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Abstract. Video understanding is a fundamental capability for mul-
timodal intelligence, and recent Multimodal Large Language Models
(MLLMSs) have achieved remarkable performance on Video Question
Answering (VideoQA) benchmarks. However, existing benchmarks pri-
marily evaluate whether models can perceive shallow visual cues, while
rarely examining whether MLLMs can learn deeper knowledge or pro-
cedural skills from video tutorials and generalize them to downstream
long-horizon agentic tasks. To address this gap, we introduce VG-GUI-
Bench (Video-Guided GUI Benchmark), a new benchmark designed to
evaluate whether MLLM-based GUI agents can follow video tutorials to
complete corresponding GUI interactive tasks. Furthermore, we observe
that the performance of models on both VideoQA and video-guided agen-
tic tasks critically depends on effective keyframe extraction. Based on
this observation, we propose TASKER (Task-driven And Scene-aware
Keyframe searchER), a keyframe extraction algorithm that jointly con-
siders task relevance and scene dynamics to identify informative frames.
Experimental results demonstrate that TASKER achieves significant per-
formance improvements on both VideoQA and video-guided agentic task
benchmarks, outperforming the best baseline by 2.0% on the EgoSchema
fullset and 1.8% on the NExT-QA dataset, respectively. These results
further highlight the potential of generalized keyframe extraction meth-
ods for video understanding tasks. Our code and data are available at
https://github.com/VG-GUI-TASKER/VG-GUI-TASKER.
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1 Introduction

Multimodal large language models have recently substantially advanced video
understanding, achieving strong results on popular VideoQA benchmarks [10,
53]. Despite this progress, the current evaluation paradigm remains largely cen-
tered on shallow perceptual cues, such as recognizing objects, attributes, and
short-term actions. As a consequence, existing benchmarks provide limited in-
sight into a more fundamental question: can MLLMs learn deeper knowledge or
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Fig. 1: Demonstration of the 2 progressive levels. This work aims to advance video un-
derstanding from the VideoQA paradigm (low-level understanding) toward the Video-
Guided Agentic Task paradigm (high-level understanding).

procedural skills from videos and generalize them to solve new tasks that require
long-horizon agentic capabilities? This limitation becomes particularly evident
in real-world learning scenarios. Video tutorials are widely used to teach com-
plex procedures, ranging from software operations to device configuration and
daily-life skills. Solving such tasks requires more than recognizing visual events;
it involves understanding step-by-step procedures, abstracting key operations,
and transferring them to new environments. In other words, models must be
able to extract actionable knowledge from videos and apply it to downstream
tasks, which is a capability that can be viewed as a form of Video In-Context
Learning.

To better understand this capability gap, we characterize video understand-
ing along two progressive levels, forming a natural hierarchy from perception to
action, as in Figure 1:

— Low-Level: VideoQA. The foundational task of video understanding, where
models must identify temporally relevant moments, comprehend visual evi-
dence, and perform question-conditioned reasoning to extract factual infor-
mation from videos.

— High-Level: Video-Guided Agentic Tasks. A more advanced setting
where models are expected to learn procedural knowledge from video demon-
strations and transfer it to long-horizon decision making and execution. For
example, a model may watch a tutorial on ‘how to change a Discord ac-
count password” and translate the demonstrated procedure into step-by-step
actions within a structured Graphical User Interface (GUI) environment.

To further evaluate MLLMs’ high-level video understanding ability, we in-
troduce VG-GUI-BENCH (Video-Guided GUI Benchmark), a benchmark de-
signed to evaluate whether MLLM-based GUI agents can follow video tutorials
to complete semantically related tasks. In VG-GUI-BENCH, each tutorial video
is paired with a corresponding GUI task that requires similar procedural knowl-
edge. This pairing enables systematic evaluation of whether models can extract



VG-GUI-Bench and TASKER 3

procedural steps from videos and generalize them to new interactive tasks, pro-
viding a practical testbed for studying video in-context learning.

Beyond benchmark design, our study reveals a shared bottleneck across both
VideoQA and video-guided agentic tasks: model performance critically depends
on how the model identifies and attends to task-relevant temporal content within
videos. Long videos often contain redundant or irrelevant segments, while key
procedural evidence may appear only briefly. As a result, naive frame sam-
pling strategies either miss critical moments or introduce excessive redundancy,
leading to degraded reasoning and inefficient computation. For example, on the
NExT-QA benchmark, using GPT-40 with a frame selection strategy improves
accuracy by approximately 15% compared to GPT-40 with uniform sampling,
with the same number of frames.

