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Abstract. Understanding human hand motion requires reasoning that
goes beyond coarse action semantics to capture detailed finger articula-
tion and interaction dynamics. However, existing Video-MLLMs primar-
ily capture global action intent and often fail to represent fine-grained
finger-level movements and contact semantics. In this work, we propose
Fine-grained Finger-level Hand Motion Captioning (FingerCap), which
aims to generate textual descriptions that capture detailed finger-level
semantics of hand actions. To support this task, we curate FingerCap-
40K, a large-scale corpus of 40K paired hand-motion videos and captions
spanning two complementary sources: concise instruction-style finger mo-
tions and diverse, naturalistic hand–object interactions. Furthermore,
we design HandJudge, an LLM-based rubric that measures finger-
level correctness and motion completeness for effective evaluation. To
establish a strong yet lightweight baseline under the FingerCap task,
we introduce FiGOP (Finger Group-of-Pictures), a module tailored
for Video-MLLM settings with sparse RGB sampling. FiGOP augments
keyframes with intermediate 2D hand keypoints, enabling complemen-
tary motion cues without increasing the density of RGB frames. Exper-
iments on FingerCap-40K show that strong open- and closed-source
Video-MLLMs still struggle with finger-level reasoning, while our FiGOP-
enhanced model yields consistent gains under both HandJudge and hu-
man studies. The dataset and benchmark are available at § FingerCap.

Keywords: Finger-level Hand Motion · Motion Captioning Dataset ·
Video-Language Models

1 Introduction

Human hand motion is critical for both physical manipulation [20,21,36,48,76]
and nonverbal communication [2, 9, 26, 35]. From grasping tools and typing [19,
⋆ Corresponding author.
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OAKINK2 (Hands-Object-Interact) Stir in the bowl with the spoon.

Australian Sign Language (Gesture)  GLOSS-beautiful

Left hand extends the index, middle, and ring fingers to press down on the blue 
bowl, while the right hand grips the spoon with the thumb, index, and middle 
fingers, stirring the spoon in the blue bowl, then transferring the spoon from the 
right hand to the left hand, where the left hand grabsthe spoon with all fingers.

Right hand, flat and raised to the chin with the palm facing inward, moves 
sideways and transforms into a fist with the thumb extended.

:  Data Source : Data Annotation : Finger-level Hand Motion Captioning

Fig. 1: FingerCap aims to generate textual descriptions that capture detailed
finger-level semantics of hand actions. Examples from FingerCap-40K: top, concise
instruction-style clips with explicit targets for finger articulation; bottom, hand–object
interactions showing coordinated finger dynamics during manipulation.

40, 46, 50] to signing and gesturing [3, 65, 83], the hands convey rich semantic
and functional information. However, most existing research focuses on coarse
hand-level actions [21, 76] or global gestures [9, 54], overlooking the subtle yet
crucial contributions of individual fingers. Fine-grained finger articulation plays
a critical role in modeling dexterity, precision, and intent, where subtle con-
figuration changes may result in different gesture semantics or influence task
success [7,21,37,40,50]. To bridge this gap, we introduce Fine-grained Finger-
level Hand Motion Captioning (FingerCap), a new task that generates de-
tailed textual descriptions of how individual fingers move and coordinate during
hand actions. Unlike conventional motion captioning [12,21,38,39,63] or gesture
recognition [2, 26, 35, 54], FingerCap requires models to capture and describe
fine-grained finger articulation, temporal evolution, and inter-finger coordina-
tion, whether in gesture communication or object manipulation.

To support the FingerCap task, we curate FingerCap-40K, a large-scale
dataset of 40K video–caption pairs. As illustrated in Figure 1, the dataset spans
two complementary domains: gesture instruction and hand–object interaction
(HOI). The gesture domain is built from sign language datasets across four
regions [2, 26, 35, 54], providing linguistically structured examples of fine finger
articulations that are reviewed and refined by sign language experts. Captions in
these samples offer diverse hand configurations and compositional gestures with
explicit semantic meaning, serving as high-quality supervision for finger-level un-
derstanding [10, 62]. In contrast, the HOI domain captures physically grounded
behaviors such as grasping, twisting, pinching, and transferring objects, col-
lected from large-scale multi-view datasets [21,76] and out-of-distribution bench-
marks [25,48]. This domain complements the gesture data by introducing natu-
ral, unconstrained finger coordination in manipulation tasks. By integrating lin-
guistically precise gestures with physically diverse interactions, FingerCap-40K
provides both semantic richness and physical realism, forming a comprehensive
foundation for modeling fine-grained finger motion captions.

