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Abstract. Existing Multimodal Large Language Models (MLLMs) of-
ten suffer from hallucinations in long video understanding (LVU), pri-
marily due to the imbalance between textual and visual tokens. Ob-
serving that MLLMs handle shorter but more accurate visual inputs
well, recent LVU works alleviate hallucinations by automatically parsing
the vast visual data into manageable segments that can be effectively
processed by MLLMs. SFT-based tool-calling methods can serve this
purpose, but they typically require vast amounts of fine-grained, high-
quality data and suffer from constrained tool-calling trajectories. We
propose a novel VideoTIR that leverages Reinforcement Learning (RL)
to encourage proper usage of comprehensive multi-level toolkits for ef-
ficient long video understanding. VideoTIR explores both Zero-RL and
SFT cold-starting to enable MLLMs to retrieve and focus on meaning-
ful video segments/images/regions, enhancing long video understanding
both accurately and efficiently. To reduce redundant tool-calling in the
early RL-stage and accelerate convergence, we propose Toolkit Action
Grouped Policy Optimization (TAGPO), which enhances the efficiency
of the calling process through the finer stepwise reward assignment. Ad-
ditionally, we develop a sandbox-based trajectory synthesis framework
to generate high-quality trajectory data. Extensive experiments on three
long-video QA benchmarks demonstrate the effectiveness and efficiency
of our method.

Keywords: Long Video Understanding · Vision-Language Models · Agen-
tic RL · Tool-Integrated Reasoning

1 Introduction

Long video understanding (LVU) [27,33,34] aims to answer user questions based
on long videos, whose durations typically span several minutes to multiple hours.

*Equal contribution. ✉Corresponding author. †Project leader.
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Fig. 1: We propose VideoTIR , a tool-integrated reasoning framework that flexibly and
hierarchically retrieves relevant video segments through endogenous tool invocation to
support long-video understanding. Furthermore, to enable SFT cold start, we introduce
a sandbox-based trajectory synthesis framework. We also present TAGPO to address
the inefficiency in early-stage RL exploration caused by tool misuse and overuse.

To tackle this challenge, this field has increasingly turned to Multimodal Large
Language Models (MLLMs [1, 4, 9, 26, 31]), leveraging their powerful vision-
language reasoning capabilities to interpret complex, long-form video content.

Recently, long video understanding methods can be broadly categorized into
non-TIR frame selection strategies and tool-integrated reasoning (TIR) approaches.
Non-TIR methods, such as frame selection strategies [11], select relevant frames
before MLLM final reasoning. While effective in reducing redundant visual to-
kens, these approaches operate outside the reasoning loop and lack adaptive
refinement during inference. In contrast, TIR methods integrate retrieval tools
into the reasoning process, enabling iterative evidence acquisition. Existing TIR
designs generally fall into two categories. The first category relies on heavy exter-
nal retrieval toolkits [6,18,20,28], which often involve complex pipelines and fixed
action workflows. Such rule-based or externally dependent systems suffer from
limited generalization and high interaction overhead. The second category de-
signs lightweight internal retrieval mechanisms by prompting MLLMs to output
textual timestamps that guide segment extraction [37,41]. However, as illustrated
in [5], current MLLMs are not sufficiently pre-trained on video datasets with fine-
grained spatiotemporal annotations. Consequently, both zero-RL strategies [37]
and RL-after-SFT cold-start designs [41] struggle to substantially improve local-
ization precision due to the limited capabilities of the base model. As a result,
retrieval often becomes redundant or inefficient, with repeated tool invocation
over similar segments. Moreover, these methods rely on a single-tool toolkit,
which limits their ability to flexibly handle video question answering tasks.

