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Abstract

A long-video answer is evidence-supported
only when the frames decoded from the video
cover every event the answer depends on. Exist-
ing evaluations score final-answer correctness
or predicted evidence intervals, but the frames a
method decodes before answering are rarely au-
dited, so correct answers can still rest on incom-
plete observation. We introduce VES-Bench,
a 600-question benchmark of Temporal Order-
ing and Event Counting items over 348 public
long videos. Each item carries a jointly neces-
sary set of evidence intervals, letting us audit
at three strictness levels whether a method’s
decoded frames cover every one of them. We
also propose TRACE, a training-free agent that
grounds answers in raw visual clips, builds an
evidence bundle round by round, and stops only
when the answer stabilises as the bundle grows
and a final pass over the same clips returns the
same answer. Under a same-backbone audit,
TRACE answers 50.7% of questions correctly
with at least two decoded frames inside every

* Equal contribution. T Corresponding author.
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Figure 1: Comparison between text-chain agents, visual-only agents, and TRACE. TRACE keeps the answer path
grounded in raw visual evidence while using trajectory reconciliation only for stopping and control.

evidence interval, at 98.7 frames per question:
over 10 points above uniform decoding at 128
frames (40.2%), and within 2.6 points of uni-
form decoding at 256 frames at 0.39x its frame
cost, while reaching the highest answer accu-
racy in the audit (63.5%). TRACE also stays
competitive on Video-MME (86.1), LVBench
(75.6), and LongVideoBench (75.1).

1 Introduction

Long-Horizon Video Understanding requires locat-
ing and integrating visual evidence that, for many
questions, is distributed across multiple intervals
of the video rather than concentrated in a single
moment (Mangalam et al., 2023; Wu et al., 2024;
Wang et al., 2025a; Zhou et al., 2025; Li et al.,,
2026b). Determining the order of several events,
or counting how many times an event occurs, can
only be answered from visual evidence once ev-
ery relevant interval has been seen (Ben-Ami et al.,
2025; Liu et al., 2026a; Yu et al., 2025; Kwan et al.,
2026). If any of them is left out, the remaining
choices cannot be told apart on visual grounds and
the model has to guess. Locating one relevant mo-
ment therefore does not imply that the model has
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observed everything the answer needs.

Methods for long-video question answering dif-
fer in how they accumulate evidence and where to
look. Fixed-sampling and long-context approaches
commit to the visible content before reasoning, so
any interval missed by the initial schedule can-
not be recovered later (Chen et al., 2025b; Shen
et al., 2025; Shu et al., 2025; Song et al., 2024; He
et al., 2024; Ataallah et al., 2024; Tang et al., 2025).
Agent-based methods iteratively search for relevant
clips (Wang et al., 2024a; Yang et al., 2025; Wang
et al., 2025d; Li et al., 2026a; Wang et al., 2025c;
Zuo et al., 2025; Yuan et al., 2025; Xu et al., 2026).

Figure 1 depicts two recurring patterns in agent-
based methods. Text-chain agents (Wang et al.,
2024a) accumulate evidence as a textual rationale
across rounds and lose visual grounding, while
visual-only agents (Yang et al., 2025) preserve raw
clips but stop on a self-reported confidence check.
A wrong stop either leaves required intervals un-
seen or wastes the budget on confounding intervals.
TRACE instead preserves visual fidelity by retain-
ing raw visual evidence, and terminates exploration
with a verifiable stopping criterion based on answer
stability as the evidence bundle grows.

Existing long-horizon evaluations leave this de-
cision unaudited. They score final-answer correct-
ness (Mangalam et al., 2023; Fu et al., 2025; Wu
et al., 2024; Wang et al., 2025a; Zhou et al., 2025)
or predicted evidence intervals (Gao et al., 2017;
Lei et al., 2021; Lin et al., 2023; Xiao et al., 2024;
Qin et al., 2025; Chen et al., 2025a), but not the
frames a method actually decoded before answer-
ing, so a model that observed every necessary in-
terval and one that guessed from a partial view can
record the same accuracy. We close this gap with
VES-Bench, a Long-Horizon Video Understanding
benchmark of 600 four-choice Temporal-Ordering
and Event-Counting questions, each paired with a
jointly necessary evidence set. The audit reports at
three strictness levels whether the frames a method
actually decoded cover that set, making evidence-
supported correctness a directly measurable prop-
erty of every prediction.

On VES-Bench under a shared backbone, ex-
isting agents reveal complementary blind spots.
One targets evidence intervals without covering
them all, while another spends a larger budget with-
out targeting the question. TRACE combines tar-
geting with density at an agent-comparable frame
budget, surpassing agent baselines and approach-
ing dense uniform decoding at a fraction of its

frame cost. This corroborates that at a matched
frame budget, the trajectory-based stopping mech-
anism, rather than raw budget, is what drives
evidence-supported correctness. TRACE also re-
mains competitive on Video-MME, LVBench, and
LongVideoBench (Fu et al., 2025; Wang et al.,
2025a; Wu et al., 2024), without sacrificing general
long-video performance.
Our contributions are as follows.

* We propose TRACE, a training-free agent
that grounds answers in raw visual clips and
stops when the answer trajectory across the
evidence bundle stabilises.

¢ We construct VES-Bench, a benchmark that
audits, at three strictness levels, whether de-
coded frames cover each question’s jointly
necessary evidence intervals.

* At matched budgets on a shared back-
bone, trajectory-based stopping yields higher
evidence-supported correctness than fixed-
sampling and agent baselines, while TRACE
stays competitive on three long-video bench-
marks.

2 Related Work

Long-Horizon Video Understanding. Long-
Horizon Video Understanding methods build on
general vision-language models (Niu et al., 2025b;
An et al., 2026) and often address input scale by
extending context length, compressing visual to-
kens, or constructing sparse memory. LongVILA,
LongVU, and Video-XL increase the amount of
video a model can process in a single pass (Chen
et al., 2025b; Shen et al., 2025; Shu et al., 2025).
MovieChat, MA-LMM, Goldfish, and InternLM-
XComposer2.5-OmniLive organize long videos
into compact memory or retrieval representations
(Song et al., 2024; He et al., 2024; Ataallah et al.,
2024; Zhang et al., 2024). A complementary
line of evaluation work probes whether long-video
answers are visually grounded by stress-testing
them with hallucination-style probes (Wang et al.,
2024b). Our audit shares this motivation but opera-
tionalises grounding through observed-frame logs
rather than answer-level probes.

