Task-Oriented Moment Localization for Long Video Understanding with
Near-Second Coverage

Minghao Qin?'
Chen Jason Zhang'™

Xiangrui Liu!

Yan Shu?f
Bo Zhao*™

Zhengyang Liang® Yang Tian?

Zheng Liu®™

'Hong Kong Polytechnic University 2Beijing Academy of Artificial Intelligence
3School of AI, Shanghai Jiao Tong University *University of Trento
>Singapore Management University

Abstract

Long-video understanding is increasingly
framed as an agentic process that iteratively
localizes task-critical moments before percep-
tion and reasoning. Moment localization is
therefore a key bottleneck, and to address it
we present EviScan, an evidence-seeking mo-
ment localization model built on an MLLM,
designed for task-oriented localization and
near-second temporal scanning on hour-long
videos. To learn task-oriented localization,
we construct ToMo-Pile, a training set that
pairs temporal intervals with rationale traces
explaining why the interval resolves the task.
To make near-second scanning feasible on
long videos, EviScan uses DualKV Prefill for
memory-efficient streaming inference, and Pro-
gressive Localization to first narrow down
candidate intervals and then refine bound-
aries using high-resolution evidence. We fur-
ther introduce ToMo-Bench, a benchmark for
task-oriented moment localization across di-
verse long-video scenarios. EviScan consis-
tently outperforms specialized localizers and
general-purpose MLLMs on both ToMo-Bench
and standard temporal grounding benchmarks.
When used as a plug-in localization mod-
ule, it yields substantial gains on downstream
long-video understanding benchmarks (MLVU
and LongVideoBench), and these gains are
larger than those brought by other moment-
localization methods. Our code is open-
sourced at: https://github.com/Ixrrrrrr/EviScan

1 Introduction

As video understanding research moves from short
clips to hour-long videos (Shu et al., 2024; Liu
et al., 2025; Wang et al., 2025b; Shen et al., 2024;
Zhang et al., 2024; Liang et al., 2025), an increas-
ing number of studies cast video understanding
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as an agentic, tool-augmented process (Yu et al.,
2025; Tang et al., 2025; Yao et al., 2025; Wang
et al.,, 2025a). Unlike traditional one-pass ap-
proaches (Liu et al., 2023; Li et al., 2023a,b; Yang
etal., 2024), this paradigm iteratively localizes task-
critical moments (i.e., temporal intervals) and per-
ceives the corresponding evidence as required by
the task until completion. In this setting, a precise
task-oriented localization module is indispensable:
without accurate localization, downstream percep-
tion and reasoning remain bottlenecked regardless
of model capacity.

However, most existing studies typically adopt
an off-the-shelf retriever or temporal grounding
model for moment localization. These modules
are not well suited to long-video understanding
tasks. Retrievers rely primarily on surface-level
semantics. Temporal grounding models, limited by
context length, use sparse sampling that can easily
skip decisive moments, causing the correct interval
to be missed before localization even starts.

We argue that an effective localization module
should satisfy two criteria: (1) Task-oriented local-
ization: it should localize the moment that contains
task-critical evidence, rather than merely matching
surface semantics. For example, when the task asks
"who broke the glass," the model should not merely
retrieve frames showing "the glass is broken," but
should localize the moment that causes the glass
to break. (2) Near-second temporal coverage: it
should scan hour-long videos at near-second tempo-
ral granularity to avoid missing decisive moments,
while remaining computationally efficient.

Therefore, to meet the two desiderata
above—task-oriented localization and near-
second temporal coverage—we propose EviScan
(Evidence Scanning), a moment localization
model built upon an MLLM, trained with our
newly constructed dataset ToMo-Pile. Unlike
existing temporal grounding datasets, ToMo-Pile
is explicitly designed to foster task-oriented
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moment localization. Beyond providing temporal
interval annotations, it also includes reasoning
traces that explain why a specific moment should
be selected. ToMo-Pile encourages the model to
align moment localization with task requirements
rather than surface-level semantic similarity.

To achieve near-second temporal coverage over
hour-long videos, we introduce an efficient stream-
ing KV-prefill mechanism, DualKV Prefill. The
video is processed segment by segment: for each
segment, the model computes high-resolution de-
tailed KV caches and then temporally downsam-
ples them into compact holistic KV caches. This
yields a two-level video representation, where de-
tailed caches preserve local evidence and holistic
caches provide lightweight long-range summaries.
By accumulating holistic caches as historical mem-
ory and letting each new segment attend to them,
DualKV Prefill injects long-range context without
loading the full high-resolution sequence into a sin-
gle context window, enabling near-second scanning
with feasible compute and memory.

However, memory efficiency alone is not
enough: near-second scanning still brings many
irrelevant visual tokens, diluting attention and ex-
panding the temporal search space. To address this,
we propose Progressive Localization, a coarse-
to-fine, multi-round strategy built on the two-level
video representation. In the coarse stage, EviS-
can reasons over holistic KV caches to propose the
task-aware candidate interval. In the fine stage, it
selectively reloads the corresponding detailed KV
caches and refines the boundaries to produce the
final prediction. Combined with DualKV Prefill,
this yields high-recall, near-second moment local-
ization in long videos while focusing computation
and attention on high-value evidence.

Moreover, existing temporal grounding bench-
marks are primarily designed for conventional set-
tings (e.g., phrase-to-moment matching) and there-
fore fail to reflect the localization demands of di-
verse long-video understanding (LVU) tasks. To
bridge this gap, we introduce ToMo-Bench, a
testbed for fask-oriented moment localization in
realistic LVU scenarios. It challenges models to
identify key temporal intervals across 12 task cat-
egories and 32 video domains, spanning videos
from a few seconds to over an hour. Each instance
is built via a human-machine collaborative anno-
tation pipeline to ensure high-quality and reliable
temporal supervision.

In experiments, we benchmark EviScan against

specialized localizers and general-purpose MLLMs
on our ToMo-Bench and three classic temporal
grounding benchmarks: Charades-STA (Sigurds-
son et al., 2016), ActivityNet (Caba Heilbron et al.,
2015), and V-STaR (Cheng et al., 2025). EviScan
consistently achieves stronger moment localization
performance across all benchmarks. Moreover,
EviScan also boosts downstream long-video un-
derstanding, outperforming tool-augmented video
agents such as Video-Zoomer (Ding et al., 2025)
and Conan (Ouyang et al., 2025).

Our contributions are three-fold: (1) We present
EviScan, a task-oriented moment localization
model for long videos that enables near-second tem-
poral coverage with feasible computation. (2) We
construct ToMo-Pile and introduce ToMo-Bench,
providing training supervision and evaluation tai-
lored to task-oriented localization across diverse
LVU scenarios. (3) We demonstrate consistent im-
provements over strong specialized localizers and
general MLLMs on both localization benchmarks
and downstream LVU tasks.

