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[Begin of Textual CoT] The video shows a sequence of
events where a French player executes a volley to
equalize the score. The question asks which foot was
used for this action.

seeif the

However, the provided frames do not show the specific
moment when the French player takes the shot. Instead,
they depict various scenes from a soccer match, including
a goal scored by Messi and celebrations that follow.

A

Without a clear depiction of the French player's volley, it
is impossible to determine which foot was used based on
the given information.[End of Textual CoT]

[Answer] Based on the provided frames, it is not
possible to determine which foot the French player used
to execute the volley, as the specific moment of the shot
is not shown. Therefore, no definitive answer can be
given.

[Begin of iMCoTT] The video is a comprehensive highlight reel of the ... It begins with pre-match scenes, showing players in

the tunnel and lining up... Then Argentina scores a second goal... The user is asking about the equalizing volley. Based on my

skim, this happens very quickly after... I will first investigate the segment just before the first penalty, around [08:00 - 08:30], to
d : “

The video segment from [480.000s - 510.000s] (08:00 - 08:30) shows various French attacking plays.
does not contain ... My initial localization was incorrect ... The equalizing goal... happened after France's first goal. Reviewing
my global skim, the volley appears to happen almost immediately after the restart following that penalty. | will now examine the
segment from ... to find the correct moment [Tool Calling] {“name”: “crop_video”, “start_time”:590.0, “end_time”:650.0}

The video segment from [590.000s - 650.0005s] (09:50 - 10:50) successfully captures the equalizing
approximately, the French player connects with the return pass in the air, striking a volley. Watching the action closely, he
plants his left foot and strikes the ball with his right foot to score the goal and equalize 2-2. [End of iMCoTT]

[Answer] The French player used his right foot to execute the volley that equalized the score at 2-2, as seen around the
j &0145 mark in the video.

l Thinking with iMCoTT (Ours)J

=2 A 4
However, this segment

goal. The play starts with... At

Figure 1. Interleaved Multimodal Chain-of-Tool-Thought (iMCoTT). Compared to prior text-based Chain-of-Thought (CoT) reasoning,
iMCoTT in our proposed LongVT can natively perform self-reflection via calling crop_-video (start_time, end-time) tool. It
proposes a time window after a global preview, proactively fetches the corresponding short clip, rethinks based on the new evidence, and
determines whether to refine or answer directly. Such tool-augmented reasoning behaviors ground each step in what is actually seen rather
than blindly rephrasing in text-only CoT, which mitigates hallucination and leads to enhanced temporal localization and answer correctness.

Abstract

Large multimodal models (LMMs) have shown great po-
tential for video reasoning with textual Chain-of-Thought.
However, they remain vulnerable to hallucinations, espe-
cially when processing long-form videos where evidence
is sparse and temporally dispersed. Inspired by how hu-
mans comprehend long videos—by first skimming globally
and then examining relevant clips for details—we introduce
LongVT, an end-to-end agentic framework that enables
“Thinking with Long Videos” via interleaved Multimodal
Chain-of-Tool-Thought. Specifically, we exploit LMMs’ in-
herent temporal grounding ability as a native video cropping

*Equal Contribution ®Corresponding Authors:
Shijian.Lu@ntu.edu.sg, xingxuan.li@miromind.ai

tool to zoom in on a specific video clip and resample finer-
grained video frames. This global-to-local reasoning loop
continues until answers are grounded in retrieved visual evi-
dence. Given the scarcity of fine-grained question-answering
(QA) data for the long video reasoning task, we curate and
release a data suite named VideoSIAH to facilitate both
training and evaluation. Specifically, our training dataset
consists of 247.9K samples for tool-integrated cold-start
supervised fine-tuning, 1.6K samples for agentic reinforce-
ment learning, and 15.4K samples for agentic reinforcement
fine-tuning. Our evaluation benchmark consists of 652 QA
pairs that are carefully curated through a semi-automatic
data pipeline with human-in-the-loop validation. With a
meticulously designed three-stage training strategy and ex-
tensive empirical validation, LongVT consistently outper-
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forms existing strong baselines across four challenging long-
video understanding and reasoning benchmarks. Our code,
data, and model weights are publicly available at ht tps :
//github.com/EvolvingLMMs—Lab/LongVT.

