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Abstract

While Video Large Language Models (Video-LLMs) have
shown significant potential in multimodal understanding and
reasoning tasks, how to efficiently select the most informative
frames from videos remains a critical challenge. Existing
methods attempt to optimize frame sampling by reducing
inter-frame redundancy or employing unsupervised event
localization. However, these approaches often fall short in
handling complex instruction-following tasks and scenarios
that demand precise temporal modeling, resulting in lim-
ited performance in both semantic alignment and temporal
reasoning. To address the above challenges, we introduce
Instructed Temporal Grounding for Videos (VideoITG), a
framework aiming to adaptively customize frame sampling
strategies based on user instructions. Specifically, we de-
sign the VidThinker pipeline, which automates annotation
by generating instruction-conditioned captions, retrieving
relevant video segments, and selecting key frames to en-
able efficient supervision. Using VidThinker, we build the
VideoITG-40K dataset with 40K videos and 500K tempo-
ral grounding annotations. Our plug-and-play VideoITG
model leverages Video-LLMs’ visual-language alignment
and reasoning for discriminative frame selection. VideoITG
consistently boosts the performance on multiple multimodal
video understanding benchmarks, demonstrating its effec-
tiveness and potential.

1. Introduction

The rapid progress of Video Large Language Models (Video-
LLMs) has opened new frontiers in video understanding, en-
abling complex tasks such as captioning [4, 8, 10, 21, 52, 73],
visual question answering [2, 5, 15, 27, 38, 42, 56, 72], and
even embodied-agent interaction [3, 7, 9, 16, 23, 31]. How-
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2.3% Better

16 frames with VideoITG =	64 frames
with Uniform Sampling!	

Figure 1. Comparison of different frame selection methods on
VideoMME with LLaVA-Video-7B. VideoITG consistently en-
hances baseline methods and achieves state-of-the-art performance.

ever, these models still struggle with long videos, where high
memory cost and computation overhead limit their ability to
process extended temporal contexts. A common workaround
is uniform frame sampling—simple yet suboptimal—often
missing key frames critical for semantic and temporal rea-
soning, thereby constraining overall performance.

To alleviate this challenge, prior studies have explored
multiple directions. One class of approaches focuses on
reducing spatiotemporal redundancy through pooling [45,
57], similarity pruning [66], or clustering-based compres-
sion [25, 68], retaining only essential frames. Another line
extends model sequence length to capture long-term depen-
dencies [49, 53], yet such strategies incur high computation
and risk information dilution. Other methods incorporate
question-centric cues for frame selection [28, 61], demon-
strating superiority over uniform sampling (1). For example,
SeViLA [61] applies BLIP-2 [26] to process each frame in-
dependently before selecting keyframes, which are then fed
into video reasoning pipelines. Nevertheless, the absence of
temporal modeling across frames hinders effective reasoning
over multi-event or time-sensitive queries.

Despite progress in compressing or extending temporal
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Figure 2. Overview of the VidThinker annotation pipeline for VideoITG. It consists of three human-inspired stages: (1) clip-level
captioning under instructions; (2) instruction-guided relevant clip retrieval; and (3) fine-grained frame-level localization.

contexts, a substantial performance gap remains between
short and long videos—primarily due to the lack of large-
scale, instruction-guided temporal grounding data. When
humans analyze long videos, they rarely process all frames at
once; instead, they skim for global context, identify question-
relevant cues, and zoom in on discriminative moments. In-
spired by this human strategy, we propose Instructed Tem-
poral Grounding for Videos (VideoITG), which integrates
user instructions directly into the frame selection process.
While traditional temporal grounding [24, 43, 50] focuses on
localizing events using single descriptive queries, VideoITG
introduces instruction-driven temporal reasoning, adaptively
customizing the sampling strategy for each task. Unlike
prior frame selection frameworks [18, 39, 51, 61, 63], our
method handles multi-temporal and multi-cue scenarios by
(i) localizing temporal cues across clips for relational rea-
soning, (ii) employing hybrid sampling for dynamic event
variations, and (iii) maintaining holistic coverage for content
verification and captioning.

To support VideoITG, we construct a large-scale dataset
via an automated annotation pipeline named VidThinker.
As shown in Fig. 2, VidThinker automates data generation
through instruction-conditioned clip captioning, instruction-
guided retrieval, and fine-grained frame localization. Driven
by GPT-4o [41] reasoning, VidThinker emulates a ”Needle-
in-a-Haystack” process to retrieve relevant moments and
provides balanced supervision across four instruction types:
(1) semantic-only, focusing on appearance; (2) motion-
only, emphasizing dynamic cues; (3) semantic & motion,
for joint reasoning; and (4) non-clues, open-ended video-

level prompts that require maximizing visual diversity across
the entire video.

The resulting VideoITG-40K dataset contains 40K
videos (30s–3min) and 500K instruction-grounded anno-
tations—surpassing existing temporal grounding datasets by
more than 4× in both scale and instruction quality. Build-
ing on this foundation, we design a family of VideoITG
models—featuring text generation, anchor-based causal at-
tention, and full-attention pooling—to effectively align tem-
poral cues with user instructions.

In summary, our key contributions are as follows:
• VideoITG-40K dataset. Built via the automated Vid-

Thinker pipeline, we curate VideoITG-40K, it contains
40K videos and 500K fine-grained, instruction-aligned
annotations, substantially expanding the scale and diver-
sity of existing temporal grounding resources.

• VideoITG models. We propose three complementary
model variants that explore distinct attention and de-
coding mechanisms, offering a unified, plug-and-play
framework adaptable to diverse Video-LLMs.

