on long videos.
Table 4 and Figure 4 control for the broader vi-
sual coverage of full-coverage CaptionQA. Rela-
tive to full coverage, frame alignment lowers mean
accuracy by 0.80 points at 30 seconds and leaves
it nearly unchanged at 60 seconds (+0.17 points).
The resulting mean gaps over direct VideoQA are
+2.12 and +0.92 points on the full benchmark, in-
creasing to +3.22 and +2.55 points on the long
videos. We estimate uncertainty from question-
weighted video-level gaps by 10,000 duration-
stratified video-cluster bootstrap samples (Table 5,
detail in Appendix F.5). The 30s confidence in-
terval is positive on long videos, [+0.45,46.07],
whereas the 60s interval is negative on short
videos, [—9.17, —1.29], favoring direct VideoQA.
The clearest controlled evidence therefore appears
in the 30-second long-video setting. Broader vi-
sual coverage contributes to some outcomes but
does not fully explain the long-video advantage.

[ [= =y

<20min >20min
uestions; 28 videos N=792 questions; 47 videos

=
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Figure 3: CaptionQA—VideoQA gap by video length before frame alignment.

Model VideoQA  Cap30 Cap60
Orig. Align. Orig. Align.

Qwen3-VL-2B 354 363 385 352 36.7
Qwen3-VL-4B 37.1 423 40.6 403 38.2
Qwen3-VL-32B 428 477 463 449 438

Qwen3.5-2B 372 372 362 347 383
Qwen3.5-4B 39.6 41.8 40.1 39.6 384
Qwen3.5-27B 45.0 493 481 469 472
Mean 395 424 41.6 403 404

Table 4: Overall accuracy (%) before/after frame alignment.

Caption quality and text-QA capacity both af-
fect CaptionQA. Table 6 decouples the two ca-
pabilities in CaptionQA task. With the captioner
fixed, Qwen3.5-27B outperforms Qwen3.5-2B by
an average of 8.1 points at 30 seconds and 6.7
points at 60 seconds, showing that a stronger QA
model can better use the same captions. With the
QA model fixed, varying the captioner makes a
max—min accuracy spread of 2.2-6.1 points. Self-
captioning is not always optimal: Qwen3.5-2B im-
proves from 36.2% with its own 30-second cap-
tions to 39.8% with captions from Qwen3-VL-
32B. These results show CaptionQA depends on
both memory construction and downstream rea-
soning.

Caption memory amortizes visual processing
across queries. Table 7 illustrates the reuse of
30-second caption memory. For N questions
sharing one memory, Ccap(V) (Teaption +
Zf\il Tqa,;)/N. CaptionQA uses logged con-
struction and QA tokens, whereas VideoQA uses
an analytical visual-patch proxy (selected frames
%x 1,024 plus text). Under this accounting, Qwen
CaptionQA decreases from 330k—335k per ques-
tion at 1Q/video to 14k-20k at 32Q/video. The

Qwen3-VL-2B
Qwen3-VL-4B
Qwen3-VL-32B
Qwen3.5-2B

ven3.5-4
Quen3. S48, o

Qwen3.5-27B

10 5 0 5 10 s 0

Figure 4: CaptionQA-VideoQA gap by video length after frame alignment.
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Scope Int. Mean 95% CI

Full 30s +2.12 —0.27, +4.60

Full 60s +0.92 [-1.38,43.18

> 20min 30s +3.22 [40.45,+6.07]
>20min 60s +2.55 [—0.11,+5.23]
< 20min 30s —2.08 [—6.35,42.24]
< 20min 60s —5.29 [—9.17,—1.29]

Table 5: Frame-aligned mean gaps and 95% video-cluster bootstrap confi-
dence intervals.

30s 60s
Captioner 2BQA 27BQA 2B QA 27BQA

Qwen3-VL2B  37.6  45.1 368 418
Qwen3-VL4B 374 465 380 443
Qwen3-VL-32B 398 489 374 4656
Qwen3.5-2B 362 428 383 425
Qwen3.5-4B 381 452 364 431
Qwen3.5-27B 388 481 386 472

Table 6: Cross-captioning accuracy (%) on the full benchmark; self-captioning
results are underlined.

advantage is reusable visual processing: even
constructing both caption granularities requires
101,814 frame inputs, versus 725,973 for Direct
VideoQA, reducing repeated visual-frame process-
ing by 7.1x (Table 14). Realized token and
runtime costs remain processor-dependent (Ap-
pendix F.6).

Caption memory can reduce middle-position
degradation Figure 5 shows lower VideoQA
accuracy for middle-position evidence in several
models, consistent with the “lost-in-the-middle”
phenomenon. Full-coverage CaptionQA produces
a flatter three-bin accuracy profile for several
models. For GPT-5.2, it largely removes the
observed middle-position drop, while 30-second
CaptionQA both reduces the drop and improves
accuracy for Qwen3.5-27B. Some InternVL mod-
els exhibit flatter profiles despite limited gains in
absolute accuracy. Although this pattern is not uni-
versal and does not establish a causal mechanism,
it suggests that caption memory may make tem-
porally intermediate evidence easier to retrieve for
some models. Fine-grained results are provided in
Appendix F.2.

== 30s =0= 60s =O= VideoQA

GPT-5.2 Qwen3.5-27B

—_ ==

Qwen3.5-4B InternVL3.5-38B

< 60
i ﬁ 8 —_:’/____g
20

esin Middie nd Besin Middie End
Figure 5: Accuracy by evidence location for four illustrative models spanning
different behavior patterns. Complete model-wise results are provided in Fig-
ure 9.

305 base B 605 base

B 30s gain

B 60s gain

InternVL3.5-8B

InternVL3.5-38B

Qwen3-VL-2B

Qwen3-VL-4B

Qwen3-VL-8B

Qwen3-VL-32B 1401 478
Qwen3.5-2B
Qwen3.5-4B
Qwen3.5-9B

0.1 494

Qwen3.5-27B +02 471

Figure 6: Accuracy of open-weight models before and after retrieve-and-verify
harnessing.

5.3 Harness Engineering

Although captions are efficient for long-video rea-
soning, they are a lossy abstraction of the vi-
sual stream. Our harness uses captions to local-
ize candidate moments and consults sparse frames
only when they can reliably correct a caption-
based answer. It has three stages: first, a de-
terministic weighted retrieval rule selects relevant
timestamped caption windows using BM25, hash-
based cosine similarity, word overlap, and tem-
poral hints, from which the model produces a
retrieved-caption answer. Second, sparse frames
from the selected intervals are used to verify which
option is visually supported. Third, the baseline
CaptionQA answer is kept by default and overrid-
den only when verification returns a valid option
with strong support and no explicit clock-time cue,
since sparse frames may miss the referenced mo-
ment (Appendix D).

The harness enhances textual memory base-
lines. Figure 6 shows consistent gains across
all open-weight models and both caption settings.
The effect is strongest for smaller models, with
Qwen3.5-2B improving by +4.8 at 30s and +5.3
at 60s, while Qwen3.5-27B reaches 49.4% at 30s.
These results show that captions provide useful
temporal indices, while sparse frames recover vi-
sual details missed by textual memory.

6 Conclusion

We introduced CapMem, a human-annotated
benchmark for caption-based egocentric episodic
memory. Across 12 VLMs, CaptionQA gains con-
centrate on long videos; under matched frames,
the mean gain across 6 selected Qwen models
remains positive. Retrieve-and-verify improves
most open-weight models, supporting caption
memory as an effective approach under current
VLM constraints.
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Limitations

CapMem contains 75 public egocentric videos
and 1,000 QA pairs, providing diverse long-form
coverage while necessarily covering only a sub-
set of real-world wearable scenarios. Although
videos were selected for scenario coverage rather
than source-dataset balance, Ego4D contributes
56 of 75 videos and 742 of 1,000 questions, so
aggregate results may partly reflect its capture
distribution. Our primary visual comparison is
limited to standard Direct VideoQA under each
model’s supported frame budget; we do not eval-
uate stronger chunked, retrieval-first, or hierarchi-
cal visual-memory pipelines. The frame-aligned
and cross-captioning controls are restricted to
Qwen models, and their controlled effects are het-
erogeneous, with several confidence intervals in-
cluding zero, limiting generalization across model
families. CaptionQA further depends on caption
quality, as missed objects, attributes, or short-lived
actions may propagate to downstream QA. Finally,
our retrieve-and-verify harness is evaluated as an
inference-time strategy rather than an end-to-end
trained memory system. Future work should ex-
pand the benchmark scale and evaluate broader
visual-memory baselines and model families.