Therefore, we aim to design a diverse and efficient internal toolkit that lever-
ages the MLLM’s own encoders. In addition, we propose an RL framework to
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effectively coordinate these tools, enabling flexible and question-aware tool in-
vocation. Detailedly, we propose VideoTIR , a novel approach for long video
understanding using Tool-Integrated Reinforcement Learning. VideoTIR com-
prises two key components: a comprehensive toolkit containing multiple special-
ized tools for diverse sub-tasks and a textual router that dynamically selects
a subset of candidate tools from the toolkit. The toolkit includes diverse spe-
cialized tools for both global and local video processing tasks. For global tasks,
we introduce a browsing tool that progressively increases video spatial resolu-
tion and sampling rate to acquire coarse-to-fine visual evidence accordingly. For
localized queries, we introduce a fine-grained retrieval tool chain comprising clip-
segment, frame-pick, and zoom-in tools, enabling multi-granularity and flexible
retrieval to support temporally and spatially specific tool-calling requirements.
This multi-level toolkit provides flexible support for adaptive decision-making
across heterogeneous questions in long videos. Leveraging the extensive toolkit,
the textual router utilizes the reasoning capabilities of MLLMs to understand
long videos by pre-scanning them, interpreting questions, and formulating sub-
sequent action.

However, we observe that single-tool Tool-Integrated RL methods [37,45,47],
which typically adopt GRPO as the policy update strategy and design rewards
primarily around final answer accuracy and tool invocation, often lead to both
misuse and overuse of tools within the multi-tool settings. Misuse refers to
invoking multiple tools while still producing incorrect answers. This behavior
reflects reward hacking and increases the trajectory exploration burden during
the early stages of RL training, resulting in excessive tool invocation. In con-
trast, overuse in our context refers to the tendency of MLLMs to retrieve the
finest-grained frames within the retrieval tool chain, even when coarser-grained
retrieval would be sufficient to answer the query. To address these issues, we
propose Toolkit Action Grouped Policy Optimization (TAGPO), a novel RL op-
timization algorithm that improves the efficiency of tool utilization through step-
wise reward assignment. Specifically, TAGPO groups invocations of the same re-
trieval sub-tool and designs an advantage estimation scheme that assigns higher
importance to sub-tool invocations closer to the final answer, thereby mitigating
tool overuse. Moreover, this advantage formulation assigns lower advantage to
trajectories that reuse prior experience—i.e., invocation chains that led to cor-
rect answers in other rollouts—but still produce incorrect outputs, compared to
trajectories that explore new tools, thereby reducing tool misuse.

Moreover, multi-tool invocation introduces new challenges for accurate in-
struction following in multi-tool agents. Multi-tool reasoning typically relies on
heterogeneous interactions across various tools, where tool prompts may be in-
voked far from the initial system prompt, increasing the risk of instruction drift or
forgetting. Although supervised fine-tuning (SFT) may alleviate this issue, it typ-
ically requires extensive high-quality multi-tool video datasets, which are often
difficult to obtain. To address this problem, we propose a data synthesis frame-
work to bootstrap multi-instruction-following capabilities for RL agents. We
leverage an external MLLM (e.g., GLM-4.5V [9]) to generate question–answer
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pairs and explore possible tool invocation orders based on a video–text ground-
ing dataset. We then construct a sandbox to enable MLLMs to generate addi-
tional synthetic training data, including intermediate prompts and synthesized
trajectories. The synthesized data can be used to pretrain instruction-following
capabilities and tool-use policies for agents.

Our main contributions are summarized as follows (Fig. 1):

– Multi-turn multi-internal-tool agent for LVU. We propose a multi-
turn, multi-tool agent framework to effectively and efficiently understand
long videos by leveraging internal tools.

– Invocation-aware reinforcement learning. We design a novel toolkit ac-
tion grouped policy optimization to explicitly encourage concise and effective
tool calls, balancing video exploration efficiency and reasoning accuracy.

– Multi-tool trajectory synthesis. We develop and open-source a sandbox-
based trajectory synthesis framework that equips LVU models with instruction-
following and tool-calling abilities before RL fine-tuning.

2 Related Works

Multimodal Models in Video Understanding. Video understanding en-
compasses tasks such as action recognition, temporal localization and retrieval,
captioning, and summarization. Early deep learning approaches typically tar-
geted single tasks, with architectures designed to model temporal dependencies
and extract spatiotemporal features [25, 34]. With the advent of MLLMs, the
field has shifted toward unified, task-agnostic frameworks. These systems com-
monly employ an LLM as the reasoning core while aligning video representa-
tions through a visual encoder and a multimodal connector [2]. Representative
examples include Video-LLaMA [44], which integrates image/video and audio
branches with an LLM; and Video-ChatGPT [21] and Video-LLaVA [16], which
build instruction-following conversational capabilities from curated video QA
and caption datasets. More recent unified models [26] process images and videos
using shared tokenization and temporal positional encodings, achieving compet-
itive zero- and few-shot performance across diverse benchmarks. Comprehensive
evaluations [8, 15] show that MLLMs perform strongly on short- to medium-
length clips for perception and reasoning but degrade as clip duration increases,
indicating a need for more robust temporal and multimodal integration.