To tackle this challenge, we propose TASKER (Task-driven And Scene-
aware Keyframe searchER), a generalized keyframe extraction method inspired
by traditional graph search algorithms. TASKER combines task-driven rele-
vance estimation with scene-aware temporal dynamics to select a compact yet
informative set of frames that preserves essential procedural evidence while dis-
carding redundant content. This design allows TASKER to operate effectively
across both VideoQA and video-guided agentic tasks, providing a unified mech-
anism for temporal information selection.

Extensive experiments demonstrate that TASKER achieves both high ac-
curacy and strong frame efficiency across VideoQA and video-guided agentic
task benchmarks, consistently outperforming prior temporal selection and video-
agent methods such as VideoTree and VideoAgent. In our experiments, TASKER
achieves 63.1% accuracy on EgoSchema fullset [29] (surpassing the best baseline
by 2.0%) and 77.4% average accuracy on NExT-QA [55] (surpassing the best
baseline by 1.8%). In Figure 4, we compare the frame efficiency of TASKER
with two baselines, highlighting its ability to effectively identify key information.
These results highlight the effectiveness of generalized keyframe extraction as a
mechanism for bridging VideoQA and video-guided agentic tasks.

Our contributions can be summarized as follows:

— We identify a key limitation of existing video benchmarks and propose a
two-level taxonomy that connects VideoQA with video-guided agentic tasks,
highlighting the role of video in-context learning.

— We introduce VG-GUI-BENCH, a new benchmark that pairs video tutorials
with GUI agent tasks to evaluate procedural knowledge transfer from videos.

— We propose TASKER, a task-driven and scene-aware keyframe extraction
algorithm that improves both accuracy and frame efficiency across VideoQA
and video-guided agentic tasks.

2 Related Work

Video Question Answering VideoQA is a core subtask of video understand-
ing that evaluates a model’s ability to reason over temporal visual content in
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response to language queries [31,55,67]. Recent benchmarks increasingly em-
phasize long-form videos and complex reasoning [10,11,29,32,53,61,68]. Early
approaches relied on CNN-based visual encoders and lightweight fusion mod-
ules [3,13,14,20,43,44]. With the emergence of LLMs, recent methods typically
integrate pretrained visual encoders with projection layers and large language
models for reasoning and generation [22,23, 37,40, 48,52, 64, 65]. Beyond end-
to-end Video-LLMs, agent-based frameworks [42, 54] further enhance reasoning
through prompting, memory, tool use, and planning [7-9, 12, 18,63].

Keyframe Extraction Efficiently identifying informative frames is crucial
to understanding long videos. Existing methods adopt diverse strategies, in-
cluding learned frame selection [33], attention-based segment extraction [58],
uniform sampling with image-grid modeling [59], and recursive agent-guided
selection [47]. VideoTree [51] constructs a static hierarchical tree via feature
clustering and performs LLM-guided search over the tree. Compared with
VideoTree’s precomputing features for all frames, we selectively ex-
tract information during the search process, enabling question-aware
tree construction with reduced computational overhead. Our primary
difference from VideoAgent [47] lies in that our frame selection strat-
egy explicitly accounts for intra-video scene transitions as well as the
intrinsic structural organization of the video.

Video-Guided Tasks Video-guided tasks require models to acquire a task
or skill by reasoning over instructional videos [15, 16,50, 57, 60]. For example,
Mobile-Agent-V enables agents to acquire GUI operation knowledge from in-
structional videos and apply it to new tasks [45]. On the data and evaluation
side, the community has contributed a range of datasets [17,27,28,41, 66| and
benchmarks [5, 6,24-26]. Compared with TongUI [62] and Watch-and-
Learn [39], which focus on converting videos to learnable trajectories,
our TASKER method works at the frame selection level as a training-
free module for both VideoQA and downstream agentic tasks.

3 Method

In the method section, we first present the details of VG-GUI-BENCH, followed
by the TASKER algorithm. The preliminaries on classical graph search algo-
rithms are provided in Appendix A.

3.1 VG-GUI-BENCH

Despite growing interest in video-guided GUI agents, there remains a lack of
high-quality benchmarks for evaluating MLLMs on long-horizon GUI task ex-
ecution from video tutorials. To fill this gap, we construct VG-GUI-BENCH
(Video-Guided GUI Benchmark), a dedicated benchmark for systematically as-
sessing MLLM performance on video-guided, long-horizon GUI tasks.
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Fig. 2: Overview of the VG-GUI-BENCH benchmark, including benchmark pipeline,
action space, metrics and formulas.