1. Introduction

Understanding long-form videos (>15 minutes) poses a
major challenge in multimodal intelligence [8, 12, 40, 43].
Compared with short clips, long videos contain complex
event structures and require sustained comprehension across
thousands of frames, supporting tasks such as video ques-
tion answering (QA) [2, 21, 24, 40, 43], temporal ground-
ing [9, 17, 28, 45, 48], and dense captioning [13, 17, 55].
These capabilities underpin applications such as soccer event
spotting [23] and film understanding [31]. Recent LMMs
[7, 22, 38, 41, 49] exhibit promising short video reasoning,
yet most rely on the R1-style paradigm [10]—supervised
fine-tuning (SFT) with textual Chain-of-Thought (CoT), fol-
lowed by Group Relative Policy Optimization (GRPO)-based
reinforcement learning (RL) [29]. Such pipelines remain
largely language-centric, limiting visual reasoning and in-
creasing hallucinations in long-video scenarios [50]. More-
over, their uniform sampling fails to adaptively capture key
visual evidence, often missing fine-grained or decisive mo-
ments critical for long-video reasoning. This motivates our
central question: Can LMMSs reliably reason over long videos
by performing human-like visual operations to guide their
reasoning?

Let us consider the following scenario: a testee is asked
to answer the question, “Which foot did the French player
use to execute the volley, equalizing the score?” using only
the silent video of a football match. Without audio, metadata,
or timeline markers, the testee must rely purely on visual in-
spection. Based on common viewing habits, a human would
typically jump through the video in coarse intervals, search-
ing for strong visual indicators of a goal—such as crowd
reactions, player celebrations, referee gestures, or scoreboard
updates. After locating a likely scoring segment, the testee
would rewind slightly and examine the surrounding frames
more carefully to pinpoint the exact equalizing moment, and
then verify the scoring foot using close-up shots. Notably,
when we prompt two state-of-the-art proprietary LMMs (i.e.,
GPT-5 [35] and Gemini 2.5 Pro [5]) with the same task, the
strategies they propose closely mirror this human-intuitive
procedure (see the Supplementary Material).

As illustrated in Figure 1, the testee, seeking to save time,
avoids scanning the entire video frame by frame. Instead,
they first perform a coarse global skim and then zoom in
on promising segments. When projected to the LMM set-
ting, this global-to-local reasoning strategy enables models
with limited context length to process extremely long videos
effectively. To implement such a strategy, we design inter-

leaved Multimodal Chain-of-Tool-Thought (iMCoTT) that
enables LMMs to naturally interleave reasoning with on-
demand temporal retrieval via dynamically selecting and
re-inspecting video segments of interest. Such LMM behav-
iors stem from latent temporal grounding capabilities that
are activated through tool-integrated fine-tuning, without an
auxiliary expert model or external retriever. Our designed
iMCoTT enables “looking again” by proposing a more ro-
bust time window, examining that snippet, and revising its
hypothesis when necessary. This helps reduce hallucinations
and reveals finer details, akin to human self-reflection upon
realizing an initially inspected segment was erroneous.

bl

This human-inspired “Thinking with Long Videos’
paradigm is naturally suitable for queries that either require
aggregating clues across multiple shots or hinge on a brief
and evidence-bearing segment within hours-long footage.
Yet, the open-source community lacks training and evalua-
tion data with such fine-grained queries: most public datasets
emphasize general and high-level questions but rarely train
and evaluate reasoning capability under a “Video Segment-
In-A-Haystack” setting. We address this grand challenge
by constructing VideoSIAH that comprises high-quality
QA pairs and tool-augmented reasoning traces. VideoSIAH
comprises 247.9K samples for SFT, 1.6K samples for agen-
tic RL, and 15.4K samples for reinforcement fine-tuning
(RFT). Besides, we curate a dedicated evaluation bench-
mark, VideoSIAH-Eval, comprising 652 QA pairs that have
undergone human-in-the-loop validation [3], where each
question’s supporting evidence lies within a narrow window
relative to the full video duration.

In this paper, we introduce LongVT, an end-to-end
agentic framework that elicits LMMs’ ability for “Think-
ing with Long Videos” via a three-stage training strategy
with large-scale and high-quality Tool-augmented data from
VideoSIAH. The first stage performs cold-start SFT that em-
powers the base LMM with three fundamental capabilities:
(1) proposing a precise window for relevant event(s), (2)
reasoning over densely resampled frames within the window,
and (3) self-correcting when the window is suboptimal. The
second stage adopts agentic RL for enhancing the model’s
generalization over open-ended QA tasks. Unlike existing
work that relies on answer-only rewards for video QA and
IoU rewards for temporal grounding [7, 41], we design a
joint answer-temporal grounding reward function that explic-
itly encourages exploratory rollouts with improved temporal
localization while preserving answer correctness. The third
stage leverages agentic RFT where the model is further opti-
mized by utilizing filtered rollout traces distilled from its own
RL-trained policy. This stage stabilizes agentic behaviors
learned during RL and consolidates fine-grained temporal
localization and multi-step reasoning.