Despite this progress, applying MLLMs directly to LVU exposes key limi-
tations. First, constrained context windows necessitate aggressive subsampling,
which obscures cross-scene dependencies and amplifies duration-induced errors
[22]. Second, temporal reasoning and precise localization are fragile in the ab-
sence of explicit, retrievable memory, leading to ordering and causal mistakes
[35]. Third, long-horizon datasets and annotations remain scarce and expensive,
biasing instruction corpora toward short clips [10].
Tool-Based Models in Video Understanding. Recent progress in long video
understanding can be organized along the spectrum from frame-selection strate-
gies to fully tool-integrated reasoning (TIR) agents. Frame-selection methods se-
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Fig. 2: Framework of our methods. VideoTIR adopts a multi-turn manner to deal with
the users’ input videos and questions. When the model fails to conclude an answer based
on current visual information, it calls tools to perceive the absent vision clues, which
is combined with the former context as the input for the next-turn reasoning.

lect relevant frames or segments prior to final reasoning, operating largely outside
the reasoning loop. Such approaches reduce redundant visual tokens and improve
efficiency, but lack iterative refinement and adaptive evidence acquisition. Tool-
integrated reasoning agents, inspired by ReAct-style paradigms [23, 42], instead
interleave planning, tool invocation, and reasoning. Within TIR approaches,
existing systems can be broadly categorized into external-tool pipelines and
lightweight internal retrieval designs. External-tool agents couple MLLMs with
structured retrieval modules such as ASR, OCR, segment localizers, or memory
systems [6, 12, 20]. These systems often rely on pre-defined workflows, multi-
agent coordination [3, 13], or structured memory decomposition [30, 38]. While
effective for task-specific benchmarks, their heavy external dependencies and
fixed tool repertoires may limit generalization across diverse long-video scenar-
ios. More recent works explore lightweight internal retrieval mechanisms, where
MLLMs output textual timestamps or structured queries to guide segment ex-
traction [37,40,41].

Although more tightly integrated, these methods depend heavily on the tem-
poral grounding capability of the underlying MLLMs. As illustrated in Fig. 3,
timestamp-based internal retrieval often entangles localization prediction with
reasoning, making performance sensitive to the intrinsic temporal limitations of
base models.

3 Methodology

In this section, we first present an overview of VideoTIR in Section 3.1. Then
we introduce the design of the multi-modal hierarchical toolkits in Section 3.2.
Section 3.3 focuses on the Zero-RL procedure with respect to the advantage esti-
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Fig. 3: Comparison of tool-integrated reasoning (TIR) designs for video understand-
ing. (a) Methods such as [37, 41] adopt a paradigm in which the VLM outputs times-
tamps in text form for subsequent video clipping. (b) Alternatively, some methods
rely on heavyweight external tools, incurring substantial interaction costs. In contrast,
VideoTIR leverages the intrinsic encoding structure of the VLM to design internal re-
trieval tools, selecting visual cues from the video based on feature similarity.

mator and rewards design. Section 3.4 present a general framework to synthesize
high-quality trajectories from normal video QA-data or even pure video data.

3.1 Overview

Different from MLLMs that process video-QA pairs within a single turn to pro-
vide the answer, human usually adapt a coarse-to-fine manner to divide the task
in several sequential steps and then conquer by hierarchically adding fine-grained
visual clues to decide whether or not to give the accurate answer. Therefore, as
illustrated in Fig. 2, VideoTIR adopts a multi-turn manner to deal with the
users’ input videos and question. In considering of efficiency, videos are parsed
with low resolution and fps initially and VideoTIR calls the textual router tool
to decide whether the current visual information is enough to conduct an answer,
or the router of using what tools to fetch the missing visual information corre-
sponding to the question. In the latter cases, the fine-grained visual information
generated by tools is combined with the former contexts and again parsed to the
textual router tool. Such loops stop if the model conducts an answer or reaches
the predefined number of max turns.