Agent-based reasoning and temporal grounding.
Two methodological lines are closely related to
TRACE. Agent-based long-video frameworks for-
mulate the task as multi-step observation, search,
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or tool use. VideoAgent, VideoTree, VCA, Video-
Mind, DeepVideoDiscovery, VideoLucy, AVP, and
LensWalk explore where and how a model should
observe a video, and decide when to stop (Wang
et al., 2024a, 2025¢; Yang et al., 2025; Liu et al.,
2026b; Zhang et al., 2025; Zuo et al., 2025; Wang
et al., 2025d; Li et al., 2026a). Temporal ground-
ing methods take a complementary view, predict-
ing query-relevant intervals end-to-end and re-
porting interval-level metrics such as tIoU and
Recall@k (Gao et al., 2017; Lei et al., 2021; Lin
et al., 2023). Agent and grounding lines together
cover “when and how to look™ and “which inter-
vals are query-relevant.” TRACE sits between
the two. As a test-time agent it controls obser-
vation through a trajectory-level stopping criterion,
and VES-Bench audits, on the evaluation side, the
source-frame timestamps actually decoded by each
method against the annotated evidence intervals.

Long-video QA benchmarks. Long-video QA
evaluation has moved beyond end-to-end answer
accuracy (Fu et al., 2025; Wu et al., 2024; Wang
et al., 2025a; Zhou et al., 2025; Mangalam et al.,
2023) toward finer diagnostics, including state-
maintenance probes under streaming queries (Liu
et al., 2026a; Li et al., 2026b; Niu et al., 2025a)
and grounding-aware protocols. The latter typi-
cally score the evidence intervals or clues a model
predicts (Xiao et al., 2024; Qin et al., 2025; Chen
et al., 2025a), or build questions that structurally
require fusing cues from multiple non-overlapping
clips (Ben-Ami et al., 2025). VES-Bench is com-
plementary. Rather than scoring predicted intervals
or the evidential requirement of a question, it logs
the source-frame timestamps actually decoded for
the VLM before each final answer and checks them
against per-question annotated evidence sets.

3 Method

TRACE organizes long-horizon video evidence as
visual anchors and decides when to stop by ana-
lyzing how answers change as the evidence bundle
grows. In TRACE, evidence is convergent when
later visual anchors no longer change the answer,
degrade answerability, contradict discriminative
facts, or fill remaining evidence needs. Figure 2
summarizes the workflow, and Algorithm 1 gives
the compact inference loop.

Algorithm 1 TRACE inference.

Require: video V, question g, options O, budget B
1: TP, EA, and TR denote Temporal Proposal, Evidence
Assembly, and Trajectory Reconciler.
2: Initialize storyboard S as a coarse global preview of V,
anchors Ag = (), unexplored segments Ro, needs Uy = (.

3: fort = 1,2,... while budget remains do

4: Pq <—TP(S, q,O7Rt,17At,17L{t,1).

5: Extract valid anchors from P;; update A; and R;.

6: Order anchors and form prefix bundles &1, . .., Ex.

7: For each newly formed prefix bundle &;, r; <
EA(&;,q,0);append to 7 = (r1,...,75).

8: (u, Uz, 7%) < TR(7, Ry, B).

9:  ifu = STOP and replay(&;+) = y;» then

10: return (y;+, STABLEPREFIXFOUND, &;+)

11: end if

12: Update state with DROP, REFINE, or EXPAND.
13: end for

14: P <+ least-conflicted fallback prefix; § < replay(P).
15: return (3, NOSTABLEPREFIX, P)

3.1 From Full Video to Visual Anchors

A visual anchor a is the basic visual evidence in
TRACE: a short video clip localized within a can-
didate interval and defined by a temporal span with
an observation strategy. The observation strategy
controls frame rate and spatial resolution, allowing
the system to adapt to fast motion, small objects,
text, or fine-grained state changes. A visual an-
chor is not a textual summary, memory node, or
latent representation, but raw visual evidence that
Evidence Assembly can directly consume.

TRACE obtains visual anchors through three
search modules. The storyboard S is a coarse
global preview of V, built once before any anchor
is observed (in our implementation, 32 uniformly
spaced frames), and is not part of the prefix bundles
Evidence Assembly reasons over. Like every clip
subsequently supplied to Evidence Assembly, its
frames are part of the actual visual input the VLM
consumes on a question, so they are not a free pre-
pass. At round ¢, Temporal Proposal maintains
discovered candidate intervals, visual anchors, un-
explored segments, and unresolved evidence needs,
and consults this same preview together with the
question, answer options, existing anchors, and un-
explored segments to propose new candidate inter-
vals and observation strategies. Later rounds search
unexplored segments for clips that may change the
answer or fill an evidence gap.

Anchor Extraction then observes each candidate
interval under its assigned observation strategy and
extracts a shorter visual anchor from the local video.
If the interval is irrelevant to the question, no an-
chor is kept. Anchor Prioritization orders retained
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Temporal Ordering Question
Which order do the following scenes appear in?
Event A: frightened hunter reaches behind himself

Event B: two anthropomorphic frogs in swamp vegetation

Event C: young woman opens a cottage attic window
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STOP + final answer replay
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Final answer: A—- C — B
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®

But:

frog interval 592--598s not observed

prediction contradicts late evidence
Acc =0; ECA@k =0

Wrong option
unsupported answer

STOP
after E2

Figure 2: TRACE workflow. The system converts the full video into visual anchors, constructs prefix bundles to
form an evidence growth trajectory, and uses the Trajectory Reconciler to stop, drop, refine, or expand the observed

evidence.

visual anchors using their visual views, the ques-
tion, and the answer options, placing anchors that
are more likely to distinguish choices or fill missing
evidence earlier. The ordering itself does not pro-
duce an answer or final explanation. It determines
how evidence is added to the evidence bundle and
shapes the evidence growth trajectory.

3.2 Constructing the Evidence Growth

Trajectory
Given ordered visual anchors (a(yy,...,axm))s
TRACE constructs prefix bundles
Ej:{a(l),...,a(j)}, jzl,...,n, (1)

forming a monotonic input sequence in which con-
secutive steps differ only by newly added visual
evidence. Evidence Assembly reasons over each
prefix bundle independently from raw visual clips,
the question, and the answer options alone, with no
carryover from earlier prefix bundles, so adjacent
records r; and r; 1 differ only in the newly added
visual anchor and the trajectory 7 tracks evidence
growth rather than accumulated intermediate text.
Each anchor is a handful of frames, which is
what keeps the trajectory affordable. Since Evi-
dence Assembly re-supplies the whole bundle, the
trajectory costs > |&;| frames: anchors of, for ex-
ample, 5, 4, 4, and 3 frames give 5+9+ 13416 =
43 frames across four calls. Independence between
prefixes is bought with re-supplied frames, and Ap-
pendix A reports the measured per-question total.
For each prefix bundle, Evidence Assembly out-

puts

i = (Y5, 85, F5,Uj), (2)

where y; is the answer candidate supported by the
current evidence, s; is the answerability or conflict
status, Fj records discriminative facts visually sup-
ported, and U; records remaining evidence needs.
All prefix-level records form the evidence growth
trajectory

T = (T’l,...,Tn). (3)

TRACE differs from majority voting because the
visual evidence itself changes. The question, op-
tions, prompt, and decoding setting are held fixed
while only the growing visual evidence varies, so
changes along 7 reflect the marginal effect of new
visual anchors.