The contributions of our work can be summarized in
three major aspects. First, we introduce an end-to-end
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agentic paradigm that natively interleaves multimodal tool-
augmented CoT with on-demand clip inspection over hours-
long videos, thereby enabling LMMs to perform more effec-
tive and reliable long-video reasoning. Second, to facilitate
training and evaluation of evidence-sparse long-video rea-
soning, we construct a scalable data pipeline that produces
diverse and high-quality QAs and tool-integrated reasoning
traces, and a dedicated benchmark under a video segment-
in-a-haystack setting. Third, we conduct comprehensive
ablations and are the first to systematically validate that
the joint answer-temporal grounding reward and RFT each
yield consistent gains over SFT and RL alone for long-video
reasoning, establishing a state-of-the-art baseline with in-
valuable insights.

2. Related Work

RL-Based Multimodal Reasoning. Inspired by large rea-
soning models such as OpenAl ol [16] and DeepSeek-R1
[10], recent studies extend GRPO-style RL from text-only
reasoning to multimodal domains. In vision, methods en-
hance reasoning for image QA [14, 18, 27, 52], ground-
ing [6, 26, 30], and segmentation [25]. Video-centric ap-
proaches further tackle temporal reasoning tasks such as
video QA [7, 38], temporal grounding [41], and spatio-
temporal grounding [22], including recent efforts to scale RL
to long videos [4, 37]. Audio-aware methods similarly apply
RL to audio QA [19, 42] and broader omnimodal reasoning
[54]. Collectively, these works demonstrate that RL-based
reasoning improves cross-modal understanding.

Tool-Augmented Agentic LMMs. Complementing RL-
based reasoning, another line of research incorporates tools
to incentivize LMMSs’ agentic capabilities. For images, re-
cent methods [32, 44, 47, 53] interleave pixel-level oper-
ations (e.g., zooming in, drawing auxiliary lines, genera-
tive imagery) to reason over finer details while reducing
hallucinations. For videos, VITAL [50] shows that tool-
augmented RL improves video QA and temporal grounding.
Our approach differs from VITAL in two key aspects. First,
LongVT targets video segment-in-a-haystack reasoning and
contributes a large-scale, high-quality dataset and bench-
mark. VideoSIAH not only triggers tool-integrated reasoning
but also reveals emergent human-like self-reflection in long-
form video understanding. Second, we propose a three-stage
closed-loop training paradigm combining SFT cold start, RL,
and a dedicated RFT stage leveraging high-quality rollout
traces for iterative self-refinement. Moreover, unlike prior
work relying on multi-task objectives [7, 22] or explicit tool
rewards [50, 53], LongVT shows that single-task RL with
a decoupled temporal-grounding reward can still achieve
state-of-the-art performance in long video reasoning.

3. VideoSIAH: A Fine-Grained Data Suite for
Evidence-Sparse Long-Video Reasoning

Long-video reasoning presents a fundamentally different
challenge from previous video QA settings: LMMs must
locate sparse, fine-grained, and causally decisive moments
embedded within hours-long content. However, existing tool-
augmented LMMs [32, 50] are mostly trained with coarse-
grained and clip-level data. This mismatch leaves modern
LMMs lacking the supervision needed to learn how temporal
hypotheses are formed, verified, or revised—a critical yet
underexplored capability for agentic long-video reasoning.
Moreover, most existing video understanding benchmarks
[8, 40, 43] only offer multiple-choice QAs, which can be
solved without genuine temporal grounding and are vulner-
able to dataset leakage or shortcut exploitation. Evidence
and discussion can be found in the Supplementary Mate-
rial. To fill this gap, we introduce VideoSIAH, a large-scale,
diverse, and high-quality data suite that serves collectively
as a training dataset capturing the reasoning dynamics re-
quired for segment-in-a-haystack question-answering, and a
fine-grained evaluation benchmark, VideoSIAH-Eval, with
human-in-the-loop validation for long-video open-ended
question-answering.

3.1. Data Pipeline

As illustrated in Figure 2, VideoSIAH is curated through a
semi-automatic, human-in-the-loop pipeline that constructs
temporally grounded reasoning traces aligned with human
cognitive processes during evidence-sparse long-video rea-
soning. We apply a deterministic, pixel-level scene detection
algorithm on long videos and merge consecutive segments
shorter than 10 seconds to obtain semantically stable units,
ensuring that tool usage is grounded in visually coherent tem-
poral intervals rather than random splits. For each segment,
Qwen2.5-VL-72B [1] generates detailed descriptions cap-
turing salient objects, spatial relations, and evolving events.
These captions serve as the semantic basis for generating
temporally grounded QA pairs. Initial QAs are created from
the captions, covering temporal events, spatial layouts, mo-
tion, object attributes, and scene transitions, ensuring broad
coverage at scale.