3.2 Multi-Modal Hierarchical Retrieval Toolkits

Textual Router. Our multi-modal hierarchical toolkit is designed to mimic
human efficient retrieval behaviors. Humans usually first read the question and
grasp the intent, and then roughly browse the videos with such intents. There-
fore, we design a textual router tool as illustrated in Fig. 4 to pay attention to
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Fig. 4: Hierarchical Visual Toolkits containing both Global and Local Tools. When
there’s a need for more information, the textual router calls global-level browsing tools
for the general questions and detail-level tools for the questions targeting at finer
perception of the videos.

the textual information and decide the potential corresponding objects or sce-
narios to answer the question. Combined with the current visual information,
the router takes different behavior in different situations:

– Provide answers when the corresponding visual information is enough.
– Otherwise, Call browsing tools when the questions’ intents are at a global

understanding of the videos and temporal-spatial grounding tools when
the intents target at specific visual clues.

Browsing Tool. When the question aims at an entire understanding (e.g.,
what is the whole video about?) and the current visual information is not able
to provide an answer, humans usually tend to gather more temporal and spatial
information simultaneously by slower browsing and more frame-level attention.
Therefore, our browsing tool simulates such a manner by enlarging both the
resolution and the fps rate compared with before.
Temporal-Spatial Grounding Tool. When the questions need fine-grained
visual clues (e.g., what happens between A and B?), humans usually need to
locate the related parts of the videos and tend to ignore the other parts. Specif-
ically, such locating behavior always performs a coarse-to-fine manner that first
roughly locates temporally and then dives into the potential video segments for
detailed spatial clues. Therefore, our temporal-spatial grounding tool is designed
as a flexible hierarchical chains of retrievers with early stops:

– Segment Retriever. Based on the text search results planned by the tex-
tual router tool, internal tools are called to locate relevant segments in the
original video by selecting the video tokens with cosine similarity comparing
to textual query tokens generated by MLLMs.

– Frame Retriever. Input a video segment, and this tool will retrieve the
keyframes in that segment that are most relevant to the question and the
retrieving sentence.

– Zoom-in Retriever. Input the image modality, and the tool will crop out
the most relevant area to answer.
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Fig. 6: Framework of Data Synthesis. For video-text grounding datasets, we first con-
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that answer directly with no tool calls. For hard questions that model answers wrong,
they are processed through a sandbox to generate tool calling trajectories. Finally, a
large LLM is used to judge the rationality of the trajectories and we only keep the
reasonable ones.

Details of the toolkit are in the Supplementary Materials.

3.3 RL Algorithm Design

We denote the model-generated sequence as τi, i ∈ {1, 2, ..., N}, N is the rollout
time. The episode-level (global) reward comprises three components: an accuracy
reward Racc(τi) = 1 if the final answer is correct; a format reward Rfmt(τi) = 1
if the tool-call string is parsable; and a tool-use bonus IRacc(τi)>0 · Rtool(τi) to
encourage appropriate tool invocation [47]. To be specific:

Ri := Racc(τi) +Rfmt(τi) + IRacc(τi)>0 Rtool(τi), AGRPO
i :=

Ri − µ(R)

σ(R)
. (1)
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where Ri denotes the episode reward of τi, AGRPO
i is the batch normalized

episode advantage, and µ(R(·)), σ(R(·)) are the mean and standard deviation of
rewards computed over the N rollouts.
Toolkit Action Grouped Policy Optimization. To assess the conciseness
and precision of tool use, we move beyond episode-level credit assignment and
evaluate each tool invocation. For every call, we define a local reward guided by
a simple principle: penalize redundancy in successful episodes while permitting
exploration in failed episodes. We then compute a per-call advantage, such that
redundant invocations receive negative advantage whereas exploratory calls in
failed rollouts receive null advantage. The trajectory level toolkit action advan-
tage is obtained by averaging these per-call advantages across all invocations in
the trajectory. The resulting advantage allocation is illustrated in Fig. 5.

