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Abstract

Long-form video question answering hinges on
locating brief, sparse evidence buried in min-
utes of dense action. Flattening the entire video
into a single caption stream forces the LLM to
sift through thousands of tokens, where deci-
sive cues are easily drowned out by surrounding
context. We present MSTree, a training-free
framework that organizes captions into a Multi-
Scale Evidence Tree. The tree is built by a coor-
dinated dual-modal segmentation method that
combines visual scene transitions and textual
coherence under temporal contiguity, produc-
ing segments that are both visually and semanti-
cally consistent. Inference follows a mine-then-
reason workflow: the LLM first scans coarse
segment summaries to locate the most relevant
event, then reasons over its fine-grained cap-
tions. When the first-round prediction falls
below a confidence threshold, Contrastive Tar-
geted Reflection (CTR) activates. The model
articulates a discriminative gap that specifies
what evidence is still missing to separate the top
candidate answers, and an answer-anchoring
constraint requires any newly retrieved evi-
dence to both support the revised prediction
and contradict the original. On EgoSchema,
NEXT-QA, and Video-MME, MSTree reaches
68.4%, 77.5%, and 55.7% accuracy, outper-
forming all training-free baselines.

1 Introduction

Video Question Answering (VideoQA) asks a sys-
tem to integrate visual and textual content to an-
swer natural language queries. Long-form video
understanding is a particularly challenging setting:
the difficulty arises less from raw video duration
than from the need to locate brief, sparse evidence
segments buried in minutes of dense action.
Trained video-language models (Cheng et al.,
2024; Ranasinghe et al., 2025; Wang et al., 2024a;

“Equal contribution.
Corresponding author.

Bai et al., 2025; Wang et al., 2025a; Li et al., 2024;
Park et al., 2024) achieve strong performance but
require heavy computation and struggle with the
temporal context of very long videos. Training-
free alternatives are a practical option. Image-grid
approaches (Kim et al., 2024; Lin et al., 2023) uni-
formly sample frames for a vision-language model
(VLM), but may miss brief critical moments and
quickly exhaust the context window. The caption-
then-reason paradigm (Zhang et al., 2024) sidesteps
these visual bottlenecks by converting video into
frame-level text and relying on a large language
model (LLM) for long-range reasoning. How-
ever, supporting evidence in VideoQA is rarely
distributed uniformly across a video; it typically
concentrates in a small number of short, localized
segments. Feeding an LLM a flat text stream span-
ning thousands of tokens therefore risks the “lost in
the middle” effect (Liu et al., 2024), where sparse
evidence is drowned out by contextual noise.

Hierarchical tree structures (Wang et al., 2025b)
address this flat-caption bottleneck. By organizing
captions at multiple levels of granularity, they en-
able a mine-then-reason workflow: the LLM first
traverses coarse summaries to identify the relevant
event, then examines fine-grained captions within
it, reducing contextual noise (Figure 1).

The effectiveness of this workflow, however, de-
pends on how the hierarchy is constructed. Ex-
isting hierarchical retrieval methods commonly
construct their structures through K-means visual
clustering (Wang et al., 2025b), enabling effective
query-adaptive content organization. However, this
construction does not explicitly optimize segment
boundaries for both temporal contiguity and tex-
tual coherence. We therefore propose a coordinated
dual-modal segmentation method in which visual
anchors provide representative scene-level refer-
ences, while a text-guided dynamic program re-
fines the boundaries between them under temporal
contiguity constraints, yielding segments that are
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Figure 1: Motivation. Flat caption sequences expose all content equally, forcing the LLM to sift through irrelevant
information to locate sparse evidence. MSTree organizes the same captions into a multi-scale hierarchy so that
coarse-level summaries directly guide evidence mining, and Contrastive Targeted Reflection supplements missing

evidence while suppressing noise.

both visually consistent and semantically cohesive.

Even a well-constructed evidence tree may not
resolve subtle or ambiguous questions in a single
retrieval round. Naive iterative retrieval can hurt
rather than help: the first round already captures
the best-matching segments, and subsequent undi-
rected rounds tend to surface marginal or mislead-
ing content, causing the LLM to revise an initially
correct prediction (Wang et al., 2024c; Tang et al.,
2025). We address this with Contrastive Targeted
Reflection (CTR), which activates when confidence
falls below a threshold. Rather than retrieving more
evidence indiscriminately, CTR prompts the LLM
to articulate a discriminative gap, a statement of
what is still missing to separate the top two can-
didate answers. An answer-anchoring constraint
then requires any newly retrieved evidence to both
support the revised prediction and contradict the
original.

We integrate these three components into
MSTree, a unified training-free framework. The
main contributions are:

1. We present MSTree, a training-free frame-
work for long-form VideoQA that builds on
hierarchical retrieval to organize and retrieve
sparse evidence through a multi-scale evi-
dence tree.

2. We introduce a coordinated dual-modal seg-
mentation strategy, in which visual anchor se-
lection and text-guided dynamic programming

jointly produce visually and semantically co-
herent video segments.

3. We design Contrastive Targeted Reflection, an
uncertainty-triggered reasoning mechanism
that directs evidence retrieval and suppresses
noise.

4. MSTree achieves state-of-the-art accuracy
among training-free methods on EgoSchema,
NEXT-QA, and Video-MME, and improves
further with stronger LLM backbones.

2 Related Work

Visual feature representation. Visual representa-
tions underpin modern video understanding. Built
on the Vision Transformer (Dosovitskiy et al.,
2020), CLIP (Radford et al., 2021) pioneered large-
scale contrastive image-text pre-training and has
become the de-facto starting point, with EVA-
CLIP (Sun et al., 2023) scaling its training to
deliver stronger visual features. BLIP (Li et al.,
2022) and Flamingo (Alayrac et al., 2022) fur-
ther bridge vision encoders with language mod-
els for cross-modal pre-training, and LLaVA (Li
et al., 2024) adds visual instruction tuning. Re-
cent open-source multimodal large language mod-
els (MLLMs), such as Qwen3-VL (Bai et al.,
2025), InternVL 3.5 (Wang et al., 2025a), and Tar-
sier (Wang et al., 2024a), together with propri-
etary backbones (Comanici et al., 2025), handle
high-resolution images and minute-scale videos
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within a single model. Their effective context on
hour-long videos, however, remains limited. Spa-
tiotemporal encoders (Park et al., 2024; Wang et al.,
2024d) extend image-level features with efficient
long-range temporal modeling. HierVL (Ashutosh
et al., 2023) and VideoReCap (Islam et al., 2024)
construct multi-granularity video-language hierar-
chies, but these are produced offline at training
time. MSTree adopts generic CLIP-based visual
features and LLM-generated frame-level captions
as inputs to its coordinated dual-modal segmenta-
tion, yielding content-aware temporal boundaries
at inference time without retraining.