Under typical sparse RGB sampling strategies adopted by current Video-
MLLMs [4, 8, 13, 27, 42, 67, 68, 71, 77, 81], fine-grained finger articulations are
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usually underrepresented. To establish a simple yet effective baseline in this set-
ting, we introduce FiGOP (Finger Group-of-Pictures), a lightweight module
that associates each sparsely sampled RGB keyframe with a temporally ad-
jacent sequence of 2D hand keypoints [75]. A temporal graph-based encoder
(ST-GCN) [69, 74] aggregates the sequence into a compact motion representa-
tion, which is fused with visual tokens in the multimodal projector. This struc-
tured pose augmentation can be seamlessly integrated into existing Video-MLLM
pipelines as a task-driven baseline for finger-level reasoning. Compared with in-
creasing RGB sampling density, FiGOP preserves high-frequency motion cues
while maintaining computational efficiency and scalability to long sequences.

To enable reliable evaluation of finger-level motion captions, we introduce
HandJudge, a compact LLM-based assessment framework [23,29,34]. Conven-
tional captioning metrics [6,43,51,70] are insufficient for FingerCap, as improve-
ments in lexical overlap do not necessarily reflect correct finger articulation,
motion direction, or contact semantics. Without task-specific evaluation crite-
ria, models may produce fluent yet physically inaccurate descriptions, masking
the true difficulty of fine-grained motion reasoning. HandJudge evaluates gener-
ated captions along four dimensions: (1) Finger and Hand Identification (FHI),
assessing the accurate recognition of both the acting hand and specific fingers;
(2) Motion and Trajectory (MT), measuring the correctness of the movement
type and its directional path; (3) Contact and Interaction (CI), evaluating the fi-
delity of physical interactions while strictly penalizing hallucinated or physically
implausible contacts; and (4) Completeness of Motion Sequence (CMS), verify-
ing whether the description captures all semantically essential phases defined in
ground-truth annotations.

Through comprehensive experiments on both open- and closed-source Video-
MLLMs [13,27,67,71,77], as well as task-adapted fine-tuned models, we observe
that current models perform poorly on FingerCap. They frequently miss or mis-
represent finger articulations, and in many cases, the generated captions are
vague or even hallucinated. These results expose a fundamental gap in fine-
grained hand motion understanding, emphasizing the necessity of dedicated
benchmarks and specialized modeling strategies.

In summary, our contributions are fourfold:

– We define FingerCap, a new task for understanding and describing detailed
finger articulation and coordination.

– We curate FingerCap-40K, a 40K-sample dataset combining linguistically
precise gesture data and physically grounded hand–object interactions.

– We introduce FiGOP, a lightweight and memory-efficient module that binds
sparse sampled RGB keyframes with dense 2D hand keypoints to capture
temporal details.

– We propose HandJudge, an LLM-based evaluation framework for inter-
pretable and multi-dimensional assessment of fine-grained motion semantics.
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2 Related Work

2.1 Hand Motion Datasets

Research on hand motion understanding has led to the development of diverse
datasets across three major domains: hand–object interaction, gesture recog-
nition, and sign language recognition (ISLR) [53, 55, 56, 58–61]. Hand–object
interaction datasets [5,20–22,47–49,76] have enabled progress in modeling phys-
ical manipulation and contact dynamics, supporting studies of grasping and
coordination [19, 40, 50]. However, these datasets primarily focus on coarse ac-
tion categories or hand trajectories, without offering detailed representations of
finger articulation or semantic descriptions that capture intent. Gesture recogni-
tion and ISLR datasets, in contrast, focus on communicative and symbolic hand
movements. While they vary in scale from dozens to thousands of gesture or gloss
classes, they often remain limited to single-view RGB recordings, restricted view-
points, or small vocabularies [9,26,44,45,52,64]. Although recent datasets have
improved realism through larger signer diversity and higher resolution, they typ-
ically describe isolated gestures rather than continuous, fine-grained finger mo-
tion [2,33,35,54]. This limitation hinders the ability of these datasets to represent
the subtle articulations and temporal coordination that underlie expressive and
dexterous hand behavior [7]. Existing hand motion datasets have greatly ad-
vanced recognition and interaction understanding, but they largely neglect con-
tinuous finger-level dynamics and lack natural language grounding. To address
this gap, our FingerCap-40K dataset provides large-scale paired video–text data
covering both structured gestures and natural hand–object interactions, enabling
a new research direction in fine-grained finger motion captioning.

2.2 Human Motion Understanding

Traditional motion understanding methods are predominantly built on 3D skele-
tal representations, where actions are modeled as sequences of articulated joints
[24, 30, 41, 72, 73, 80]. These datasets and models are typically annotated at the
body or hand level, without explicit supervision for individual fingers. As a result,
they can capture coarse motion patterns but are fundamentally unable to learn
how specific fingers articulate, coordinate, or interact with objects. Even hand-
centric datasets and models [21,48,76] follow this design and describe hand pose
at a single rigid unit, rather than providing finger-level trajectories. To enrich
geometric modeling with visual cues, recent works combine RGB video and pose
sequences [12, 28, 38, 39, 63]. However, the underlying annotations still operate
at the hand level, and pose streams are usually sampled at low temporal res-
olution. Consequently, high-frequency finger movements and subtle transitions
between finger configurations are either missing from the data or smoothed out
during aggregation, preventing these models from developing true finger-level
hand motion understanding.