Ethical Considerations

CapMem is constructed from previously released
egocentric video datasets and does not involve
collecting new personal recordings. Our anno-
tations are limited to observable events, objects,
actions, and spatiotemporal evidence, and avoid
inferring identities, sensitive attributes, or per-
sonal intentions. Nevertheless, source videos may
contain identifiable people and private environ-
ments. We therefore do not redistribute source
videos or frames; users must obtain the source
media separately and comply with the original
datasets’ licenses, access conditions, and privacy
requirements. CapMem releases only its annota-
tions and associated metadata, intended for non-
commercial research use, under the license speci-
fied in Appendix G. This license does not super-
sede any applicable restrictions imposed by the
source datasets. Deployment of caption-based
memory systems additionally requires appropriate
consent, data minimization, and access control.
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Model CaptionQA30s VideoQA
1Q 2Q 4Q 8Q 16Q 32Q
InternVL3.5-8B 429 217 111 58 32 18 131
InternVL3.5-38B 429 217 111 58 32 18 131
Qwen3-VL-2B 333 170 89 48 28 18 743
Qwen3-VL-4B 333 171 89 48 28 18 743
Qwen3-VL-8B 332 169 88 47 27 16 743
Qwen3-VL-32B 335 172 91 50 30 20 743
Qwen3.5-2B 330 167 85 45 24 14 743
Qwen3.5-4B 333 170 88 48 27 17 743
Qwen3.5-9B 334 171 89 48 28 18 743
Qwen3.5-27B 334 171 90 49 29 18 743
GPT-5.2 394 200 104 56 31 19 743
Gemini 3 Flash 1775 891 450 228 118 63 760"

Table 7: Amortized per-question workload (k token units) for 30-second Cap-
tionQA: logged input tokens for CaptionQA and an analytical visual-patch
proxy for VideoQA.

A An Introduction to Episodic Memory

The notion of episodic memory originates
from cognitive psychology. Tulving introduced
episodic memory as memory for personally expe-
rienced events anchored in specific temporal and
spatial contexts, contrasting it with semantic mem-
ory, which captures general world knowledge in-
dependent of a particular episode (Tulving, 1972,
2002). Later theories further clarified that episodic
memory is not simply a passive storage system
but a constructive retrieval process. For instance,
the encoding specificity principle argues that suc-
cessful recall depends on whether retrieval cues
overlap with the original encoded experience (Tul-
ving and Thomson, 1973). Similarly, autobio-
graphical memory research views human memo-
ries as a hierarchical structure, organized across
lifetime periods, general events, and event-specific
details (Conway and Pleydell-Pearce, 2000).

When bridged to multi-modal artificial intelli-
gence, these cognitive concepts translate naturally
into the engineering challenges of long egocen-
tric video understanding. In this domain, a wear-
able assistant is rarely asked only to retrieve se-
mantic knowledge—such as recognizing whether
a generic cup or dog appears in a frame. Instead, it
must act as an externalized episodic memory, an-
swering situated questions about the user’s own ex-
perience: where a specific object was left, what
action happened before another event, or which
person interacted with the camera wearer. Be-
cause a continuous video stream contains dense,
unrefined low-level visual observations, useful ma-
chine recall cannot rely on unstructured scanning.
For example, the query “Where did I leave my
keys?” may be answered only if the system can
use object identity, location, action history, and
temporal cues to retrieve a small span from a long,
high-bandwidth visual record. Thus, establishing

episodic memory in video understanding is funda-
mentally a problem of structured encoding (video-
to-text translation), cue-driven retrieval (textual lo-
calization), and evidence-grounded answer gener-
ation (fine-grained visual verification).

Wearable memory and lifelogging. The con-
nection between episodic memory and wearable
devices predates modern VLMs. Early lifelog-
ging systems such as MyLifeBits aimed to create a
searchable digital archive of a person’s documents,
photos, audio, and daily activities (Gemmell et al.,
2006; Bell and Gemmell, 2009). Wearable cam-
era systems such as SenseCam (Hodges et al.,
2006) and later lifelogging devices explored the
use of first-person visual records as memory aids,
particularly for supporting autobiographical recall
in users with memory impairment. (Doherty et al.,
2012). These systems revealed both the promise
and the core difficulty of externalized memory:
recording is increasingly easy, but retrieval is hard.
A lifetime archive is valuable only if the user can
recover the right episode at the right time.

Modern AR glasses and wearable sensing plat-
forms revive this question at a larger scale. Project
Aria, for example, frames future AR devices as
always-available, context-aware systems that col-
lect egocentric multimodal streams for personal-
ized Al applications (Engel et al., 2023). Recent
wearable assistant applications, from navigation
for visually impaired users to laboratory proce-
dure assistance, also depend on persistent contex-
tual memory rather than isolated frame recogni-
tion (Tokmurziyev et al., 2026; Cong et al., 2025).
In such settings, episodic memory is not an auxil-
iary capability; it is the mechanism that allows an
assistant to connect present queries to past obser-
vations. Without episodic memory, the device can
perceive the current scene but cannot answer what
happened before, where an object was last seen, or
how the user’s current situation relates to previous
steps.

Episodic memory in egocentric video bench-
marks. Egocentric video research has gradu-
ally moved from short action recognition toward
memory-centered understanding. Earlier egocen-
tric datasets such as EPIC-KITCHENS empha-
sized fine-grained hand-object interactions and
daily activities (Damen et al., 2018, 2022). Ego4D
marked a major shift by collecting thousands of
hours of first-person video across diverse daily sce-
narios. Crucially, it was the first to formally in-
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troduce the cognitive concept of episodic mem-
ory into the computer vision community, explic-
itly defining benchmark tasks around past, present,
and future understanding (Grauman et al., 2022).
Its episodic memory tasks, including natural lan-
guage queries, visual queries, and moment queries,
formalize the problem of locating or retrieving in-
formation from a camera wearer’s past experience.
This design established egocentric episodic mem-
ory as a central challenge for first-person percep-
tion.

Subsequent work extended this direction in
several ways. QAEGO4D, framed episodic-
memory-based question answering on egocen-
tric videos and highlighted the need for sys-
tems that can answer user-centric questions over
long visual experience (Barmann and Waibel,
2022). Episodic Memory Question Answering
further studied memory representations for em-
bodied agents and AR assistants in indoor en-
vironments, requiring models to ground answers
in spatio-temporal scene memory (Datta et al.,
2022). NaQ showed that narrations can be repur-
posed as supervision for natural-language episodic
memory queries, improving query localization in
Ego4D (Ramakrishnan et al., 2023). EgoSchema
then pushed video-language understanding toward
longer egocentric clips and diagnostic multiple-
choice QA (Mangalam et al., 2023). More re-
cently, Ego-Ex04D introduced synchronized first-
and third-person recordings of skilled activities,
enabling research on memory and reasoning
across viewpoints (Grauman et al., 2025), while
EgoMemReason studies memory-driven reason-
ing over ultra-long egocentric videos (Wang et al.,
2026).

Together, these works show that episodic mem-
ory has become a defining problem for egocentric
Al However, most existing benchmarks either fo-
cus on temporal localization, direct VideoQA, or
specialized reasoning settings. They do not di-
rectly ask whether a compact textual memory, gen-
erated from the video itself, can replace raw visual
input for long-horizon QA. This question is im-
portant because wearable devices face severe con-
straints: long egocentric streams are expensive to
store, transmit, and process as visual tokens, while
downstream users need fast and interpretable ac-
cess to past events.

Why caption-based episodic memory matters.
Caption-based memory offers a natural bridge be-

tween psychological theories of retrieval and prac-
tical constraints of long video understanding. In
cognitive terms, captions act as retrieval cues:
they preserve discrete descriptions of objects, ac-
tions, locations, and timestamps that can later be
matched to a user’s question. In systems terms,
captions compress high-bandwidth visual streams
into searchable textual logs, reducing the cost of
querying hours of video and mitigating the long-
context decay caused by severe visual-token over-
load. This is especially attractive for wearable
assistants, where the device may need to sup-
port many downstream tasks, such as object find-
ing, safety reminders, procedural guidance, nav-
igation, health monitoring, and human-robot col-
laboration.