Video question answering. Early VideoQA re-
search developed specialized neural architectures
for spatiotemporal dynamics and compositional
reasoning (Ko et al., 2023; Li et al., 2023b; Liu
et al., 2025a; Liang et al., 2024). As large language
models matured, the dominant paradigm shifted
toward training-free pipelines. Image-grid meth-
ods (Kim et al., 2024; Lin et al., 2023) feed densely
sampled thumbnails to a VLM, but the visual
context window grows quickly with video length
and may miss short events. Caption-then-reason
frameworks instead convert the video into text
and delegate reasoning to an LLM: LLoVi (Zhang
et al., 2024) pioneered this paradigm with a mini-
mal two-stage baseline; LangRepo (Kahatapitiya
et al., 2025), MoReVQA (Min et al., 2024), and
BOLT (Liu et al., 2025b) further refine it with multi-
scale repositories, modular reasoning, and caption-
driven prompts. These methods arrange captions
as a flat stream, leaving the LLM to scan thousands
of tokens with decisive cues diluted by surrounding
context. Recent work introduces structure at differ-
ent stages of video understanding. At the represen-
tation level, tree-based token merging compresses
spatiotemporal redundancy and expands the usable
video context without retraining (Fan et al., 2026).
At the reasoning level, language-centric trees de-
compose complex questions into simpler percep-
tual subproblems and aggregate their answers along
explicit reasoning paths (Liao et al., 2025). At the
evidence level, planning, localization, retrieval, and
adaptive sampling select relevant video content be-
fore final reasoning (Wang et al., 2024c; Yu et al.,
2023; Ren et al., 2026; Tang et al., 2025). Caption-
based hierarchies further support coarse-to-fine evi-
dence access (Wang et al., 2025b); building on this
direction, MSTree focuses on hierarchy construc-
tion and uses coordinated dual-modal segmentation
to account for temporal continuity and cross-modal

semantic coherence.

Large language model based enhancement rea-
soning. Large language models support enhanced
reasoning through structured prompting. Tech-
niques such as Chain-of-Thought (CoT) prompt-
ing and information retelling (Li et al., 2025) have
proven effective in refining imperfect video under-
standing by guiding the LLM to structure interme-
diate steps and supplement missing details. Verbal
reinforcement (Shinn et al., 2023) is a core mech-
anism for iterative LLM self-correction. Extend-
ing these ideas to video, recent frameworks (Wang
et al., 2023; Dang et al., 2025) apply iterative re-
trieval for complex temporal reasoning. These
agentic approaches often rely on undirected re-
trieval, which risks surfacing distracting evidence
and overriding correct initial predictions. MSTree
addresses this through Contrastive Targeted Reflec-
tion (CTR), which conditions every retrieval step
on an explicit discriminative gap.

3 Method

As illustrated in Figure 2, MSTree has three compo-
nents: multi-scale evidence tree construction from
coordinated visual and textual cues, coarse-to-fine
LLM reasoning over the tree, and Contrastive Tar-
geted Reflection.

3.1 Multi-Scale Evidence Tree Construction

Coordinated Dual-Modal Segmentation. Given
a video, we uniformly sample n frames F =
{F\,F,,...,F,} and apply a pretrained vision-
language model to generate a temporally ordered
caption sequence C = {c1,¢2,...,cn}. The key
challenge in tree construction is to partition F into
segments that are internally coherent and tempo-
rally contiguous. Visual clustering ignores tempo-
ral order, while text truncation is blind to scene
structure. The two modalities also carry comple-
mentary signals: visual anchors provide represen-
tative scene-level references, while captions char-
acterize the narrative content around them, so opti-
mizing only one of them discards the cross-modal
alignment that defines a coherent event. We there-
fore use a two-stage segmentation method that co-
ordinates the two modalities under contiguity con-
straints: visual cues set the coarse scene skeleton
(Eq. 1), and textual cues refine the exact boundary
of each scene within it (Eq. 2).

Visual Anchor Selection. For each frame, we
extract a visual feature v; = ¢, (F;) using a pre-
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Figure 2: Overview of MSTree. Given a long video, coordinated dual-modal segmentation organizes frames into
a Multi-Scale Evidence Tree. An LLM first mines the most relevant coarse segment, then reasons over its fine-
grained captions. When confidence is insufficient, Contrastive Targeted Reflection retrieves targeted supplementary

evidence.

trained visual encoder ¢, (e.g., EVA-CLIP (Sun
et al., 2023)). Given a target segment count k, we
initialize k intervals by uniform division and se-
lect the most representative anchor frame a; within
each interval:

(D

a; = arg max COS(V“ p,])
zEseg]

where p1; is the normalized mean of all frame fea-
tures in interval j. Each anchor locates the visual
center of its semantic block and serves as a refer-
ence point for the subsequent boundary refinement.
Text-Guided Dynamic Programming Segmenta-
tion. We encode each caption with a text encoder
¢¢ (e.g., the CLIP ViT-L/14 text encoder (Radford
et al., 2021)) to obtain u; = ¢;(c;). The semantic
prototype of segment j is defined as the mean text
feature of the w frames surrounding anchor a;, de-
noted p;. Segment boundaries are then optimized
by minimizing:

min Z Z(l — cos(u;, pj)> 2)

]’TJ]}j 1 j=1i=l,

subject to three constraints: (i) segments must
be temporally contiguous; (ii) each anchor a;
must fall within its assigned segment range [/, 7;];

and (iii) each segment must contain at least L
frames. This optimization is solved exactly via
dynamic programming (DP), and the resulting par-
tition forms the bottom level of the multi-scale tree
built next.