3.3 Trajectory Reconciliation and Control

The Trajectory Reconciler analyzes the whole evi-
dence growth trajectory and searches for a minimal
stable prefix: the earliest prefix bundle from which
(1) later anchors do not cause answer flips, answer-
ability degradation, or contradiction of discrimina-
tive visual facts, and (ii) the prefix leaves no unmet
evidence need. Answer-label stability alone is not
evidence sufficiency. A later anchor that leaves
the answer unchanged but supplies a previously
missing event, identity cue, or counting fact still
indicates the earlier prefix was insufficient, and a
later anchor exposing conflict or poor observation
quality is treated as a correction signal rather than
support for stopping.
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The Trajectory Reconciler emits four control
actions:

* STOP: accept the current minimal stable pre-
fix.

* DROP: remove invalid or redundant anchors
and reconstruct the trajectory.

* REFINE: reobserve an existing candidate in-
terval with a more suitable observation strat-

egy.
¢ EXPAND: introduce new candidate intervals
from unexplored segments.

The reconciler implementation and prompt tem-
plate are in Appendix B, and Table 5 lists the four
actions with their triggers.

Final answer replay grounds STOP in raw visual
clips. When STOP is triggered, TRACE re-answers
from the raw clips in the minimal stable prefix, the
question, and the answer options in a single call
that returns an answer alone, and accepts STOP
only if it matches y;«. A mismatch becomes a con-
flict signal and TRACE continues with DROP, RE-
FINE, or EXPAND while budget remains. Budget
exhaustion is not treated as sufficiency. If the bud-
get is exhausted before a reliable STOP, TRACE
returns the most stable and least conflicted prefix as
a forced answer without claiming sufficiency, and
VES-Bench audits whether the actually observed
clips support that answer.

4 VES-Bench

VES-Bench evaluates whether a long-video answer
is supported by the visual evidence actually ob-
served before answering. It contains 600 four-
choice questions from 348 public Ego4D (Grau-
man et al., 2022) and YouTube videos, evenly split
between Temporal Ordering and Event Counting.

4.1 Evidence-Closed Questions

A question is evidence-closed when it is paired
with an evidence set G = {[1,...,I,} of inter-
vals jointly necessary for determining the answer.
Removing any single interval leaves at least two
answer options visually compatible with the re-
maining evidence.

Temporal Ordering. A Temporal Ordering ques-
tion asks for the relative order of several events. Its
evidence set contains one interval per ordered event,
and missing an event leaves its position unresolved.

(a) duration of the 348 videos, in minutes - mean 7.2

92% run longer than 4 min

100 a9 85
35
-
4-6 6-8 8-10 10-12 >12

(b) mean evidence layout over the source video

100

7

50 22
24

0-2

evidence 13.7% of the video, 3.4 intervals per question

p———first-to-last span 62.4% ———
0% 25% 50% 75% 100%

Figure 3: VES-Bench duration and evidence-layout
statistics.

Event Counting. An Event Counting question
asks how many times a target event occurs. Its
evidence set lists every occurrence of the target
event in the video, and the count is determined
only when those occurrences have been observed.

4.2 Construction and Verification

VES-Bench is built by a five-stage semi-automatic
pipeline. (1) Proposal: a captioning VLM pro-
duces dense per-window captions; a proposal VLM
drafts candidate items per the family schema, each
carrying a question, four options, and a candidate
evidence set G of proposed intervals. (2) Visual
verification: annotators open the video at every
proposed interval, adjust temporal boundaries, and
reject items whose intervals cannot be visually
grounded. (3) Leave-one-out sufficiency probe: a
human annotator and an independent vision LLM
both answer each |G|—1 partial evidence set; an
item is accepted only if both judge that no leave-
one-out partial set uniquely determines the correct
option. (4) Shortcut probe: a language-only LLM
answers from the question and options alone, and
a separate LLM from the question, options, and a
global video summary; items solvable from either
are rejected. (5) Adjudication: residual disagree-
ments on interval boundaries, visual grounding,
or leave-one-out sufficiency are resolved by a se-
nior annotator. The candidate pool of 1,024 items
yields 600 accepted items. Per-stage models, re-
jection rates, and inter-annotator agreement are in
Appendix H.

Dataset scale. Figure 3 summarises the dura-
tion distribution and evidence layout. The average
video lasts 434 seconds, and an average question
carries 3.4 evidence intervals of 16.2 seconds each,
so evidence localisation over long temporal context
is central to the benchmark.

Source and license. Videos are drawn from
Ego4D and from public YouTube. The release car-
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ries the annotations, evidence-set boundaries, per-
question observation logs, and the source videos,
so that a logged timestamp can be replayed against
the exact frame the audit scored. Licensing terms
are in Appendix K.

4.3 Audit Metrics

Each method receives the full video, question, and
four options. The evaluator never supplies ground-
truth intervals during inference. For each question
1, the observation log JF; is the set of distinct source-
frame timestamps decoded for the VLM before
the final answer. Proposed intervals that are not
decoded are not counted. We organise the audit into
three measurements: targeting (EP, AR), coverage
breadth (Cov@k), and joint correctness (ECA@Fk),
all computed on F; and all higher-is-better. The
visual budget Fr (lower-is-better) instead sums the
frames supplied over every backbone call, so a
timestamp that a method re-supplies in a later call
is charged again; for single-pass methods the two
conventions coincide.

Answer accuracy. Acc = % > i = vil.

Targeting (EP, EP,., AR). Evidence Precision
is the fraction of decoded frames that fall inside
any annotated evidence interval,

|fmUIegI|
SRR

We compare EP against a benchmark constant
_ 1 ‘ UI €G; I’
EPref - N Z Ta
7

where T; is the source duration of the video that
question ¢ is asked on, taken from the benchmark
video metadata. EP . is fixed by the benchmark
itself. It is computed once from the 348 video dura-
tions and the 600 evidence-set annotations, and is
identical for every method evaluated. On VES-
Bench, EP,os = 13.7% (Appendix F). EP and
EP,et share the same per-question macro-average
convention, so any sampler whose frame place-
ments are uniform in time and do not condition on
question content has EP close to EP ¢, up to frame
discretisation. We summarise targeting by the Al-
location Ratio AR = EP/EP ¢, where AR = 1
corresponds to uniform allocation and AR > 1
indicates preferential observation of evidence inter-
vals.