Data Source We build upon the high-quality dataset provided by MON-
DAY [17], from which we obtain input tutorial videos, ground-truth action se-
quences, and keyframe screenshots as evaluation references. We further design
task-specific prompts to guide the model in generating predicted actions at each
step. On average, each episode contains 10.71 steps, making VG-GUI-BENCH
a genuinely long-horizon benchmark that requires sustained reasoning over ex-
tended action sequences. In total, VG-GUI-BENCH has 1,000 test cases.

Action Space Previous works often adopt inconsistent and ad-hoc action nam-
ing conventions, lacking a unified standard and a scientifically grounded tax-
onomy. To address this, we define a standardized action space comprising the
following six action types:

— CLICK(x, y): Perform a tap at the coordinate (z,y).

— SCROLL(x1, y1, x2, y2): Perform a swipe or drag gesture from (z1,y1) to
(z2,y2), covering directional interactions that require two coordinate pairs.

— TYPE(content): Input a text string specified by the content argument.

— PRESS(key): Press a system-level key, where key € {BACK, HOME, ENTER}.
These keys carry distinct semantic meanings on mobile platforms and cannot
be substituted by other operations.

— Z00MQ): Perform a pinch-to-zoom gesture. This action takes no arguments.

— FINISHQ): Indicate that the task has been completed. This action takes no
arguments.

Evaluation Pipeline As illustrated in Figure 2, the evaluation pipeline of VG-
GUI-BENCH operates as follows. The input tutorial video is first processed by a
frame selection module, which extracts relevant keyframes from the video. The
selected frames, together with the task instruction, are then used to construct a
prompt that is fed into the MLLM to predict the next GUI action. The predicted
action is executed in the GUI environment, producing a new interaction state.
Based on this state, the model continues predicting subsequent actions step by
step. The predicted actions are finally evaluated against the ground-truth action
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sequence by VG-GUI-BENCH. This process repeats iteratively until the episode
terminates.

Evaluation Metrics We propose four complementary metrics to provide a
comprehensive assessment:

— Accuracy measures the correctness of individual action predictions. A pre-
diction receives a score of 0.3 if the action type is correct, and an additional
0.7 if the action arguments are also correct. For argument-free actions (Z00M,
FINISH), a correct type prediction yields the full score. In addition to the
overall accuracy, we also report the type accuracy and score breakdown for
each individual action category to provide finer-grained insights into model
behavior.

N
Acc. = ZIVZ;IL (ti=t:) (034 0.7 x 1 (&; = a;)) (1)
where N denotes the total number of steps, t; and #; are the ground-truth
and predicted action types, and a; and a; are the ground-truth and predicted
action arguments.
— Completion measures the proportion of correctly executed steps within
each episode, averaged across all episodes:

1 C.

ecg T °

where £ denotes the set of all episodes, C, is the number of correctly executed
steps in episode e, and L, is the total number of steps in episode e.

— Efficiency measures the average number of input frames consumed per pre-
diction step, reflecting the computational cost of the frame selection strategy:

1 N
Eff. = N;W (3)

where | F;| denotes the number of frames provided to the MLLM at step 4.
— Performance Improvement Rate (PIR) measures how much the model
can learn from the video:

ACCvideo - ACCno video

PIR = (4)

where Accho video and Accyiqeo denote the accuracy without and with video
tutorial input respectively.

ACCno video

3.2 TASKER Algorithm

In this section, we first define the search objective, nodes, cost function, and
termination conditions in our TASKER algorithm, providing a comprehensive
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Fig. 3: Illustration of TASKER'’s cost function evaluation and node expansion steps.
TASKER-GBF'S variant evaluates distance based on question relevance. TASKER-
D1KSTRA variant evaluates distance based on scene dynamics.

overview of the tree-structured keyframe search process. We also explain how
the algorithm utilizes the retrieved information to answer questions. The key
steps of TASKER (leveraging MLLMs to evaluate the cost function and node
expansion) are illustrated in Figure 3.

Search Objective  The search objective is to identify a sufficient set of
keyframes whose combined information is sufficient to answer the question or
complete the agentic task. The ultimate goal is to answer the question.