2 Related work

2.1 Long Video Understanding

Recently, long video understanding has advanced
rapidly, with powerful MLLMs extending context
length and improving multi-step understanding (Li
et al., 2025b; Qin et al., 2025; Yang et al., 2026).
Despite this progress, existing systems still face
two persistent challenges: high computational cost
and the “lost-in-the-middle” effect, where critical
evidence in long sequences is easily overlooked.

More recently, a complementary agentic
paradigm has emerged, which combines LLM rea-
soning with active tool use for long-form video
analysis. Representative methods such as VideoA-
gent (Wang et al., 2024) model the process as se-
quential information gathering and decision mak-
ing over segmented clips, improving efficiency and
interpretability for long-form VideoQA.

However, most prior work emphasizes agent
planning while relying on fixed off-the-shelf re-
trieval backbones (e.g., CLIP (Radford et al., 2021)
and LanguageBind (Zhu et al., 2024)). In long
videos, retrieval quality is a first-order bottle-
neck, which motivates our EviScan that focuses on
stronger task-relevant moment retrieval for agentic
long-video understanding.
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Figure 1: Overview of ToMo-Pile. We established multiple filtering mechanisms to obtain a high-quality Chain-of-

Thought (CoT) dataset.

2.2 Moment Localization

Prior work on moment localization broadly falls
into two lines: similarity-based retrieval and tem-
poral grounding.

Retrieval-based methods select frames/clips via
query—video similarity, often using pretrained vi-
sion—language models such as CLIP (Radford et al.,
2021). In addition, there are also some methods ex-
plore specific similarity-based approaches. For in-
stance, Flexible Frame Selector (Buch et al., 2025)
introduces a [CTRL] register token to adaptively
decide both how many frames to select and which
frames to pick. However, these approaches struggle
with deeper understanding for complex tasks.

Temporal grounding models aim to predict
the start/end boundaries of the queried mo-
ment. Recent studies increasingly build on
MLLMs and temporal-aware designs. For exam-
ple, TimeChat (Ren et al., 2024) introduces a time-
aware frame encoder that binds visual tokens with
their corresponding timestamps at the frame level
for temporal grounding. Time-R1 (Wang et al.,
2025c) employs a reasoning-guided post-training
framework with reinforcement learning and ver-
ifiable rewards to improve grounding accuracy.
Recent generic MLLMs (e.g., Qwen2.5-VL (Bai
etal., 2025), Keye-VL-1.5 (Yang et al., 2025)) have
also demonstrated certain capabilities for tempo-
ral grounding. However, localizing small intervals
in long videos remains challenging due to their
limited context window.

Motivated by these limitations, we propose EviS-
can for task-oriented moment localization in long
videos with near-second temporal coverage.

3 Method

3.1 EviScan

EviScan is built on an MLLM backbone and trained
on ToMo-Pile, enabling it to capture localization
requirements across diverse LVU tasks. In addition,
by integrating DualKV Prefill and Progressive Lo-
calization, EviScan achieves both high localization
precision and efficient inference on long videos.

3.2 ToMo-Pile Construction

In many long-video understanding tasks, the tar-
get moment cannot be reliably identified by simple
lexical matching between query words and salient
visual entities. To this end, we construct ToMo-
Pile, in which each sample contains both temporal
intervals and localization rationales. We curate sub-
sets from two video QA datasets, VideoR1 (Feng
et al., 2025) and FineVideo (Farré et al., 2024).
Together, they cover diverse video categories and
question types.

Construction pipeline. As illustrated in Fig-
ure 1, we build our training data through a three-
stage pipeline:

(1) Filtering. We first use an LLM to filter out
questions that can be answered from global, scene-
level cues alone. This step is motivated by the
construction of VideoR1 and FineVideo, where a
subset of questions follow obvious holistic patterns
(e.g., asking about the overall setting of the video).
(2) Interval verification and refinement. For each
remaining sample, we localize the evidence mo-
ment using a multi-expert procedure. Specifically,
given the video and the ground-truth answer, two
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Figure 2: Overview of EviScan. The input long video is processed to generate two representations: the Holistic
Video Representation (HVR), which captures global context, and the Fine Video Representation (DVR), which
retains detailed local information. EviScan first performs coarse-grained reasoning using HVR to narrow the
search space, and then refines the localization using DVR within the identified temporal interval to achieve precise

task-oriented localization.

strong frontier MLLMs independently predict can-
didate temporal intervals. We compute pairwise
IoU among the predicted intervals; if their agree-
ment exceeds a predefined threshold, we treat the
localization as reliable. We then feed the corre-
sponding local clip (together with the answer) into
one expert model to produce a final, precise inter-
val.

(3) Localization rationale generation. Condi-
tioned on the question, answer, full-video con-
text, and the verified interval, a reasoning-capable
MLLM generates a chain-of-thought that simulates
the localization process, explicitly connecting vi-
sual evidence to the task requirement. Finally, we
apply an LLM-based rewriting stage to improve the
clarity and consistency of the generated rationales,
yielding the final localization rationales used for
training.

Using this pipeline, we obtain 80K high-quality
training samples for EviScan. In addition, we col-
lect and curate /00K off-the-shelf temporal ground-
ing samples. We use all data for supervised fine-
tuning (SFT). Additional data and training details
are provided in the Appendix.

3.3 DualKV Prefill

Every second matters. In long-video understand-
ing (LVU) tasks, the evidence needed to answer a

question may appear only within a few seconds of
an hour-long video. A localization module must
therefore scan densely in time to avoid missing de-
cisive moments. Yet dense sampling collides with a
fixed memory budget: naively increasing the num-
ber of frames either exceeds the context window
or forces aggressive downsampling that blurs local
details. Can we have both—second-level cover-
age and fine-grained evidence? To this end, we
introduce DualKV Prefill.

Streaming processing with dual-resolution
caches. Rather than encoding all frames in a single
pass, DualKV Prefill processes a densely sam-
pled video stream under a small, fixed memory
budget. As illustrated in Figure 2 (right), we parti-
tion the frame sequence into temporal segments
{S0,51,...,S,} and process them sequentially.
For each segment S; and each transformer layer
[, we cache its key—value states as a Detailed Video
Representation (DVR), denoted DVR%, which pre-
serves high-resolution local evidence. We then
temporally downsample DVR% to obtain a com-
pact Holistic Video Representation (HVR), denoted
H VRé, summarizing the segment-level semantics
at substantially reduced resolution.