Coverage breadth (Cov@k).
level ke {1,2,3},

Covak = + > [ 17 N1 = ]

i Ieg;

For each density

is the rate at which every annotated evidence in-
terval receives at least k decoded frames. Cov@1
checks whether every interval has been touched
at all and saturates at moderate uniform budgets.
Cov@3 raises the bar but under-resolves the lower
budgets that most agents and direct VLMs use. We
use Cov@2 as the headline density level through-
out the paper, since it is the weakest threshold that
excludes single-frame coincidence inside each in-
terval, and we report Cov@1 and Cov@3 as lower
and upper sensitivity bounds. The three values to-
gether describe a graded notion of how thoroughly
each evidence interval has been decoded. The head-
line choice does not exclude either bound.

Joint correctness (ECA@k). Evidence-Covered
Accuracy at density k couples correctness with
Cov@k,

ECAQk = 4 "1[gi =y [ 117 01| > &].

Ieg;

ECA@F is the rate of questions that are answered
correctly while every evidence interval is observed
at density at least k. By construction, Acc >
ECAQ1 >ECAQ@2 > ECA@3, and for any fixed
Acc the spread among ECA@Fk tracks how thor-
oughly the evidence supporting those correct an-
swers has been observed. ECA@2 is the head-
line density throughout the analysis. ECA@1
and ECA @3 are reported alongside as sensitivity
bounds. ECA @Fk measures observation sufficiency;
Section 5.2 pairs it with a counterfactual check that
the covered intervals are the ones an answer de-
pends on.

Reading the metrics. EP and AR describe target-
ing. Cov@Fk describes coverage breadth. ECA@Fk
couples them with answer correctness. In the main
audit table we pair these with the average supplied
frames Fr, so each row is read as a (method, frame
budget) configuration. Statistical reporting follows
Appendix E.

Timestamp requirement. End-to-end video
compression or hidden key-frame selection sys-
tems can report Acc on VES-Bench, but they can
report EP, AR, Cov@Fk, and ECA@F only if they
expose source-frame timestamps that map back to
the original video.
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Method Video-MME LVBench LongVideoBench

Closed-source VLMs

Gemini-2.5-Flash 74.2 62.2 66.2
Gemini-2.5-Pro 82.4 674 69.8
Open-source VLMs

Qwen3-VL-30B-A3B 79.2 67.7 -
AdaReTaKe-72B 73.5 533 67.0
Qwen2.5-VL-72B 72.6 473 65.9
Agent-based methods

VideoLucy (DS-R1+Qwen2.5-VL-7B) 72.5 58.8 -
DeepVideoDiscovery (OpenAl 03) - 74.2 71.6
VCA (GPT-40) - 413 -
VCA (Gemini-2.5-Pro) 66.0 52.3 60.7
AVP (Gemini-2.5-Pro) 853 74.8 734
Ours

TRACE (Gemini-2.5-Pro) 86.1 75.6 75.1

Table 1: Answer-only long-video benchmark accuracy
(Video-MME no-subtitle; LVBench/LongVideoBench
validation). Backbones in parentheses. The VCA
(Gemini-2.5-Pro) rows are our reruns; all other rows re-
produce the numbers reported by their sources (Gemini
Team, 2025; Bai et al., 2025a; Wang et al., 2025b; Bai
et al., 2025b; Zuo et al., 2025; Guo et al., 2025; Zhang
et al., 2025; OpenAl, 2025; Yang et al., 2025; OpenAl,
2024; Wang et al., 2025d). Evidence-supported claims
are on VES-Bench (Table 2).

5 Experiments

We evaluate TRACE on public long-video bench-
marks for answer-only competitiveness and on
VES-Bench for evidence-supported correctness.
The VES-Bench audit is the central study.

5.1 Public Benchmarks

Table 1 reports standard answer accuracy on Video-
MME (Fu et al., 2025), LVBench (Wang et al.,
2025a), and LongVideoBench (Wu et al., 2024).
Public baselines include Gemini-2.5 (Gemini Team,
2025), Qwen2.5-VL (Bai et al., 2025b), Qwen3-
VL (Bai et al., 2025a), AdaReTaKe (Wang et al.,
2025b), VideoLucy (Zuo et al., 2025), Deep-
VideoDiscovery (Zhang et al., 2025), VCA (Yang
et al., 2025), and AVP (Wang et al., 2025d).
TRACE uses Gemini-2.5-Pro to match AVP’s re-
ported backbone, reaching 86.1 on Video-MME,
75.6 on LVBench, and 75.1 on LongVideoBench.
We treat this as a competitiveness check. The
evidence-supported analysis is on VES-Bench.
Backbone choice is documented in Appendix G.

5.2 VES-Bench Main Results

All VES-Bench experiments in this section use
Gemini-3-Flash (Google DeepMind, 2026) as the
shared backbone, including the direct VLM at mul-
tiple frame budgets, AVP (Wang et al., 2025d),
VCA (Yang et al., 2025), and TRACE. The di-
rect VLM block additionally reports Doubao-
Seed-2.0 (ByteDance Seed Team, 2026), two

Qwen3-VL variants (Bai et al., 2025a), Qwen3.6-
35B-A3B (Qwen Team, 2026), and Gemini-2.5-
Pro (Gemini Team, 2025) to span answerer capabil-
ity. Holding the backbone fixed isolates the effect
of observation policy at a comparable per-question
frame budget (Appendices D and G).

Direct VLMs at 64 frames sit at the targeting
reference. Under Uniform-64 the canonical sam-
pler yields EP = 13.7 at EP, (AR = 1.00)
and Cov@{1,2,3} = 82.2/34.3/16.3, identical
across all six backbones evaluated at this bud-
get. Acc therefore reflects answerer capability
alone, sitting above the 25.3 language-only anchor
(Blind GPT-4-Turbo (OpenAl, 2023), Appendix I).
Doubao-Seed-2.0 sits at 27.2, near the four-option
chance rate, and marks the lower end of the capa-
bility range this block spans. ECA@Fk additionally
carries the Cov@Fk constraint.

Same-backbone uniform sweep on Gemini-3-
Flash. Holding the backbone fixed and sweeping
supplied frames from 16 to 256 traces a frame—
ECA frontier. ECA@2 moves 2.5 — 6.7 —
15.5—40.2—53.3 at 16/32/64 /128 /256 frames.
The 128 — 256 step lowers Acc by 0.8 points
(57.5 — 56.7) while Cov@2 gains 20.8 (74.7 —
95.5), so beyond a certain budget additional frames
strengthen coverage but not accuracy. AR stays
near 1.0 and EP near EP ¢ across the sweep, since
uniform decoding cannot condition on question
content.