• Consistent improvement. Across benchmarks and
models, VideoITG boosts accuracy with fewer frames:
on VideoMME (Fig. 1), 16 frames with VideoITG
match 64-frame uniform sampling and are comparable
to SOTA methods using 32 frames.

2. Related work

Video large language models. Recent advances in Video-
LLMs address the temporal and spatial complexity of
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Figure 3. Illustration of four instruction types and their corresponding frame selection strategies in VidThinker. For semantic-focused
instructions, the system selects diverse frames capturing key visual clues. For motion-focused instructions, frames are uniformly sampled to
capture dynamic changes. When both semantic and motion cues are required, a hybrid sampling strategy is applied. For vague or open-ended
instructions, the system samples a minimal yet diverse set of frames across the video for holistic coverage.

long videos through several strategies. Visual feature
compression [33, 35, 54, 60, 74] is achieved by modules
like Q-Former [47] and Perceiver Resampler [74], which
merge frame features into fixed queries. Spatial pool-
ing [37, 57, 58] helps preserve long-range temporal infor-
mation efficiently. Some models extend sequence length for
longer inputs [6, 49, 53, 69], but this often increases com-
putational cost [46, 55]. To reduce redundancy, similarity-
based frame filtering is used [22, 45], though fixed thresholds
may miss real-world diversity.
Keyframe selection for Video-LLMs. The goal of
keyframe selection is to choose a compact subset of frames
that preserves task-critical semantics and temporal evidence
while maintaining sufficient video-level coverage for long-
form understanding. Recent methods increasingly incorpo-
rate user instructions to rank or retrieve frames most rele-
vant to the query and then feed only these keyframes to the
downstream Video-LLM [32, 36, 48, 62, 70]. AKS [48] per-
forms adaptive sampling guided by temporal characteristics
to reduce redundancy without sacrificing content coverage.
Q-Frame [70] introduces a query-adaptive importance es-
timator with multi-resolution selection, allocating higher
resolution to query-critical segments. A subset of methods
selects frames via text–video and video-context similarity,
scoring alignment under budget constraints [59, 62].
Video temporal grounding. Video Temporal Ground-
ing [14, 43, 44, 50] is a common task in video understand-
ing that associates specific video moments with their corre-
sponding timestamps, while Temporal Localization focuses
on accurately identifying these moments within untrimmed
videos [1, 29, 34]. Current Video-LLMs [19, 45, 50] have

begun to leverage temporal grounding for frame selection by
linking video with temporal cues; however, existing meth-
ods [20, 61, 63] mostly focus on single-time retrieval, which
take descriptive annotations as input, limiting their generality
and robustness in handling diverse real-world scenarios.

In this paper, our VideoITG leverages instructed tempo-
ral grounding, automated annotation, and a plug-and-play
design to align sampling with user instructions, achieving
superior performance and scalability on multimodal video
understanding benchmarks.

3. VideoITG-40K: dataset construction

3.1. VidThinker: automated annotation pipeline
When humans search for information in long videos, they
typically proceed in three steps: (i) extracting key cues from
the instruction, (ii) retrieving a coarse temporal window, and
(iii) fine-grained localization of the target event. We there-
fore propose VidThinker, a fully automated and interpretable
pipeline that mimics this three-step reasoning for instruction-
guided temporal localization. It comprises three interde-
pendent stages—Instructed Clip Captioning, Instructed Clip
Retrieval, and Instructed Frame Localization—that progres-
sively narrow the search space while strengthening alignment
with the instruction.
i) Instructed Clip Captioning: The video v is uniformly
divided into short clips (5 seconds each), denoted as {vi}ni=0.
For each segment, we employ LLM to extract salient phrases
that capture the core information needed to fulfill the in-
struction. For example, given the question (q =“What does
the man playing the drums do with his feet as he plays the
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drum?”) and the answer (a =“moves his feet”), the system
distills the essential action phrase: k =“The man playing the
drums moves his feet and hits the drums with his hands.” We
then input the extracted phrases alongside raw video clips
into the VLM to generate clip-level descriptions {ci}ni=0 in
a recurrent manner. The extracted phrases serve as reference
cues to guide the model’s attention towards salient elements
within each clip. However, the VLM strictly adheres to
visual evidence and it only incorporates information from
the extracted phrases when it is explicitly observable in the
current clip. This ensures that the system will not halluci-
nate or infer content solely based on the extracted phrases,
maintaining descriptions grounded in visual content. The
process can be formulated as follows:

k = LLM(q, a), ci = VLM(k, vi). (1)

Conditioning on these instruction- and answer-derived cues,
we ensure each segment’s annotation is relevant and infor-
mative, facilitating precise instructed temporal grounding.
ii) Instructed Clip Retrieval: The generated clip descrip-
tions {ci}ni=0 are organized sequentially and evaluated by an
LLM for the relevance to the QA pairs. Instead of simply
assigning binary relevance scores, the LLM is instructed to
perform chain-of-thought reasoning, explicitly considering
both keyword matches and temporal relationships to directly
output the indexes of relevant clips:

Irel−clip = LLM({ci}ni=0, q, a). (2)

The chain-of-thought prompting requires the model to justify
its selections based on both semantic and temporal cues,
rather than relying solely on trivial keyword matching. This
automation significantly improves the efficiency and the
interpretability of relevant segment selection.
iii) Instructed Frame Localization: After coarse localiza-
tion of video segment, VidThinker further refines the annota-
tion by selecting key frames according to the instruction type.
For each frame within the candidate segment, we prompt
a LLM to perform a binary classification task: given the
QA pair and a single frame, the LLM determines whether
the frame is relevant (yes) or not (no) to the instruction.
Formally, for each frame fi in the candidate segment, the
LLM is prompted as follows:

yi = LLM(fi, q, a), where yi ∈ {yes,no}, (3)

where yi indicates whether frame fi is relevant to the QA.
Only frames with positive responses (yi = yes) are retained
as the final temporal grounding results. This instruction-
guided filtering allows VidThinker to achieve high precision
in identifying the most informative frames for instructions.