To incorporate long-range context efficiently, we
concatenate all previously generated holistic caches
{H VRé» | 7 < i} into a lightweight historical mem-
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Table 1: ToMo-Bench results grouped by video duration (short, medium, and long) and task type (Perception and

Reasoning).
Method Short (<3min) |Medium (3-10min) | Long (>10min) | Perception Reasoning
R1@0.3 R1@0.5|R1@0.3 R1@0.5 |R1@0.3 R1@0.5| R1@0.5 R1@0.5
Temporal Grounding Models
TimeR1-7B (Wang et al., 2025c¢) 20.1 16.0 4.1 15.8 11.0 11.8 10.8
VideoChatR1-7B (Li et al., 2025¢) 17.3 14.0 5.6 12.1 10.9 10.6 9.2
Temporal-RLT-7B (Li et al., 2025a) | 54.0 353 17.9 12.3 14.1 11.5 18.0 21.7
UniTime (Li et al., 2025d) 524 42.7 29.6 232 24.2 22.6 324 30.6
General MLLMs

Qwen-2.5VL-7B (Bai et al., 2025) 48.2 40.6 12.2 10.3 14.6 12.3 244 22.1
Keye-VL-1.5-8B (Yang et al., 2025)| 36.0 34.7 254 254 32.7 28.6 29.8 37.2
EviScan-7B | 523 463 | 452 423 | 432 397 | 459 40.0

ory. The current detailed states DVR% attend to
this holistic memory via cross-attention, enabling
the model to integrate earlier context without at-
tending over all past detailed frames. The updated
states are then forwarded to the next layer to pro-
duce DV R,

Outputs for Progressive Localization. After
processing all segments, DualKV Prefill outputs
two synchronized representations: (i) a compact
HVR that supports efficient coarse localization over
hour-long videos, and (ii) a fine-grained DVR that
retains second-level details for precise boundary
refinement.

3.4 Progressive Localization

Although DualKV Prefill enables second-level
coverage over the full video, the target moment
only exists in the detailed DVR and cannot be auto-
matically found. Directly searching within DVR is
difficult: fine-grained visual tokens dilute attention,
making it hard for the model to focus on decisive
evidence. To address this, we propose Progressive
Localization, a coarse-to-fine localization mecha-
nism for long videos.

Coarse localization: We load only the compact
holistic HVR into GPU memory, keeping the high-
resolution DVR offloaded. Conditioned on the task
query, EviScan predicts a coarse candidate interval,
narrowing down the search space.

Fine localization: We offload HVR and reload
only the corresponding DVR segments within the
candidate interval to refine the temporal bound-
aries. This avoids expensive full-video fine-grained
inference while preserving the key local evidence
required for precise grounding.

In conclusion, Progressive Localization first ob-
tains a coarse candidate from HVR and then refines

boundaries using the DVR within the candidate, en-
abling EviScan to localize the target moment both
efficiently and accurately.

4 ToMo-Bench

Existing temporal grounding benchmarks mainly
focus on explicit-description queries and relatively
short videos, which does not fully reflect the chal-
lenges of task-oriented localization in realistic long-
video scenarios. To bridge this gap, we introduce
ToMo-Bench, where the model must localize mo-
ments implied by task requirements rather than
by simple lexical matching. We construct ToMo-
Bench under two principles: high diversity and
high annotation quality.

High Diversity: We collect question—answer
pairs from public long-video datasets (Zhou et al.,
2025; Fu et al., 2025; Wu et al., 2024; Cheng et al.,
2025), set minimum quotas by video duration and
task type!, and also remove unsuitable samples
(e.g., summarization-style questions without pre-
cise temporal evidence).

High Annotation Quality: We adopt a semi-
automated but human-verified pipeline. For each
selected sample, Gemini-2.5-Pro first proposes
multiple candidate intervals at different tempera-
tures. Annotators then manually verify and refine
the temporal boundaries; samples that cannot be
reliably grounded are discarded. This process im-
proves boundary precision.

Dataset Statistics: ToMo-Bench covers videos
ranging from seconds to over one hour (13.5 min-
utes on average), spans 32 real-world domains, and
includes two task types, each with multiple sub-
tasks, for a total of 12 subtask categories.

'We follow the Video-MME Definition for video duration
and task type.
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In conclusion, ToMo-Bench provides a more re-
alistic and challenging evaluation protocol for task-
oriented temporal grounding, serving as a stronger
testbed for future long-video localization models
and agentic video understanding systems. See Ap-
pendix for more details.

S Experiment

5.1 Experimental Settings

Benchmarks. To comprehensively evaluate the
capabilities of our model, we conducted tests on
benchmarks across different categories, includ-
ing long video understanding, video temporal
grounding, and video question answering. For
long video understanding, we utilized two bench-
marks: MLVU (Zhou et al., 2025) and LongVideo-
Bench (Wu et al., 2024). For temporal ground-
ing, we employed two traditional benchmarks,
Charades-STA (Sigurdsson et al., 2016) and Ac-
tivityNet (Caba Heilbron et al., 2015), as well as
a long video temporal grounding benchmark, V-
STaR (Cheng et al., 2025), and ToMo-Bench. To
highlight the model’s long video capabilities, we
only used segments longer than 5 minutes from
V-STaR.

Metric. For the VideoQA task, we use accuracy
to evaluate the model. For the temporal grounding
task, we employ the Intersection-over-Union (IoU)
metric and its variants. These metrics quantify the
alignment between the predicted temporal window
TP and the ground truth temporal window 72,
Detailed definitions can be found in the appendix.
Implementations. For all benchmarks, EviScan
samples videos at 1 fps, with a maximum of 2000
frames. We obtain HVR by mean-pooling with
a temporal downsampling factor of 4. For the re-
trieval model-augmented video understanding task,
we adopt the default configurations for all models,
setting the output time window to 64 seconds. If
a model’s output time window is less than 64 sec-
onds, we pad it by centering on the model’s output.

5.2 Leading Moment Localization
Performance

To validate that EviScan can serve as a strong mo-
ment localization module for long-video under-
standing, we first organize results into two parts: (1)
our task-oriented benchmark ToMo-Bench as the
primary evidence, and (2) conventional temporal
grounding benchmarks as complementary verifica-
tion.

5.2.1 (1) Primary Results on ToMo-Bench

We evaluate EviScan on ToMo-Bench. We com-
pare EviScan against both specialized temporal
grounding models and general MLLMs.

(a) Performance across Video Durations. As
shown in Table 1, EviScan demonstrates strong and
consistent performance across all video durations.
On medium and long videos, EviScan outperforms
all baselines by 10-20 points, demonstrating sub-
stantial advantages in handling task-oriented tem-
poral grounding in extended contexts. On short
videos, EviScan achieves competitive performance.
These results highlight EviScan’s effectiveness in
task-oriented temporal localization, particularly its
ability to perform accurate reasoning and ground-
ing in long-video scenarios.

(b) Performance across Task Types. From a
task perspective, EviScan also demonstrates strong
performance across all categories. Notably, in Rea-
soning tasks (e.g., Temporal Reasoning and Action
Reasoning), EviScan outperforms Keye-VL-1.5-
8B by 2.8 points on R1@0.5 and exceeds all other
baselines by at least 10 points, highlighting its supe-
rior task-oriented reasoning and temporal localiza-
tion. On the Perception task, EviScan also achieves
state-of-the-art performance.