Same-backbone agent baselines. VCA spends
34.6 frames with AR = 1.23 and EP = 16.9, the
only same-backbone agent baseline with AR above
1, but its coverage stays narrow (Cov@1 = 22.0,
Cov@2 = 5.8, ECA@2 = 3.3). AVP spends
101.3 frames with AR = 1.00 and EP = 13.7,
indistinguishable from uniform allocation. Its
Cov@2 = 68.2 and ECA@2 = 39.7 are compa-
rable to same-backbone Uniform-128 (ECA@2 =
40.2), so under the audit AVP behaves as a uniform-
density allocation at a slightly lower frame count.
The two agents fail in complementary ways: VCA
targets without covering, AVP covers without tar-
geting.

TRACE shifts the frame-ECA frontier.
TRACE operates at 98.7 frames with AR = 2.12
and EP = 29.1, the largest departure from EP,.¢
in the audit. Figure 4 places the three agents
against the uniform sweep. Cov@2 = 78.5 and
ECA@2 = 50.7 exceed both AVP at a comparable
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Fr  AcctT EP1T AR?T Cov@k 1 ECA@k 1
Method (%) (%) k=1/2/3 k=1/2/3
Non-visual baselines
Random 0 25.0 - - - 0.0/0.0/0.0
Blind GPT-4-Turbo (text-only) 0 25.3 - - - 0.0/0.0/0.0
Same-backbone uniform sweep (Gemini-3-Flash)
Gemini-3-Flash, 16 16 353 137 1.00 19.8/4.0/1.7 9.2/25/13
Gemini-3-Flash, 32 32 427 140 1.02 48.0/13.2/52 20.7/6.7/3.2
Gemini-3-Flash, 64 64 438 137 1.00 82.2/343/163 36.8/155/8.2
Gemini-3-Flash, 128 128 575 13.8 1.01 97.8/74.7/450 56.0/40.2/22.3
Gemini-3-Flash, 256 256  56.7 1377 1.00 99.7/95.5/81.8 56.5/53.3/44.5
Direct VLMs at Uniform-64
Doubao-Seed-2.0 64 27.2 - - 22.2/83/45
Qwen3-VL-8B 64 43.7 - - 36.3/143/7.5
Qwen3-VL-30B-A3B 64 443 - - 38.5/15.2/8.0
Qwen3.6-35B-A3B 64 47.5 - - 39.5/14.777.7
Gemini-2.5-Pro 64 48.7 - - 40.2/15.7/17.2
Same-backbone agent baselines (Gemini-3-Flash)
VCA 346 378 169 123 220/58/2.0 83/33/1.5
AVP 101.3 59.0 137 1.00 95.3/68.2/43.3 58.2/39.7/20.8
TRACE 98.7 63.5 29.1 212 983/78.5/60.3 63.0/50.7/39.0

Table 2: VES-Bench audit. Random and Blind GPT-4-Turbo (text-only) are non-visual baselines; ECA@F is
0 by construction. Uniform-% rows report sampler statistics (Fr, EP, AR, Cov@¥k) computed on the canonical
centered-uniform schedule ¢; = (j + %)Tl /m; these are dataset-defined and identical across backbones, so the
Direct VLM block at Uniform-64 shares them with the Gemini-3-Flash, 64 row above and varies only in Acc and

ECA@E.
evidence-supported correctness against frame budget

60 uniform sampling
TRACE 50.7 53.3

+11.0 at a comparable budget

40 AVP39.7 O
s 40.2
~
@
8 20 15.5

6.7
2.5
u]
0 VCA 3.3 0.39x the frames

16 32 64 128
frames per question (Fr)

256

Figure 4: Frame budget against evidence-supported cor-
rectness, plotted from Table 2 on a log frame axis. The
grey curve is the same-backbone uniform sweep; each
point is labelled with its ECA@2. TRACE (98.7 frames)
and AVP (101.3) sit on the vertical rule, 2.6 frames
apart.

budget and uniform decoding at 128 frames, and
fall within 2.6 ECA @2 points of uniform decoding
at 256 frames at 0.39x the frame cost. Across
k =1,2,3, TRACE keeps the highest ECA@FE
among same-backbone methods at comparable Fr.

Figure 5 decomposes every prediction at k =2
into Cov-Corr (correct, Cov@2 passing), Uncov-
Corr (correct without Cov@2), and Wrong. Direct
VLMs at 64 frames have Uncov-Corr larger than
Cov-Corr, so a substantial share of correct answers
rests on partial evidence. AVP and Uniform-128
leave Uncov-Corr at 19.3 and 17.3, while Uniform-
256 and TRACE push it down to 3.3 and 12.8, with

every prediction at k=2, in three buckets

correct and covered correct, not covered wrong

Uniform-64 56.2
Uniform-128 425
Uniform-256 3.3 43.3
oy [ 62.2
AVP 39.7 41.0
TRACE 50.7 36.5
0 25 50 75 100%

Figure 5: Every prediction at £ = 2 split into Cov-
Corr (correct, Cov@2 passing), Uncov-Corr (correct
without Cov@2), and Wrong. Cov-Corr is ECA@2 and
Cov-Corr+Uncov-Corr is Acc, both in Table 2, up to
independent rounding of each value.

TRACE doing so at roughly the AVP frame budget.

A counterfactual check separates supplied evi-
dence from used evidence. For each of the 304
predictions TRACE answers correctly with Cov@2
satisfied, masking one annotated interval—its
frames replaced by adjacent non-evidence frames
at a fixed budget—changes the answer in 78.0% of
cases, while masking a random non-evidence seg-
ment covering the same number of decoded frames
changes it in 6.9%. Coverage therefore tracks the
evidence an answer depends on.

Per-family Table 3 confirms TRACE improves
over the same-backbone agent baselines on both
families, with the gain concentrated on Temporal
Ordering. Event Counting Acc plateaus near 40%
across the Gemini-3-Flash budget points, indicat-
ing a recognition-related residual error not address-
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Temporal Ordering Event Counting

Acc T ECA@k 1 Acc T ECA@k 1
(%) 1/2/3 (%) 1/2/3

Gemini-3-Flash, 64 49.7 37.0/63/10 38.0 36.7/24.7/153
Gemini-3-Flash, 128 75.0 72.0/45.3/14.7 40.0 40.0/35.0/30.0

Method

Gemini-3-Flash, 256 743 74.0/67.7/52.7 39.0 39.0/39.0/36.3
VCA 480 27/00/00 277 14.0/6.7/3.0
AVP 783 76.7/433/123 39.7 39.7/36.0/29.3
TRACE 82.0 82.0/64.3/413 450 44.0/37.0/36.7

Table 3: Per-family breakdown. ECA@Fk at k=1, 2, 3.
Temporal Ordering has the largest spread across k (short
per-event intervals); Event Counting Acc plateaus near
40% across the Gemini-3-Flash budget points, reflecting
a recognition bottleneck.