3.2. Fine-grained grounding instruction
We adopt fine-grained frame selection strategies tailored
to each instruction type, ensuring that the visual evidence

matches the reasoning needs of each QA task. Since different
instructions demand varying visual understanding, we cate-
gorize instructions by whether they require static semantics,
dynamic motion, both, or no explicit cues at all (video-level).
For each type, we adopt a matching frame selection strategy
to align visual evidence with QA reasoning needs.

• Semantic only: Instructions query static appearance
cues (e.g., people, objects, scenes). For example: ”What
did the man do before getting into the car?” VidThinker
selects frames revealing the man’s clothing and the gui-
tar. After relevant segment localization, we select di-
verse frames that capture representative semantic clues
to ensure comprehensive coverage. Concretely, we ex-
tract CLIP features per frame and compute cosine simi-
larity between adjacent frames; a frame is retained when
its similarity to the last selected keyframe falls below a
scene-change threshold. Further algorithmic details are
provided in the appendix.

• Motion only: Instructions focus on dynamic patterns
(e.g., type, speed, direction). We adopt fixed-rate sam-
pling within the localized segment to capture motion
progression. For example: ”How does the person jump
off the diving board?” VidThinker selects frames span-
ning takeoff, mid-air, and water entry.

• Semantic & Motion: Instructions jointly require static
semantics and dynamic changes. We apply fixed-rate
sampling in motion-relevant regions while preserving
semantically informative frames, balancing both needs.
For example: ”Could you describe the camera move-
ment in the video?” VidThinker selects frames showing
hand drumming and foot movement simultaneously.

• Non Clues: Entire video-level instructions without clear
semantic or motion anchors. We samle a compact yet
diverse set of frames across the entire video (e.g., be-
ginning–middle–end) to ensure holistic coverage with
minimal redundancy. For example: ”Please describe
the video in detail.”

3.3. Dataset statistics

Leveraging the proposed VidThinker pipeline, we construct
VideoITG-40K from LLaVA-Video [71]: 40K videos and
500K instruction-grounded annotations for temporal ground-
ing. The entire annotation is automated by VidThinker, en-
suring efficiency, consistency, and alignment with diverse
instruction types. The videos average 120s and cover three
duration bands (30–60s, 1–2min, 2–3min). Each video
has 10–15 QA pairs (multiple-choice and open-ended). As
summarized in Table 1, VideoITG-40K is nearly 4× larger
than DiDeMo [1] (10.6K) and QVHighlights [24] (10.2K),
and far exceeds QuerYD [40] (2.6K) and HiREST [64]
(3.4K). Unlike prior descriptive-query datasets, VideoITG-
40K is explicitly instruction-guided, enabling precise, query-
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conditioned temporal localization.

Table 1. Comparison of dataset statistics for temporal ground-
ing and highlight detection datasets.

Dataset # Videos # Queries Avg. Duration Instructed?
DiDeMo [1] 10.6K 41.2K 29s No
QuerYD [40] 2.6K 32K 278s No
HiREST [64] 3.4K 8.6K 263s No
Charades-STA [17] 6.7K 16.1K 30s No
QVHighlights [24] 10.2K 10.3K 150s No

VideoITG-40K 40K 500K 120s Yes

4. VideoITG: model design
In this section, we explore how to utilize our VideoITG-
40K dataset to train the model for the Instructed Temporal
Grounding task, aiming to optimize video frame selection
and enhance the performance of Video-LLMs. As illus-
trated in Fig. 4, our framework comprises three modules:
(1) a vision encoder (e.g., ViT) that maps video frames into
text-aligned visual features F , (2) a VideoITG module that
performs instruction-guided frame selection Irel, and (3) a
VideoLLM that generates answers a conditioned on the se-
lected frames FIrel

and the question q. The process can be
described as folllows:

F = VIT(v) (4)
Irel = VideoITG(F, q) (5)
a = VideoLLM(FIrel

, q) (6)

The VideoITG module follows a plug-and-play design phi-
losophy, driven by two core objectives: (1) enhancing the
alignment between visual and language tokens to improve
instruction following, and (2) strengthening contextual en-
coding to capture multi-granular temporal cues. With the
above considerations, we develop three model variants: text
generation-based classification, anchor-based classification,
and pooling-based classification, as illustrated in Fig. 4 (b).
Variant A: Text-generation-based classification. As
shown in Fig. 4(b, left), this variant reformulates the In-
structed Temporal Grounding task as a next-token prediction
problem, where the model sequentially outputs text tokens
conditioned on video and instruction features. This for-
mulation naturally aligns with the core training paradigm
of existing Video-LLMs, thereby preserving their strong
vision-language alignment and instruction-following abili-
ties. Similar generative frameworks have also been adopted
in prior time-sensitive models such as TimeChat [44] and
Grounded-VideoLLM [50].
Variant B: Anchor-based classification. To move beyond
token-by-token generation, this variant adopts a discrimi-
native paradigm that directly classifies visual tokens at the
frame level (Fig. 4(b, middle)). We initialize the model
from a pretrained Video-LLM while maintaining its causal

attention mask to retain temporal consistency. However,
the causal mask prevents visual tokens from accessing the
instruction beforehand and restricts early frames from lever-
aging subsequent temporal cues. To mitigate this limitation,
we insert an anchor token after the instruction, serving as
a temporal mediator for each frame. Formally, for a video
frame at timestamp t, the anchor token At is derived by
global averaging over all spatial locations:

At =
1

M

∑
i,j

F t
ij , t ∈ [1, T ], (7)

where F t
ij denotes the visual feature at grid (i, j) of the t-th

frame and M is the total number of patches per frame. The
set {At}Tt=1 bridges temporal dependencies across frames
under causal attention.
Variant C: Pooling-based classification. As the causal at-
tention mask restricts inter-frame communication, we further
remove this constraint to enable full bidirectional attention
between visual and textual tokens (Fig. 4(b, right)). For
each frame, we aggregate its visual tokens through average
pooling, followed by a classification head that determines
instruction relevance, without introducing explicit anchor
tokens. This full-attention design enriches temporal context
modeling across frames and facilitates stronger interaction
between instructions and visual evidence.

5. Experiments

5.1. Implementation details

We follow the training approach of LLaVA-Video [71], using
the pretrained model as the initialization for our VideoITG
model’s pre-training. We employ SigLIP [65] as the vision
encoder and Qwen2 [53] as the language model. Initially,
we train the MLP projector on image caption datasets with
a batch size of 256 and a learning rate of 1 × 10−3. Then,
we fine-tune all model parameters on the LLaVA-OV-SI [25]
and LLaVA-Video datasets. During this stage, the video
frame sampling rate is set to 64, and the LLM’s maximum
sequence length is set to 16K. We then train the VideoITG
model on the proposed VideoITG-40K dataset, adjusting the
video sampling rate to 1 fps.

Throughout training and inference, we employ a dynamic
token spatial size strategy [35]. Across all stages, the LLM’s
learning rate is 2× 10−5, and in the final stage, the learning
rate for the classification head is 2×10−4. To fairly compare
with other leading video LMMs, we primarily use results
from their original papers. When results are unavailable, we
integrate the models into LMMs-Eval [67] and assess them
under consistent settings. Due to context length constraints,
we support up to 512 video frames as input (with 16 visual
tokens per frame) for the VideoITG model, from which we
select the top 32 frames based on their scores by default.
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Figure 4. VideoITG model design: (A) Text generation aligns video and language tokens for sequential predictions. (B) Classification with
causal attention utilizes anchor tokens for temporal cue management. (C) Classification with full attention facilitates interaction across
visual and text tokens without anchors.

Table 2. Results with different selection methods. We bold the best results on each benchmark under the same Answering LMM. When
comparing with Q-Frame, we adopt a slow–fast strategy of 4 high-resolution, 8 medium-resolution, and 32 low-resolution frames, where the
total number of tokens is equivalent to that of 8 high-resolution frames.

Selection Methods Answering LMM Frames LongVideoBench MLVU VideoMME Average
8 min 12 min S (2 min) M (10 min) L (40 min)

Uniform LLaVA-OneVision-7B 8 54.2 58.9 63.6 52.0 45.7 54.9
BOLT [32] LLaVA-OneVision-7B 8 56.1 63.4 66.8 54.2 47.3 57.6
Frame-VOYAGER [62] LLaVA-OneVision-7B 8 - 65.6 67.3 56.3 48.9 59.5
VideoITG-8B LLaVA-OneVision-7B 8 60.1 68.7 72.0 57.7 49.4 61.6

Uniform Qwen2-VL 8 53.5 56.9 65.0 50.7 45.3 54.3
Q-Frame [70] Qwen2-VL 8+16+32 58.4 65.4 69.4 57.1 48.3 59.7
VideoITG-8B Qwen2-VL 8+16+32 58.6 66.6 69.8 57.3 49.2 60.3

Uniform LLaVA-Video-7B 64 59.9 70.2 75.8 63.0 54.7 64.7
AKS [48] LLaVA-Video-7B 32 59.6 74.3 75.1 63.9 51.7 64.9
QuoTA [36] LLaVA-Video-7B 64 59.0 71.9 71.1 58.8 52.2 62.6
Gen-S [59] LLaVA-Video-7B 54/50 63.3 73.4 - - - -
VideoITG-8B LLaVA-Video-7B 32 61.6 74.6 77.3 65.9 55.2 66.9
VideoITG-8B LLaVA-Video-7B 64 60.9 76.3 76.1 66.0 56.1 67.1

5.2. Main results

Comparisons with other frame selection methods. As
shown in Table 2, our proposed VideoITG demonstrates
three notable advantages over existing selection strategies:

(i) Consistant Improvement: VideoITG consistently
outperforms Uniform sampling across all benchmarks
and model settings. It achieves an average gain of
+6.7 (54.9→61.6) on LLaVA-OneVision-7B and +6.2
(54.1→60.3) on Qwen2-VL, with similar trends on LLaVA-
Video-7B (+2∼3 points). These steady improvements across
diverse models and datasets highlight the robustness and
general applicability of our frame selection strategy in en-

hancing video understanding under challenging scenarios.
(ii) Precision in Selection: When using LLaVA-Video as

baseline, VideoITG achieves superior accuracy using only 32
selected frames, outperforming other methods that use more
frames (e.g., 50-64) on MLVU and VideoMME, highlighting
the effectiveness of our strategy in identifying the most infor-
mative frames. As shown in Figure 1, our VideoITG method
achieves comparable performance to uniform sampling with
64 frames using only 16 frames on VideoMME, and also
outperforms other methods with 32 frames, highlighting the
precision of our frame selection strategy.