5.2.2 (2) Complementary Results on Others.

Beyond ToMo-Bench, we also present evaluation
results on conventional temporal grounding bench-
marks, covering both short-video and long-video
settings.

(a) Short-video Benchmarks. As shown in
Table 2, EviScan achieves state-of-the-art perfor-
mance on both Charades-STA and ActivityNet. No-
tably, compared to most baselines, EviScan main-
tains a smaller gap between R1@0.5 and R1@0.7,
indicating its capability for more precise temporal
localization.

(b) Long-video Benchmarks. Moreover, EviS-
can achieves an R1@0.7 score of 81.8 on V-STaR
(with videos duration > 300s), demonstrating EviS-
can’s strong capability in handling extended tem-
poral grounding tasks.

5.3 Benefits to Long-Video Understanding

To validate the effectiveness of EVISCAN for long-
video understanding, we study whether improved
moment localization translates into stronger down-
stream LVU performance when paired with strong
MLLM backbones. We benchmark against a com-
prehensive set of baselines, including multimodal
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Table 2: Performance comparison on short video temporal grounding tasks (including Charades-STA and Activi-

tyNet) and long video temporal grounding (V-STaR).

Method Charades-STA ActivityNet V-STaR(long)
R1@0.5 R1@0.7 mloU |R1@0.5 R1@0.7 mloU [R1@0.5 R1@0.7
Temporal Grounding Models
TimeR1-7B (Wang et al., 2025c) 72.2 50.1 - 58.6 39.0 48.0 - -
VideoChatR1-7B (Li et al., 2025c¢) 71.7 50.2 60.8 | 334 17.7  36.6 - -
Temporal-RLT-7B (Li et al., 2025a) | 67.9 44.1 570 | 384 20.2  39.0 - -
UniTime (Li et al., 2025d) 75.3 56.9 - 54.8 36.6 - 62.9 62.9
General MLLMs
Qwen-2.5VL-7B (Bai et al., 2025) - - 43.6 - - - 0.0 0.0
Keye-VL-1.5-8B (Yang et al., 2025) - - - - - - 63.9 49.1
EviScan-7B | 756 560 671 595 427 556| 864 818
Ours SigLIP VideoChat-R1 CLIP Time-R1 Uniform Sampling Video-Zoomer Conan
%% Qwen2.5VL-7B 9 Intern2.5VL-8B
70% | 689 68.8 674 oo s
63.4 1) 883 64. 65.2

. P2 622 619 64 4 605 502 (]
& 00% 22 5714 574 577 566 £ e 57.4 56.8 562
3 542 %48 534
£ 50%
g

40%

30%

MLVU LongVideoBench MLVU LongVideoBench

Figure 3: Performance comparison of different VLMs using various keyframe localization methods on MLVU and

LongVideoBench.

retrievers, temporal grounding models, and tool-
augmented video agents.

Evaluation protocol. For multimodal retrievers,
temporal grounding models, and EVISCAN, we
first use them to predict a temporal interval. We
then sample frames within the predicted interval
and feed them into the same MLLM backbone to
answer the question. For tool-augmented video
agents (e.g., Video-Zoomer and Conan) who solve
the task end-to-end with multi-turn tool invocation,
we report the performance score from their papers.

As shown in Figure 3, different localization mod-
ules yield clearly different gains on long-video
benchmarks when applied to Qwen2.5-VL-7B and
Intern2.5VL-8B. EVISCAN consistently achieves
the largest improvements across backbones and
datasets. Notably, EVISCAN remains compet-
itive even against strong multi-turn agentic ap-
proaches, highlighting its effectiveness as a stan-
dalone moment-localization component.

Overall, these results indicate that EVISCAN is a

strong candidate localization tool for video agents,
and motivate future work on integrating it into agen-
tic LVU.

5.4 Ablation Studies

Near-second Temporal Scanning. Figure 4 stud-
ies how performance and efficiency scale with the
number of input frames. With DualKV Prefill en-
abled, EviScan can process up to 2000 frames with-
out memory overflow. Increasing input from 800
to 2000 frames improves R@1 at IoU 0.7 from
61.4% to 76.1%, indicating that denser temporal
coverage reduces the chance of missing decisive
moments. Meanwhile, inference time increases
smoothly (e.g., ~2.5s — ~8.2s), demonstrating
good scalability. In contrast, disabling DualKV
Prefill causes memory overflow for long inputs, pre-
venting near-second scanning in hour-long videos.
Effectiveness of Progressive Localization. To
evaluate the effectiveness and necessity of progres-
sive localization in long-video scenarios, we con-
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Table 3: Comparison of progressive localization
versus standard prediction on long-video subsets.

V-STaR(long)
R1@0.5 R1@0.7

ToMo-Bench(long)

Method R1@0.5 R1@0.7

Zero-shot 732 614 | 378 295

Progressive Localization 86.4 81.8 43.2 39.7

Table 4: Ablation study for the downsampling fac-
tor of Holistic Video Representation. D.F. means
downsampling factor.

HVR ‘

1'0@1Y eoueliioped

ToMo-Bench(long)

D.F. R1@0.5 R1@0.7

V-STaR(long)
R1@0.5 R1@0.7

732
80.7
86.4

37.8
41.0
43.2

29.5
37.1
39.7

76.1

1 61.4
81.8

Table 5: Analysis of training effect from ToMo-Pile. Performance on the Charades-STA, ToMo-Bench (long), and

V-STaR bench (duration > 300).

ToMo-Bench(long)

Method Charades-STA V-STaR(long)

R1@0.5 R1@0.7 | RI@0.5 RI1@0.7 | R1@0.5 R1@0.7
W/o ToMo-Pile 712 498 | 4717 397 | 294 22.7
W ToMo-Pile 75.6 56.0 | 86.4 81.8 | 432 39.7

ducted an ablation study comparing progressive
localization versus standard single prediction. Re-
sults are presented in Table 3. The findings demon-
strate that progressive localization achieves sub-
stantial improvements over the single-step base-
line across both traditional temporal grounding
and task-oriented tasks in long videos. The per-
formance gain in IloU@0.7 confirms the effective-
ness of progressively narrowing the search space
for precise temporal localization.

Downsampling Factor for HVR. Table 4 ablates
the downsampling factor (D.F.) used to form the
holistic video representation (HVR; i.e., holistic
KV caches), while keeping the total input bud-
get fixed at 2000 frames and evaluating on long-
video subsets. Increasing D.F. consistently im-
proves localization accuracy on both V-STaR(long)
and ToMo-Bench(long). We hypothesize this gain
comes from two effects: (i) a larger D.F. shortens
the holistic sequence, making long-range input eas-
ier under positional constraints; and (ii) temporal
aggregation suppresses redundant or noisy frames,
yielding a cleaner global summary for the coarse-
stage reasoning in Progressive Localization.