Hierarchical Summarization. We apply the
segmentation algorithm recursively across multi-
ple temporal scales to produce a nested, multi-
granularity partition, from which we construct the
multi-scale evidence tree 7. Leaf nodes corre-
spond to individual frame captions. Each inter-
nal node stores an event summary derived from
its children via bottom-up aggregation: an LLM
first condenses the frame-level captions of a leaf
cluster into a concise event description, which is
then aggregated level by level into progressively
broader scene overviews until the root node cov-
ers the full video. The resulting tree 7 encodes
a unified semantic representation that serves as a
structured index for on-demand evidence retrieval.

3.2 LLM Reasoning over the Evidence Tree

Given the multi-scale evidence tree 7 and a
multiple-choice question (), the reasoning process
proceeds in two stages: targeted evidence mining
followed by focused question answering.

Targeted Evidence Mining. Using 7 as a hierar-

44324



chical semantic index, the LLM examines segment
summaries against the question and candidate op-
tions, and selects the fine-grained segments most
likely to carry the required evidence.

Focused Question Answering. The selected
nodes are then expanded to their finest granular-
ity, namely frame-level captions in 7, while uns-
elected segments remain as coarse summaries to
provide global temporal context. Over this mixed-
granularity timeline, the LLM outputs a predicted
answer, a confidence score p, the best competing
candidate, and a discriminative gap statement spec-
ifying the evidence needed to distinguish the two
candidates in the subsequent reflection stage.

3.3 Contrastive Targeted Reflection (CTR)

When the confidence score p meets or exceeds the
threshold 7, the prediction from the previous stage
is returned directly. For questions involving subtle
action comparisons or partially overlapping option
semantics, the evidence gathered in a single round
may be insufficient: the first round commits to the
segment that best matches the question’s surface
description, but the segment most useful for rul-
ing out a competing option often lies elsewhere
in the video. Undirected iterative retrieval often
surfaces marginally relevant segments that intro-
duce noise, causing the LLM to overwrite a cor-
rect initial prediction (Wang et al., 2024c; Dang
et al., 2025). CTR is triggered when p < 7 to
address this, replacing undirected retrieval with a
contrastive, gap-driven query.

CTR uses the discriminative gap statement as
a directive that guides a new round of evidence
mining over unvisited segments. In the subsequent
reasoning step, the LLM receives the accumulated
evidence together with the newly retrieved seg-
ments. CTR also imposes an answer-anchoring
constraint: any answer revision must be supported
by new evidence that affirms the revised answer
and contradicts the original one. This constraint
reduces the risk that incidental noise overturns an
otherwise correct initial prediction. CTR iterates
for at most R rounds or until the confidence thresh-
old is reached.

4 Experiments

4.1 Datasets and Evaluation Metrics

We evaluate MSTree on three long-form VideoQA
benchmarks with complementary characteristics.
EgoSchema (Mangalam et al., 2023) comprises

5,000 multiple-choice QA pairs over 250+ hours of
first-person footage, with each question grounded
in a continuous three-minute clip. We report results
on both the 500-question subset (Ego Sub.) and the
full 5,000-question collection (Ego Full).
NExT-QA (Xiao et al., 2021) contains roughly 52K
questions over 5,440 videos (44s avg. duration),
partitioned into Temporal (Tem.), Causal (Cau.),
and Descriptive (Des.) categories. We evaluate
on the validation set and report per-category and
overall (Avg.) accuracy.

Video-MME (Fu et al., 2025) is a long-form video
understanding benchmark with 900 videos and
2,700 manually annotated multiple-choice ques-
tions across six visual domains. Video durations
range up to one hour, with the long-video split av-
eraging 44 minutes per video, substantially longer
than the three-minute clips in EgoSchema and the
44-second segments in NExT-QA. This setting eval-
uates MSTree on hour-long content. We evaluate
under the without-subtitles setting and report over-
all accuracy.

4.2 Implementation Details

Visual features are extracted with EVA-CLIP (Sun
et al.,, 2023), and caption features are encoded
with the CLIP ViT-L/14 text encoder (Radford
et al., 2021). Frame-level captions are generated
by LaVilLa (Zhao et al., 2023) for EgoSchema and
Video-MME, and by the LLoVi (Zhang et al., 2024)
captioning pipeline for NExT-QA. Tree construc-
tion employs Mistral-7B (Jiang et al., 2023) for
offline summarization, while inference uses GPT-
4 (Achiam et al., 2023) as the primary LLM, with
GPT-5 (Singh et al., 2025) additionally evaluated
for backbone scalability. The schema [1, 6, 36] sets
the number of segments at each scale; the text pro-
totype window w is set to 2 around each anchor and
the minimum segment length to Ly, = 2. CTR
uses a confidence threshold 7 = 85 with maximum
reflection rounds R = 2.

4.3 Comparison with State-of-the-Art

We compare representative training-free baselines
on EgoSchema and NExT-QA in Table 1 and on
Video-MME in Table 2, grouped by inference-
backbone family.

Main Results. Under the matched open-
source-captioner/proprietary-LLM setting, MSTree
achieves the highest accuracy on EgoSchema
and NExT-QA. On EgoSchema, MSTree (GPT-
4) reaches 68.4%/63.0% on Sub./Full, exceeding
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Table 1: Comparison with state-of-the-art training-free methods on EgoSchema and NExT-QA. Best results in each

group are underlined; overall best are in bold.

Method

EgoSchema
Sub.  Full

NExT-QA
Des. Avg.

(M)LLM

Tem. Cau.