At the same time, captions are lossy. They
may omit subtle attributes, spatial relations, tran-
sient gestures, or small objects that are visually
present but not selected by the captioner. This cre-
ates a central trade-off for episodic memory sys-
tems: textual memory improves scalability and ac-
cessibility, but raw visual evidence remains nec-
essary for fine-grained verification. This trade-off
motivates our benchmark design. CapMem evalu-
ates whether self-generated timestamped captions
can serve as episodic memory for long egocentric
QA, while retaining evidence timestamps and fine-
grained visual tags to diagnose when captions suc-
ceed or fail. The retrieve-and-verify harness fur-
ther reflects a practical memory strategy: use cap-
tions as a semantic index to identify likely mo-
ments, then selectively revisit sparse visual evi-
dence when details matter. In this sense, CapMem
connects the cognitive view of episodic memory
as cue-driven recall with the engineering need
for scalable, evidence-grounded wearable intelli-
gence.

B Guiding Taxonomy and Question
Template for QA Generation

A central design goal of CapMem is to evaluate
the capability of VLMs to utilize textual captions
as episodic memory for long egocentric videos in a
way that is both comprehensive and diagnostically
meaningful. To this end, to systematically assist
human annotators in brainstorming and construct-
ing high-quality QA pairs, we build our question
generation pipeline around a guiding taxonomy
with two orthogonal axes: subject of inquiry and
query intent. The first axis distinguishes whether
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a question concerns the camera wearer and their
actions, states, or attributes (Ego), or instead tar-
gets external entities visible in the scene (Exo).
This distinction is important because egocentric
memory naturally involves both self-centered and
scene-centered recall. Many real-world assistant
queries are inherently ego-centric, such as what
the wearer picked up, where they placed an ob-
ject, or what action they performed before a later
event. At the same time, long-form first-person
videos also contain rich exo-centric information
about other people, objects, animals, tools, and en-
vironmental changes. Separating Ego from Exo
therefore prevents the benchmark from collapsing
into a purely self-action dataset and enables analy-
sis of whether models fail differently when track-
ing the wearer versus the surrounding world.

The second axis organizes questions by 4W1H
intent: Who, What, Where, When, and How.
This axis is motivated by the observation that
episodic memory queries are not homogeneous.
Some questions ask for identity (Who), others
for object or event content (What), spatial place-
ment (Where), temporal order or timing (When),
or process, state transition, and manner (How).
These forms correspond to different retrieval de-
mands. For example, “Where” questions em-
phasize spatial grounding, “When” questions em-
phasize temporal localization and sequence mem-
ory, and “How” questions often require integrat-
ing multiple observations into a coherent proce-
dural or relational interpretation. By combining
the Ego/Exo and 4W1H axes, the taxonomy pro-
vides human annotators with a structured cogni-
tive space of question types that spans both who or
what is being queried and what kind of recall op-
eration is required. This design makes the bench-
mark more interpretable than a flat collection of
questions, because errors can be attributed to spe-
cific memory dimensions rather than only to over-
all accuracy.

To operationalize this taxonomy for annota-
tors, we design 50 standardized question tem-
plates, listed in Table 8, as scaffolds for manual
annotation. The templates are not intended to
rigidly constrain linguistic form; instead, they pro-
vide controlled structural patterns that encourage
broad coverage of episodic reasoning behaviors.
In practice, they capture recurring forms of mem-
ory queries that arise in long egocentric videos,
including object counting, state changes, action
destinations, ego—exo interactions, attribute com-

parison, spatial relations, and temporally ordered
events. This template-based design provides sev-
eral benefits. First, it improves coverage: annota-
tors are explicitly guided to consider diverse mem-
ory phenomena rather than overproducing only the
most obvious object or action questions. Second,
it improves consistency: questions across differ-
ent scenarios follow comparable structural princi-
ples, making benchmark difficulty less dependent
on arbitrary annotator style. Third, it improves di-
agnostic value: because each template is tied to
a known query form, downstream evaluation can
more clearly relate performance differences to spe-
cific episodic reasoning skills.

The use of templates is particularly important
for CapMem because our goal is not merely to
test whether a model can answer generic video
questions, but whether it can recover fine-grained
and time-specific details from long first-person ex-
perience. Open-ended human annotation with-
out structural guidance often drifts toward either
overly easy questions, which can be solved from
commonsense or coarse scene priors, or overly id-
iosyncratic questions, which are difficult to com-
pare across videos. The 50-template design helps
strike a balance between naturalness and control.
Human annotators still instantiate each template
with concrete entities, actions, and events from the
source video, preserving realism and grounding,
but the template skeleton ensures that the result-
ing dataset remains systematically organized. Be-
cause the questions are generated under explicit
structural guidance, they can be paired with down-
stream filtering to remove linguistic shortcuts and
ambiguous cases. Moreover, the taxonomy inter-
acts naturally with our fine-grained visual tags,
evidence timestamps, and evaluation dimensions.
They define what kinds of episodic memory behav-
iors are tested, how those behaviors are distributed,
and how model failures can later be interpreted.

C Prompts

To ensure a fair comparison across model fami-
lies, we use the same task-specific prompts for
all evaluated models whenever the input setting
is the same. In particular, the caption gener-
ation prompt is shared across open-source and
closed-source models, and the same CaptionQA,
VideoQA, and CleanQA prompts are used for their
corresponding evaluation settings. The only dif-
ferences across the 30s and 60s CaptionQA set-
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Table 8: The 50 foundational question templates organized by 4W1H intent and Ego/Exo perspective.

ID Intent Perspective Question Template

1 How Exo How many {object_x_plural} were there when {person_z} {action} {object_y}?
2 How Exo How many {object_x_plural} are at {place_y}?

3 How Exo How many {object_x_plural} appear during {time_interval_y}?

4 How Exo How many {object_x_plural} were around when {object_y} {state_or_action}?
5 How Ego How long did I spend doing {activity_x}?

6  How Exo How long did {someone_x} spend doing {activity_x}?

7  How Ego How did I {action} {object_y}?

8 Where Exo Where was {object_x} when I {action} with {person_y}?

9  Where Ego Where was I when I {action} with {person_y}?

10 Where Exo Where was {object_x} when I {action} with {object_y}?

11 Where Exo Where was {object_x} when {someone_x} {action} {object_y}?

12 Where Ego Where was I when I {action} {object_y}?

13 Where Ego Where did I spend most of my time during {interval_or_activity_x}?
14  Where Exo Where did {someone_x} spend most of their time during {interval_or_activity_x}?
15 Where Ego Where did {object_x} end up after I {action} it?

16 When Ego When did I {action} with {person_y}?

17  When Ego When did I {action} at {place_y}?

18  When Ego When did I {action} with {object_y}?

19 When Exo When did {someone_x} {action} with {person_y}?

20  When Exo When did {someone_x} {action} at {place_y}?

21  When Exo When did {someone_x} {action} with {object_y}?

22 When Exo When did {object_x} become {state_y}?

23 What Ego What did I do when I was with {person_y}?

24 What Ego What did I do at {place_y}?

25 What Ego What did I do with {object_y}?

26 What Ego What did I do during {interval_x}?

27  What Exo What did {someone_x} do when {person_z} {action}?

28 What Exo What did {someone_x} do when {I/someone} {action} at {place_y}?
29  What Exo What did {someone_x} do with {object_y}?

30 What Exo What did {someone_x} do during {interval_x}?

31 What Exo What {object_x} did I {action}?

32 What Exo Which {object_x} is {state_y}?

33 What Exo What is the state of {object_x}?

34  What Exo What is the relation between {object_x} and {object_y}?

35 What Exo What (object) did I use for {activity_x}?

36 What Exo What object did I use/hold when {action} with {person_x}?

37 What Exo What color is {object_x}?

38 What Exo What text/symbol is visible on {object_x}?

39  What Ego Which hand did T use to {action} with {object_x}?

40 What Ego What did I pick up from {place_y}?

41  Who Ego Who did I {action} at {place_y}?

42 Who Ego Who did I {action} {object_y} with?

43 Who Ego Who {action} with me when I {action} with {person_y}?

44 Who Ego Who did I {action} with during {interval_x}?

45  Who Exo Who did {someone_x} {action} at {place_y}?

46  Who Exo Who did {someone_x} {action} {object_y} with?

47  Who Exo Who {action} {someone_x} when {someone_z} {action} with {person_y}?
48  Who Ego Who was {person_y} to me during/at {event_or_time_x}?