Effectiveness of ToMo-Pile Dataset. To further
analyze the impact of the ToMo-Pile dataset, we

retrained the model by excluding it from the train-
ing set and reported the corresponding results on
short-video temporal benchmark Charades-STA,
long-video benchmarks V-STaR and ToMo-Bench
(long), as shown in Table 5. It can be observed
that the performance gap becomes particularly pro-
nounced on V-STaR and ToMo-Bench (long). This
demonstrates the crucial value of ToMo-Pile in
establishing EviScan’s long-video understanding
capability and task-oriented reasoning proficiency.

6 Conclusion

In this work, we propose EviScan, an evidence-
seeking moment localization model. It leverages
DualKV Prefill for memory-efficient streaming in-
ference and incorporates a progressive localization
strategy to efficiently perform evidence-seeking
moment localization on long videos. To facili-
tate task-oriented localization learning, we con-
struct ToMo-Pile, a training dataset that pairs tem-
poral intervals with rationale traces explaining why
the interval resolves the task. We further intro-
duce ToMo-Bench. Extensive experiments demon-
strate that EviScan consistently outperforms spe-
cialized localizers and general-purpose MLLMs on
both ToMo-Bench and standard temporal ground-
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ing benchmarks. We hope this work will advance
the deeper understanding of the temporal dimen-
sion in videos for MLLMs.

7 Limitation

EviScan has two main limitations. First, when the
coarse-stage reasoning fails to correctly identify
certain target parts, the subsequent fine-grained
representation seems to lack the ability to recover
from such errors. One possible solution is to allow
the model to fall back to the coarse stage when it
determines, during the second stage, that it can-
not resolve the task. Second, when the answer
to a question is distributed across multiple non-
contiguous video segments, the current method can
only localize the most representative segment, fail-
ing to cover all relevant pieces. This is primarily
because constructing multi-segment moment local-
ization data is extremely difficult, and verifying and
correcting the annotations is even more challeng-
ing. Future efforts may require the development
of stronger understanding models as tool models
to generate such data. We will work on addressing
these issues in future research.
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sults

F: VideoQA Task Details
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¢ I: Qualitative Results

¢ J: Prompt for ToMo-Pile Generation

A Different and Other Grounding-QA

Although some traditional groundingQA
datasets—such as CG-Bench, NExT-GQA,
and ReXTime already require localizing temporal
evidence based on the question rather than on
explicit event phrases, the Task-oriented Temporal
Grounding task we propose is fundamentally
different. These differences are illustrated in
Figure 1. Specifically, questions in conventional
question-based grounding works usually still con-
tain words strongly correlated with the target time
interval, allowing existing temporal-grounding
models to localize the interval by relying on the
dominant cues in the question. In contrast, our
task-oriented setting emphasizes reasoning and
thinking driven by the question: our questions
typically lack descriptors that are directly tied to
the answer, and instead demand that the model
first infer which temporal segments can solve the
question and then ground them.

B ToMo-Pile detail

Our ToMo-Pile comprises 80k high-quality COT
grounding data and 100k long video grounding
data, where the COT data originates from VideoR 1
and FineVideo, re-annotated using the method de-
scribed in the paper, and the long video grounding
data is constructed by concatenating video clips
from pandas-70M.

Figure 2 presents the statistics for ToMo-Pile.
The 80k CoT data is sourced from VideoR1 and

FineVideo, with their video duration and word
count shown in the figure. Additionally, the 100k
long-video grounding data all have a duration of
600 seconds.

C ToMo-Bench Detail

ToMo-Bench comprises 337 videos and nearly 500
questions. As shown in Figure 3, it exhibits rich
diversity in task types, video categories, video dura-
tions, and the temporal locations of target intervals.
The average video length is 805 seconds. Specif-
ically, the benchmark covers 12 task types—such
as action reasoning, OCR perception, and tempo-
ral reasoning—spanning a wide range of video-
understanding tasks.” In addition, it includes 32
video categories from numerous real-world do-
mains. Video durations range from a few minutes
to one hour, and the target intervals are uniformly
distributed along the timeline to ensure an unbiased
evaluation.

Figure 4 shows the word cloud of ToMo-Bench.
Explanations of the 12 Task Categories in ToMo-
Bench:

C.1 Reasoning

* OR (Object Reasoning): Identify why an
object is present and how it causally affects
later events in the clip.

* SR (Spatial Reasoning): Infer spatial rela-
tionships (e.g., behind, left-of) between ob-
jects that are never simultaneously visible.

* TR (Temporal Reasoning): Determine the
correct chronological order of events shown
out of sequence or with missing segments.

* AR (Action Reasoning): Predict the next ac-
tion an agent will perform given the current
context and goals.

C.2 Perception

* SP (Spatial Perception): Locate and describe
where objects are in the 3-D scene from ego-
centric or exocentric views.

* AP (Attribute Perception): Recognize object
properties such as color, material, or state that
remain constant across frames.

“We adopt the definitions of task type and video category
from Video-MME.
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rNEXT GQA : Based on the content of the video,
l'answer the following question: why did the boy \\\
I pick up one present from the group of them and
imove to the sofa\n(A) share with the girl\n(B)
japproach lady sitting there\n(C) unwrap it\n(D)
iplaying with toy train\n(E) gesture something

: Answer : From 13.8 to 29.8, the answer is C

: RexTime : Based on the content of the video, answer
'the following question: How does she end up laying
"on the floor after dancing?

i hint
i Answer : From 17.37 to 60.81, by dancing around the
i room continuously.

Task—orlented Would you mind identifying the

. timestamp in the video where the questlon

I"What does the guy in black clothes do in the
'video the protagonist watches before going to bed?”
I'is answered? Please provide me with the timestamp.
I

i
i Answer : chef

hint :

| i
i | follow1ng question: how does the man cycling try to sell

i | the watch to the man in the trishaw\n(A) give him i
: catalogue\n(B) show him a video\n(C) show him the

! Iwatch\n(D) dismount his bicycle\n(E) give him the watc
I I strap\nfirst specify the exact time period in seconds o
i 1 the video segment that support your answer, then,
i iprovide your final answer with a short sentence.

IAnswer From 50.5 to 57.5, the answer is C

! Releme Based on the content of the video, answer the

I} following question: Why does the girl dance around the

| !room?\nfirst specify the exact time period in seconds of
i | the video segment that support your answer, then, \\\
i iprovide your final answer with a short sentence. hint
|

IAnswer From 56.26 to 79.42, to eventually lay on the
Li or as

conclusion to her dance.

rTask—orlented

' WOuld you m1nd identifying the

! ! timestamp in the video where the question

I 1" In the video, from the first-person perspective
i Iof the protagonist, what sport are the people in
i i front of him doing? Which of the following

i |statements is wrong? is answered? Please provide
i ime with the timestamp.