Open-source Captioners + Open-source LLMs

MVU (Ranasinghe et al., 2025) Mistral-13B 60.3 37.6 554 48.1 64.1 552
LangRepo (Kahatapitiya et al., 2025) Mixtral-8x7B 662 412 514 644 69.1 609
Video-LLaVA+INTP (Lin et al., 2024; Shang et al., 2024) Vicuna-7B — 386 586 619 722 627
Proprietary MLLMs
IG-VLM (Kim et al., 2024) GPT-4V 59.8 — 63.6 69.8 747 68.6
LVNet (Park et al., 2026) GPT-40 682 61.1 655 750 815 729
Open-source Captioners + Proprietary LLMs
ProViQ (Choudhury et al., 2024) GPT-3.5 571 — — — — 64.6
MoReVQA (Min et al., 2024) PaLM-2 — 517 646 702 — 69.2
Vamos (Wang et al., 2024b) GPT4 51.2 483 — — — —
LLoVi (Zhang et al., 2024) GPT-4 612 — 61.0 69.5 75. 67.7
VideoAgent (Wang et al., 2024c) GPT-4 60.2 541 645 727 81.1 713
VideoAgent (Fan et al., 2024) GPT-4 62.8 60.2 — — — —
LifelongMemory (Wang et al., 2023) GPT-4 64.1 58.6 — — — —
VideoTree (Wang et al., 2025b) GPT-4 66.2 6l.1 70.6 765 839 75.6
MSTree (Ours) GPT-4 684 630 713 785 850 775
MSTree (Ours) GPT-5 690 638 718 790 862 782

Table 2: Results on Video-MME (without subtitles).
Best result in each group is underlined; overall best in
bold.

Method

Open-source MLLMs
Video-LLaVA (Lin et al., 2024)

(M)LLM  Acc. (%)

Vicuna-7B 39.9

VideoLLaMA-2 (Cheng et al., 2024) Llama2-7B  47.9
Open-source Captioners + Proprietary LLMs

LLoVi (Zhang et al., 2024) GPT-4 52.3

VideoAgent (Wang et al., 2024c) GPT-4 53.5

VideoTree (Wang et al., 2025b) GPT-4 54.7

MSTree (Ours) GPT-4 55.7

MSTree (Ours) GPT-5 56.5

VideoTree by 2.2/1.9 points. It is comparable to
GPT-40-based LVNet on Sub. and exceeds it by 1.9
points on Full. On NExT-QA, MSTree improves
over VideoTree by 1.9 points on average and across
all question types. Section 4.4 analyzes these gains.
Long-Form Generalization on Video-MME.
Whereas EgoSchema and NExT-QA bound each
question within a short clip, Video-MME tests un-
derstanding over longer videos that extend up to
one hour. As shown in Table 2, MSTree (GPT-
4) reaches 55.7% overall accuracy and ranks first
among caption-based training-free methods, sur-
passing VideoTree by 1.0 point and LLoVi by 3.4
points. MSTree also outperforms several open-
source MLLMs trained on large-scale video data,
for example by 7.8 points over VideoLLaMA-2.

Although large proprietary long-context MLLMs
still lead, the result shows that hierarchical evi-
dence organization is effective on hour-long videos
without any video-specific training. The gain over
VideoTree persists on Video-MME, showing that
MSTree remains competitive as video duration in-
creases.

Backbone Scalability. Using GPT-5 (Singh et al.,
2025) yields gains of 0.6, 0.7, and 0.8 points
on EgoSchema Sub., NEXxT-QA Avg., and Video-
MME, respectively, showing that MSTree contin-
ues to benefit from stronger reasoning backbones.

4.4 Ablation Studies

Component Contribution. Table 3 shows the
effect of removing each major component. The
largest drop (5.2 points) comes from replacing tem-
poral segmentation with random equal-length split-
ting, indicating that semantically coherent segment
boundaries, rather than the tree structure alone, are
the primary driver of effective evidence retrieval.
Removing the tree structure and reverting to flat
retrieval reduces accuracy by 3.6 points. Removing
CTR causes a more modest 0.8-point drop, consis-
tent with its role as a complement to the structural
improvements.

Segmentation Strategy and Tree Architecture.
Table 5 reports two studies on a fixed inference
pipeline. For segmentation, random equal-length
splitting gives a floor of 63.2%. Among single-

44326



Table 3: Component ablation on EgoSchema Subset.
Each row removes one component from the full system.

Configuration Acc. (%) A
MSTree (full system) 68.4 —
w/o temporal segmentation (random split) 63.2 —-5.2
w/o tree structure (flat retrieval) 64.8 —-3.6
w/o reflection mechanism (R = 0) 67.6 —0.8

modal variants, visual-only segmentation reaches
66.2% while text-only reaches 63.8%, suggesting
that segment boundaries are mainly carried by vi-
sual feature changes. Combining both modalities
outperforms either single-modal variant. Within
the dual-modal variants, reversing the roles of the
two modalities (text-guided anchor + visual DP)
reaches 67.0%, 1.4 points below our configuration
at 68.4%. This indicates that the two roles are not
interchangeable: visual anchors provide represen-
tative scene-level references and are better suited
to establishing the coarse scene skeleton, while tex-
tual features describe the narrative within a scene
and are better suited to refining its boundaries. For
tree architectures, all three tested schemas outper-
form the flat-retrieval variant in Table 3 (64.8%),
showing that the benefit of hierarchical organiza-
tion is retained across granularities. Their 2.8-
point spread nevertheless indicates moderate sen-
sitivity to segmentation granularity. Among them,
the intermediate schema [1, 6, 36] strikes the best
balance: the coarser [1,4, 24] over-merges three-
minute clips and hides local evidence, while the
finer [1, 8, 48] leaves intermediate nodes too sparse
to reliably guide the mining stage.
CTR Mechanism and Reflection Rounds. Ta-
ble 6 compares three reflection strategies under
the same backbone. Without reflection (R=0), the
model reaches 67.6%. Naive iterative reflection
drops accuracy to 67.0%, since undirected revision
overwrites correct answers with tangential content.
CTR raises accuracy to 68.4% (a 1.4-point gain
over the naive approach) by anchoring each revi-
sion on a discriminative gap statement and requir-
ing new evidence to actively contradict the original
prediction.

Table 7 further sweeps the confidence threshold
7 and maximum reflection rounds R in a 6 x 4 grid.
Along the reflection-round axis (fixing 7=85), ac-
curacy reaches 68.4% for both R=1 and R=2, but
drops to 67.2% at R=3, indicating that a small re-
flection cap is sufficient while further rounds tend
to surface tangential content. Along the thresh-

Table 4: Per-question answer transitions along the
reflection-round axis (7 = 85). Each row is measured
against the preceding setting: W—C denotes questions
turned from incorrect to correct and C—W the reverse,
both as percentages of all questions; Net is in points.