Assume that τi = (t1i , t
2
i , ..., t

Li
i ), where tji ∈ {tool1, tool2, ...toolK} denotes

a tool invocation, K is the number of available tools, Li s the number of tool
calls in τi. We define the per-call reward for invoking toolk at the jth step in
trajectory τi as :

Rk
i,j := IRacc(τi)>0 · γLi−jRi (2)

where i,j can only take the indices at which toolk is called. γ ∈ (0, 1] is a prede-
fined decay coefficient. This yields intuitive behavior in comparative cases:

– If two successful trajectories (A, A, B) and (A, B) receive the same episode
reward, the second A in (A, A, B) obtains the same per-call reward as the
single A in (A, B); the earlier, redundant A in (A, A, B) receives a smaller
reward due to the additional decay, and therefore a negative advantage under
intra-tool normalization. This punishes the overuse.

– If (A, A, B) succeeds but (A, B) fails, all calls in (A, A, B) receive positive
credit while all calls in (A, B) receive zero, reinforcing the necessity of the
repeated A.

– If both (A, A, B) and (A, B) fail, no per-call credit is assigned, yielding
no relative advantage and thereby encouraging broader exploration of other
tool combinations. This punishes the misuse.

The overall toolkit action advantage of τi is calculated as follows:

Ak
i,j :=

Rk
i,j − µ(Rk

(·,·))

σ(Rk
(·,·))

ATAGPO
i := µ

(
A

(·)
i,(·)

)
(3)

where Ak
i,j denotes the advantage of the invocation of toolk at jth step in τi,

µ(Rk
(·,·)), σ(R

k
(·,·)) is the mean and standard deviation of all the rewards of calling

toolk, ATAGPO
i is the mean of the per-call advantages for the trajectory.

We update the policy using a composite advantage:

∇θL = −
∑
i

(AGRPO
i +ATAGPO

i )∇θ log πθ(ai|si) (4)

where ai denotes the action (output tokens) of the base model, si denotes the
environment state.
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3.4 Pre-Rollout and Trajectory Synthesis

Most video-QA datasets provide only question–answer pairs and ground-truth
responses, lacking fine-grained annotations about tool usage or intermediate rea-
soning. Consequently, during RL training the reward signal is largely restricted
to answer accuracy and call-string parseability, offering little supervision on the
appropriateness of tool usage. To address this issue, as illustrated in Fig. 6, we
introduce a multi-stage trajectory synthesis framework.

We leverage an external MLLM (e.g., GLM-4.5V) to synthesize both tool
invocation sequences and pseudo environment feedback:

1. Tool necessity filtering. Using available video–text grounding, we gener-
ate multiple QA instances and prompt the MLLM to answer directly. Items
solvable without tools are put aside.

2. Tool order prediction. For remaining items, we supply the VQA and the
initial system prompt with toolkit template, and ask the MLLM to predict
a plausible sequence of tool invocations.

3. System prompt rewriting. We rewrite the system prompt —especially
the toolkit template —to diversify calling syntax and reasoning behaviors.

4. Trajectory generation. Conditioned on the rewritten prompt and the pre-
dicted tool order, the MLLM produces stepwise reasoning traces, explicit in-
vocation commands, and expected environment feedback at each step within
a sandboxed simulator.

5. Trajectory adjudication. The MLLM then ranks candidate trajectories
by conciseness and precision, enabling selection of high-quality exemplars.

4 Experiments

4.1 Setups

Benchmarks. We evaluated our method on three video understanding bench-
marks, encompassing videos of varying lengths and capability systems.

– MVBench. This benchmark is built from 11 short or medium duration video
datasets containing STAR [32], PAXION [29], CLEVRER [43], and etc and
evaluate the spatial-temporal reasoning ability by 20 diverse designed tasks.
We adopt the full dataset of 4500 samples.

– Video-MME. Video-MME is a comprehensive benchmark for evaluating
multimodal large models for video understanding. It covers 6 major visual
domains and 30 subcategories, with video lengths ranging from 11 seconds
to 1 hour. In addition to frame information, it also includes subtitles and
audio to comprehensively examine the model’s cross-modal and long-term
temporal understanding capabilities. We adopt the whole 2700 samples for
evaluation.

– LongVideoBench. This benchmark focuses on evaluating models’ ability
of event perception and relation understanding on medium or long videos.
We adopt the validation set of this benchmark that contains 1377 samples.
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Fig. 7: Distribution and Task Range of Curated Datasets (VideoSIAM is not included
in). We selected 4 general tasks that potentially need tools for finer perception. We
also synthesize high-quality trajectories as the SFT dataset for 3B model cold starting.