Nodes Expansion In TASKER algorithm, we divide the video into multiple
video segments, with each video segment representing a node. The initial node
N is the entire video, which is first uniformly split into M segments, where M is
a tunable hyper-parameter. These video segments are then put into an open list
L. The next node to be expanded, or the next video segment to be processed,
is selected based on the cost function f(n) we define. The expansion process
means further subdividing the selected video segment. In this work, we perform
a binary split on the segment for node expansion.

Answer Prediction We define the first and last frames of all current video
segments as Visible Frames F,. They are connected to each other, meaning
that the last frame of one video segment is the first frame of the next. We can
fully utilize the information in the visible frames, while the information in the
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other frames is temporarily inaccessible. For the visible frames, we can employ
two approaches: directly inputting the frames into the MLLM or first generating
captions and then performing reasoning in the textual modality. In either way,
we predict an answer or action based on the information from the visible frames.
Cost Function Leveraging the evaluation capability of the MLLMs, we design
different cost functions based on different basic search algorithms.

— TASKER-GBFS: Task-Driven Cost Function In Greedy Best-First
Search (GBFS), the cost function h(n) represents the distance from the cur-
rent node to the destination. Accordingly, we let the MLLM evaluate the
current visible frame’s information and identify what visual information is
missing for answering the question. The missing information can be seen as
the distance between the current node and the destination. GBFS algorithm
selects the node with the smallest h(n) to expand. In our adaptation, the
MLLM attempts to identify where the missing visual information is likely
located between which two specific invisible frames, determining which video
segments should be expanded. This leads to a variant of the TASKER al-
gorithm named TASKER-GBFS.

— TASKER-DI1JKSTRA: Scene-Aware Cost Function In Dijkstra’s al-
gorithm, the cost function g(n) represents the cost of reaching the current
node from the start point. In our adaptation, the MLLM evaluates the visible
frames to identify the video segment with the most significant scene change,
such as transitions in scenes, figures, or activities between the first and last
frames of a segment. Segments with larger scene changes are considered
more informative and thus prioritized for further exploration, corresponding
to nodes with smaller g(n). Notably, in classical Dijkstra’s algorithm, the
cost function does not depend on the destination; similarly, in TASKER-
DuKSTRA, the MLLM is not driven by the task or question, but instead
selects keyframes based on scene changes and the intrinsic structure of the
video, making the search purely scene-aware.

— TASKER-A*: Task Driven & Scene Aware Cost Function For
the A* Algorithm, the cost function is the sum of the heuristic evaluation
function and the movement cost function, i.e., f(n) = h(n) 4+ g(n), which
means that A* Algorithm takes into account both the distance from the
current node to the destination and the distance from the start point to the
current node. Correspondingly, in our TASKER-A* variant, the MLLM
must simultaneously consider two factors: (1) which video segment is likely
to contain the missing information, and (2) which video segment exhibits
the most significant scene change. Only video segments that satisfy both are
prioritized for expansion.

— TASKER-BFS: Naive Cost Function We also propose a naive algo-
rithm variant, TASKER-BF'S which does not rely on a MLLM to evaluate
the cost function. Instead, it performs a breadth-first expansion, continually
splitting all the existing video segments (in the case of no pruning). Like
BFS, TASKER-BFS advances in a wave-like manner, steadily progressing.
This variant is suitable for situations where a MLLM cannot be accessed,
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Algorithm 1 Task-driven And Scene-aware Keyframe searchER (TASKER)

Require: Video v, question ¢, MLLM F', confidence threshold C, max iteration T,
uniform sampling size M, beam size B, frozen frame set Stozen
Ensure: Answer ¢, keyframes {Fy}
No — v
: N1, Na, ..., Nar + UniformSegment(No, M)
L+~ {No,N1, ..,,va[}
Sfrozen — @
t+1
: while t <T do
{F,} « ExtractVisibleFrames(L)
9 < PredictAnswer(F, {F,}, q)
c1, c2 < EvaluateConfidence(F, §, {Fv}, q)
if ¢4 > Candce > C then
break
else
{p} + EvaluateCostFunction(F, {F,}, L \ Strozen)
L + SelectAndExpandNodes(L, {p}, B)
L, Strozen + ValidateNewFrame (L, Strozen, F, q)
end if
t+—t+1
: end while
ATk {Fo}
: return ¢, {Fi}

S I A S ol e

N e e e el el
SV PU WY O®

or where the overhead introduced by the MLLM is less of a concern, with a
greater emphasis on ensuring no information is overlooked.