To ensure quality, we employ two filtering stages: (1)
text-based QA filtering, which removes low-quality or ill-
posed QAs (e.g., answer leakage) using linguistic heuris-
tics and model agreement; and (2) multimodal QA filtering,
where GLM-4.5V [11] verifies answer consistency against
the video segment, eliminating hallucinated and visually
unsupported claims. Annotator feedback further refines
prompting rules for QA generation, filtering, and iMCoTT
construction. This prompt-feedback refinement loop boosts
reliability without heavy manual annotation, yielding high-
fidelity, temporally grounded, and scalable data.
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Figure 2. Data Pipeline of VideoSIAH. We construct a semi-automatic data pipeline that integrates several state-of-the-art LMMs
[1,5, 11, 36] to sequentially perform long video segmentation, video clip captioning, segment-in-a-haystack QA generation, cross-modal
QA filtering, and iMCoTT generation. Icons with human silhouettes denote human-in-the-loop validation, where annotators inspect a small
set of representative failures to refine prompting rules for QA generation, QA filtering, and iMCoTT generation. Note that iMCoTT traces
are generated only for the cold-start SFT stage, whereas RL training operates solely on the filtered QA pairs.

3.2. Dataset Curation

SFT Data Curation. Our SFT data is constructed from
three major categories: (1) tool-augmented multi-round data,
(2) image reasoning data, and (3) video reasoning data, with
the goal of enhancing both tool-calling capability and gen-
eral reasoning performance. We curate tool-augmented QA
pairs following the pipeline illustrated in Figure 2. When
processing hours-long videos, we find that sparsely sam-
pled frames from a single round often fail to capture the
correct temporal segment, which makes multi-round tool-
calling necessary. To address this limitation, we generate
multi-round tool-calling traces in an adaptive manner based
on video length. Specifically, we define the probability of
selecting a sample for multi-round curation as

Lmax — Clip(Lvidem Lmin, Lmax)

Pmulli =1-
Lmax - Lmin

)

where P, denotes the probability of choosing a given
data sample for multi-round generation, Lyiqe, represents
the video length, and L,y and Ly, are the maximum and
minimum video length thresholds, respectively. The function
clip(z, a, b) restricts z to the range [a, b]. Videos selected
under this criterion undergo multi-round data generation to
ensure that longer videos receive proportionally more tool-
calling rounds, improving temporal coverage and reasoning
completeness. We further gather a mixture of diverse video
and image reasoning datasets.
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Split Source Purpose Samples  Total
LongVideo-Reason  Reasoning-augmented 5,238
CoT [4] Open-ended QA
SFT (w/o tool)  Video-R1 CoT [7] Reasoning-augmented Video 165,575 228,835
QA
Image-based CoT Reasoning-augmented Image 58,022
QA
Gemini-distilled Tool-augmented Open-ended 12,766
SFT (w/tool)  inregrT QA 19,161
Qwen-distilled Tool-augmented Temporal 6,395
iMCoTT Grounding
RL Gemini-distilled Open-ended QA over Long 1,667 17.020
QAs Videos ’
RFT Self-distilled Agentic Behaviors 15,353
iMCoTT

Table 1. Dataset Statistics of VideoSIAH. Our proposed dataset
contains non-tool SFT data, tool-augmented SFT data, RL QAs,
and self-distilled RFT traces.

RL Data Curation. For RL, the split is built from the
filtered segment-in-a-haystack QA pairs produced by our
data pipeline in Section 3.1. Each QA is associated with the
length of its source video, and we partition candidates into
several duration bands (short, medium, long). From these
bands, we sample a length-balanced subset, ensuring the RL
data is not dominated by very short clips and instead covers
a diverse range of video durations. On top of this length-
balanced pool, we apply a simple difficulty-aware filter based
on multi-turn tool runs. For each question, we draw K
rollouts of the current policy; if all K trajectories answer



correctly (too easy) or all K fail (too hard), we discard
the item and retain only questions with mixed outcomes.
This focuses RL on a middle band of difficulty and avoids
degenerate reward signals, yielding a more informative and
stable optimization process.

RFT Data Curation. To construct the RFT traces, we
filter trajectories from early RL runs and retain only high-
quality cases. Concretely, a trajectory is kept if the model
produces the correct final answer and its predicted temporal
span attains an Intersection over Union (IoU) of at least 0.3
with the annotated ground-truth window. This dual criterion
enforces both semantic correctness and sufficiently accurate
temporal grounding, ensuring the curated traces reflect gen-
uinely successful long-video reasoning rather than reward
hacking or lucky guesses. We then convert these filtered
trajectories into supervised training examples for post-RL
refinement. Training on this self-generated, well-grounded
subset provides high-precision in-distribution supervision,
stabilizes optimization, and further strengthens the model’s
grounding and tool-calling behavior beyond what SFT alone
can provide.