Baseline Models. We adopt Qwen2.5-VL [1] as our base models for post-
training. Specifically, we conduct experiments on two model scales, Qwen2.5-
VL-3B and Qwen2.5-VL-7B, to evaluate the effectiveness and scalability of our
method across different parameter regimes. Qwen2.5-VL is a strong open-source
vision-language model that supports both image and video inputs and demon-
strates competitive performance on a wide range of multimodal understanding
benchmarks. Therefore, we focus on Qwen2.5-VL rather than earlier Qwen-VL-
2 or more recent Qwen-VL-3 variants to ensure architectural consistency and
controlled comparisons with other relative methods.
Details of Training and Inference. We use LLaMaFactory [46] as the training
framework to Normal-SFT our 3B model with 8 NVIDIA 4090s and Random-
Noising-SFT the 3B model with 2 AMD MI308Xs. In the agent-RL training
stage, we use 8 NVIDIA H20s and Volcano Engine Reinforcement Learning
(VeRL) as the training framework to train the 7B Zero-RL model and use 4
AMD MI308Xs to train the 3B Zero-RL and Cold-Started models.

We set the number of max turns as 4 and rollout per sample as 8. Also, we
following the default max frames as 32 per video and max pixels of the initial turn
per frame as 14∗14∗28∗28 (196 tokens), and total pixels as 10∗14∗14∗28∗28
(1960 tokens). We adopt different coefficient of the rewards between zero-RL
settings and SFT cold-start settings. This is motivated by observation that the
ability of following formality instruction after SFT is at a high initial range and
therefore the model should learn more from other rewards. We also adopt online
rollout filtering [39] to ensure training stability.

While evaluating, the frame resolution settings "Low" in Tab. 1 are the same
as training (1960 video tokens) and "high" refers to 1 fps sampling (at max 32
frames and 16384 video tokens). All the evaluations are 8 NVIDIA 4090s or 4
AMD MI308Xs.
RL Dataset Preparation and Curation. As shown in Fig. 7, we curated our
dataset from the LLaVa-Video-155k, CLEVRER, PerceptionTest, and VideoSIAM.
The first 3 datasets are curated by difficulty estimation and ground-truth verifi-
cation, that do 10 times of examination and select the medium difficulty samples
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Table 1: Main Results of the comparison and our method. Our method surpasses the
base Qwen2.5-VL-7B model and many comparison methods that require more frames
and higher resolution (Res.) as inputs.
† Following [48], we observe that enabling thinking mode in small MLLMs (<7B)
degrades LVU performance. For fairness, we also report thinking-mode results.
‡ These methods are SFTed on approximately 100k TIR and non-TIR trajectories.

Model Size Input Res. Thinking V-MMEw/o sub MVBench LVBval
Short Medium Long Mean

InternVL3 [4] 2B 16-frame High ×† 67.3 54.2 46.2 55.9 63.9 -
Qwen2-VL [26] 2B 16-frame High × 58.1 46.0 41.3 48.5 57.3 46.3
Qwen2.5-VL [1] 3B 16-frame High × 63.4 50.8 47.7 54.0 60.9 51.8

Video-LLaVa [44] 7B 8-frame High ✓† - - - 39.9 34.1 39.1
VideoChat2 [30] 7B 16-frame High ✓ - - - 39.2 51.1 39.3
Video-R1 [7] 7B 16-frame High ✓ - - - 57.4 62.7 -
Video-XL [24] 7B 128-frame High ✓ - - - 55.5 55.3 50.7
Video-MTR [37] 7B 32-frame High ✓ - - - 59.0 - -
LongVT-RL ‡ [41] 7B 64-frame High ✓ - - - 66.1 - -
Qwen2.5-VL 7B 16-frame High × 63.1 50.9 47.3 53.8 60.6 51.8
Qwen2.5-VL 7B 16-frame High ✓ 61.9 46.7 39.8 49.5 55.2 47.5
Qwen2.5-VL 7B 8-frame Low ✓ - - - 35.0 40.3 28.1
w/ Tool (Zero-Shot) 7B 8-frame Low ✓ 52.2 46.4 30.1 42.9 47.8 38.6
w/ Tool + GRPO 7B 8-frame Low ✓ 64.3 49.7 48.3 54.1 56.9 50.9
w/ Tool + TAGPO 7B 8-frame Low ✓ 65.1 50.4 47.1 54.2 56.0 51.3
w/ Tool + TAGPO 7B 16-frame High ✓ 67.2 55.8 50.7 57.9 64.3 53.1