(iii) Robust Performance: Compared to training-based
methods such as Q-Frame and Frame-Voyager, VideoITG
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Table 3. Performance comparison of VideoITG integrated with different Video-LLMs, varying in both the size of the answering
LLM and the number of sampled frames.“UNI-k” denotes UNIform sampling of k frames, while “ITG-k” refers to selecting the Top k
frames based on relevance scores generated by our proposed VideoITG.

LMM Selection LongVideoBench MLVU VideoMME CG-Bench-mini Average
8min 12min S (2 min) M (10 min) L (40 min) 27min

InternVL2.5-8B
UNI-32 58.3 66.4 75.1 61.7 53.1 37.7 58.7
ITG-32 61.9 (+3.6) 75.0 (+8.6) 78.0 (+2.9) 67.1 (+5.4) 56.9 (+3.8) 46.7 (+9.0) 64.3 (+5.6)

InternVL2.5-26B
UNI-32 55.6 71.3 78.1 67.1 56.9 40.6 61.6
ITG-32 63.0 (+7.4) 78.9 (+7.6) 80.8 (+2.7) 69.0 (+1.9) 59.9 (+3.0) 48.7 (+8.1) 66.7 (+5.1)

InternVL3.5-8B
UNI-32 60.0 70.0 77.0 62.4 53.4 40.9 60.6
ITG-32 65.7 (+5.7) 74.1 (+4.1) 78.4 (+1.4) 65.9 (+3.5) 59.0 (+5.6) 47.6 (+6.7) 65.1 (+4.5)

Qwen3-VL
UNI-32 59.1 64.1 76.0 60.9 55.1 40.1 59.2
ITG-32 63.6 (+4.5) 77.2 (+13.1) 79.9 (+3.9) 66.6 (+5.7) 60.3 (+5.2) 47.3 (+7.2) 65.8 (+6.6)

LLaVA-Video-7B
UNI-32 58.7 66.8 76.3 60.3 52.7 35.8 58.4
ITG-32 61.6 (+2.9) 74.6 (+7.8) 77.3 (+1.0) 65.9 (+5.6) 55.2 (+2.5) 42.8 (+7.0) 62.9 (+4.5)

Eagle2.5-8B
UNI-32 63.0 67.8 78.8 64.1 55.9 41.2 61.8
ITG-32 66.8 (+3.8) 76.5 (+8.7) 80.0 (+1.2) 67.8 (+3.7) 60.3 (+4.4) 49.0 (+7.8) 66.7 (+4.9)

Table 4. Empirical studies on the VideoITG-40k dataset and VideoITG model design. We adopt Variant-C for subsequent experiments.
“No Images” and “No Videos” indicate that image-text data (LAION-CC-SBU-558K & LLaVA-OV-SI) or video data (LLaVA-Video-178K)
are excluded from pre-training, respectively.

Abaltion Experiment Videomme MLVU LongVideoBench Average
Short (%) ↑ Medium (%) ↑ Long (%) ↑ (%) ↑ (%) ↑

Variant-A-7B 51.0 44.8 44.4 45.7 56.8 48.5
Architecture Variant-B-7B 77.9 66.0 56.2 74.6 61.3 67.2
Design Variant-C-7B 78.0 67.1 56.9 75.0 61.9 67.8

Variant-C-3B 77.1 64.8 56.0 74.5 61.5 66.8

Dataset No Clip Captioning 77.5 63.1 53.4 73.2 61.7 65.8
Construction No Frame Localization 77.6 65.8 56.8 74.1 61.5 67.2

Pre-training No Videos 77.2 64.9 57.4 74.5 61.6 67.1
Data No Images & Videos 76.6 63.0 54.4 69.1 58.6 64.3

achieves more substantial improvements across three long
video understanding benchmarks. For instance, it boosts
the average score from 59.5 (Frame-Voyager) and 57.6 (Q-
Frame) to 61.6 and 60.3 under the same settings. These con-
sistent gains highlight the strong adaptability of VideoITG
across diverse scenarios.

We find that on LongVideoBench, increasing frames has
limited impact, likely because many tasks are text referring.
Our VideoITG also samples at lower resolution, indicating
room for finer-grained content recognition.

Results on newer backbone (Qwen3-VL). To verify that
our gains are not tied to a specific backbone generation, we
evaluate VideoITG on the newer Qwen3-VL model. The
results are included in Table 3, showing consistent improve-
ments over the UNI-32 baseline across LongVideoBench,
MLVU, VideoMME (S/M/L), and CG-Bench-mini.
Extension to more Video-LLMs. Extending our VideoITG
on diverse Video-LLMs with difeerent model scales further
presents its two compiling advantages:

(i) Model Size Scalability: Table 3 demonstrates that

integrating VideoITG with Video-LLMs of different sizes
consistently yields substantial performance improvements
over uniform sampling. For example, on InternVL2.5-8B,
VideoITG improves the average score from 58.7% to 64.3%
(+5.6), while on the larger InternVL2.5-26B, the improve-
ment is from 61.6% to 66.7% (+5.1). Notably, InternVL2.5-
8B with VideoITG even surpasses the InternVL2.5-26B base-
line on both average score (64.3% vs. 61.6%) and long-
video benchmarks such as CG-Bench (46.7% vs. 40.6%),
indicating that effective frame selection can provide greater
gains than simply increasing model size.