3.3. Dataset Statistics

As shown in Table 1, VideoSIAH comprises 228,835 SFT
samples with normal (non-tool) CoT annotation, 19,161 tool-
augmented SFT samples, and 17,020 instances used for RL
and RFT. In the SFT split, the non-tool portion is domi-
nated by long-video reasoning data [4], complemented by
Video-R1-CoT [7] and a smaller amount of hard image-
based CoT supervision. A detailed breakdown can be found
in the Supplementary Material. The tool-augmented subset
combines Gemini 2.5 Flash [5] distilled CoT traces (i.e., iM-
CoTT) for open-ended QA and Qwen2.5-VL-72B-Instruct
[1] distilled traces for temporal grounding, providing joint
supervision for tool usage and timestamp prediction. For the
RL split, we filtered a high-quality subset of QA instances
from Section 3.1. For RFT, we further select high-quality
RL rollout traces for post-RL refinement, providing dense
supervision that enables the policy to go well beyond the
SFT-only performance ceiling. Together, these components
yield a large-scale and diverse dataset spanning SFT, RL, and
RFT, covering high-level reasoning, temporal grounding, and
tool-integrated behaviors. For evaluation, we introduce the
VideoSIAH-Eval benchmark, which consists of 244 videos
and 652 carefully filtered QA pairs' via human-in-the-loop
validation. This benchmark is specifically designed for long-
form video reasoning with an average video duration of
approximately 1,688 seconds. The duration distribution is

I An earlier release contained 1,280 entries due to unintentional dupli-
cation during data export; the cleaned version with 652 unique QA pairs
is available on our project page. Since the duplication was approximately
uniform across entries, the impact on reported metrics is negligible.

concentrated in the 15-30 minute range (71.84%), with the
remaining 28.16% of videos being longer than 30 minutes.

4. Training Strategy

To make full use of the VideoSIAH and elicit robust “Think-
ing with Long Videos” behaviors, LongVT adopts a three-
stage training pipeline: (1) cold-start supervised fine-tuning,
which teaches the base model to propose temporal win-
dows, invoke video tools, and compose multimodal evidence;
(2) agentic reinforcement learning, which optimizes a joint
answer—temporal-grounding reward to refine tool-using roll-
outs; and (3) agentic reinforcement fine-tuning, which dis-
tills high-quality RL trajectories back into supervised data
to stabilize these behaviors and consolidate long-horizon
reasoning.

4.1. Cold-Start Supervised Fine-Tuning

As shown in Figure 3-(b), our preliminary RL experiments
using Qwen2.5-VL-7B [1] as the baseline model reveal that
the model fails to improve during RL and ultimately col-
lapses with continued training. This analysis of training
dynamics indicates two major deficiencies of the base LMM:
(1) the inability to correctly localize the relevant temporal
window within a long video, and (2) insufficient reasoning
capability when integrating tool outputs. We also present a
straightforward failure case in the Supplementary Material
that illustrates the necessity of a cold-start SFT stage. These
limitations highlight that the model’s native tool-calling abil-
ities are too weak for direct RL training. Therefore, a cold-
start stage is indispensable for establishing a reliable founda-
tion. After applying SFT cold start, the model’s tool-calling
activeness improves substantially and continues to increase
steadily during RL, supported by results in Table 3.

4.2. Agentic Reinforcement Learning

In this stage, we treat the model as a tool-using agent that
decides when to inspect the video, how long to crop, and
how to integrate the retrieved evidence into its reasoning.
We employ GRPO [29] to achieve this objective. In addition,
we introduce a three-part reward modeling that jointly op-
timizes answer accuracy, format compliance, and temporal
grounding precision of sampled trajectories, namely, joint
answer-temporal grounding reward. Prior work [7, 41] typ-
ically targets either answer correctness or time alignment
in isolation. We take a further step toward unifying these
signals within a single reward function for open-ended long-
video QA. This coupling ties answer selection to where the
evidence lies in time, improving final-answer correctness
and promoting more effective tool use at inference, with
more reliable and precise timestamp proposals.