Max R Acc. (%) W—C C—W Net

0 67.6 — — —
1 68.4 1.6 08 +0.8
2 68.4 0.6 0.6 0.0
3 67.2 04 1.6 —-12

Table 5: Ablation of segmentation strategy (top) and
tree architecture (bottom) on EgoSchema Subset.

Variant Acc. (%)
Segmentation strategy

Random 63.2
Text-only 63.8
Visual-only 66.2
Text-guided anchor + visual DP 67.0
Visual anchor + text-guided DP (Ours) 68.4
Tree architecture

[1,4,24] 65.6
(1,6, 36] (Ours) 68.4
[1,8,48] 67.6

old axis (fixing R=2), 7=85 attains the optimum
68.4%, while overly strict (7=95) or overly lenient
(7=65) settings yield 68.2% and 67.2%, respec-
tively. Across the full grid, 17 of the 24 configu-
rations are within 1.0 point of the maximum; con-
figurations within 7 € [75,85] and R € {1, 2} are
all within 0.8 points. These results indicate that
CTR remains stable around the default configura-
tion, with more consistent degradation under larger
reflection limits.

Table 4 decomposes each accuracy change along
the reflection-round axis into the questions that
transition between correct and incorrect. The first
round produces a net gain of 0.8 points through
1.6% corrections against 0.8% regressions. The
second round produces equal 0.6% corrections and
regressions, maintaining 68.4%; the third reverses
the balance (0.4% corrections vs. 1.6% regressions)
and lowers accuracy by 1.2 points. Thus, most
gains arise in the first round, while extending be-
yond two rounds causes more harm than correction.

Robustness to Caption Quality. Like other
caption-based methods, MSTree depends on cap-
tion quality. We examine the system’s robustness
under caption corruption. On EgoSchema Subset
we apply two perturbations: random dropout re-
places 45% of all captions with an uninformative
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Table 6: Reflection strategy ablation on EgoSchema
Subset. The CTR row uses the default 7 = 85, R = 2.

Reflection Strategy Acc. (%)
No reflection (R = 0) 67.6
Naive iterative reflection 67.0
CTR (Ours) 68.4

Table 7: CTR sensitivity to confidence threshold 7 and
maximum reflection rounds R on EgoSchema Subset.
Default configuration (7 = 85, R = 2) marked in bold.

Reflection rounds R
R=0 R=1 R=2 R=3

95 678 674 682 670
90 678 684 668 66.8
8 676 684 684 672
80 680 680 676 66.6
75 674 678 682 674
65 676 678 672 66.6

placeholder, and evidence noise selectively replaces
45% of answer-supporting captions with nearby
non-evidence captions matched in length and style.
As shown in Table 8, evidence noise causes a
2.4-point drop, whereas random dropout causes a
smaller 0.6-point drop. The latter indicates lim-
ited sensitivity to random caption loss in this set-
ting, while the larger drop under evidence noise
shows greater sensitivity to corruption of answer-
supporting captions. Caption quality therefore re-
mains important, particularly when errors affect
decisive evidence. Since the captioner is swap-
pable, stronger captioning models may reduce this
dependency as they become available.

4.5 Evidence Localization

Evidence Coverage. On EgoSchema Subset we
annotate, for each question, the frame captions car-
rying the evidence needed to select the correct op-
tion, and group captions describing the same event
into evidence groups. Caption Recall is the pro-
portion of annotated evidence captions retrieved;
Group Recall is the proportion of annotated evi-
dence groups with at least one supporting caption
retrieved. These annotations are used solely for di-

Table 8: Caption perturbation on EgoSchema Subset.

Setting Acc. (%) A

Original captions 68.4 —
45% captions — placeholder 67.8 -0.6
45% evidence captions — noise 66.0 —24

Table 9: Evidence localization on EgoSchema Subset.
QA accuracy is repeated from Tables 1 and 3 for refer-
ence.

Method CR (%) GR (%) QA Acc.

VideoTree (Wang et al., 2025b)  24.27 80.33 66.2
MSTree no reflection (R=0) 27.69  88.25 67.6
MSTree (Ours) 3142  90.93 68.4

agnostic evaluation and are unavailable to MSTree
during inference.

With reflection disabled, we compare MSTree
and VideoTree, focusing the analysis on their dif-
ferent tree constructions. MSTree improves Group
Recall by 7.92 points, the largest difference in Ta-
ble 9, reducing unretrieved evidence groups from
19.67% to 11.75% (a 40% relative reduction). This
pattern is consistent with scene-aligned boundaries
keeping an event within a single segment, allowing
evidence mining to access it as a unit rather than as
fragments spread across segments. CTR then con-
tributes 3.73 points of Caption Recall and 2.68 of
Group Recall, consistent with gap-directed retrieval
that both densifies evidence in a located event and
reroutes mining to events missed in the first round.
MSTree covers 90.93% of the annotated evidence
groups while retrieving fewer than one-third of
the annotated evidence captions. This pattern sug-
gests that the evidence tree favors broad event-level
coverage over exhaustive caption retrieval, consis-
tent with selective coarse-to-fine evidence access.
Across VideoTree, MSTree without CTR, and full
MSTree, localization coverage rises with accuracy
(66.2%, 67.6%, and 68.4%), showing that higher
coverage accompanies the observed gains.

4.6 Qualitative Analysis

Figure 3 presents a case study from EgoSchema.
In Round 1, the LLM matches the question against
the L2 segment summaries and selects Seg5 (board-
painting) as the segment most likely to carry option-
discriminative evidence; focused QA over Seg5’s
fine-grained captions then predicts Option A at 72%
confidence. Since 72% < 7=85, CTR is triggered
and articulates the missing piece as a discrimina-
tive gap: “Option C requires laptop interaction
evidence, not observed yet.” Round 2 mining acts
on this gap and reroutes to Seg4, the only segment
containing laptop frames, where focused QA over
frames 75-76 supplies the decisive evidence and
corrects the prediction to Option C at 90%. CTR
thus converts Round-1 uncertainty into a targeted
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Multi-Scale Evidence Tree

C paints walls, paintings,and
boards with a brush

Round 1 (initial, WRONG )

Targeted Mining

Selected: Seg5 (board-painting frames)
Mining reason:'Focus on board-
paintingto distinguish workflow options.'