(ii) Model Diversity Adaptability: We further evaluate
VideoITG across diverse Video-LLMs, each trained on dif-
ferent data distributions and objectives. The results show that
VideoITG consistently outperforms uniform sampling for
all models and benchmarks. For instance, on LLaVA-Video-
7B, VideoITG raises the average score by 4.5 % (62.9% vs.
58.4%), and on Eagle2.5-8B, the improvement reaches 4.9
points (66.7% vs. 61.8%). These consistent gains across
models with varying architectures and training data highlight
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A: Charging the cell phone.Uni

Q：What does the person in 
the video do after brushing 
his teeth?

Input
video

Q：What are the moves in 
the last scene of this dance?

Input
video

A: Passe and Grand jete.Uni

A: Kneel down on one knee

and lean back. 
Ours

A: Spraying perfume.Ours

Figure 5. Two examples of how different sampling strategies impact video understanding. We mark the identified key frames that
directly answer the question with green check-marks.

the strong adaptability and robustness of our method.

5.3. Ablation on VideoITG design choices
Table 4 presents a comprehensive analysis on the design of
VideoITG, directly supporting our key contributions.
Architecture Design. First, we compare the three variants
of our model architecture in Fig. 4. We observe that Variant
A, which is based on the text generation paradigm, performs
the worst. One possible reason is that text generation models
trained with the next-token prediction paradigm suffer from
sparse supervision due to teacher forcing, where previous
frame selections influence subsequent ones, making the train-
ing process less efficient compared to discriminative classi-
fication models. We find that Variant C with full-attention
outperforms Variant B with causal attention. This improve-
ment may be attributed to full-attention’s larger receptive
field, which enables global temporal relationship modeling
and allows all tokens to access the textual query. Moreover,
model scale yields a consistent but modest gain: the 7B
model surpasses the 3B counterpart across all benchmarks,
raising the overall average from 66.8% to 67.8%.
Dataset Construction. We analyze our data annotation
strategies to demonstrate the effectiveness of our pipeline.
Ablation studies show that the performance degrades when
Instructed Clip Captioning are removed (using a VLM to
directly select temporal boundaries based on visual inputs),
with accuracy dropping from 56.9% to 53.4% on Videomme
Long videos and from 75.0% to 73.2% on MLVU. This
demonstrates that ensuring information diversity is crucial
for maintaining comprehensive feature representation of
videos. Similarly, removing Instructed Frame Localization
(learning all frame index within corase temporal boundaries

using VideoITG Model) decreases performance, particu-
larly on Videomme Medium videos (from 67.1% to 65.8%).
These results confirm that both stages are essential for opti-
mal model performance and validate our data construction
approach of the VideoITG-40K dataset.

Pre-training Data. Finally, we investigate the impact of
vision-language alignment pre-training on model perfor-
mance. Our experiments reveal that removing video pre-
training causes modest performance changes across bench-
marks. This suggests that the benefits of video data for
instructed temporal grounding tasks primarily stem from
effective visual context length, yet this impact is relatively
minor compared to vision-language alignment. This observa-
tion is further validated if we eliminate both image and video
pre-training data, starting from a text-only large language
model, where performance drops dramatically, with accuracy
decreasing from 75.0% to 69.1% on MLVU and from 61.9%
to 58.6% on LongVideoBench. This substantial degradation
underscores that robust vision-language alignment is crucial
to effective VideoITG training.

5.4. Visualization

In Fig. 5, we compare uniform sampling and VideoITG
sampling of 8 frames from the VideoMME [15] Benchmark.
In the first case, VideoITG captures both brushing teeth
and spraying perfume actions, enabling correct temporal
ordering, while uniform sampling misses key cues. In the
second case, VideoITG accurately captures rapid consecutive
movements at the end, whereas uniform sampling fails to do
so, leading to incomplete video understanding.
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6. Conclusion

In this paper, we presented VideoITG, a novel framework for
instruction-aligned frame selection in Video-LLMs. The key
to our approach was the VidThinker pipeline, which mimics
human annotation by generating detailed, instruction-guided
clip descriptions, retrieving relevant segments, and perform-
ing fine-grained frame selection. Using this pipeline, we
constructed the VideoITG-40K dataset with 40K videos and
500K temporal grounding annotations. Based on this re-
source, we developed plug-and-play VideoITG models that
leverage visual-language alignment and reasoning to han-
dle diverse temporal grounding tasks. Experiments showed
that VideoITG consistently improves Video-LLMs’ perfor-
mance across multiple video understanding benchmarks,
highlighting its effectiveness and potential for advancing
instruction-driven video understanding.
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Appendix

A. The Use of Large Language Models (LLMs)

Algorithm 1 Keyframe Extraction via Bidirectional CLIP
Similarity

Require: Video frame sequence frames, similarity thresh-
olds t1 (scene change) and t2 (diversity)

Ensure: Selected keyframe indices sel
1: Initialize sel with the first frame index: sel← {0}
2: Extract CLIP feature for the first frame: prev ←

clip(frames[0])
3: for each frame c in frames[1:] with index i do
4: curr← clip(c)
5: s← sim(curr, prev)
6: if s < t1 then
7: for each future frame f in frames[i+ 1 : ] do
8: fut← clip(f )
9: if sim(curr, fut) < t2 then

10: Add index i to sel
11: prev← curr
12: break
13: end if
14: end for
15: end if
16: end for
17: if sim(clip(frames[-1]), prev) < t1 then
18: Add last frame index to sel
19: end if
20: return sel

In this work, Large Language Models (LLMs) were em-
ployed in four main ways: (i) to aid and polish the writing
for clarity and style; and (ii) to provide coding assistance,
including code generation, debugging, and optimization sug-
gestions.