Answer Accuracy. Let K be the number of sampled rollouts
in a group. For the k-th rollout (k € {1,..., K}), let a*) de-
note its generated answer and let a* denote the ground-truth
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Figure 3. Ablations on Reward Design. The left panel shows training dynamics under different accuracy and time rewards, and the right

panel shows the effect of tool-call reward on tool usage.

answer. Since open-ended QAs cannot be reliably evalu-
ated by rule-based matching, we employ LL.M-as-a-Judge
[46] with a strict judging protocol that avoids rewarding
ambiguous cases to obtain a categorical verdict

J*) — Judger 1 (d(k), a*) e {F,P,1},
where F = fully consistent (semantically equivalent to a*), P
= partially consistent (contains some correct information but

is incomplete or imprecise), and I = inconsistent (incorrect
or contradictory).

The accuracy reward is then defined as the normalized
score
1, ifJ® =F,
0.5, if J® =P,

0, ifJ® =1

Ry =

Format Compliance. Let y(*) denote the full textual output
of the k-th rollout. We set R = 1 if y*) matches the

format
required output schema S, and 0 otherwise.
Temporal Overlap. Following previous temporal grounding
work [7, 22], we use standard temporal IoU as the reward
function for temporal localization. For a prediction [ts, t]
and ground truth [t} t/],
|[ts, te] O [t5, te|

IoU = .
© |[ts, te] U [th, £2]]

We directly set Rt(ilfn)e = ToU™, which equals 1 only when
the predicted span matches the ground truth exactly and 0
when there is no overlap.

Overall Reward. The final reward combines all three com-
ponents: R® = RF) 4 R + R%

acc format time*
4.3. Agentic Reinforcement Fine-tuning

We further leverage RFT [33] to stabilize the model’s agentic
behaviors and consolidate multimodal reasoning. Specifi-
cally, we select high-quality cases from early RL rollouts that
exhibit both accurate temporal localization and coherent rea-
soning toward the final answer, and incorporate these trajec-

tories back into the supervised fine-tuning curriculum as priv-
ileged and self-distilled demonstrations. Empirically (see
Section 5.3), we find that learning from these in-distribution
high-quality trajectories helps the model internalize robust
grounding and tool-calling patterns complementary to large-
scale agentic RL, effectively guiding optimization toward
policies that better align answer accuracy, temporal ground-
ing, and tool usage.

Overall Framework. As illustrated in the Supplemen-
tary Material, LongVT operates in an iterative “hypothesis-
verification” cycle: SFT teaches the model to skim global
frames and invoke the crop_video tool to resample fine-
grained evidence, and RL consolidates this trajectory via the
Jjoint answer-temporal grounding reward, enabling learned
self-correction when initial retrieval proves insufficient.

5. Experiments

5.1. Experimental Setup

We utilize Qwen2.5-VL-7B [1] as the baseline model in all
experiments. We report the performance of three LongVT
variants based on their training stages against Qwen2.5-VL-
7B and other open-source video-centric LMMs including
Video-R1-7B [7], VideoRFT-7B [38], and Video-Thinker-
7B [39] plus proprietary LMMs such as GPT-40 [15] and
Gemini 1.5 Pro [34]. Note that we do not include direct
comparisons to the concurrent tool-augmented video-centric
LMM [50], since its model checkpoints are not publicly
available, which hinders fair and reproducible experiments.
We evaluate all models on four long-video understanding
and reasoning benchmarks, namely VideoMME [8&], VideoM-
MMU [12], LVBench [40], and our self-curated VideoSIAH-
Eval, leveraging a unified evaluation framework [51] for fair
comparison. Results are reported under two frame-sampling
regimes: Sparse Frame Sampling (64 uniformly sampled
video frames) and Dense Frame Sampling (512 or 768 uni-
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Model ‘ Reasoning Tool VideoMME (~1018 sec) [8] VideoMMMU (=506 sec) [12] LVBench [40] VideoSIAH-Eval Average
‘ Prompt Calling ‘ w/ subtitle adaptation comprehension perception (4101 sec) (~1688 sec) ‘ Score
Proprietary LMMs
GPT-4o [15] X x 772" 66.0" 62.0" 55.7" 30.8" 17.4 515
Gemini 1.5 Pro [34] X X 81.3' 59.0' 533" 49.3' 3.1 55.2
Open-Source LMMs with Sparse Frame Sampling
Qwen2.5-VL-7B [1] X X 62.6 37.3 28.0 36.7 30.7 28.1 37.2
Video-R1-7B [7] v X 61.0 36.3 40.7 52.3 37.2 27.9 42.6
VideoRFT-7B [38] v X 60.9 36.7 42.0 53.0 34.7 26.5 423
Video-Thinker-7B [39] v X 61.0 343 44.7 53.0 52.2 10.4 42.6
LongVT-7B-SFT (Ours) v 4 12.5 37.7 46.0 58.3 36.0 26.8 36.2
LongVT-7B-RL (Ours) v v 66.1 32.7 44.7 50.0 37.8 31.0 43.7
Open-Source LMMs with Dense Frame Sampling