We do not intend to introduce TASKER-DFS variant, as its depth-first expan-
sion focuses on a single initial segment. Without strict termination conditions,
it is prone to falling into local optima.

Termination Condition and Confidence Estimation Traditional search
algorithms rely on deterministic termination conditions, typically defined by
whether the search objective has been reached. In contrast, for keyframe search
in VideoQA and Video-Guided Agentic Tasks, such conditions are difficult to de-
fine, as it is unclear whether sufficient information has been collected. To address
this issue, we leverage the reflection and self-evaluation capabilities of MLLMs
to estimate the confidence of the predicted answer and determine whether to
terminate the search. TASKER stops when the model produces a sufficiently
confident prediction. Specifically, we combine two confidence estimation methods
through a voting mechanism, as described below.

— Self-Evaluation and Self-Reflection MLLMs can be instructed to self-
evaluate their responses, reflecting on potential shortcomings in their re-
sponses [35,38]. Therefore, after generating an answer, we input the question,
information of visible frames, and the MLLM’s previous reasoning chain and
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predicted answer back into the model. The MLLM then assesses the accuracy
and reliability of its previous answer and output a confidence score (c1).

— Temporal Summarization The captions of the sampled frames are dis-
crete. To integrate the sampled frames along the temporal dimension, we
instruct the MLLM to summarize their captions to form a cohesive overview
of the video. We use few-shot examples [2] to generate a more accurate and
detailed video summary. Then we prompt the MLLM to predict the answer
and output a confidence score (c2) based on the summary. The advantage
of this approach is to consider the sampled frames in a complete temporal
context rather than in isolation.

We employ a voting mechanism to ensemble the above two methods. The search
process only terminates when both methods independently determine that they
have sufficient confidence (¢; > C'andcy > C, C is the threshold).

Additionally, after each expansion, we apply a frame validation step: each
newly revealed frame is first checked for visual redundancy against existing visi-
ble frames, and then assessed by the MLLM for task relevance. Redundant or ir-
relevant frames are discarded (with nearby relevant replacements searched when
possible), and segments that yield only redundant frames are added to a frozen
set Strozen t0 avoid repeated exploration. We summarize TASKER algorithm in
Algorithm 1.

4 Experiments

Our experiments are conducted on two VideoQA benchmarks, EgoSchema [29]
and NExT-QA [55], as well as the proposed video-guided agentic task bench-
mark, VG-GUI-BENCH. Further details of EgoSchema and NExT-QA bench-
marks can be found in Appendix B.

4.1 Main Results

VideoQA Results We compare the performance of TASKER with various
related approaches on LLM-driven VideoQA using TASKER-A* variant. Most
of the baselines are mentioned in the related work and Appendix A. Imple-
mentation details are provided in Appendix B. Prompts we use are listed in
Appendix C. Table 1 demonstrates that TASKER significantly outperforms
all these baselines. Specifically, TASKER, (with GPT-4 as base LLM) achieves
63.1% accuracy on EgoSchema fullset (surpassing the best baseline by 2.0%) and
77.4% accuracy on NExT-QA (surpassing the best baseline by 1.8%). Results
based on the open-source MLLM (Qwen3-VL-235B-A22B-Instruct) also show
that TASKER consistently outperforms VideoTree [51] and VideoAgent [47].

Moreover, TASKER operates in a training-free, zero-shot setting, while it
still outperforms training-based methods such as LVNet [33] and Vamos [46].
Meanwhile, TASKER processes only visible frames, for instance, achieving the
reported performance requires only about 15% of the total frames. In contrast,
methods like LangRepo [19] and LifelongMemory [49] process all frames without
selection.
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Table 1: Comparison between TASKER and other methods. We highlight
the gain of our method over VideoTree [51] in blue.