49  Who Ego Who was looking at me when I {action}?

50 Who Exo Who was holding/using {object_x} at {place_y}?

tings are the caption window length and the result-
ing caption content; the prompt template itself re-
mains unchanged. The propmts can be found in
Figure 7.

D Harness Engineering

We implement a caption-primary retrieve-and-
verify harness to test whether sparse visual ev-
idence can repair errors made by caption-based
long-video reasoning. As summarized in Figure 8,
the harness is intentionally conservative: the base-
line CaptionQA prediction remains the default an-
swer, and visual verification is only allowed to
override it under strong evidence.

Inputs. For each evaluated question, the harness
uses three inputs: the question with four answer
options, cached timestamped captions generated

under a fixed caption specification, and the ini-
tial CaptionQA baseline prediction (i.e., the origi-
nal answer derived exclusively from the text-based
reasoning stage before any visual verification). We
do not mix caption granularities: results using
30s captions are compared only against the cor-
responding 30s CaptionQA baseline, and likewise
for 60s captions.

Caption-window retrieval. For each multiple-
choice question, we form a retrieval query by con-
catenating the question and all answer options.
The harness then scores each timestamped caption
window using a deterministic weighted retrieval
rule:

s = 0.65 - spmzs + 0.20 - Shash-cos
+0.15- Soverlap + 0.35 - Stime-
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Caption generation prompts

Write a compact factual caption for this first-person video
clip.

Use at most 6 short sentences,
speculation.

Prioritize visible actions, objects, colors, text/numbers,
counts, spatial relations, and other people only when they
are clear.

Full-coverage CaptionQA:

Frames: {n_frames} consecutive frames at 1 fps, {start_time}
to {end_time}.

Frame-aligned and cross-captioning controls:
Frames: {n_frames} wuniformly sampled
{start_time} to {end_time}.

Return only the concise caption.

with no bullets and no

source frames,

VideoQA prompt

Watch the video frames and answer the following
multiple-choice question.

Question: {question}

Options:

{options}

Answer with only the letter of the correct option (A, B, C,
or D).

The following are time-stamped captions describing a video:
{captions}

Based on these captions, answer the following multiple-choice
question.

Question: {question}

Options:

{options}

Answer with only the letter of the correct option (A, B, C,
or D).

CleanQA prompt

Answer the following multiple-choice question.

Question: {question}

Options:

{options}

Answer with only the letter of the correct option (A, B, C,
or D).

Figure 7: Evaluation prompts used for caption generation, CaptionQA, VideoQA, and CleanQA. Caption genera-
tion uses shared instructions with setting-specific frame descriptions: consecutive 1-FPS frames for full-coverage
CaptionQA and uniformly sampled source frames for the frame-aligned and cross-captioning controls.

We decouple the retrieval score into four distinct
components because relying on a single metric
is brittle when querying self-generated captions.
Each term targets a different failure mode of tex-
tual retrieval:

* BM25 (spmps) acts as the primary retrieval
backbone. By leveraging term frequency
and inverse document frequency (TF-IDF), it
heavily rewards exact matches of rare, dis-
criminative keywords (e.g., a specific ob-
ject name) while discounting ubiquitous stop
words.

* Hash-Cosine  (Spash-cos)  provides a
lightweight, fuzzy similarity signal based
on n-gram hashing. Unlike the strict exact-
match requirement of BM25, this term
improves robustness against slight phrasing
variations, synonyms, or morphological
differences between the question and the
generated caption.

* Word Overlap (Sgverlap) computes the un-
weighted density of shared content words.
This serves as a critical counterbalance to
BM25: it prevents the system from over-
indexing on a single extremely rare word
while ignoring the rest of the query, ensuring
that the retrieved window broadly covers the
multiple entities mentioned in the prompt.

* Time-Hint (s¢me) acts as a temporal ground-
ing mechanism. Pure lexical models are no-
toriously blind to temporal logic. This term
explicitly boosts windows that match tempo-
ral markers (e.g., before”, after”, first”, last™)
or explicit timestamps present in the query,
which is essential for episodic memory tasks
involving sequence and state changes.

Together, these four signals form a robust en-
semble that accurately localizes relevant moments
without the computational overhead of deploying
a neural bi-encoder for every frame.

We use the following retrieval configuration:

top_k = 3,
nms_seconds = 45,

neighbor = 1.

Here, top_k=3 means that the retriever keeps
up to three highest-scoring seed caption win-
dows for each question. To avoid selecting near-
duplicate temporal evidence, nms_seconds=45
suppresses additional seed windows that fall
within 45 seconds of an already selected seed. Fi-
nally, neighbor=1 expands each selected seed by
adding one adjacent caption window before and
after it, when available, as supporting evidence.
Thus, the retrieved evidence contains at most nine
caption windows: up to three temporally separated
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Caption-Primary Retrieve-and-Verify Harness

Use captions to find moments; verify only with reliable sparse frames.

Inputs

C timestamped captions ) ( question + options )( baseline CaptionQA )

Weighted caption retrieval
caption

selected

N

windows

SUPPORT )

e N

Conservative caption-primary policy

( Final answer )

Figure 8: Caption-primary retrieve-and-verify harness.

seed windows, each expanded with one neighbor-
ing window on both sides. Given the caption
cache, question/options, and retrieval configura-
tion, this evidence set is fixed and does not de-
pend on model-generated timestamps. The length
of each caption window follows the caption cache
granularity: 30 seconds for the 30s setting and 60
seconds for the 60s setting, except for boundary
windows such as the final segment.

Retrieved-caption answering. After retrieval,
the evaluated model answers the question based
only on the caption text associated with the re-
trieved video windows. It outputs a retrieved-
caption answer and a confidence label:

ANSWER € {A, B,C, D},
CONFIDENCE € {low, medium, high}.

This answer is not used as the final prediction. In-
stead, it serves as an intermediate candidate an-
swer that focuses the subsequent visual verifica-
tion step.

Sparse-frame verification. The harness then
constructs short visual clips from the same re-

trieved windows. We use:
max_clips = 3,
clip_neighbor =1,
expand_sec = 5,

frames_per_clip = 4.

Here, max_clips=3 limits verification to at most
three visual intervals. Although the retrieved
caption evidence may contain up to nine cap-
tion windows after neighbor expansion, the vi-
sual verification stage is centered only on the re-
trieved seed windows. Since top_k=3 selects at
most three seed windows, max_clips=3 yields at
most three visual intervals. For each visual inter-
val, clip_neighbor=1 merges one adjacent cap-
tion window before and after the seed window
when available. The merged window is then ex-
panded by expand_sec=5 seconds on both sides
and clipped to the video boundaries. Finally,
frames_per_clip=4 sparse frames are uniformly
sampled from each expanded interval. Thus, each
question uses at most 3 X 4 = 12 frames for visual
verification. The same evaluated model is then
called again with a verification-specific prompt.
This prompt provides the sparse frames, the ques-
tion/options, and the retrieved-caption answer as
context for judging the visual evidence. The goal
is to determine which option is supported by the
sampled frames and how strong the support is,
rather than asking the model to solve the full long-
video task from scratch. Output of this step is:

VISUAL_ANSWER € {A, B, C, D, UNKNOWN},
VISUAL_SUPPORT € {strong, weak, none}.

Conservative caption-primary policy. The fi-
nal decision follows a conservative policy named
visual_strong_notime. Let apuee be the initial
CaptionQA baseline prediction. By default, the fi-
nal answer is:

Qfinal = Qbase-

The harness overrides this baseline only when all
of the following conditions hold: the visual sup-
port is strong, the visual answer is an option
in {A, B,C, D}, and the question/options do not
contain an explicit clock-time cue such as 01:23
or @1:23:45. Formally,

Gyisual, if support is strong,
a _ Qvisual € {A,B,C,D},
final and no clock-time cue exists,
Qpase,  Otherwise.
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We block overrides for explicit clock-time ques-
tions because sparse frames may miss the refer-
enced moment.

CapMem currently contains a single 1,000-
question evaluation split and does not provide a
separate development set. The retrieval weights,
top_k = 3, nms_seconds = 45, and visual-
verification budget were set as heuristic defaults
rather than selected through an accuracy-based
search. However, the final override policy, includ-
ing the clock-time rule, was chosen after inspect-
ing errors and comparing policy variants on the
full benchmark. The resulting retrieve-and-verify
gains should therefore be interpreted as a post-hoc
proof of concept rather than an unbiased estimate
of out-of-sample improvement.