Variant Acc T EP 1 Cov@2 1 ECA@2 1

TRACE 63.5 29.1 785 50.7
w/o final answer replay 59.7 282 77.3 42.0
w/o growth trajectory  55.0 194  56.3 27.5
w/o EXPAND 53.0 264 49.0 25.5

fixed-round stopping ~ 52.3 25.7 472 24.0

Table 4: Ablation of TRACE components on VES-
Bench (Gemini-3-Flash). Headline densities Cov@2,
ECA@2; full k=1, 2, 3 in Appendix Table 7.

able by frame budget alone.

5.3 Ablations

Table 4 isolates the contributions of the main
TRACE components. Removing the evidence
growth trajectory reduces EP from 29.1 to 19.4
and ECA@2 from 50.7 to 27.5, while Acc de-
creases from 63.5 to 55.0. The trajectory carries the
targeting behaviour that drives EP and the dense-
coverage component of ECA@k. Fixed-round
stopping and removing EXPAND retain EP be-
tween 25 and 27 but reduce Cov@2 below 50. Re-
moving final answer replay leaves EP and Cov@2
essentially unchanged but reduces ECA@2 by 8.7
points, since the stable prefix is then accepted on its
Evidence Assembly record alone, without a second
answer-only pass over the same clips. Two com-
ponents emerge: trajectory-based acquisition (EP,
Cov@k) and final answer replay (extra ECA@FE on
a stable prefix). See Appendix C for the contrast
with voting-based methods.

5.4 Qualitative Analysis

A representative Temporal Ordering item asks the
chronological order of three visually distinct scenes
(A: a frightened hunter at 70-76s, C: a young
woman opening an attic window at 118-125s, B:
two anthropomorphic frogs at 592-598s). The cor-
rect order A — C' — B is unsupported unless the
late frog interval is also observed, and increasing
density requires that interval to be revisited substan-
tively rather than glanced at once. TRACE handles

this case by continuing acquisition while the trajec-
tory still exposes an unresolved evidence need, and
by accepting a stable prefix only after final answer
replay against its raw clips.

6 Conclusion

We presented TRACE and VES-Bench for
evidence-supported long-horizon video understand-
ing. VES-Bench pairs answer correctness with tar-
geting, coverage breadth, and joint correctness, au-
dited at three strictness levels. TRACE pairs the ev-
idence growth trajectory with final answer replay to
ground its stopping decision, reaching ECA@Q2 =
50.7 at 98.7 frames on a same-backbone audit.

Limitations

VES-Bench covers two evidence-closed families
(Temporal Ordering, Event Counting). Extending
the audit to families with looser evidence bound-
aries is left to future work. The headline audit uses
Gemini-3-Flash because it requires per-question
source-frame timestamps and full inference-loop
control across every method, ablation, and budget
point. We expect the qualitative ordering to hold on
other backbones. TRACE depends on the backbone
for visual recognition, and the Event Counting Acc
plateau near 40% from 64 to 256 frames on Gemini-
3-Flash reflects a recognition bottleneck additional
frames do not address. Trajectory inference adds
prefix-bundle reasoning calls that scale with re-
tained anchors, kept small by rule-triggered STOP
(per-question backbone-call breakdown and frame
budget in Appendix A). Annotation depends on
human judgement of evidence-set closure, which
the semi-automatic pipeline (Section 4.2) reduces
but does not remove.

Ethics Statement

VES-Bench draws its videos from Ego4D (Grau-
man et al., 2022) and from public YouTube. The
annotations, evidence-set boundaries, and per-
question observation logs are released under CC
BY-NC-SA 4.0 for non-commercial research, and
the source videos accompany them so that the ob-
servation logs can be replayed frame by frame.
Downloading the release binds the user to those
terms and to the licenses of the source datasets,
listed in Appendix K. Ego4D footage is egocen-
tric and depicts identifiable people; the benchmark
inherits the consent and de-identification terms of
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that dataset and adds no new recording. Annota-
tion was carried out by four of the authors, three
as annotators and one as adjudicator, over roughly
470 person-hours. The audit metrics read decoded
frame timestamps and annotated interval bound-
aries, so they depend on no attribute of the people
appearing in the videos.
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A Implementation Details and
Per-question Cost

TRACE is implemented as prompt-based test-time
modules around the same backbone used in each
evaluation protocol. Temporal Proposal, Anchor
Extraction, Anchor Prioritization, Evidence Assem-
bly, and the Trajectory Reconciler exchange struc-
tured records for search and control, while final
answer replay consumes only raw visual clips, the
question, and answer options, and emits an answer
alone. All observation accounting follows the de-
coded source-timestamp protocol defined in the
main text.

Per-question cost. All Section 5.2 methods run
on Gemini-3-Flash via Vertex Al. Temporal Pro-
posal consumes a 32-frame storyboard built once
per question, and later rounds reuse that pre-
view. Evidence Assembly is invoked once per pre-
fix bundle, the Trajectory Reconciler only when
STOP is not proposed (STOP is rule-triggered
from 7 alone, with the backbone invoked only for
DROP/REFINE/EXPAND), and one final replay
reads the stable prefix. AVP under the same audit
makes ~ 3.2 planner calls dominated by text-only
replanning over the question, defaulting to whole-
video coverage when no localised cue is present—
the text-chain pattern flagged in Section 1. Visual
input dominates each call in our Vertex per-call
records (visual : text token ratio ~ 100 : 1, hun-
dreds of visual tokens per decoded frame; ques-
tions, options, and trajectory/reconciler JSON to-
gether contribute under 1% of input tokens), so
frame budget acts as a tight proxy for per-call ob-
servation cost and we report it as the headline cost.
TRACE consumes 98.7 frames per question under
the Fr convention of Section 4.3. Each anchor is a

handful of frames, so the largest single Evidence
Assembly call is the full retained set rather than the
per-question total. The per-question total is in the
same range as AVP’s 101.3.

B Trajectory Reconciler Pipeline

The Trajectory Reconciler (TR) consumes the tra-
jectory 7 = (r1,...,ry,), the unexplored segments
‘R, and the remaining budget B, and emits exactly
one of STOP, DROP, REFINE, EXPAND. The
controller is a deterministic preprocessing step fol-
lowed, when needed, by a single backbone call.