Video Multimodal Large Language Models (Video-MLLMs) [13, 27, 57, 67,
71, 77, 81, 82] introduce powerful language reasoning on top of visual features
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Fig. 2: Data collection, annotation and processing pipeline for gesture and hand–object
interaction data in FingerCap-40K. Gesture videos are collected from multilingual
sign language datasets, where raw dictionary-style motion descriptions are manually
corrected and refined using an LLM to produce finger-level captions. Hand–object
interaction videos are sampled from multi-view manipulation datasets, in which the
clearest view is selected, followed by human-written and LLM-refined finger–object
interaction descriptions.

and show emerging ability to describe hand actions from large-scale web data.
However, they inherit the same limitations of their training corpora: sparse frame
sampling and predominantly hand-level supervision. They can often infer the
overall intent of a gesture, but they rarely capture which fingers move, in what
order, and how they make or break contact. To efficiently mitigate temporal
sparsity and expose models to explicit finger supervision, we propose FiGOP,
which enriches Video-MLLMs with fine-grained hand keypoints for finger-level
understanding.

3 FingerCap-40K

Building reliable models for finger-level hand motion understanding requires data
that jointly capture both semantic intent and fine-grained kinematics. How-
ever, existing datasets fall short in several aspects: (1) gesture corpora [9, 54]
often contain high-level linguistic semantics but lack explicit descriptions of fin-
ger articulations; (2) hand–object datasets [20, 22] focus on manipulation dy-
namics yet rarely include natural language annotations that describe motion
in finger-level detail; and (3) few resources [21, 76] provide temporally aligned
motion–caption pairs with consistent left–right and contact annotations. These
limitations hinder the study of fine-grained motion reasoning and the evaluation
of multimodal models under precise physical supervision. To bridge this gap,
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we curate FingerCap-40K7, a large-scale video–caption dataset featuring 40K
fine-grained hand motion–language pairs.

3.1 Data Sources

FingerCap-40K is constructed from two complementary domains: gesture in-
struction and hand–object interaction. The gesture subset is collected from
four major sign language systems, including ASL [35], BSL [2], CSL [26] and
Auslan [54]. These videos provide naturally aligned motion–text pairs with se-
mantically precise finger articulations. All annotations are reviewed and refined
with the assistance of sign language experts to ensure structural correctness
and temporal consistency. The hand–object interaction subset captures physi-
cally grounded finger motions such as grasping, twisting and pinching, sampled
from large-scale multi-view datasets such as GigaHands [21] and OakInk2 [76].
To evaluate generalization under distribution shifts, we further include out-of-
distribution samples from HOI4D [48] and MotionBench [25]. Together, these
two domains provide both semantic precision and kinematic diversity, forming a
comprehensive foundation for fine-grained finger-level hand motion captioning.

3.2 Data Collection, Annotation and Processing

Based on the two domains introduced above, we construct FingerCap-40K through
a unified pipeline (Figure 2) that ensures temporal alignment, semantic precision
and natural language quality in all video–caption pairs.

Gesture data. For sign language videos, we first retrieve motion descriptions
from official sign language dictionaries corresponding to each dataset. These
raw descriptions are not directly suitable for captioning due to three issues:
(1) hand references are often written as “dominant” and “non-dominant” rather
than left and right, which creates spatial ambiguity; (2) some entries include
non-motor content such as emotions or analogies unrelated to physical motion;
and (3) the language is instructional and lacks the natural sentence structure
expected in captions. To address this, we manually correct or remove ambiguous
content, normalize left and right hand references, and then paraphrase the text
using GPT-4.1 [1] while preserving the original motion semantics. The resulting
captions are concise, fluent, and finger-level accurate.

Hand–object interaction (HOI) data. For HOI videos, we sample clips
from multiple viewpoints, including first-person, third-person, left, right and top-
down cameras, and only retain those in which all finger movements are clearly
visible. Annotators then describe how each finger interacts with the object, focus-
ing on articulation, contact and coordination between both hands when present.
These descriptions are subsequently refined using GPT-4.1 [1] to ensure gram-
matical consistency and descriptive clarity.

To prevent factual errors, the LLM (GPT-4.1) is strictly restricted to tex-
tual polishing and is explicitly forbidden from altering semantics or adding new
7 FingerCap-40K and all sources follow the CC BY-NC-SA 4.0 license.
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(a) (b) (c) (d)

Fig. 3: Data distribution in FingerCap-40K. (a) the word cloud of finger- and hand-
related terms in captions. (b) video duration. (c) single vs. double hand usage across
viewpoints8. (d) caption length distribution.

information. Thus, the final captions are strictly grounded in human visual per-
ception, completely avoiding LLM hallucinations.