Figure 1: Different and Other Grounding-QA. Red denotes the hint to the answer span in the question, whereas blue
marks the corresponding part in the answer. Task-oriented questions contain no cue about the target span, while all

other grounding-QA tasks do.
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Figure 2: Statistics for ToMo-Pile, including video duration, word cloud, and word count.

TP (Temporal Perception): Detect when a
change or event occurs and report its exact
start and end times.

EG (Ego): Understand what the camera-
wearer is doing, attending to, or will do next
from first-person video.

OP (OCR Problems): Read and transcribe
text that appears on screens, signs, or docu-
ments within the video.

AT (Action Recognition): Classify which pre-
defined action is being performed in a given
segment of the video.

CP (Counting Problem): Accurately count
how many instances of a specified object or
person appear throughout the clip.

TU (Tutorial): Follow instructional video
content and answer questions about the steps

or techniques demonstrated.

C.3 Duration

For length classification, we adopt a three-tiered
approach: videos shorter than 3 minutes are clas-
sified as ’short’, those between 3-10 minutes as
’medium’, and those longer than 10 minutes as
"long’.

D Metric

To evaluate the performance of our model on tem-
poral grounding and VideoQA tasks, we employ
the Intersection-over-Union (IoU) metric and its
variants. These metrics quantify the alignment be-
tween the predicted temporal window 7P and
the ground truth temporal window T, The formal
definitions are as follows:
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D.1 IoU and mIoU * TIoU@0.5: Percentage of predictions with IoU
The fundamental IoU metric is defined as: > 0.5
Tpred N7
IoU = | |

=1

|Tpred U Tgt| IoU@0.5 = ]I(IOUZ‘ > 05) x 100%

1

.
I

The mean Intersection-over-Union (mloU) is cal-

culated as the average IoU across all test samples: « ToU@0.7: Percentage of predictions with loU

1 N >0.7
mloU = Z IoU; L
. U@0.7 =)

where N is the total number of test samples and N &~
IoU; is the IoU value for the i-th sample.

We also evaluate performance using IoU thresh-
olds, which measure the percentage of predictions
exceeding specific IoU values:

I(ToU; > 0.7) x 100%

Here, | TP N T¢'| denotes the duration of the
overlapping region between the predicted window
TP and the ground truth window 7. |TP*d U
« ToU@0.3: Percentage of predictions with ToU 7| represents the duration of their union, while

>0.3 |TPd| and |T2| denote the durations of the pre-
dicted and ground truth windows, respectively. The

N
ToU@0.3 — 1 Z I(IoU; > 0.3) x 100% indicator function I(+) equals 1 when the condition
N & t- is true and 0 otherwise.
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Query Center

0-0.1 0.1-0.2 0.2-0.3 0.3-0.4 0.4-0.5 0.5-0.6 0.6-0.7 0.7-0.8 0.8-0.9 0.9-1

diff

Qwen2.5-VL.

R@0.3
R@0.5
R@0.7

0.417
0.250
0.208

0.368
0.158
0.158

0.615
0.462
0.308

0.222
0.185
0.074

0.250
0.062
0.000

0.158
0.158
0.053

0.278
0.111
0.055

0.235
0.011
0.000

0.133
0.066
0.000

0.154
0.000
0.000

78%
97%
100%

Keye-1.5-VL

R@0.3
R@0.5
R@0.7

0.615
0.538
0.462

0.652
0.521
0.260

0.666
0.400
0.266

0.444
0.379
0.259

0.375
0.186
0.125

0.353
0.294
0.176

0.556
0.444
0.222

0.600
0.466
0.333

0.235
0.176
0.117

0.461
0.307
0.231

64%
67.2%
74.6%

Unitime

R@0.3
R@0.5
R@0.7

0.669
0.592
0.476

0.465
0.335
0.335

0.633
0.633
0.367

0.364
0.221
0.186

0.371
0.294
0.176

0.216
0.216
0.163

0.550
0.500
0.500

0.567
0.566
0.455

0.371
0.311
0.194

0.567
0.433
0.433

67.7%
65.0%
67.4%

EviScan

R@0.3
R@0.5
R@0.7

0.393
0.393
0.357

0.417
0.417
0.375

0.606
0.606
0.533

0.464
0.357
0.286

0.421
0.368
0.263

0.470
0.353
0.294

0.555
0.505
0.400

0.667
0.556
0.500

0.470
0.412
0.353

0.467
0.400
0.267

35.1%
41.7%
50.6%

Hyperparameter Stage 1 Stage 2

64
le-5
Cosine decay
ZeRO-2-offload

64
le-5
Cosine decay

ZeRO-2-offload
Adam Adam
Warmup ratio 0.3 0.3
Epoch 1 1
Weight decay 0 0
bf16 bf16

Overall batch size
Learning rate

LR Scheduler
DeepSpeed ZeRO Stage
Optimizer

Precision

Table 1: Hyperparameters of EviScan for different train-
ing stages

IoU measures the overall alignment between
TPd and T, providing a balanced assessment of
both precision and recall by considering the overlap
relative to their union. The threshold-based met-
rics JoU@0.3, IoU@0.5, IoU @0.7) evaluate the
model’s ability to produce high-quality predictions
meeting different precision standards, while mIoU
provides an overall average performance measure
across all samples.

we adopt the “R1@m” evaluation protocol to
compare with state-of-the-art models, which com-
putes the percentage of samples where the top-1
predicted segment has an IoU greater than a thresh-
old m, with m € {0.3,0.5,0.7}. For brevity, we
also adopt mloU, which calculates the average IoU
on all testing data as an alternative metric.

D.2 Query Center Robustness

To measure the effectiveness of balanced query
centers in the ToMo-Bench, we evaluated the sen-
sitivity of state-of-the-art (SOTA) models to query

Dataset ‘ Context Length

Charades-STA
Activity-Net
Vid-Chapters
CG-Bench
MLVU
LongVideoBench
V-STaR

1fps

1fps
1fps(<800 frames)
1fps(<800 frames)
1fps(<800 frames)
1fps(<800 frames)
1fps(<2000 frames)

Table 2: Experimental settings of EviScan.

centers. As shown in the figure, experiments indi-
cate that most models perform better on test data
with query centers positioned earlier rather than
later or in the middle. We measured the difference
between the best and worst performance of various
models when the query center varies. The results
show that EviScan maintains its effectiveness re-
gardless of the position of the query center (for
instance, the gap is only 35% at iou@0.3, which
is significantly better than Qwen2.5-VL’s 78% and
23.8% higher than UniTime). This further proves
the effectiveness of EviScan’s training.