Qwen2.5-VL-7B [1] X X 64.3 35.7 44.3 54.7 40.9 33.8 46.0
Video-R1-7B [7] v X 60.5 373 38.7 46.3 40.1 33.1 42.7
VideoRFT-7B [38] v X 49.2 37.7 40.7 48.7 18.7 26.9 37.0
Video-Thinker-7B [39] v X 60.8 37.7 42.7 55.3 54.3 6.6 429
LongVT-7B-SFT (Ours) v 4 64.9 323 42.0 49.7 41.1 34.8 44.1
LongVT-7B-RL (Ours) v v 66.1 37.7 423 56.3 414 359 46.6
LongVT-7B-RFT (Ours) v v 67.0 35.7 43.7 56.7 41.3 42.0 47.7

Table 2. Performance Comparison with Existing Video-Centric LMMs across Various Long Video Understanding and Reasoning
Benchmarks. The best and second-best result among open-source models in each column is marked in bold and underlined, respectively.
The numbers with “~” denote the average video duration of each benchmark. 1 indicates results sourced from official reports [8, 12, 40].

formly sampled frames; the better result of the two is re-
ported). Reasoning Prompt indicates whether a standard
reasoning-style prompt (v') or a direct question-answering
prompt (X) is applied; Tool Calling denotes whether native
tool calling is enabled (v) or disabled (X) in the prompt.
More implementation details can be found in the Supplemen-
tary Material.

5.2. Main Results

As shown in Table 2, our approach achieves a new state-of-
the-art among open-source video-centric LMMs under both
sparse and dense frame sampling settings. When evaluating
at 64 frames, LongVT-7B-RL slightly surpasses the best
existing open-source baseline. Under dense frame sampling,
both LongVT-7B-RL and LongVT-7B-RFT yield more dom-
inant performance, outperforming existing methods by a
large margin. On the challenging VideoSIAH-Eval, which
involves open-ended QAs that require the retrieval of fine-
grained evidence from hours-long videos, LongVT-7B-RFT
reaches 42.0, outperforming the second-best model by 6
points. This confirms that LongVT achieves stronger long-
video reasoning and exhibits an emergent ability to invoke
native tools for temporal localization. Notably, the gap be-
tween open-source and proprietary LMMs has narrowed sub-
stantially: LongVT’s best-performing checkpoint lies within
roughly four points of GPT-40 on average, marking a signifi-
cant step forward in long-video reasoning capability among
open-source LMMs. Despite incorporating multi-turn tool
interactions, LongVT incurs no additional inference latency
and can even be faster than single-turn baselines by avoid-
ing hallucination-driven verbose generation; we provide a
detailed efficiency analysis in the Supplementary Material.

5.3. Ablation Studies

Fine-grained reasoning data matters. As shown in Table 3,
our self-curated training data plays a crucial role in shaping
the model’s reasoning behavior when dealing with long-
form videos. In the SFT stage, removing the self-curated
iMCoTTs (SFT w/o self-curated iMCoTT) leads to a con-
sistent performance drop in long-form video understanding.
In addition, when self-curated QAs are removed during RL
(RL w/o self-curated QAs), the model’s performance drops
quickly on VideoSIAH-Eval, with lower answer accuracy,
weaker temporal localization, and less systematic tool use,
which can also be observed in Figure 3-(b).

Recall encourages coverage; IoU demands precision. As
shown in Figure 3-(a), using Recall as the reward function
during RL presents a drawback: the policy can enlarge the
predicted span to envelop the ground-truth interval, which
monotonically raises the Recall-based score while ignoring
boundary quality. This plateau in the curve of Recall Accu-
racy Score further validates our hypothesized reward hacking.
Quantitatively, in the reward-choice rows of Table 3, IoU-
rewarded training outperforms Recall-rewarded training on
the temporal grounding benchmark [9], while Recall is only
marginally above the RL w/o Decoupled Reward variant,
pointing to IoU’s tighter handling of boundary agreement.
Optimizing with IoU provides smooth shaping over overlap
and implicitly penalizes span inflation via the union term,
yielding better-aligned boundaries and more disciplined tool
use.