Reproducibility. The released script takes the
CaptionQA baseline prediction result JSON, the
raw retrieval-frame harness JSON, and the ques-
tion file as inputs. It reports the final accuracy, the
CaptionQA baseline accuracy, the accuracy delta,
the number of overrides, and whether each over-
ride changes a baseline-wrong example into a cor-
rect final prediction or a baseline-correct exam-
ple into an incorrect final prediction. This sep-
aration keeps the final evaluation auditable: re-
trieval and sparse-frame verification provide can-
didate correction signals, while the final answer re-
mains caption-primary unless the visual evidence
is strong.

E Annotation and Quality-Control
Pipeline

CapMem prioritizes manually verified questions
rather than automatic benchmark expansion. Ta-
ble 9 summarizes the complete construction
pipeline. Twelve trained annotators first created
2,109 candidate QA pairs using the taxonomy and
templates described in Appendix B. Two review-
ers then checked the solvability, answers and tem-
plate and category assignments, resolved disagree-
ments by consensus, and retained 1,276 candi-
dates.

A four-model text-only ensemble subsequently
identified 352 questions that could be answered
from the question and options without video ac-
cess, leaving 924 candidates. Because this auto-
mated filter could also reject visually grounded
questions, the reviewers re-examined all rejected
candidates and restored 76 false positives. They
finally verified that each of the resulting 1,000

questions was unambiguously answerable from
the source video.

Fine-grained visual tags were assigned accord-
ing to explicit definitions and checked during re-
view. Specifically, Object denotes questions re-
quiring identification, recognition, or counting of
visible entities; Attribute covers visually observ-
able properties such as color, shape, state, text, or
number; Spatial captures location, direction, con-
tainment, and relative spatial relations; and Action
denotes visible actions, interactions, or state tran-
sitions. Tags are multi-label and are assigned ac-
cording to the fine-grained visual information ex-
plicitly queried by each question. Reviewer dis-
agreements were resolved by consensus.

The final benchmark covers 33.7 hours, 16 sce-
narios, and four application domains. Its scale
reflects the cost of manual construction, review,
shortcut filtering, and visual-solvability verifica-
tion. It should therefore be interpreted as a quality-
controlled evaluation set rather than a comprehen-
sive sample of all wearable-video settings. Re-
lease artifacts are detailed in Appendix G.

F Supplementary Experimental Settings
and Results

This appendix reports the model, deployment, de-
coding, and API configurations required to repro-
duce the experiments. It then provides video-
clustered bootstrap uncertainty estimates for the
main paired comparisons, complete fine-grained
and evidence-location results, examines whether
the observed duration crossover is directly caused
by the VideoQA frame cap, and reports measured
frame, runtime, token, and cost accounting.

F.1 Supplementary Experimental Settings

Evaluation pipeline. All visual inputs are
drawn from a 1-FPS frame cache. In full-coverage
CaptionQA, consecutive frames are grouped into
non-overlapping 30- or 60-second windows, and
each window is captioned once. The timestamped
captions are then reused by every question associ-
ated with the video; no visual frames are accessed
during downstream QA. Direct VideoQA instead
receives deterministically and uniformly sampled
frames for each question. In the frame-aligned
control, CaptionQA uses exactly the same selected
frames as Direct VideoQA, with all other model
and decoding settings unchanged.
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Stage Input Procedure Output

Candidate creation - Twelve trained annotators manually constructed 2,109
QA pairs.

Internal review 2,109 Two reviewers checked answers and 1,276
template/category assignments and resolved
disagreements by consensus.

Text-only filtering 1,276 A four-model ensemble removed questions 924
answerable without video access.

s . . . 924 retained . . . .
Manual adjudication and visual verification . Reviewers re-examined the automatically rejected 1,000
+ 352 rejected

candidates, restored 76 false positives, and
verified visual solvability.

Table 9: Annotation and quality-control pipeline. The final benchmark retains 1,000 of 2,109 candidate questions.

Model Hugging Face model ID

Exact revision

InternVL3.5-8B
InternVL3.5-38B

OpenGVLab/InternVL3_5-8B
OpenGVLab/InternVL3_5-38B

Qwen3-VL-2B Qwen/Qwen3-VL-2B-Instruct
Qwen3-VL-4B Qwen/Qwen3-VL-4B-Instruct
Qwen3-VL-8B Qwen/Qwen3-VL-8B-Instruct
Qwen3-VL-32B Qwen/Qwen3-VL-32B-Instruct
Qwen3.5-2B Qwen/Qwen3.5-2B

Qwen3.5-4B Qwen/Qwen3.5-4B

Qwen3.5-9B Qwen/Qwen3.5-9B
Qwen3.5-27B Qwen/Qwen3.5-27B

9bb6a56ad9cc69db95e2d4eeb15a52bbcac4ef79
de99855be3642cd44fe97c9b72d70e5ce2c07f69
89644892e4d85e24eaac8bacfd4f463576704203
ebb281ec70b05090aa6165b016eac8ec@8e71b17
0c351dd@1ed87e9c1b53cbc748chal0e6187ff3b
0cfaf48183f594c314753d30a4c4974bc75f3cch
15852e8c16360a2fead60d615a32b45270f8a8fc
851bf6e806efd8d0a36bodddf55e13cch7b8cdla
€202236235762e1c871addcch6@c8ee5ba337b9a
b7ca741b86de18df552fd2cc952861e04621a4bd

Table 10: Exact checkpoints used for the open-weight model evaluations. The checkpoints were retrieved on February 15, 2026
for InternVL3.5 and Qwen3-VL, March 4, 2026 for Qwen3.5-27B, and March 11, 2026 for the remaining Qwen3.5 models

(UTC).

Open-weight models. Table 10 lists the exact
Hugging Face checkpoint identifiers and revisions,
while Table 11 summarizes the hardware, paral-
lelism, context lengths, frame caps, and maxi-
mum observed input lengths. Open-weight infer-
ence uses VLLM 0.19.0 and Transformers 4.57.6
with Python 3.10.20, PyTorch 2.10.0, CUDA 12.8,
and cuDNN 9.10.2.21. Models run in BF16
without quantization on NVIDIA H200 GPUs.
InternVL3.5-8B uses one GPU, InternVL3.5-38B
uses two-way tensor parallelism, and all Qwen
models use one GPU. No data or pipeline paral-
lelism is used. Prefix caching is enabled.

Caption generation batches eight windows per
1lm.generate call. CaptionQA submits the
1,000 questions in one application-level call, while
VideoQA groups questions by video. Caption gen-
eration, CaptionQA, and VideoQA use output lim-
its of 220, 200, and 200 tokens, respectively. All
use greedy decoding with temperature O, top_p =
1.0, and top_k = 0; Qwen3.5 thinking is dis-
abled. Every observed input remains below the
corresponding context limit, and no application-
level input truncation is applied.

Closed-source models. Table 13 summarizes
the retained OpenRouter request parameters, retry
behavior, and scoring policy. The main GPT-5.2
and Gemini 3 Flash experiments use OpenRouter

through the /api/v1/chat/completions
endpoint. The requested aliases re-
solve to openai/gpt-5.2-20251211 and

google/gemini-3-flash-preview-20251217,
respectively, on May 22, 2026. Requests use
temperature 0 and minimal reasoning effort. No
candidate count, decoding seed, stop sequence,
explicit thinking budget, JSON schema, or custom
safety setting is specified. Only the first returned
candidate is consumed, and provider-default
safety settings are retained. = Responses are
returned as plain text and parsed into one of
{A,B,C,D}.

The caption output limit is 220 tokens. The re-
tained results indicate CaptionQA limits of 512
tokens for GPT-5.2 and 64 tokens for Gemini 3
Flash. Because the original complete launch com-
mands were not preserved, these two values are
reported as recovered configurations.

Retry and scoring policy. Closed-source re-
quests use a 180-second timeout and up to nine
total attempts. HTTP 408, 409, 429, 500, 502,
503, and 504 responses, as well as network ex-
ceptions, are retried with exponential backoft and
random jitter. A successful but empty, refused,
safety-blocked, or unparsable QA response is not
semantically re-requested and is counted as incor-
rect. Empty captions are retained, and downstream
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QA proceeds without a semantic retry. Raw out-
puts, parsed predictions, correctness, token counts,
and finish reasons are stored for auditing.