Model (M)LLM EgoSchema NExT-QA

Sub. Full Tem Cau. Des. Avg.
Based on Open-source Captioners and Open-source LLMs
MVU [34] Mistral-13B 60.3 37.6 55.4 48.1 64.1 55.2
LangRepo [19] Mixtral-8x7B 66.2 41.2 51.4 64.4 69.1 60.9
Video-LLA+INTP [36] Vicuna-7B v1.5 - 38.6 58.6 61.9 72.2 62.7
Based on Proprietary MLLMs
IG-VLM [21] GPT-4V 59.8 - 63 69.8 4.7 68.6
LVNet [33] GPT-40 68.2 61.1 65.5 75.0 81.5 72.9
Based on Open-source Captioners and Proprietary LLMs
ProViQ [1] GPT-3.5 57.1 - - - - 64.6
MoReVQA [30] PaLM-2 - 51.7 64.6 70.2 - 69.2
Vamos [416] GPT-4 51.2 48.3 - - - -
LLoVi [63] GPT-4 61.2 - 61.0 69.5 75.6 67.7
VideoAgent [17] GPT-4 60.2 54.1 64.5 2.7 81.1 71.3
VideoAgent [9] GPT-4 62.8 60.2 - - - -
LifelongMemory [49] GPT-4 64.1 58.6 - - - -
VideoTree [51] GPT-4 66.2 61.1 70.6 76.5 83.9 75.6
TASKER (Ours) GPT-4 68.0 (1.8 1) 63.1 (2.0 1) 72.3 (1.71) 78.2 (1.7 1) 85.4 (1.51) 77.4 (1.8 1)
TASKER (Ours) GPT-40 68.6 (2.4 1) 63.6 (2.51) 72.9 (2.31) 79.0 (2.51) 86.1 (2.21) 78.1 (2.5 1)
Based on Open-source MLLMs
VideoAgent [47] Qwen3-VL 75.8 74.6 79.7 83.5 86.5 82.8
VideoTree [51] Qwen3-VL 7.2 76.7 81.9 85.1 86.3 84.3
TASKER (ours) Qwen3-VL  79.4 (2.2 1) 77.3 (0.6 1) 83.6 (1.7 1) 85.3 (0.21) 87.5 (1.2 1) 85.1 (0.8 1)

Additionally, as shown in Figure
4, we compare TASKER’s frame ef-
ficiency with other keyframe extrac-
tion methods in the same condi-
tion on EgoSchema [29] subset. At
the same accuracy level (66%),
TASKER uses only about 1/4 of
the frames required by VideoTree.
Moreover, VideoTree clusters features
of all frames during preprocessing,
whereas TASKER only has access to
visible frames and does not utilize infor-
mation from the rest. The results show
that TASKER utilizes frames more
efficiently than LLoVi [63], VideoA-
gent [47] and VideoTree [51], demon-
strating its superior ability to identify
key information.

Accuracy (%)

w
3

—— LLoVi [63]
— VideoAgent [47]
—— VideoTree [51]

—— TASKER (ours

o
=N

[
£

2’ 2! 2 2° 2’

Number of frames processed

Fig.4: Demonstration of TASKER’s
high frame efficiency. When processing
the same number of video frames with the
same (M)LLM, TASKER achieves higher
QA accuracy.

Video-Guided Agentic Task Results In Table 2, we provide a VG-GUI-
BENCH leaderboard with 7 frontier models. Gemini-3.1-Pro consistently achieves
the best overall accuracy, regardless of whether no video input is used or 10
frames are uniformly sampled from the video. Across most models, incorporat-
ing 10 uniformly sampled frames consistently improves performance over the
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Table 2: VG-GUI-BENCH leaderboard.

Rank Model Mode Acc.(%) Type Acc.(%) Comp.(%) PIR
1 Gemini-3.1-Pro No Video sl T o 0

10 Uniform Frames 61.68 76.25 78.61 0.054

2 GPT-5-mini ll\lool}ﬁii(;m Frames ggzg Zégi ;ggg 0647

3 Kimi-K2.5 ?Ool}lriiifzim Frames g;;; ;i?; ;gié 0-617

4 Claude-Sonnet-4.6 11\100[}7;?{:)(;111 Frames iggg gzgi ;ggg 0.633

5 Seed-2.0-Pro ?Ool\lfri;ifzim Frames gggg Zggg ;3;2 0.;07

6 Qwen3-VL-235B-A22B ?Ool}iizlfzim Frames ;(5)22 2?22 g?zg 0.038

TGemmgiFah 00U e w600 G019 1260 00m2

Table 3: TAKSER and Baselines’ Results on VG-GUI-BENCH. We report
Acc., Type Acc., per-action scores, Comp., Eff., and PIR. For the keyframe selection
methods, best and second-best results are in red and blue. For all methods, we use
Qwen3-VL-235B-A22B-Instruct [1] as the base LLM.