that answer correctly in range (3,7). For 3B model, we select 4.5k RL training
samples and for 7B model 9k samples are selected.
SFT Trajectory Synthesis and Curation. We synthesize high-quality trajec-
tories from video-QA datasets NextQA [35] and NextGQA [36], Perceptiontest
and VTG datasets VideoXUM [17], QV-Highlights [14]. We adopt 4.5k of the
tool-invoking trajectories combine with 3 times more textual CoT data from
VideoR1 [7] as the cold start SFT dataset (17,384 in total). We do not apply
extra difficulty estimation since this procedure has already done in the synthetic
framework. The detailed ingredients are shown in Fig. 7 more details of the
synthetic framework are in the supplementary materials.

4.2 Main Results

Short- and Medium-form Video Understanding. On short or medium du-
ration videos, our methods surpass the base model Qwen2.5-VL-7B. Compared
with VideoMTR, the increasing performance on MVBench and LongVideoBench
illustrates that external efficient tools can achieve better visual information ac-
quisition.
Long-form Video Understanding. Surprisingly, our model shows more in-
crease on these long form videos. Also, the performance of VideoMTR is con-
strained since such constrained sampling rates lost too much temporal informa-
tion, leading to difficulties retrieving clues between the sparse sampling frames
by only MLLMs themselves. By contrast, our model uses efficient lightweight
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(a) Valid data ratio vs. response length. (b) TAGPO vs. episode-level GRPO.

Fig. 8: Training dynamics analysis. (a) At early stages, response length increases while
format quality drops, indicating the model prioritizes rational tool exploration. Once
response length stabilizes, format quality gradually improves, suggesting a balance
between rationality and formality. (b) TAGPO accelerates valid tool learning. The
valid tool reward rises significantly faster than episode-level GRPO, reducing the steps
required to exceed 0.45 by approximately 50%.

Table 2: Formatting qual-
ity under different prompts
and training strategies. The 3B
base model produces near-zero
valid formatting, while format-
oriented SFT restores compli-
ance and enables RL.

Model Sys. Pr. Fmt. Qual.

Qwen2.5-VL-7B Short ≤1.0
Qwen2.5-VL-7B Long 81.7
Qwen2.5-VL-3B Short ≤1.0
w/ SFT Short 91.7
Qwen2.5-VL-3B Long ≤1.0
w/ SFT Long 90.1

Table 3: Efficiency comparison of tool-integrated
reasoning designs. VideoTIR’s internal neural-
network toolkit avoids external API or specialist-
model calls, yielding the fewest average tool invoca-
tions (1.42) and the lowest latency (4.6s). Latency is
measured end-to-end excluding network overhead; †

values are manually set by the original papers.

Metrics VideoMA [13] COLT [19] VideoMTR [37] VideoTIR

Tools Type Ext. (API) Ext. (tools) Internal Internal
Avg. Tool Invocations 3† 3† 2† 1.42
Latency (↓) 27.4s 68.3s 5.9s 4.6s

VideoMA issues multiple GPT-4o/Gemini API calls
(API-bound); COLT uses 8 external specialist

models.

internal tools and is able to capture critical clues even under a sparse sampling
setting.

Cases Analysis. We show several whole trajectories τori, including both the
textual and visual modality from the evaluation benchmarks. We find that the
formality ability gained from the SFT stage is robust enough that even lower
format reward in the sequential RL stage can be kept (also see the format quality
in Fig. 8a). Moreover, as the training step increases, the tool calling is more
proper. For example, at the early stage, the model is likely to generate retrieving
sentences that are too short for the tools. After RL, the generated retrieving
sentences are shorter and proper for effectively calling the toolkit. The increasing
"valid tool call" curve (Fig. 5) and the curve of response length (Fig. 8a) of the
training stage also indicate this fact.
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Table 4: Normal-SFT (N.SFT) vs. Random-SFT (R.SFT) on the 3B model after
300 steps (batch size = 32). Both achieve near-perfect formatting, while Random-SFT
yields higher validation accuracy.