E Experimental Settings & Additional
Results

We elaborate on the training and inference details
of EviScan. The reported hyperparameters cover
Stage 1, and 2, as specified in Table 1. For the
inference details, we emphasize the particular con-
text length for different benchmarks, as shown in
Table 2.
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F VideoQA Task Details

F.1 VideoQA with Temporal Grounding

We use Qwen2.5-VL-7B as the VideoQA model for
answer generation. By default, it processes long
videos by uniformly sampling 32 frames. However,
this sampling strategy may lead to the omission of
critical information. To investigate whether tem-
poral grounding models can compensate for this
issue, we adopt the following procedure. First, we
use different video temporal grounding models to
localize the relevant segments for each question.
Then, we crop the localized video intervals and
input them into Qwen2.5-VL-7B. Specifically, for
cropped video segments shorter than 32 seconds,
we extend their duration from the center to 32 sec-
onds. Within each interval, we again uniformly
sample 32 frames for answer generation.

F.2 Prompt template for VideoQA

We use the same prompt template for all multiple-
choice VideoQA benchmarks:

System:

You are a helpful assistant.
User:

<video>

Question: <question>
Options:

(A) <Option_A>

(B) <Option_B>

(C) <Option_C>

(D) <Option_D>

Please only give the best option.
Best Option:
Assistant:

G Limitations & Future Work

Although EviScan demonstrates exceptional per-
formance on various video temporal grounding and
video QA benchmarks, it still has several limita-
tions that warrant further exploration: (i) EviS-
can is currently constrained to temporal ground-
ing tasks (including traditional temporal ground-
ing tasks and Task-Oriented Moment localization
tasks). To enable broader applications in MLLMs,
it requires more diverse training data with dense
temporal annotations. Incorporating such data into
the pretraining process of MLLMs could unlock
their potential for handling more temporally com-
plex tasks, such as dense video captioning. (ii) Al-
though EviScan enhances MLLMs with temporal

grounding capabilities, relying solely on temporal
grounding data limits their reasoning and question-
answering abilities. The ultimate objective is to
develop MLLMs that seamlessly integrate local-
ization, reasoning, and question-answering into a
unified framework.

H Broader Impacts Statement

We have developed the ToMo-Bench evaluation
suite, designed to assess Moment localization per-
formance across diverse real-world long video un-
derstanding scenarios, thereby fostering progress
in this emerging field. This initiative will enhance
the complexity of video temporal understanding
and accelerate the development of models that in-
tegrate reasoning capabilities with traditional tem-
poral grounding functions. Our ultimate goal is to
unify reasoning and temporal grounding within
a single framework. Concurrently, we have in-
troduced EviScan, a more accurate and efficient
Moment localization framework, to advance re-
search in long video temporal understanding. The
outcomes of this work are expected to benefit a
wide range of downstream applications, including
anomaly detection and security surveillance. We
firmly believe that ToMo-Bench and EviScan will
jointly propel the advancement of video temporal
understanding technologies.

I Qualitative Results

In Figure 5-9, we present the qualitative results
of EviScan on ToMo-Bench and V-STaR. EviScan
demonstrates accurate understanding of questions
and the ability to provide temporal grounding. In
V-STaR, we show the results when two-stage rea-
soning is applied, and it can be seen that EviS-
can exhibits robust performance with good coarse-
grained segment retrieval and fine-grained temporal
grounding capabilities.

J Prompt for ToMo-Pile Generation

In Figure 10-12, shows the prompts we used to
construct ToMo-Pile with all expert models. Fig-
ure 10 illustrates the prompt for filtering tasks using
Qwen. Figure 11 presents the prompts for ground-
ing using Keye-1.5VL and ARC-Hunyuan-Video.
Figure 12 displays the prompt for Qwen to summa-
rize and rewrite the chain of thought generated by
Keye-1.5VL.
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Timescope

ﬁi‘ - SRV ] b e T

Ground truth
3l1.0s 35.0s

“Based on the video, which day does the festival fall on the USer

1
Would you mind identifying the timestamp in the video where the question [ a
lunar calendar?”is answered? Please provide me with the timestamp.' ‘

N

<think>The video begins with a blue screen and a title card introducing the
Dragon Boat Festival, highlighting its history of over 2,00@ years. It then
transitions to an animated scene featuring a character in traditional attire,
followed by a crowd of people. The text mentions \'"the patriotic poet of the
State Period During the Warring States Period,\" likely referring to Qu Yuan.
The scene shifts to a sunset with mountains and water, where the text states,
\"On the fifth day of May according to the lunar calendar.\" This is the key
information confirming the festival's date. The text appears around 31-35
seconds into the video, clearly indicating the festival falls on the fifth
day of May in the lunar calendar. The time range for this critical
information is approximately 31 to 35 seconds. The video provides a clear
visual and textual confirmation of the festival's date, making it easy to
identify the correct answer.</think>

<answer>It happens at 31.@ to 35.0@ seconds.</answer>

Qg:?

Timescope

|Gr0und truth|
292.0s 298.0s

L
Would you mind identifying the timestamp in the video where the question [~ .
“Which of the five black-text lines penned by the man in blue is USer
replicated in red spray paint during the sorting and counting phase?”is
answered? Please provide me with the timestamp.

N\

<think>The text discusses identifying the black-text line from a man in blue
that is replicated in red spray paint during the sorting and counting phase.
The correct answer is \'"D21-1505.\" The video shows the sorting and counting
phase around 290-3@@ seconds, where the man in blue writes on a large white
block with a marker. This action occurs between 292-298 seconds. Later, at
387-313 seconds, the same block is loaded onto a truck, and the red spray
paint \"D21-1585\" appears on it. This confirms that the black-text line
written by the man in blue is replicated in red spray paint during this
phase. The time range for the sorting and counting phase is approximately
290-300 seconds, with the key moment of writing occurring between 292-298
seconds. The red spray paint appears at 387-313 seconds, aligning with the
sorting and counting phase. The process involves identifying the black-text
line and matching it to the red spray paint during the specified time
frame.</think=>

<answer>It happens at 292.0 to 298.@ seconds.</answer=

Figure 5: Qualitative Results of EviScan.
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Ground truth |
[ 10.0s 13.5s :

T
i Would you mind identifying the timestamp in the video where the question [ . |
“Where were the people in the video located while observing the total ‘ USer

i solar eclipse?” is answered? Please provide me with the timestamp.'

i qg;@ v:!<think>The video shows a total solar eclipse, with people observing it. The !
Timescope correct answer is that they were in a forested area. The relevant scene i
occurs between 1@ and 13 seconds, where the video displays a wide shot of a :
. forest at dusk, with people standing on a hilltop, some wearing hats and |
| holding cameras, clearly observing the eclipse. This time range confirms the :
location as a forested area. Earlier scenes include a view of Earth from |
space (@-2 seconds), a starry sky (3-4 seconds), and a close-up of the sun :
| (5-6 seconds). At 7-9 seconds, there is a crowd watching the eclipse, but !
: the specific forested area is shown later. The time interval for the
| forested area observation is 10 to 13 seconds.</think> :
<answer>It happens at 108.0 to 13.@ seconds.</answer> I