Specifically, LLMs were utilized to improve the clarity,
coherence, and readability of the manuscript, with partic-
ular attention given to the Related Work, Method, and
Experiments sections. In these parts, the initial drafts were
carefully reviewed and refined using LLM-powered sugges-
tions for sentence structure, terminology, and logical flow.
This process ensured that the technical content was presented
in a precise and accessible manner, while maintaining con-
sistency in academic tone and style throughout the paper.

All outputs generated by LLMs were critically reviewed,
verified, and further refined by the authors. The core scien-
tific ideas, methodology, and contributions remain entirely
the authors’ own. The use of LLMs was strictly limited to
language enhancement and coding support, without influenc-
ing the originality or integrity of the research.

B. Inference time
In Table 5, we evaluated the speed of our model on a single
NVIDIA A100 GPU. We employed LLaVA-Video-7B [71]
as our answering LLM, implemented a 32-frame sampling
strategy from 512 input frames in total, and generated 27
text tokens. Additionally, we leveraged KV Cache and Flash
Attention [12, 13] to enhance inference efficiency.

Our detailed analysis of computational costs reveals that
processing each video sample requires a total of 6.42 sec-
onds, with the Vision Encoder (2.92 seconds) and LLM (2.89
seconds) dominating the time consumption. These two com-
ponents collectively consume 90% of the total processing
time, indicating the direction for future system optimiza-
tion. In contrast, our VideoITG module demonstrates re-
markable efficiency, requiring only 0.61 seconds to scan 512
frames—a speed that surpasses human visual recognition
and thinking capabilities.

Table 5. Computation cost of the model.

Vision Encoder VideoITG LLM Overall

2.92s 0.61s 2.89s 6.42s

C. Dataset details
C.1. Prompt template
Our Question-guided Clip Retrieval process utilizes a care-
fully designed prompt template (shown in Table 8) that in-
structs the LLM to analyze chronologically ordered clip-
level descriptions and identify the minimal set of clips nec-
essary to answer a given question. The prompt template
consists of three main components:

• Task Description: Defines the LLM’s role as an ex-
pert in analyzing video clip descriptions and establishes
the goal of selecting clips that cover both question and
answer content.

• Guidelines: Provides detailed instructions for clip selec-
tion, including handling time-related expressions, deter-
mining if a single or multiple clips are needed, address-
ing questions about object existence or movement, and
avoiding unnecessary clips.

• Output Format: Specifies the required JSON struc-
ture for responses, ensuring consistent formatting with
explanation and clip number fields.

This template enables the LLM to perform chain-of-
thought reasoning when selecting relevant clips. The model
analyzes keywords from questions, identifies temporal re-
lationships (e.g., “before,” “after”), and provides explicit
rationales for its selections. For cases where no relevant
clips exist, the model returns “None” to reduce annotation
noise.
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Table 6. The performance (accuracy) of SOTA methods on video benchmarks. For InternVL2.5-8B results, we report the higher results in
the technical report and lmms-eval. We sample 32 frames using VideoITG for our results.

Open-Ended Q&A Multi-Choice Q&A
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ep
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nTest

Lon
gV

ideo
Ben

ch

Video
M

M
E

M
VBen

ch

test test m-avg mc val val wo/w-subs val

Open-source models
VILA-40B [30] 58.0 58.0 - 67.9 54.0 - 60.1/61.1 -
PLLaVA-34B [57] 60.9 - - - - 53.2 - 58.1
VideoLLaMA2-7B [11] 50.2 50.5 - - 49.6 - 45.1/46.6 53.4
LongVA-7B [69] 50.0 - 56.3 68.3 - - 52.6/54.3 -
LongVU-7B [69] - 67.6 65.4 - - - 60.6/- 66.9
LLaVA-OV-7B [25] 56.6 60.1 64.7 79.4 57.1 56.5 58.2/61.5 56.7
mPLUG-Owl3-8B [60] - - - 78.6 - 52.1 53.5/- 54.5
LLaVA-Video-7B [71] 56.5 57.3 70.8 83.2 67.9 58.2 63.3/69.7 58.6
Qwen2.5-VL-7B [53] - - - 70.2 70.5 54.7 65.1/71.6 69.6
InternVL2.5-8B [68] - 51.5 68.9 - - 60.0 64.2/66.9 72.0

InternVL2.5-8B-ITG-32 57.4 51.6 75.0 79.5 64.9 61.9 67.3/69.6 72.2

Table 7. Dataset quality (IoU). We evaluate the performance in both multiple-choice (MC) and open-ended (OE) questions.

Method Semantic-MC Semantic & Motion-OE Semantic-MC Semantic & Motion-OE

Qwen2.5-VL-32B 0.31 0.36 0.27 0.37
GPT4o 0.24 0.30 0.26 0.27
Ours 0.79 0.74 0.72 0.69

We implement this process using GPT-4o-mini [41],
which is sufficient for accurate clip selection while reducing
annotation costs by over 10 times compared to larger models.
The selected clips are then converted to event boundaries
defined by timestamps based on frame indices for the final
temporal grounding annotations.

C.2. Human-in-the-loop verification

Ensuring the quality of automatically annotated datasets is
critical for the reliability and effectiveness of downstream
video understanding models. In this work, we implement a
comprehensive quality control protocol for the VideoITG-
40K dataset.

Our pipeline begins with diverse sampling: we select a
representative subset of the dataset, covering a wide range
of instructions and video scenarios. For this subset, we con-
duct human verification, where expert annotators review the
automatically generated annotations to assess their accuracy

and relevance. This process allows us to identify and cor-
rect potential errors, and to further calibrate our annotation
pipeline for improved consistency and quality.