MvBench* VideoMME* LvBench* Format Quality

N.SFT 36.3 35.0 34.0 ∼ 100
R.SFT † 40.7 38.5 39.0 ∼ 100

∗ Randomly sampled 10%.

4.3 Efficiency Analysis

Beyond accuracy, toolkit design directly affects inference efficiency. Existing
methods depend on costly external APIs or specialist models [13, 19], and even
lightweight internal retrieval in VideoMTR [37] requires repeated calls. As shown
in Tab. 3, these methods need 2–3 invocations and 5.9–68.3s latency. VideoTIR
instead uses a lightweight internal toolkit built on the backbone encoders, avoid-
ing inter-process overhead and enabling GPU parallelization.

4.4 Ablation Studies

Synthetic Trajectories in SFT. Besides the quantitative results in Tab. 1
that indicates the performance gains after the SFT procedure, we do detailed
experiments as shown in Tab. 2.

We attempt to implement Zero-RL on 3B but fails because the complex
format instruction is not suitable for the 3B model, as the valid tool call strings
are extremely rare and thus the advantage estimator fails since the in-group std
of the advantages is near 0. Moreover, we analyze the failure string patterns of
the 3B model and design a series of corrective strategies to address common
erroneous JSON formats (see Supp.).

We further compare Normal SFT and Random Noised SFT on MVBench.
Surprisingly (Tab. 4), on our dataset of approximately 4.5k samples, Random-
Noised SFT, where the vision modality is replaced with placeholders and masked
at the attention level (see supplementary materials), outperforms Normal-SFT
while maintaining high Format Quality (Detailed discussions can be found in
the Supps.).
Property of Global Tool and Retrieval Tools. We select 2 specific tasks
"Information Synopsis" and "Percept & Recognize" in the VideoMME bench-
mark and analysis the tool callings on these samples. Information Synopsis needs
a global understanding of the video and is suitable for "Browsing Tool" while
the Percept & Recognize task needs to accurately recall the video segments and
is suitable for the temporal-spatial grounding tools. The results in Tab. 5 shows
that our textual router tool is able to make the proper decisions.
TAGPO. We evaluate the quality of tool calling from the perspectives of both
misuse and overuse. To measure misuse, we adopt the valid tool reward, defined
as the ratio of tool invocations that lead to correct answers. In addition, we
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Table 5: Reasonability analysis of the tex-
tual router on Video-MME. For Information
Synopsis (I.S.) tasks, which require global
video understanding, the router predomi-
nantly selects browsing-based tool chains. In
contrast, for Object Recognition (O.R.) tasks
that focus on specific local regions, the router
favors grounding-oriented tool chains.

Tool Chain Type I.S. O.R.

Browser 309 3
Retriever & followings 1 335
Direct Answer 13 16

Table 6: Ablation study of TAGPO
on the 7B model. Validation accuracy
is reported at 30 training steps with a
batch size of 32 for both GRPO and
TAGPO. TAGPO achieves consistently
higher performance, demonstrating im-
proved optimization efficiency in early-
stage training.

Model Val Acc.

7B w/ GRPO 21.1
7B w/ TAGPO 24.6

compute the average number of tool calls per trajectory at each training step.
As shown in Fig. 8b, TAGPO consistently surpasses the baseline GRPO in terms
of valid tool reward, while maintaining a comparable level of tool invocation (i.e.,
tool reward) during the early training stage. From the overall growth trend of the
final accuracy reward, TAGPO accelerates early policy optimization by reducing
unnecessary exploration time.

For the accuracy metric, as shown in Tab. 6 before, we also evaluate the
30-step accuracy of GRPO and TAGPO and find that the latter method reaches
a higher accuracy on validation settings.

5 Conclusion

We present VideoTIR, a multi-turn, multi-tool reasoning framework designed
to accurately and efficiently locate the information required to solve long video
understanding. For 7B models, we employ end-to-end RL to learn effective tool
usage strategies. We further propose a Tool Action Group Policy Optimization
(TAGPO) method, which computes advantages across tool calls within the same
category. This approach provides finer-grained rewards for rational tool usage.
To address this problem, we develop a sandbox-based trajectory synthesis frame-
work to construct high-quality datasets for both SFT and RL training.
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