Focused QA Reasoning

Timeline shows C painting on board and
wiping brush. No laptop evidence.
Workflow matches A's examine-board-

‘Yo
Seg 1 Seg 2 Seg 3 Seg 4 Seg 5 Seg 6
Paints Paints Repea- |Paintson|| Paints Paints
painting wall, tedly ||board,ho wall, wall

wall, litts paints ||1ds brush|| pholds with

holds brush wall (contains || brush, brush

brush laptop paints
frames— board first sequence.
targeted (Round1) Reasoning trace:
by CTR) Prediction: A

laptop interaction

board-painting only

Confidence: 72%

Best competing candidate: C
Discriminative gap: "Option C
requireslaptop interaction evidence -
notobserved yet.'

OptionA-72% X

72% <t=85 — trigger CTR

Round 2 (CTR-triggered, CORRECT))

CTR
Directive from Round 1 gap:'search for laptop interaction'
Answer-anchoring constraint: Switching A - C requires
NEW evidence that AFFIRMS C's 'laptop first' workflow
and CONTRADICTS A's 'board first' claim

Targeted Mining

Selected: Seg4 (laptop interaction frames)
Mining reason:'Verify laptop interaction -key evidence to
distinguish C from A

Focused QA Reasoning

"Frames 75-76 explicitly show C operating alaptop. This (a)
supports C's laptop-firstworkflow AND (b) contradicts A's
board-firstclaim. Both anchoring conditions satisfied."
Reasoning trace: Prediction: C Confidence: 90%

Best competing candidate: A

Discriminative gap (resolved): "Laptop atframes 75-76

decisively separates C from A."

Option C-90%

90% = T=85 — terminate

Question Describe the key sequence of events showing C's process of creating art. Focus on the workfiow rather than individual actions.
Looks at cloth — lifts brush [C Looks at LAPTOP — lifts J D | Observes sky — ...

Examines art board — lifts
A brush — paints

— wipes — paints

brush — wipes — paints

E @ Observes flowers — ...

Success: CTR resolved the gap with targeted laptop evidence.

Figure 3: Qualitative case study on EgoSchema. A low-confidence Round 1 prediction (Option A, 72%) triggers
CTR, whose discriminative gap reroutes mining from Seg5 to laptop evidence in Seg4 and corrects the answer to

Option C at 90%.

directive, shifting mining from uninformative seg-
ments to the missing evidence in Seg4. The gap
statement records what is missing from Round 1
and can be checked against the newly retrieved ev-
idence in Round 2, making the resulting answer
revision traceable to a specific evidence require-
ment.

Failure Modes. CTR remains dependent on the
quality of the discriminative gap and the retrieved
evidence. If either misses the decisive event, addi-
tional reflection rounds do not guarantee recovery
and may introduce tangential evidence; surface-
level token overlap may also satisfy the answer-
anchoring constraint without event-level semantic
support, leading to over-correction. Appendix E
and Figure 4 provide a concrete failure case.

5 Conclusion

We present MSTree, a training-free framework
for long-form VideoQA. Its Multi-Scale Evidence
Tree is constructed through coordinated dual-modal
segmentation, which integrates visual anchoring
with text-guided boundary refinement to support
a coarse-to-fine mine-then-reason workflow. Trig-
gered only for low-confidence predictions, CTR
uses a discriminative gap and an answer-anchoring
constraint to guide targeted retrieval and reduce
the risk of noise-induced answer revisions. Ex-

periments on egocentric and general long-form
benchmarks show consistent gains over strong
training-free baselines and further improvements
with stronger backbones. Evidence-localization
analysis further quantifies evidence coverage, while
sensitivity results characterize variation across tree
schemas and reflection settings. The framework
cleanly separates content-driven indexing from
query-driven retrieval, allowing its captioner, sum-
marizer, and reasoning LLM to be upgraded inde-
pendently.

6 Limitations

Like all caption-based VideoQA systems, MSTree
is bounded by the captioner’s accuracy on the un-
derlying frames. Systematic captioning errors prop-
agate through the evidence tree into mining and
focused QA, and coordinated dual-modal segmen-
tation cannot recover from uniformly imprecise
descriptions within a segment. This dependence is
stronger when corruption affects decisive evidence
than under random caption loss, and MSTree can-
not independently verify caption accuracy. MSTree
is modular by design: the captioner is swappable,
S0 a stronger captioner can be substituted with-
out retraining as such models improve. A second
limitation arises from CTR’s text-level contrastive
formulation. The discriminative gap and answer-
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anchoring constraint specify what evidence should
distinguish competing answers, but do not explic-
itly verify that the retrieved segment instantiates
the corresponding event semantics. Consequently,
lexical overlap across different events may satisfy
the constraint and trigger an unsupported revision,
while additional reflection rounds may reinforce
an initially misdirected search. A promising direc-
tion is to couple CTR with stronger spatiotemporal
grounding that aligns the entities, actions, and tem-
poral relations expressed in the gap with specific
video events before accepting an answer revision.
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A  MSTree Inference Procedure

The full inference procedure of MSTree is summa-
rized in Algorithm 1.

B Query-Agnostic Tree Construction

The coordinated dual-modal segmentation in
MSTree is query-agnostic: the tree is built from
video content alone, so a single construction pass
serves all questions about the same video. This
amortizes the segmentation cost when one video is
queried multiple times.

Question-driven boundary detection would in-
stead require re-running segmentation per ques-
tion, increasing latency and reducing throughput in
repeated-query settings. The query-driven part of
the framework is concentrated in the evidence min-
ing and CTR stages, where the question determines
which tree nodes are expanded to full granularity.

C IntentQA Experiments

To assess the cross-dataset generalization of
MSTree to a question distribution that empha-
sizes underlying intent rather than surface com-
positional reasoning, we additionally evaluate on
IntentQA (Li et al., 2023a).