Overall(%) Per-Action Score(%)
Acc. Type Acc. CLICK SCROLL TYPE PRESS ZOOM FINISH

Method Comp.(%) Eff. | PIR

Reference Baselines

No Video 25.32 65.85 26.89 26.18 3.66 29.23 0 0 69.03 0 -
All Keyframes 37.21 65.75 49.48 2.38 25.81 5.26 0 0 72.01 13.23  0.470
Uniform Sampling 39.82 66.34 52.90 5.25 15.71 6.50 0 0 70.64 10.88 0.573
Oracle Keyframes 44.32 73.31 60.34 1.92 0 0 0 0 76.32 1 0.750
Keyframe Selection Methods

VideoTree [51] 40.79 67.52 53.41 7.83 14.75 6.50 0 0 71.93 10.00 0.611
VideoAgent [47] 39.86 67.03 51.61 10.70 13.81 5.26 0 0 71.17 5.12  0.574
TASKER-BFS 40.01 69.97 51.87 9.66 17.16 5.26 0 0 73.77 6.10 0.580
TASKER-GBFS 40.26 69.97 52.10 9.98 16.75 5.26 0 0 73.75 5.81  0.590
TASKER-DUKSTRA 40.75 71.05 52.84 9.66 17.48 5.26 0 0 74.39 5.88  0.609
TASKER-A* 40.96 67.71 53.68 8.71 13.81 6.50 0 0 71.38 8.24 0.618

no-video setting, demonstrating the benefit of temporal visual information for
GUI understanding. Notably, Seed-2.0-Pro exhibits the largest gain in overall
accuracy, improving from 35.93% to 39.78%.

Our TASKER method’s results on VG-GUI-BENCH are presented in Table
3. We consider the following four baselines as references:

— No Video: The model performs the GUI agent task without taking the
video tutorial as input. Since it cannot refer to the tutorial, this baseline
yields the weakest performance.

— All Keyframes: We provide the set of tutorial frames corresponding to all
moments where action behaviors occur. With access to these references, the
model can closely follow the demonstrated procedure and achieves relatively
strong results.



VG-GUI-Bench and TASKER 13

— Uniform Sampling: We uniformly sample frames from the full video. Al-
though this does not guarantee coverage of key instructional moments, the
stable global context allows it to outperform the All Keyframes baseline.

— Oracle Keyframe: We provide the specific tutorial frame corresponding
to the current GUI action with Set-of-Mark [57] annotations, allowing the
model to “peek at the answer”. While this enables high scores by copying vi-
sual targets, it encourages over-reliance on visual imitation, causing complete
failure on operations like TYPE and PRESS.

We also compare against representative keyframe selection methods, VideoTree
and VideoAgent. Overall, our TASKER framework demonstrates excellent per-
formance. Specifically, TASKER-A* achieves the highest Overall Acc. (40.96),
PIR (0.618), and CLICK score (53.68), outperforming the strong VideoTree base-
line. Furthermore, compared to other dynamic selection methods, TASKER ef-
fectively deduplicates redundant frames, yielding superior accuracy with higher
efficiency (fewer frames per step). Beyond accuracy, our approach attains high
task completion rates, with TASKER-DI1IKSTRA (74.39) closely approaching the
Oracle Keyframe upper bound. Finally, the varied search strategies demonstrate
the framework’s internal diversity, robustness, and strong extensibility.

In addition to the VG-GUI-Bench benchmark, we also collected accompa-
nying videos for OSWorld [56] and evaluated whether the TASKER method
can improve the capabilities of GUI agents on OSWorld. Detailed results are
provided in Appendix G.

4.2 Ablation Studies

Basic Search Algorithms In Table 3, we have already compared various vari-
ants of the TASKER algorithm and observed that TASKER-A* achieves the
best performance.

In Table 4, we further 1nYest1— Table 4: Ablation on basic search al-
gate performance and frame efficiency gorithms. We highlight the improvement

of several TASKER algorithm vari- of TASKER-A* over the naive TASKER-~
ants with different base search algo- BFS, emphasizing the role of cost-function
rithms on the EgoSchema subset. The evaluation.

frame efficiency is measured by the Ajgorithm Accuracy  # Visible
number of visible frames. Specifically, TAskER.-BFS 647 312
on EgoSchema dataset, all videos are TASKER-GBFS 67.0 27.3
three minutes long, and we set the ini- TASKER-DUKsTRA 66.8 27.6

. . TASKER-A* 68.0 (3.3 27.9
tial frame rate fps = 1, which means (3-31)

the initial overall frame number is 180. We observe that TASKER-A* achieves
the highest accuracy. TASKER-BFS ranks last in accuracy and has the low-
est frame efliciency, as TASKER-BFS algorithm exhaustively explores all
branches, leading to higher exploration costs. TASKER-GBFS slightly outper-
forms TASKER-DIJKSTRA on both metrics, while TASKER-A* combines the
strengths of them, significantly improving accuracy with only a slight compro-
mise in frame efficiency. This demonstrates that efficient keyframe localization
requires both the heuristic search function and the movement cost function.
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Termination Condition In Table 5, we conduct ablation experiments on
the termination condition of the search process, using TASKER-A* on the
EgoSchema subset.