Deterministic preprocessing. TR first computes
three flags from 7 alone:

* Stable-prefix candidate j*: the smallest j such

that y; = y;j4+1 = -+ = yn, 8; 1s answerable,
F} is not contradicted by any F}/~ ;, and U; is
empty.

* Conflict set C C A: anchors whose addition
flips ¥ or contradicts an earlier F'.

* Unmet-need set U*: the union of U,, and any
need that recurs across the last two prefixes.

If j* exists, TR proposes STOP at j*; the definition
of j* already excludes anchors after j* that flip y
or contradict F)j+, so C is read only by the control
call below. The proposal still has to pass final
answer replay (Section 3) before being accepted as
the answer. STOP is therefore rule-triggered, not
LLM-decided.

Single backbone call for control. If STOP is
not proposed, TR issues exactly one backbone call
with a structured prompt containing (i) the ques-
tion and answer options; (ii) 7 in compact JSON
form (prefix_id, status,
facts_supported, unmet_needs); (iii)
the conflict set C; (iv) the unmet-need set U*; (V)
a list of unexplored segments with durations; and
(vi) the remaining budget. The call returns one
action: DROP naming a subset of C, REFINE
naming an existing anchor with a new observation
strategy chosen from a fixed set (increase frame
rate, raise spatial resolution, narrow temporal span,
or shift temporal centre), or EXPAND naming up
to K candidate intervals from R. The backbone
is constrained to act as a classifier over a small
action space, not as a free-form reasoner over the
question.

answer,
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Action Trigger Execution

STOP A minimal stable prefix exists:  Select the prefix bundle for
later anchors change neither  final answering.
its answer nor its supported
facts, and it has no unmet evi-
dence need.

DROP Some anchors introduce noise, ~ Remove target anchors and
conflict, or misleading local  reconstruct the trajectory.
evidence.

REFINE An observed interval is rele-  Reobserve the candidate in-
vant but lacks temporal or spa-  terval with a more suitable
tial detail. observation strategy.

EXPAND The current evidence bundle  Introduce new candidate in-

lacks events, states, or iden-
tity cues that may affect the

tervals from unexplored seg-
ments.

answer.

Table 5: Control actions emitted by the Trajectory Rec-
onciler.

Why a backbone call rather than rules alone.
The deterministic flags are sufficient for STOP,
but choosing among DROP/REFINE/EXPAND re-
quires resolving which anchor in C to remove,
which observation strategy is appropriate for a
partially-grounded interval, and which unexplored
segment most plausibly fills Z/*. These are visual
judgements that do not have closed-form rules.

Prompt template (excerpt).

System: You are a control module that selects
one observation action. Do not answer the
question. Available actions: DROP, REFINE,

EXPAND.
Input: {question,  options,  trajec-
tory: [{prefix_id, answer, status, facts, un-

met_needs},...], conflict_set, unmet_needs,
unexplored_segments, budget_remaining}.
Decision rules: (1) If conflict_set
is non-empty, prefer DROP unless the conflicting
anchor still contains uniquely supporting visual
evidence. (2) If unmet_needs can be resolved
by re-observing an existing anchor with finer
rate/resolution, prefer REFINE. (3) Otherwise,
prefer EXPAND on the unexplored segment
most likely to contain the unmet evidence; never
propose more than K segments.

Output (JSON) : {action, target_anchors or
target_intervals, observation_strategy?}.

C Trajectory vs. Majority Voting and
Self-Consistency

Majority voting and self-consistency (Wang et al.,
2023) repeatedly reason over the same input and
aggregate variation induced by sampling or model
uncertainty; the visual evidence presented to the
model does not change. TRACE keeps the question,
options, prompt, and decoding setting fixed while
only the visual evidence grows along 7, so changes
between r; and r; 1 reflect the marginal effect of
the new visual anchor a;, 1) rather than sampling
noise. Two consequences follow. First, an answer
flip in 7 is informative about evidence sufficiency,

not about decoding variance, so a stable suffix of 7
is a stronger stopping signal than agreement across
resampled outputs. Second, 7 exposes per-prefix
unmet needs U; that allow EXPAND/REFINE to
act on what is missing, while majority voting has
no analogue of U; and therefore no mechanism to
acquire new visual evidence. The ablation row w/o
growth trajectory in Table 4 drops EP from 29.1 to
19.4 and ECA@2 from 50.7 to 27.5 while keeping
the same prefix-bundle structure, indicating that
the gain attributable to the trajectory itself is not
captured by sampling-based aggregation.

D Same-Backbone Reproduction of
Agent Baselines

For the VES-Bench audit we reproduce AVP and
VCA on Gemini-3-Flash to hold visual recognition
fixed across methods. We follow each method’s
published pipeline and replace only the backbone
calls; intermediate LL.Ms used for planning or
scoring are kept on the same backbone family
to avoid mixing recognition strengths. Prompts
are ported from each paper’s released templates,
with minor formatting adjustments for the Gem-
ini API (system-role placement, tool-call schema).
Frame-budget controllers are kept as published, and
per-frame source timestamps are logged through
a shared decoding wrapper that all three methods
(AVP, VCA, TRACE) call, so observation logs are
directly comparable. As a sanity check, the re-
produced AVP at Gemini-2.5-Pro on Video-MME,
LVBench, and LongVideoBench lands within 0.6
points of the originally reported numbers, indi-
cating no substantive deviation introduced by our
pipeline. VCA publishes on GPT-4o0, so Table 1
lists that published row alongside our Gemini-2.5-
Pro rerun.

E Statistical Reporting

For VES-Bench, confidence intervals are computed
by bootstrap resampling over the 600 questions
(1,000 resamples, percentile method) for Acc, EP,
AR, Cov@k, ECA@E, and the three-bucket decom-
position. Pairwise method comparisons use paired
bootstrap on the same question set, and a video-
cluster bootstrap is used as a robustness check for
videos contributing multiple questions. Main-paper
tables report point estimates to keep the layout com-
pact; Table 6 reports 95% intervals at k=2.
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Method Acc EP Cov@2 ECA@2
G3F, 64 43.843s 13.7+111 34.3138 15.5428
G3F, 128 57.543.9 13.841.1 74.7T432 40.2439
G3F, 256 56.7+4.1 13.7+1.1 95.5417 53.3142
VCA 37.8439 169410 5.8+19 3.341.4
AVP 59.043.9 13.7+04 68.2437 39.7139
TRACE 63.5139 29.1115 785133 50.7140

Table 6: 95% bootstrap confidence intervals at k =
2 (Gemini-3-Flash). Paired bootstrap shows TRACE
vs. AVP differences in EP, Cov@2, and ECA@2 are
significant at p < 0.01; AR rescales EP by the constant
EP.r and carries the same test.