Dataset. IntentQA comprises approximately 16K
multiple-choice QA pairs over 4,300 videos, de-
rived from the NEXT-QA video collection but de-
liberately reformulated to probe intent-centric rea-
soning rather than visual composition. We evaluate
under the zero-shot setting and report overall accu-
racy on the test set.

Results. Table 10 summarizes results. MSTree
achieves 67.3% on IntentQA, surpassing the
strongest training-free peer VideoTree (Wang
et al., 2025b) (66.9%) and all other training-free
baselines, while remaining competitive with the
fine-tuned Vamos (Wang et al., 2024b) (68.5%).
The margin over VideoTree is smaller than on
EgoSchema and NExT-QA, which reflects the na-
ture of intent-centric reasoning: intent often hinges
on actor goals and contextual cues that span the
entire video rather than concentrating in a single
segment. MSTree nonetheless leads VideoTree by
0.4 points, indicating that the structural advantages
of coordinated dual-modal segmentation and CTR
transfer beyond the question types originally tar-
geted.

Table 10: Results on IntentQA test set. Training-free
methods are compared against fine-tuned references for
context.

Method Acc. (%)
Fine-tuned Methods

VGT 51.3

Vamos (Wang et al., 2024b) 68.5
Training-free Methods

LangRepo (Kahatapitiya et al., 2025) 59.1

SeViLA (Yu et al., 2023) 60.9
LLoVi (Zhang et al., 2024) 64.0
IG-VLM (Kim et al., 2024) 64.2
VideoTree (Wang et al., 2025b) 66.9
MSTree (Ours) 67.3

Table 11: Inference-budget comparison on the

EgoSchema Subset, all using GPT-4 as the reasoning
backbone. “Captions” is the average number of textual
content units the LLM observes per question (segment
summaries plus selected frame captions); “LLM Calls”
includes the one-off Stage-0 summarization.

Method Captions LLM Calls Acc. (%)
VideoAgent 11.0 9.0 574
(Wang et al., 2024c)

VideoTree 11.3 2.8 62.2
(Wang et al., 2025b)

MSTree (Ours) 11.3 4.6 64.0

D Inference Budget Comparison

Table 11 reports MSTree’s average caption count
and LLM-call count alongside VideoAgent (Wang
et al., 2024¢) and VideoTree (Wang et al., 2025b)
on the EgoSchema Subset under the same GPT-4
backbone. At a comparable caption budget (11.3
vs. 11.0 and 11.3), MSTree achieves the highest
accuracy at 64.0%, exceeding VideoAgent by 6.6
points and VideoTree by 1.8 points. Its 4.6 LLM
calls per question are 49% fewer than VideoAgent’s
9.0 but 1.8 higher than VideoTree’s 2.8. This re-
flects a clear trade-off: MSTree uses a moderately
larger LLM-call budget than VideoTree and in re-
turn delivers higher accuracy. We consider this an
acceptable allocation, since the additional LLM
compute is invested in retrieving and reasoning
over the supplementary evidence required to arrive
at accurate answers.

E Failure Case Analysis

Figure 4 illustrates the principal failure mode of the
reflection mechanism. In Round 1, the LLM mines
Seg6 (“adjusts stone & soil, lifts brick mold”) and
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Algorithm 1: MSTree inference procedure. Tree summarization is a one-off offline step; the
reasoning LLLM M is invoked at evidence mining and focused QA, with optional gap-guided
reflection. Coordinated dual-modal segmentation at each scale selects visual anchors and then
refines the boundaries by text-guided DP against the textual prototypes.

Require : Video V, question @), reasoning LLM M, tree schema [1, a, b], confidence threshold T,

max reflection rounds R
Result: Predicted answer pred

// Stage 1: Multi-Scale Evidence Tree construction
1 Sample n frames from ) and encode them, together with their captions, using a visual encoder ¢,

and a text encoder ¢y;

2 Recursively partition the video at two scales (into a coarse and b fine-grained segments) by
coordinated dual-modal segmentation: select visual anchors, then refine the boundaries by

text-guided DP under temporal contiguity;

3 Aggregate captions bottom-up via an offline summarizer to obtain the multi-scale evidence tree 7

// Stage 2: Targeted Evidence Mining

4 segs < M selects the fine-grained segments most relevant to ) from the segment summaries in 7;
s ctr < frame captions inside segs, plus coarse summaries of the unselected segments;

// Stage 3: Focused QA with Contrastive Targeted Reflection

(pred, conf, gap) + M(ctz, Q);
forr < 1to Rdo

if conf > 7 then break;
predye, < pred;

e e N

10 new <— additional fine-grained segments mined from unvisited summaries, guided by the gap

statement gap;,
1 ctr < ctr U {frame captions inside new};

12 (pred, conf, gap) < M(ctz, Q, pred,.,), revising only if new evidence supports pred and

contradicts pred

prev 5
13 end
return pred;

[y
'S

reasons over its fine-grained captions to correctly
predict Option A (“build a brick wall”) at 75%
confidence, with a well-formed gap stating that
“Option D would require tree-removal evidence, not
observed.” The outcome is borderline: the brick-
mold and stone-moving evidence is concrete but
not exclusively decisive, since incidental axe and
spade actions in the same scene keep confidence
below the 7=85 threshold, so CTR activates on a
correct but low-confidence answer.

In Round 2, the directive “find tree-removal ev-
idence” is acted on by surface-level token match-
ing: Seg2’s “hits spade with hammer” and Seg6’s
tail action “throws axe” contain tool tokens (spade,
axe) statistically associated with tree removal, even
though both actions describe brick-mold prepara-
tion. The answer-anchoring constraint is satisfied
only syntactically: the tokens superficially contra-
dict “brick wall” and affirm “tree removal”, yet

the underlying scene semantics never support the
switch, so the model over-corrects to Option D at
85%. This case localizes a concrete weakness: the
answer-anchoring check operates on the gap’s sur-
face predicate rather than grounded referents, so
ambiguous tool nouns can be passed by spurious
matches. A natural fix is to extend the anchor with
explicit referent grounding, requiring the verifying
segment to instantiate the gap’s noun in the same
activity context, or a multi-step gap-verification
stage that filters surface matches before they over-
ride the initial answer.