: Ground truth | :
! 202.0s 298.0s !

| Would you mind identifying the timestamp in the video where the question - I
: “In the video, which track's runners reached the finish line first in the| (g,
! second group of races?”is answered? Please provide me with the timestamp. |

! dg:@ <think>The video features a sequence of track races, with the second group !
i Timescope of races occurring between 170-219 seconds. During this time, runners are i
: seen competing on the track. The first race in this group is the \"MYFINAL\" :
| race, which begins around 170 seconds and concludes at approximately 185 |
: seconds. The runners finish the race, and the text \"MYFINAL\" appears on :
| screen. Following this, another race, likely \"FINAL,\" starts around 185 |
: seconds and ends at 219 seconds. In this second race, the runners cross the .
! finish line, and the text \"FINAL\" is displayed. The question asks which !
i track's runners reached the finish line first in the second group of races. i
: Based on the timeline, the \"MYFINAL\" race finishes first, followed by the :
I \"FINAL\" race. Therefore, the track associated with the first finish is I
: \"MYFINAL.\" The time ranges for these events are crucial: MYFINAL (170-185 :
| seconds) and FINAL (185-219 seconds).</think>

. <answer=It happens at 170.0@ to 210.@ seconds.</answer>

Figure 6: Qualitative Results of EviScan.
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Ground truth

139.0s 150.0s |
! Would you mind identifying the timestamp in the video where the |
I question “what event caused CCO‘s stock price to plummet? "is . :
: answered? Please provide me with the timestamp.' - |

.

<|clip_time_start|>[130.0, 144.@]<|clip_time_end|> :
Keye-1.5-VL !

@ The answer is discussed between 143.5 and 153.3 seconds in the video. |

i Ground truth .
273.0s 279.0s |

| Would you mind identifying the timestamp in the video where the question

. “What is the recommended brand of the shoe cleaner in this video 7 “is L] |
| answered? Please provide me with the timestamp.' &b
: USer |

<|clip_time_start|>[130.0, 144.0]<|clip_time_end|> |

D

Keye-1.5-VL I

. @ The answer is discussed between 273.0 and 276.8 seconds in |
| K/ the video.

! Ground truth | I

i 463.0s 472.0s

: Would you mind identifying the timestamp in the video where the question |
! “What does the brown horse do to the boy with blue costume? “is answered? & :
i Please provide me with the timestamp.' a8 |
: USer i
| r <|clip_time_start|>[403.0, 413.0]<|clip_time_end|> .
: — |
! Keye-1.5-VL |
| .' The answer is discussed between 467.0 and 472.5 seconds in :
: the video. l
! EviScan )

Figure 7: Qualitative Results of EviScan.
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Ground truth

i 402.0s 420.0s !
i Would you mind identifying the timestamp in the video where the question I
I “How to replicate the penalty kick of the person wearing a teddy bear ® i
i headgear in the video? “is answered? Please provide me with the timestamp. -
| USer I
: " The answer is discussed between 403.0 and 419.0 seconds in the video. I

|Ground true

32.0s 37.5s :
| |
i Would you mind identifying the timestamp in the video where the question I
; “What is the object illustrated in the second point in the video? [ ] .
! “is answered? Please provide me with the timestamp.' -

i @ The answer is discussed between 32.5 and 40.5 seconds in :
; the video. I

I 393.0s 399.0s I
i Would you mind identifying the timestamp in the video where the question H
: “What does the white parrot do in this video? “is answered? Please [ ] |
I provide me with the timestamp.' .
i USer
: / The answer is discussed between 392.0 and 398.5 seconds in |
| b the video. I
: EviScan :
‘ J

Figure 8: Qualitative Results of EviScan.
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! Ground truth

i 1999.0s 2008.08s |

: When is the moment 'A condor is runing on the grass'? Please answer the |

| exact time. o

i - |
USer

| @ It happens at 1998.0 to 2003.5 seconds. Stagel

|  EviScan

| Pad Pad

i 1990s 2010s |

! It happens at 2000.0 to 2008.0 seconds. Stagez

| Ground truth :
818.0s 827.0s |

i

: When is the moment 'A lizard walks on the ground' happening? Please answer |

| the exact time. ®

i - |
USer .

| @ It happens at 817.6 to 823.@ seconds. Stagel I

| EviScan

! Pad Pad

. X A N N R R RN R RN A NN BN RNIN NN N |
| = [ ; - s

i 1990s 2010s |

©

It happens at 817.0 to 826.0 seconds. Stagez .
H |
"' EviScan

Figure 9: Qualitative Results of EviScan.
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System Prompt for Task Filter

For a given video question, you need to determine whether it can be answered based solely on a
single segment of the video, rather than requiring global information from the entire video. Such
questions typically belong to detailed question-answering tasks, such as asking about an action at a
specific moment, the color of an object, or the content of a particular conversation. In contrast,
global summarization tasks require summarizing the video’s main idea or describing its overall
atmosphere.

If the judgment is "yes", please output "yes"; if the judgment is "no", please output "no." Ensure
that the output contains only "yes" or "no," without any additional explanations, punctuation, or
spaces.

Question:"question”
Answer: "answer”

Figure 10: System Prompt for Task Filter.

System Prompt for Grounding Expert

You need to complete a video temporal grounding task. I will provide you with content that
includes a question and the corresponding correct answer, formatted as "Question: Answer." Your
task is to analyze the video content, reconstruct the video timeline, and accurately mark the time
ranges (in seconds) for the events mentioned in the correct answer. You should carefully reason
through the answer within the identified time range to ensure that the temporal information is as
precise as possible. If you are uncertain about any part of the answer, please output "Uncertain."

Question: "question”
Answer: "answer”

Figure 11: System prompt template for Grounding Expert.

System Prompt for LLM Summary of Chain of Thought

Please provide a concise summary of the provided text and return only the summarized version.
Your summary must adhere to the following requirements: Focus on extracting and refining the
essential information from the text. A critical requirement is to emphasize and retain all time-related
details (for example, specific events that occur within a timeframe like "5-10 seconds"). These
temporal elements must not be omitted. However, if there is any redundant or repeated information,
you may consolidate it by keeping it only once. You are also permitted to appropriately trim or
omit any introductory phrases or filler words at the beginning of the text to enhance conciseness.
The final summarized paragraph should be strictly controlled to a maximum of 200 words. Please
return only the final summarized text without any additional comments or explanations.

Paragraphs: "paragraph”

Figure 12: System Prompt for LLM Summary of Chain-of-Thought.
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