As shown in Table 7, we compare our pipeline with base-
lines where advanced models such as Qwen2.5VL and GPT-
4o are directly prompted to answer the temporal boundaries
of relevant events. These direct approaches result in signifi-
cantly lower performance, highlighting the advantage of our
multi-step, instruction-guided annotation strategy.

C.3. Frame Sampling Algorithm

The algorithm in 1 is designed for semantic-only keyframe
selection, aiming to extract a diverse set of frames that com-
prehensively capture the semantic content of a video—such
as people, scenes, or objects. By leveraging CLIP features,
the algorithm compares each frame to previously selected
keyframes using a bidirectional similarity measure. Frames
are selected when their semantic features differ significantly
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Table 8. Prompt Template: An expert system for temporal localization in video segments. The system analyzes video segment descriptions
to determine the minimal and necessary combination of segments required to answer questions.

Task:
You are an expert in analyzing video clip descriptions. Your task is to select which clip or combination of clips is necessary to answer
the given question, ensuring the selected clips effectively cover the content of both the question and the answer.

Guidelines:

• Carefully read the descriptions to determine which clip(s) provide relevant content for the question and the answer.
• Clip descriptions are in chronological order. Use clip number to locate clips based on time-related expressions (e.g., ”at the

beginning of the video” suggests a smaller clip number, while ”at the end of the video” suggests a larger one).
• First, determine if one clip can answer the question or if multiple clips are needed. Then, return a list containing the selected

clip(s) and an explanation.
• If the question asks about the existence/movement of an object or event. The object/action/movement may not exist, meaning

you can’t find the answer in the description, but the question might still provide some clues. You need to find the sentence
closest to those clues.

• If asked about the whole video description or overall atmosphere, you should return all clip numbers.
• If multiple clips provide similar descriptions of the content and any of them can be used to answer the question, return all

corresponding clips.
• If there are no clues in all descriptions and cannot answer the question, return ”None.”.
• Important: Avoid including unnecessary clips.

Output Format:
1. Your output should be formed in a JSON file.
2. Only return the Python dictionary string.
For example:
{"explanation": "...", "clip num": "One clip: [Clip-2]"}
{"explanation": "...", "clip num": "Multiple clips: [Clip-1, Clip-7,
Clip-8]"}
{"explanation": "...", "clip num": "None."}

Table 9. Prompt template for identifying motion-related questions in video QA tasks. The template instructs the system to analyze each
question-answer pair and determine whether the question pertains to absolute or relative speed, responding with “Yes” or “No” accordingly.
Example cases are provided for clarification.

Task:
Analyze the given QA pair to determine if the question is related to speed. Specifically, check if it involves either absolute speed (the
speed of a specific object) or relative speed (comparing the speed of different objects). Provide an output of ”Yes” if the question
pertains to speed, and ”No” otherwise.
Important: Respond with ”Yes” or ”No” only.

Example:
Question 1: Which is faster, the white car or the bicycle? Options: A. The bicycle. B. The white car. C. Both are at the same speed.
D. None of the above.
Answer 1: B. The white car.
Output: Yes.
Question 2: What color is the cat ?Options: A. black B. white C. orange D. gray
Answer 2: C. orange
Output: No.

from both the last keyframe (scene change threshold) and
from future frames (diversity threshold), ensuring that each
chosen frame represents distinct semantic information. This
process produces a set of keyframes with maximal semantic
coverage and minimal redundancy, aligning with the goal of

representing all major semantic aspects of the video.

D. Visualization
In Fig. 6 and Fig. 7, we present two sets of results compar-
ing sampling results of VideoITG with uniform sampling.
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Table 10. Prompt template for identifying semantic-related questions in video QA tasks. The template instructs the system to analyze each
question-answer pair and determine whether the question pertains to absolute or relative speed, responding with “Yes” or “No” accordingly.
Example cases are provided for clarification.

Task:
Analyze the given QA pair to determine if the question inquires about the existence of an object or action. If it does, and the answer
is ”No” (indicating non-existence), output ”Yes.” If the question is not about existence, or the answer is ”Yes” (indicating existence),
output ”No.”
Important: Respond with ”Yes” or ”No” only.

Example:
Question 1: After going through the bag, does the person meticulously clean the area around the sink?
Answer 1: No, the person does not clean the area around the sink after going through the bag. The video primarily focuses on the
action of the person with the bag and items, not on cleaning activities.
Output: Yes.
Question 2: Is there a cat sitting on the windowsill in the video?
Answer 2: Yes, there is a cat sitting on the windowsill throughout the video.
Output: No.

Fig. 6 demonstrates a temporal reasoning problem, where
our model accurately identifies the “workout” mentioned in
the question and successfully locates the subsequent actions
in the video, leading to the correct answer selection. In con-
trast, the uniform sampling strategy failed to capture these
crucial frames. Fig. 7 illustrates a non-existence question
scenario where our model effectively identifies all IMAX
movies present in the given options, enabling it to success-
fully filter out and determine the correct answer.
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Input
video

O: Work out; Daily life; Science popularization; Game

A: Science popularization.

Uni

A : Game. 

Ours

Q: What is the theme of the video that the male protagonist made after finishing 
his workout?

Figure 6. Example-1 shows how different sampling strategies impact video understanding. We mark the identified key frames that directly
answer the question with green check-marks.

Input
video

O: The Hunger Games: Catching Fire; The Dark Knight; Oppenheimer; Dune

 A: The Dark Knight. 

Uni

A : Dune. 

Ours

Q: Which IMAX movie isn't in the video?

Figure 7. Example-2 shows how different sampling strategies impact video understanding. We mark the identified key frames that directly
answer the question with green check-marks.
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