F Prompt Templates

This section presents the three core prompts used
by MSTree at inference time, aligned with the
three modules described in Sections 3.2-3.3: Tar-
geted Evidence Mining (TEM, Table 12), Focused
Question Answering (FQA, Table 13), and Con-
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Multi-Scale Evidence Tree

C performs various actions involving soil,
stones, tools, and plants — picking, moving,
placing, throwing, and adjusting

Seg 1 Seg 2 Seg 3 Seg 4 Seg 5

Throws Picks Picks Picks Puts
soil, stick, plant stick, || shovel in

removes hits stand, plant, soil,
& moves | spade tree hammer, | throws
stones, with branch, soil; dirt

places || hammer, moves

block || (Round2, plant

misled)

Hits spade with hammer,
throws axe, pulls plant stem

Question

Seg 6

Adjusts stone, moves soil,
lifts brick mold

Round 1 (initial, CORRECT )

Targeted Mining
Selected: Seg6 (brick-mold frames)
Mining reason:'Seg6 contains moving
soil around a plant (relevant to B/C/D) and
lifting a brick mold (relevant to A/E) —
both critical to disambiguate the goal.'

Adjusts Focused QA Reasoning
stone & Timeline shows C consistently working
soil, lifts with soil, stones, and bricks: removing
brick stones (frames 7-12, 21-32), adjusting
mold brick molds (frame 158), placing bricks
(selected (frame 168). Actions align with building a
by brick wall.
Round1) Reasoning trace:
- J Prediction: A Confidence: 75%

Best competing candidate: D
Discriminative gap: "Option D would
require clear evidence of tree removal

(cutting/uprooting), which is NOT
explicitly shown.Actions focus on bricks
and soil, supporting A.'

Option A-75%

75% < 1=85 — activate CTR

Round 2 (CTR-triggered, WRONG )

CTR
Directive from Round 1 gap:'Search for evidence of tree
removal (cutting/uprooting) among unvisited segments.'
Answer-anchoring constraint:Switching A — D requires
NEW evidence that AFFIRMS D's "tree removal" goal
CONTRADICTS A's "brick wall" claim

Targeted Mining
Selected: Seg6 tail (throws axe)
Mining reason:'Seg? (hits spade with hammer) might indicate
preparation for tree removal..Seg6 tail suggests tree-cutting
activities, directly addressing whether D is correct.'

Focused QA Reasoning

"Timeline now includes pulling plant stem , throwing dry plant,
moving soil around plant. Tools (shovel/axe/hammer) appear
consistent with tree/plant removal. This contradicts the
previous brick-wall interpretation."

Reasoning trace: Prediction: D Confidence: 85%

Best competing candidate: A

Diseriminative gap (resolved): "A would require

laying/cementing bricks, but timeline shows closer to D."

OptionD-85% X

85% > 1=85 — terminate

What is the overarching goal of the person in | A I To build a brick wall] B | To carefully excavate and create a hole in the ground || C | To repair a brick wall

this video and which significant set of actions

demonstrate their progress toward this goal? D | To effectively and safely remove a tree from an area

] E | The simple act of deciding to plant a tree

Fallure: CTR over-corrected on a correct-but-uncertain initial answer (4, 75%). The gap "find tree-removal evidence" was interpreted too literally —
Seg2's "hits spade with hammer" and Seg6's "throws axe" were misread as tree-removal cues, while the brick-mold evidence was abandoned.

Figure 4: Failure case on EgoSchema. Round 1 mines Seg6 and correctly predicts Option A (“build a brick wall”)
at 75% with the gap “Option D would require tree-removal evidence, not observed.” Since 75% < 7=85, CTR still
triggers. In Round 2 the directive is taken too literally: Seg2’s “hits spade with hammer” and Seg6’s tail action
“throws axe” superficially match “tree removal” but describe brick-mold preparation, so the model over-corrects to

Option D at 85%.

Table 12: Prompt template for Targeted Evidence Mining (TEM).

System

User

Question: question
(A) optionA (B) optionB

[Video Overview (L1)]
levell_summary

[Coarse Segment Summaries (L2)]
level2_summaries

level3_summaries

Assistant
{"selected_level3_ids": [...],

(C) optionC

[Fine-Grained Segment Summaries (L3)]

Respond JSON: {"selected_level3_ids": [..

(D) optionD

(E) optionE

.1, "reason”: "..."}

"reason”: "one-sentence rationale citing L1/L2 evidence”}

Select fine-grained video segments whose detail is most critical for answering the question. Respond with JSON only.

Which fine-grained segments need to be examined in detail to answer this question?

Select the fine-grained (L3) segments (by their ID) whose summaries are most critical for distinguishing the answer options.

trastive Targeted Reflection (CTR, Table 14).
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Table 13: Prompt template for Focused Question Answering (FQA).

System
Answer multiple-choice questions about videos using the provided timeline evidence. Respond with JSON only.

User

Question: question
(A) optionA (B) optionB (C)optionC (D)optionD (E) optionE

[Video Timeline Evidence]
flat_timeline

Evaluate each option against the timeline evidence. Choose the best-supported one. Identify the runner-up and what
evidence would distinguish them.

n n

Respond JSON: {"prediction”: "X", "confidence”: @-100, "reason": .1, "top2_rival”: "Y',
"discriminative_gap"”: "..."}

Assistant

{"prediction”": "letter",

"confidence"”: integer 0-100,

"reason”: "evidence-cited rationale”,

"top2_rival”: "letter",

"discriminative_gap”: "fact that would distinguish prediction from rival”}

Table 14: Prompt template for Contrastive Targeted Reflection (CTR).

User (appended to TEM prompt)
Same context as Table 12 (Question, Options, L1 /L2 / L3 blocks), plus:

Already examined (do NOT reselect): forbidden_ids
Previous unresolved uncertainty: “prev_discriminative_gap”

Pick new fine-grained (L3) segments (by their ID) most likely to resolve this uncertainty.

Respond JSON: {"selected_level3_ids": [...], "reason": "..."}

Assistant

{"selected_level3_ids": [...],
"reason”: "rationale citing prev gap and the newly resolving content”}
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