F.2 Fine-Grained Visual Detail Results

CaptionQA shows model-dependent perfor-
mance across fine-grained visual tags. Fig-
ure 10 reports the full model-wise accuracy across
four fine-grained visual tags: object identity, vi-
sual attributes, spatial relations, and actions. The
relative performance of CaptionQA and Direct
VideoQA varies across models and categories, in-
dicating that caption-based representation does not
provide a uniform advantage for fine-grained vi-
sual reasoning.

GPT-5.2 shows the clearest positive pattern: its
30-second CaptionQA setting outperforms Direct
VideoQA across all four tags. This result indicates
that GPT-5.2 can effectively use the fine-grained
information preserved in its generated captions. In
contrast, Direct VideoQA remains stronger than
CaptionQA across the four tags for Gemini 3
Flash, showing that strong native visual process-
ing does not necessarily benefit from conversion
into textual memory.

The open-weight models exhibit similarly het-
erogeneous results. Several Qwen models improve
or remain competitive under CaptionQA for par-
ticular object, attribute, spatial, or action subsets,
but the direction and magnitude of the differences
vary by architecture and tag. InternVL3.5 gener-
ally shows smaller or negative CaptionQA differ-
ences. These variations are consistent with Cap-
tionQA depending jointly on what information is
retained during caption generation and how effec-
tively the downstream model reasons over the re-
sulting text.

Caption memory introduces a representational
trade-off: text can compactly support downstream
QA but may omit small objects, subtle attributes,
spatial relations, or brief actions. Our analy-
sis does not show that textual retrieval is uni-
formly easier than visual reasoning. This moti-
vates retrieve-and-verify, which consults sparse vi-
sual evidence to resolve details missing or ambigu-
ous in captions.

F.3 Full Evidence-Location Analysis

Figure 9 provides the full model-wise breakdown
of QA accuracy by evidence location. Supporting
evidence is grouped into the beginning (0-20%),
middle (20-80%), and end (80-100%) portions of

each video. Several models exhibit lower Direct
VideoQA accuracy for middle-position evidence,
producing a U-shaped three-bin profile consistent
with the “lost-in-the-middle” phenomenon. This
pattern is visible for a number of Qwen and In-
ternVL variants, but is not shared uniformly across
all models.

CaptionQA produces a flatter evidence-location
profile in several cases.  GPT-5.2 provides
the clearest example: its Direct VideoQA re-
sults contain a pronounced middle-position drop,
whereas CaptionQA keeps middle-evidence accu-
racy closer to its beginning- and end-evidence
performance. Qwen3.5-27B shows a related pat-
tern under the 30-second setting, which both im-
proves overall accuracy and reduces the observed
middle-position drop. These comparisons show
that caption-based representation can be associ-
ated with less middle-position degradation for par-
ticular models and settings.

A flatter profile does not necessarily imply
higher absolute accuracy. For some InternVL and
smaller Qwen models, CaptionQA reduces the
variation across evidence-location bins while re-
maining below Direct VideoQA overall. The two
interfaces therefore exhibit different error profiles
in these cases. CaptionQA is additionally limited
by information omitted or imprecisely represented
during caption generation. The 30-second setting
produces a flatter profile than the 60-second set-
ting for several models, which is consistent with
shorter caption windows retaining finer temporal
detail, although the pattern is not universal.

Overall, CaptionQA reduces middle-position
degradation for some models, but the pattern is
not universal and does not establish a causal re-
trieval mechanism. The differing profiles motivate
the retrieve-and-verify harness, in which captions
provide candidate temporal locations and sparse
frames recover details that the captions may omit.

F.4 Duration Regimes and the VideoQA
Frame Cap

At 1 FPS, the 768-frame VideoQA cap corre-
sponds to approximately 12.8 minutes. We there-
fore divide the benchmark into < 12 minutes,
> 12-< 20 minutes, and > 20 minutes to
test whether CaptionQA’s positive gap begins
as soon as Direct VideoQA reaches its frame
limit. Table 12 reports question-weighted mean
CaptionQA-Direct VideoQA gaps across the six
Qwen models used in the frame-aligned control.
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Model GPUs TP  Context length  VideoQA cap Max. input tokens
InternVL3.5-8B 1x H200 1 40,960 128 33,442
InternVL3.5-38B  2x H200 2 40,960 128 33,442
Qwen3-VL-2B 1x H200 1 131,072 768 20,677
Qwen3-VL-4B 1x H200 1 131,072 768 16,164
Qwen3-VL-8B 1x H200 1 131,072 768 14,897
Qwen3-VL-32B 1x H200 1 131,072 768 20,011
Qwen3.5-2B 1x H200 1 131,072 768 14,908
Qwen3.5-4B 1x H200 1 131,072 768 14,908
Qwen3.5-9B 1x H200 1 131,072 768 16,783
Qwen3.5-27B 1x H200 1 131,072 768 18,642

Table 11: Runtime configuration of the open-weight models. TP denotes tensor parallelism; no data or pipeline parallelism is
used. The last column reports the maximum observed input length across the evaluated requests. All observed inputs remain
below the corresponding context limit; therefore, no application-level input truncation is applied.

Original Aligned
Duration #QA  30s 60s 30s 60s
< 12 min 148 —3.93 —4.87 —2.93 —-5.52
>12-<20min 60 —2.52 —4.72 40.00 —4.72
> 20 min 792 +4.62 +2.22 +3.22 +2.55

Table 12: Mean CaptionQA-Direct VideoQA gaps (pp)
across six Qwen models by video duration.

If exceeding the frame cap alone caused the
crossover, a positive aligned gap should already
appear in the intermediate > 12-< 20-minute
group. Instead, the aligned gap in this group is
zero at 30 seconds and negative at 60 seconds. Pos-
itive mean gaps appear only in the strict > 20-
minute group, where CaptionQA exceeds Direct
VideoQA by 3.22 and 2.55 points at the two inter-
vals. Exceeding the 768-frame limit is therefore
not sufficient to explain the observed duration pat-
tern.

One possible explanation is that longer videos
contain more temporally distributed or repeated
evidence, which captions may compress into
shorter textual records. This interpretation re-
mains hypothetical: because we do not sweep mul-
tiple frame caps, the > 20-minute result should be
treated as an empirical regime in CapMem rather
than a universal or cap-invariant threshold.

F.5 Uncertainty Estimation

Because frame alignment reduces CaptionQA’s
mean gains relative to the full-coverage setting, we
further assess whether the remaining controlled ef-
fects are distinguishable from zero. We estimate
uncertainty over videos rather than treating the
1,000 questions as independent observations, be-
cause questions associated with the same video
share visual content and may have correlated er-
rors. The analysis is based on the six Qwen mod-
els included in the frame-aligned control.

Let n, denote the number of questions associ-

ated with video v. For model m and caption in-
terval s € {30,60}, we first compute the paired
video-level accuracy gap

Cims — Cifacee
dy.m.s = 100 :

Ny

where CS ms and CX ideo are the numbers of cor-
rect CaptionQA and Direct VideoQA predictions
on video v. We then average the gap across the six

models:
6
Z dv,m,s~
m=1

For a set of videos V), the reported mean gap
is weighted by the number of questions associated
with each video:

dv,s =

D=

ZUEV Ty

This weighting makes the point estimate equiva-
lent to aggregating the paired predictions over all
questions and six models while retaining the video
as the unit of resampling.

We obtain 95% confidence intervals using
10,000 duration-stratified video-cluster bootstrap
samples. For the full-benchmark analysis, we
independently resample with replacement the 28
videos in the < 20-minute stratum and the 47
videos in the > 20-minute stratum, preserving
the original number of videos in each group. For
duration-specific analyses, videos are resampled
only within the corresponding stratum. Whenever
a video is sampled, all of its questions and all
six model results are retained as one cluster. The
question-weighted mean gap is recomputed for ev-
ery bootstrap sample, and the 2.5th and 97.5th per-
centiles of the 10,000 replicates form the reported
95% confidence interval.

A, -
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The resulting intervals are reported in Ta-
ble 5. These intervals quantify sampling uncer-
tainty across the videos represented in CapMem;
they do not measure uncertainty over model fami-
lies, since the set of six Qwen models is held fixed.

F.6 Frame Accounting, Runtime, and Cost

Frame accounting. Let T, denote the number
of 1-FPS frames in video v, (), the number of
questions associated with that video, and F},, the
Direct VideoQA frame cap of model m. In full-
coverage CaptionQA, one caption interval pro-
cesses approximately 7;, frames once during mem-
ory construction; evaluating both the 30- and 60-
second settings therefore processes approximately
27T, frame inputs. Caption generation is performed
window by window and is not constrained by a
video-level frame cap.