F Targeting Reference

The Allocation Ratio AR in the main paper com-
pares each method’s EP against the benchmark
constant EP,.; defined in Section 4.3. The con-
stant is computed per question as the union length
of evidence intervals divided by the source-video
duration, then averaged over the 600 questions, us-
ing source durations from the benchmark video
metadata. On VES-Bench, EP,.; = 13.7%. The
constant is computed once from the dataset and is
identical for every method evaluated; it is reported
as a numeric anchor against which to read AR.

G Backbone Configuration

All Gemini calls in this paper are served through
Google’s Vertex Al. The public answer-only bench-
marks and the VES-Bench audit use different back-
bones because the two protocols impose different
constraints. On the public benchmarks (Video-
MME, LVBench, LongVideoBench), TRACE uses
Gemini-2.5-Pro because the strongest reported
agent baseline (AVP) is reported on this back-
bone and changing it would invalidate the compari-
son. On VES-Bench, the audit requires per-frame
source timestamps and full inference-loop control
on every method, ablation, and budget point. Run-
ning the full 600-question audit on Gemini-2.5-Pro
across the multi-budget uniform sweep, all same-
backbone agent baselines, the TRACE main con-
figuration, and the ablation suite is prohibitively
expensive under our compute budget; we therefore
use Gemini-3-Flash as the main audit backbone,
the most capable Gemini variant for which we hold
full inference-loop access at a controllable, afford-
able per-call cost. As a same-frame anchor across
protocols, Table 2 reports Gemini-2.5-Pro at 64
frames in the Direct VLM block, allowing the qual-
itative ordering across backbones to be read directly
without re-running the full audit.

H Annotation Pipeline Details

This appendix elaborates the five-stage pipeline
from Section 4.2.

Models used. The pipeline uses models that
do not overlap with the VES-Bench audit back-
bones (Gemini-3-Flash, Gemini-2.5-Pro, Doubao-
Seed-2.0, Qwen3-VL-8B, Qwen3-VL-30B-A3B,
Qwen3.6-35B-A3B) to avoid self-evaluation.
Stage 1 dense per-window captioning uses
Qwen2.5-VL-72B (Bai et al., 2025b); Stage 1 item
proposal uses GPT-40 (OpenAl, 2024); the Stage 3
leave-one-out vision probe uses Claude 3.5 Son-
net (Anthropic, 2024); the Stage 4 language-only
shortcut probe uses GPT-4o (text-only); the Stage 4
gist-only probe uses Claude 3.5 Sonnet on the
global summary alone. Captioning windows are
30 seconds long with 5-second overlap. Proposal
prompts are conditioned on the family schema
(Temporal Ordering, Event Counting) so each can-
didate item is structurally well-formed before any
human inspection. Each Stage 1 proposal addition-
ally pairs every interval in G with a per-interval ra-
tionale describing the visual fact the interval should
attest; the rationale focuses Stage 2 verification and
is discarded once the evidence set is finalised.

Per-stage rejection counts. The candidate pool
of 1,024 proposed items reduces to ~ 820 after
Stage 2 visual verification, ~ 700 after Stage 3
leave-one-out probe, ~ 640 after Stage 4 shortcut
probe, and 600 after Stage 5 adjudication. Stage 2
removes the most items overall, Stage 3 is the
largest closure-specific filter, and Stage 4 removes
what survives visual grounding but stays solvable
from text or gist alone; the combined accept rate is
58.6%.

Annotators and time. Annotation is performed
by four of the authors: three act as annotators and
one as adjudicator. Each item is assigned to two of
the three annotators independently, with the adjudi-
cator resolving disagreements. The mean per-item
time is 13.8 minutes during visual verification and
the leave-one-out probe combined; total annotator
hours across all 1,024 candidates are ~ 470 hours.

Agreement. Inter-annotator loU agreement on
evidence-interval boundaries is 0.83 (mean over
the 600 accepted items). Leave-one-out sufficiency
agreement between human and Claude 3.5 Son-
net is 91.3%, and the shortcut probe rejects an
item whenever either GPT-40 (language-only) or
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Variant Acc T Cov@k 1 ECA@k 1t
1/2/3 1/2/3
TRACE 63.5 98.3/78.5/60.3 63.0/50.7/39.0

97.8/71.3/59.5 58.0/42.0/31.0
90.3/56.3/30.5 49.5/27.5/16.3
84.2/49.0/24.8 44.0/255/13.7

82.3/472/235 43.5/24.0/13.0

w/o final answer replay ~ 59.7
w/o growth trajectory 55.0
w/o EXPAND 53.0
fixed-round stopping 523
Table 7: Ablation of TRACE components on VES-
Bench across density levels. The row for TRACE
matches Table 4; the columns expose how each ablated
component shifts Cov@k and ECA@Fk at k=1, 2, 3.

Claude 3.5 Sonnet (gist-only) selects the correct
option above the chance baseline of 25% on a held-
out repeat.

Scope of the closure guarantee. The pipeline
rejects items decidable from language priors, four-
option chance, or coarse global gist, and it requires
both human and an independent vision LLM to
judge that no leave-one-out partial set uniquely de-
termines the answer. It does not guarantee that
the evidence set is the minimal sufficient set; it
guarantees that, under the audit, removing any sin-
gle annotated interval leaves at least two options
visually compatible with what the model has seen.

I Blind LLM Validation

We run a Blind GPT-4-Turbo (OpenAl, 2023) (text-
only) on all 600 VES-Bench items, supplying only
the question stem and the four options; no frames,
no captions, no global summary, and no retrieval.
The model scores 25.3% overall (25.0% Temporal
Ordering, 25.7% Event Counting), within the boot-
strap interval of the 25% random baseline. Stage 4
rejects items that GPT-4o0 answers correctly from
text alone, so this check measures whether that
filter transfers to a language-only model held out
from construction; it does. ECA@F is 0 by con-
struction since F; = ().

J Ablation Across Density Levels

Table 7 reports the ablation in Table 4 across den-
sity levels k=1,2,3. Cov@k and ECA@Fk both
fall as k rises for every variant, and removing the
growth trajectory costs the largest share of Cov@k
at k=3 (60.3 to 30.5).

K Dataset Licenses

The VES-Bench annotations—questions, options,
evidence-set boundaries, and per-question observa-
tion logs—are released under CC BY-NC-SA 4.0
for non-commercial research. The source videos
accompany them, because the audit is defined on

Source License

Ego4D (Grauman et al., 2022) Ego4D License Agreement
Public YouTube Terms of the original uploader

Table 8: Licenses of the VES-Bench source datasets.

decoded source-frame timestamps and reproducing
it requires the exact frames those timestamps in-
dex. Downloading the release binds the user to CC
BY-NC-SA 4.0 and to the licenses of the source
datasets in Table 8.
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