The results show that self-evaluation
& self-reflection and temporal summa-

Table 5: Ablation on termination

v y . i condition
I‘lZ&thI} assess in orm.atlon sufficiency == Accuracy 7 Visible Frames
from different perspectives. When com- -

. C oy e Self-Evaluation 67.4 27.4
bined, they enhance the reliability of guumarization  67.3 28.9

confidence estimation, leading to im- Vote 68.0 27.9
proved algorithm performance.

Base LLM We also conducted an ab- Table 6: Ablation on different base
lation study on the base LLM of the LLMs

TASKER algorithm in Table 6. Base LLM Accuracy # Visible Frames
We find that GPT-4o0 achieves the GPT-4 68.0 27.9
CGPT-40 68.6 26.7
best performance as the base LLM. In 5 ..o 7.3 95.9
contrast, reasoning models such as 03- Deeprseek-R1 67.6 26.9
LLAMA-3.3-70B 65.2 27.4

mini and Deepseek-R1 perform slightly
worse than GPT-4o, likely due to the rel-
atively straightforward nature of visual reasoning in our tasks.

5 Analysis

5.1 Comparison with Video-LLMs

Compared with end-to-end Video-LLMs, the keyframe-based training-free method
(e.g., TASKER) offers advantages in terms of training cost, inference efficiency,
and interpretability. A detailed comparison with representative Video-LLMs, in-
cluding performance and resource requirements, is provided in Appendix C.

5.2 Visualization

Figure 5 presents a visualized case study. In this 3-minute video, the key informa-
tion for answering the question is located between 126s and 130s. Our TASKER
algorithm precisely identifies this critical video segment by searching along the
video tree and expanding relevant nodes. And it retrieves all frames within the
125s—130s range as keyframes, successfully answering the question. In the video
tree, we mark the nodes traversed by the key search path in yellow and mark the
final leaf node obtained from the key search path in green. The nodes outside
the key search path are barely expanded.

6 Conclusion

In this work, we take a step toward deeper video understanding by connecting
low-level VideoQA with higher-level video-guided agentic tasks. Specifically, we
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e e e e o — — ——— =

Question: Summarize the process ¢ uses to prepare her brush for painting and
how it contributes to the artwork's quality.

A. c cleans the paint brush in her right hand in the small cup on the floor,
which helps to keep the brush clean and free of debris.

B. Skillfully, ¢ mixes paint on the paint board using the brush in her right hand,
which enables her to effortlessly create a wide variety of different colors and
shades for her artwork.

C. Skillfully, c picks paint from the paint board using the brush in her right
hand, which conveniently allows her to apply paint gracefully onto the canvas.
D. ¢ loosens the color intensity on the paint brush in her right hand in the small
cup on the floor, which allows her to create a more subtle and nuanced effect.
E. Carefully, ¢ paints with the paint brush skillfully on the art work displayed
on the canvas, which is the ultimate, final step in the entire painting process.

Fig. 5: Visualization of tree-search and nodes expansion process of TASKER method
solving a VideoQA case from EgoSchema [29].

introduce VG-GUI-BENCH, a benchmark that pairs tutorial videos with cor-
responding GUI interaction episodes to evaluate whether MLLM-based agents
can extract procedural knowledge from videos and transfer it to long-horizon
decision making. Building on the shared bottleneck of temporal content selec-
tion across both settings, we propose TASKER, a task-driven and scene-aware
keyframe search algorithm that formulates keyframe extraction as a generalized
graph-search problem, with MLLMs used to evaluate cost functions and ter-
mination confidence. Extensive experiments on VideoQA benchmarks demon-
strate that TASKER consistently improves accuracy while using substantially
fewer frames than prior keyframe-based baselines, highlighting a practical per-
formance—efficiency trade-off in a training-free regime.
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