Direct VideoQA uses at most min(7y, F),) se-
lected frames for each question. Its total number
of question-level visual-frame inputs for video v is
therefore

Nygeo = Qu min(Ty, Fr,).

The cap F}, is model-specific: it is 128 for In-
ternVL3.5 and 768 for the Qwen models. In the
frame-aligned Qwen experiment, CaptionQA also
uses min(7), 768) frames, with exactly the same
frame identities as Direct VideoQA.

Table 14 reports aggregate frame counts in the
frame-aligned evaluations. Selected frame iden-
tities count unique frames selected across the
videos. Total frame inputs additionally count re-
peated use across the two caption intervals or
across question-level Direct VideoQA evaluations.

CaptionQA processes each selected frame once
when constructing the memory for a given in-
terval, after which downstream QA is text-only.
Direct VideoQA instead associates its selected
visual frames with each question-level evalua-
tion. These counts describe the logical visual in-
puts; implementation-level caching may reduce re-
peated physical encoding.

Measured computation and cost. We measure
Qwen3.5-2B and Qwen3.5-27B over all 75 videos
and 1,000 questions on one NVIDIA H200. Gem-
ini 3 Flash is measured in a separate frame-aligned
official-API timing run on the first 100 questions
from eight videos. The CaptionQA measure-
ments combine the independent 30- and 60-second

caption-generation and downstream QA runs. To-
ken counts include both memory construction and
QA for CaptionQA and all question-level requests
for Direct VideoQA. Table 15 summarizes the
measured runtime, H200-hours, API cost, and to-
ken usage. The reported cost analysis covers the
base CaptionQA pipeline and does not include
the additional retrieval and visual-verification calls
used by the retrieve-and-verify harness.

We report H200-hours rather than converting
them into monetary cost because the applicable lo-
cal hourly rate was not preserved. The Gemini tim-
ing experiment uses the official API and should
not be conflated with the 1,000-question Open-
Router main evaluation. Its Direct VideoQA run-
time includes rate-limit retries and failed attempts,
and the recorded API charge is therefore a lower
bound.

Measured costs are model-dependent: both lo-
cal Qwen models require more time, GPU-hours,
and input tokens for the two CaptionQA settings
than for one Direct VideoQA run, whereas Gem-
ini requires fewer tokens, less time, and lower API
cost. The structural advantage is reuse: caption
memory is constructed once per video, while Di-
rect VideoQA reprocesses visual input for every
question. Thus CaptionQA becomes increasingly
amortized as more queries share the same mem-
ory.
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Parameter

Caption generation

GPT-5.2 CaptionQA

Gemini 3 Flash CaptionQA

Request configuration
Request unit
Caption reuse

Output limit
Temperature

Reasoning effort
Explicit thinking budget
Concurrency

Timeout

Candidate count

Seed

Stop sequences
Response format
Safety settings

One 30- or 60-second video window
Reused by all questions associated with
the video

One question

220 tokens 512 tokens’
0 0

Minimal Minimal
Not set Not set

16 64

180s 180s

Not explicitly set; only choices[@] is Same
consumed

Not set Not set

Not set Not set

Plain text; JSON mode disabled
Provider defaults

Plain-text answer letter
Provider defaults

One question

64 tokens '
0

Minimal
Not set

64

180 s
Same

Not set

Not set

Plain-text answer letter
Provider defaults

Retry and scoring policy
Maximum attempts
Retried failures

Backoff

Refusal or safety block
Empty or unparsable QA
Semantic re-query
Empty caption

One initial request plus up to eight retries (nine attempts in total).
HTTP 408, 409, 429, 500, 502, 503, and 504 responses, together with network exceptions.
Exponential backoff with random jitter; the base delay is capped at 120 seconds.

Counted as incorrect when no answer in { A, B, C, D} can be extracted.

Counted as incorrect.

No re-query is issued after a successful API response, even when the response is empty,

Retained; downstream QA proceeds
without a semantic retry

refused, or unparsable.

Table 13: Retained OpenRouter request and failure-handling configurations for caption generation and CaptionQA. T The two
CaptionQA output limits were recovered from truncation boundaries in the retained results because the original complete launch

commands were not preserved.

Evaluation scope Task Selected frame identities ~ Total frame inputs
1,000 QA /75 videos ~ CaptionQA 30s 50,907 50,907
CaptionQA 60s 50,907 50,907
CaptionQA 30s + 60s 50,907 101,814
Direct VideoQA 50,907 725,973
100 QA / 8 videos CaptionQA 30s 5,207 5,207
CaptionQA 60s 5,207 5,207
CaptionQA 30s + 60s 5,207 10,414
Direct VideoQA 5,207 70,026

Table 14: Frame accounting in the frame-aligned evaluations. Total frame inputs count repeated use across caption intervals or
question-level Direct VideoQA evaluations.
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Model Scope Task Wall-clock  H200-hours API cost Input/ output tokens

Qwen3.5-2B 1,000 QA CaptionQA 30s+60s  00:40:36.88 0.6769 27,617,234 /319,999
Qwen3.5-2B 1,000 QA Direct VideoQA 00:15:03.74 0.2510 13,525,676 / 3,009
Qwen3.5-27B 1,000 QA  CaptionQA 30s+60s 01:35:54 1.5983 33,206,180 / 665,839
Qwen3.5-27B 1,000 QA  Direct VideoQA 00:33:01.63 0.5505 - 13,525,676 /2,001
Gemini 3 Flash 100 QA CaptionQA 30s+60s  00:14:02.19 - $5.876472 11,815,823 /29,344
Gemini 3 Flash 100 QA Direct VideoQA ~03:11:53 — 2>$7.101995 76,269,813/ 151

Table 15: Measured computation, API cost, and token use. The Qwen measurements cover the full benchmark on one H200,
whereas the Gemini measurements come from a separate official-API run on 100 questions.

=0= 30s =0= 060s =0= VideoQA
InternVL3.5-8B InternVL3.5-38B Qwen3-VL-2B
60
» %
30
Begin Middle End Begin Middle End Begin Middle End
Qwen3-VL-4B Qwen3-VL-8B Qwen3-VL-32B
60
; =, —
£ 30
T Begin Middle End Begin Middle End Begin Middle End
o
®
§ Qwen3.5-2B Qwen3.5-4B Qwen3.5-9B
<
60
45
30
Begin Middle End Begin Middle End Begin Middle End
Qwen3.5-27B GPT-5.2 Gemini 3 Flash*
60 "’f”,,o ;;;; :fffg
o= =0 ©
45
30
Begin Middle End Begin Middle End Begin Middle End

Figure 9: Full model-wise accuracy by evidence location. Accuracy is grouped by whether the supporting evidence
appears at the beginning (0-20%), middle (20-80%), or end (80—100%) of the video. *Gemini 3 Flash is computed
on the 786-question VideoQA subset, with CaptionQA evaluated on the same questions.
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Figure 10: Full model-wise accuracy across fine-grained visual tags. Tags are defined from question-side fine-
grained annotations and are not mutually exclusive. *Gemini 3 Flash is computed on the 786-question VideoQA

subset, with CaptionQA evaluated on the same questions.

G Licensing and Release Details

This appendix specifies the scope of the CapMem
release and distinguishes CapMem-authored arti-
facts from third-party source media. We first
describe the released artifacts and source-dataset
terms, and then specify the licenses governing the
CapMem-authored data and code.

G.1 Release Composition and Source-Dataset
Licensing

CapMem is constructed from 75 egocentric videos
totaling 33.7 hours, selected from seven previously
released datasets. The released benchmark con-
sists only of independently authored CapMem an-
notations and associated metadata. It contains
1,000 multiple-choice QA records, each including
a CapMem question identifier, source-dataset and
source-video identifiers, the question and four an-
swer options, the ground-truth answer, supporting
evidence timestamps, domain and scenario labels,
Ego/Exo and 4W1H categories, evidence-location
labels, and multi-label fine-grained visual tags.
We additionally release the official evaluation split,
source-video manifest, evaluation prompts, evalu-
ation, test scripts, and retrieve-and-verify scripts.
The release contains no source videos, frames,
audio, or copied source-dataset annotations. Users
must obtain the corresponding media from the
original providers and comply with their respec-

tive licenses, access conditions, attribution require-
ments, and privacy restrictions. Table 16 lists the
source-dataset composition and video identifiers,
while Table 17 summarizes the governing source-
media terms and their treatment in the CapMem
release.