Is tool reward really necessary? As shown in Figure 3-
(b), the Qwen2.5-VL-7B baseline collapses to near-zero tool
calls after training in both configurations (w/ and w/o tool
reward), indicating that the model does not internalize the
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Setting ‘ VideoMME (8] VideoMMMU [12] LVBench [40] VideoSIAH-Eval Average
‘ w/ subtitle adaptation comprehension  perception test test ‘ Score
Data Recipe
SFT w/o self-curated iMCoTT 8.4 33.6 41.6 46.0 15.1 4.1 24.8
SFT w/ self-curated iMCoTT (LongVT-7B-SFT) 64.9 323 42.0 49.7 41.1 34.8 44.1
RL w/o self-curated QAs 55.1 30.6 42.0 45.6 38.4 30.8 40.4
RL w/ self-curated QAs (LongVT-7B-RL) 66.1 37.7 42.3 56.3 414 359 46.6
Training Stage
SFT only (LongVT-7B-SFT) 64.9 323 42.0 49.7 41.1 34.8 44.1
RL only 52.7 353 43.0 55.1 37.1 28.2 41.9
SFT+RL (LongVT-7B-RL) 66.1 37.7 423 56.3 414 359 46.6
SFT+RL+RFT (LongVT-7B-RFT) 67.0 35.7 43.7 56.7 413 42.0 47.7
Decoupled Temporal Grounding Reward
\ Charades-STA [9] \ Average
‘ IoU@0.3 IoU@0.5 IoU@0.7 mloU ‘ Score
RL w/o Decoupled Reward 315 19.9 9.1 21.2 20.4
RL w/ Recall Reward 32.0 20.4 9.6 21.6 20.9
RL w/ IoU Reward 41.0 25.8 11.7 27.2 264

Table 3. Ablation Studies. The best result among each comparison group is in bold. We examine Data Recipe where we remove self-curated
iMCoTTs during SFT or self-curated QAs during RL to test the dependence on fine-grained supervision; Training Stage where SFT, RL,
and RFT are ablated individually and in combination to test their complementary effect; Decoupled Temporal Grounding Reward where
Recall-based and IoU-based reward functions are compared, together with a variant without decoupled temporal grounding reward.

tool’s function. After performing cold-start SFT to obtain
LongVT-7B-SFT, tool-call frequency rises during training
under both configurations and accuracy improves in tandem.
Hence, the tool reward is not required for basic competence:
once SFT grounds the tool’s semantics, the model learns
when to invoke the tool and when to abstain. Moreover,
introducing the tool reward brings little benefit. In the later
training stage, the configuration without the tool reward even
exhibits slightly higher tool-use frequency, indicating that
the binary bonus does not encourage usage and may suppress
exploration, while accuracy remains essentially unchanged.
Given these observations, we discard the tool reward in our
final recipe and rely on the standard accuracy, format, and
decoupled IoU reward modeling.

SFT builds competence; RL optimizes decisions; RFT
stabilizes behaviors. We ablate each training stage individ-
ually and in combination, finding that strong performance
emerges only with the full three-stage pipeline. As shown
in Figure 3-(b), removing SFT leaves the model with poor
tool-use ability: it cannot reliably invoke the crop_video
tool or integrate cropped evidence into its reasoning. Consis-
tently, the RL-only variant achieves the lowest scores on all
four benchmarks (Table 3) and exhibits behavioral inconsis-
tencies during training—often following surface instructions
and becoming confused by the returned crop rather than
using it as supporting evidence.

SFT teaches the intended tool-use paradigm—selecting
temporal windows, inspecting their content, and incorpo-
rating the resulting evidence into the final answer. How-
ever, SFT remains imitation-driven [20]: it fits demonstrated
formats, suffers from exposure bias, and fails to general-

ize under distribution shift. On long-video QA, SFT alone
yields only modest gains. We therefore introduce RL with
a temporal-grounding reward, optimized via GRPO. RL
enables the policy to learn when to inspect, how long to
crop, and how to integrate retrieved evidence. This stage
pushes performance beyond the supervised ceiling on held-
out videos and unseen question templates (Table 3), aligning
with prior findings that GRPO improves reasoning and gen-
eralization [10].

Finally, RFT distills high-reward trajectories back into
the supervised corpus, providing additional performance
gains. On VideoSIAH-Eval, it surpasses the RL-only plateau
by a substantial margin and yields our best-performing
model, while still delivering consistent improvements on
other benchmarks. This demonstrates that consolidating suc-
cessful rollouts is essential for fully realizing the benefits of
temporal-grounding feedback.

6. Conclusion

In this work, we present LongVT, an end-to-end agentic
framework that enables LMMs to reliably reason over long
videos. By interleaving multimodal tool-augmented CoT
with on-demand temporal inspection, LongVT transforms
long-video understanding from passive frame consumption
into active, evidence-seeking reasoning. Supported by self-
curated VideoSIAH, a large-scale, fine-grained data suite
built specifically for evidence-sparse long-video reasoning
tasks, our proposed three-stage training pipeline yields sub-
stantial and consistent improvements compared to existing
strong baselines.
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