G.2 CapMem License

The independently authored CapMem QA an-
notations and associated metadata are released
under the Creative Commons Attribution-
NonCommercial 4.0 International license (CC
BY-NC 4.0). This release includes the ques-
tions and answer options, ground-truth answers,
evidence timestamps, taxonomy and visual-tag
labels, the official evaluation split, source-video
manifest, and evaluation prompts. These materials
may be shared and adapted for non-commercial
purposes with appropriate attribution.

The evaluation, test scripts, and retrieve-and-
verify scripts are released separately under the
Apache License 2.0. The corresponding license
texts and attribution instructions are included in
the release as LICENSE-DATA and LICENSE-CODE.

These licenses cover only CapMem-authored ar-
tifacts. Source media and source-dataset annota-
tions are not redistributed and remain governed by
their original terms; users must obtain the media
from the original providers.
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Source dataset

#Videos  #QA

Hours

Source video identifiers

Ego4D

EPIC-KITCHENS

EgoLife

CASTLE2024

EgoPet

ENIGMA-51

HoloAssist

56 742

1 4
1 14

22.489

1.967

3.328

3.000
2.284

0.278
0.371

a887ache-efd5-48e2-ad8b-8e22a3c654d2.
23164be8-8b5e-492f-8417-a56f4f44d9db.
f71187bc-cead-407d-ad14-62812993b6a3.
.mp4, 962fc84c-470e-430b-beef-ec892f936f5c.
.mp4, 406c7c13-4390-4c19-99c6-68861245da0d.
.mp4, b0a30641-ad93-4d6a-92a9-f277c78f1aa5.
.mp4, 26722640~ f3d0-4288-96b2-6ecf32b23198.
b79c342b-db1e-407e-958a-e1585c6c3ddd.
3b3ecfOc-ee8d-4518-bf1c-3301ba44c743.
1680e3e9-d3fc-4903-94d8-aa8e74016d74.

80c74a5b-81e0-4bc1-bc@9-2f146351fe70
f3b1d2c0-728b-40c4-bc8f-236b7a558dcc
6f3107a6-bd6a-4761-a44a-f53c40b47f7d
f60c7255-97fb-4f8b-a12d-f8f805423bfe

f41432c6-1ef3-48f6-8646-887ab70cb031

60bfacbb-063f-4e3f-bc74-fe993c7a521a
bc16dcef-d666-42c8-8a83-6babdfoe045f
cb87d2ca-dc4f-4elc-al3f-a8fe7dc952e9

542bd8e2-37a1-49be-8f4c-0fedeblcc9If1

mp4, e303a071-7d0b-40e7-b8df-deabe79ad7e8.
mp4, 01111831-9107-43c4-bfoe-6b26e9b32a2b.
mp4, 3906d25a-d0a4-4a7c-8906-a87ceal6bc66.

mp4, 0075dfd4-03b2-48c3-bde1-d7851bc8e367.
mp4, 9155f5b9-6235-484f-990d-fbd3010a791e.
mp4, 320f0ec0-0e73-43aa-8375-1a030793eble.

.mp4, 07536df6-9813-42d9-93df-35835407d8ee.
114¢1877-5b5b-4ca3-9399-bd535d55669a.
f8c36c51-1cca-4ed3-81db-c190b72d5c49.
ce19b572-7341-426a-8c2f-fe067344c98d.
820d4b9e-6fba-472f-aa45-25b27241d4af .
6b6d73b9-e92c-4698-86df-bbe687a9e95¢e.
a6f99fa0-6ad4-4b1c-b7bd-68d69e708736.
02ca6897-bf08-4cfb-bbc7-7810dbf5cca2.
.mp4, 8e84c762-b0f9-4a7d-982e-010127999435.
.mp4, ad1446fe-4495-4424-b729-b3f5661140e5.
.mp4, e750d46b-2c3a-468e-88db-4169a9d65a9a.
b7420366-105d-4583-b1d2-ecfbf2166733.
fdf36515-a08a-4575-9a79-65d0ec260cc7.
dced4894-d13a-4222-941b-5e4ecf1e3299.
af215e0f-56c7-4356-9aad-a3a5fb7bbc4f.
41309ada-0a81-47b2-bdd1-453a178db18a.
d51cd3c2-dc8a-42ad-90c7-a130f6481b7d.
.mp4, 5c520abb-dee8-4b65-9a2a-3112a42e79a9.

mp4, 9bbaalal-2d12-4e85-b9ce-fc5a738bf38a.
mp4, 6099730e-7a7c-41ce-8266-83a9f00cacec.
mp4, 7a07a236-aaba-48ee-90a8-598fb6626cc2.
mp4, e99a32fa-19c9-41e6-be66-37869bd26583.
mp4, 11586867-4d9-4341-9532-4de21a47585d.
mp4, a8197601-7474-4cb0-8d08-e8a8febcecfc.
mp4, 1ebbf490-8a85-46b9-99c9-cddf7e3b634b.

mp4, def26f88-2696-4b70-a545-33ad481ca696.
mp4, 7¢925095-c62a-4a7a-a2ca-118ca3f0176a.
mp4, f22be6c4-8951-4713-a8f4-d1a61912b4ff.
mp4, 033520cd-e7e4-4649-b551-83bb451a4802.
mp4, 3f8dbb4f-ad5e-4d54-bf95-3ddbe968a85d.
mp4, 51ab3f5f-f17f-4726-8f2c-b8e504e47377.

EPIC-KITCHENS_P@1_03.MP4, EPIC-KITCHENS_P@1_05.MP4, EPIC-KITCHENS_P01_105.MP4,

EPIC-KITCHENS_P@1_09.MP4

DAY1_A1_JAKE_11493000--DAY1_A1_JAKE_12290000, DAY2_A3_TASHA_11200000,
DAY5_A3_TASHA_15193000--DAY5_A3_TASHA_16160000, DAY6_A1_JAKE_12420000,

DAY7_A4_LUCIA_14243000

CASTLE2024_day1_Allie_12.mp4, CASTLE2024_day1_Bjorn_09.mp4, CASTLE2024_day2_Allie_15.mp4

EgoPet_edited_3a628da0633ba2685a871184e840129e7885d0571e00377024125255d5638ef6_segment_
25.mp4, EgoPet_edited_f0596f2b564265bb5f34dc2042148a61fbc62e3bba7089c79f4c40cch12e40d3_

segment_011.mp4, EgoPet_edited_

2601ab6126bb4fdc6aad1e307134b48a14b317228b4bb1e566adb7886e762899_segment_002.mp4,

EgoPet_edited_ca553b127e28b214fc5130f384ca5341912318ef4e23d6e4935388451bdf819a_segment_
003.mp4, EgoPet_edited_e639364fb4e2e34c2c4dab43chba2c1809cf8fodel2dad84b80cc849b6dc34390_

segment_1.mp4
ENIGMA51_141.mp4

z015-june-17-22-rashult_assemble

Total

75 1,000

33.717

Table 16: Source-dataset composition and source-video identifiers used by CapMem.
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Source dataset

Source-media license or access terms

CapMem release treatment

Ego4D

EPIC-KITCHENS

EgoLife

CASTLE2024

EgoPet

ENIGMA-51

HoloAssist

Ego4D Dataset License Agreement; access
requires acceptance of the official agreement.

Creative Commons Attribution-NonCommercial
4.0 International (CC BY-NC 4.0).

S-Lab License 1.0; non-commercial use subject
to its attribution and redistribution conditions.
Creative Commons
Attribution-NonCommercial-ShareAlike 4.0
International (CC BY-NC-SA 4.0), together with
the project Terms of Use.

Creative Commons Attribution-NonCommercial
4.0 International (CC BY-NC 4.0).

No explicit public dataset license is stated on the
official project page.

Community Data License
Agreement—Permissive 2.0
(CDLA-Permissive-2.0).

CapMem releases source identifiers and
independently authored annotations only; no
source media or copied source annotations.
Source media are excluded; users obtain them
from the original provider and comply with
attribution and non-commercial-use terms.
Source media are excluded.

CapMem releases no source media or copied
annotations; users remain subject to the original
access and non-commercial-use terms.

Source media are excluded; CapMem releases
only source identifiers and independently
authored annotations.

Source media are excluded.

Source media are excluded; CapMem releases
only source identifiers and independently
authored annotations.

Table 17: Licensing and release treatment of the source media represented in CapMem.
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