3.3 Dataset Statistics

Table 1: Statistics of the FingerCap-40K
dataset across gesture and hand–object inter-
action domains.

Gesture HOI

Data Source ASL, CSL, Auslan [21], [76]
Num.Videos 21,055 19,922
Num.Words 651,112 744,296
Num.Frames 1,922,471 4,251,389
Num.Vocs 3,427 4,882
Num.Views 3 5
Single-Hand 6,850 1,544
Both-Hand 14,205 18,378

OOD Set BSL [48], [25]
OOD Vocs 100 36
OOD Domain sign language sport, medical, ...

Table 1 presents the core statis-
tics of FingerCap-40K, highlight-
ing its scale and diversity. It
contains 40K video with fine-
grained finger-level hand motion
captions, including 21K gesture
clips and 19K hand–object inter-
action clips. In total, it comprises
6.17 million frames and 1.40 mil-
lion caption words. The gesture
subset has a vocabulary size of
3.4K, and the interaction subset
has 4.8K unique words, indicat-
ing substantial linguistic diversity
across communicative and manip-
ulative domains. For training and evaluation, the dataset is split into training,
validation, and test sets in a ratio of 8:1:1.

Figure 3 further analyzes the data distribution. The word cloud (a) shows
frequent use of terms referring to individual fingers and hands, which reflects
the dataset focus on fine-grained motion semantics. The video durations (b)
are mostly between one and ten seconds, producing short but motion-rich clips.
Caption lengths (c) exhibit a long-tailed distribution, indicating varied levels
of descriptive complexity across samples. Hand usage across TPV, L-TPV, R-
TPV, TDV and FPV (d) shows that bimanual actions occur more often than
single-hand motions, offering a wide range of viewpoints that support modeling
detailed finger movements under varied conditions.
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4 FiGOP-augmented Video-MLLM

Current Video-MLLMs [4,13,15–18,67,68,71,77,81] typically adopt sparse RGB
sampling to reduce computational cost when processing long videos. However,
such sampling discards high-frequency motion cues, especially the rapid artic-
ulations and coordination of fingers. Inspired by the Group-of-Pictures (GOP)
principle [32,78], we introduce Finger Group-of-Pictures (FiGOP), a simple
yet effective encoding mechanism that augments sparsely sampled RGB frames
with dense hand pose streams. Unlike prior work that relies on optical flow or
dense frame inputs [32, 78], FiGOP uses structurally organized 2D hand key-
points [75], which provide explicit motion trajectories without increasing pixel-
level redundancy. An overview of this architecture is shown in Figure 4.

4.1 FiGOP Unit Construction

A video is divided into a sequence of FiGOP units. Each unit consists of:

FiGOPt = (It, Pt:t+K) , (1)

where It ∈ RH×W×3 is a sparsely sampled RGB keyframe, and Pt:t+K = {pt, pt+1,
. . . , pt+K−1} is a dense sequence of hand poses between the current and next
keyframe. Each pi ∈ RJ×C represents J hand joints, with C-dimensional fea-
tures (e.g ., (x, y) coordinates and confidence) [75]. This design preserves high-
frequency motion while keeping RGB sampling unchanged.

4.2 Dual-Stream Encoding

Large Language Model

Both hands are flat with the blade of the right hand resting 
on top of the pointer finger of the left hand, then the right 

hand is raised and brought back down again.

“Describe finger-level motion.”

T T T T T
Text Embedding

V V V V V V

Slow Visual Stream

𝐹!"

Fast Pose Stream

𝐹!
#

Multimodal Projector

Cross-Attention Fusion

𝐹!
$%&'(

P(𝐹!$%&'()

Qwen3

keyframe: 𝒑𝒕"𝟏 𝒑𝒕"𝑲poses: …𝒑𝒕

…

𝑰%

FiGOPUnits

…

Fig. 4: Overview of the FiGOP-augmented
Video-MLLM.

Each FiGOP unit is processed by
two parallel streams:

– Slow Visual Stream. The
RGB keyframe It is encoded
by a pre-trained vision en-
coder [14,67,68] to obtain spa-
tial tokens F v

t ∈ RN×Dv .
– Fast Pose Stream. The

pose sequence Pt:t+K is fed
into the ST-GCN module [31,
58, 74] to model finger joint
topology and local motion. A
lightweight temporal Trans-
former [69] further aggregates

cross-frame dependencies, producing F p
t ∈ RK×Dp .

Pose representations, unlike optical flow or RGB images, are structured and
physically meaningful, offering computational efficiency and robustness to back-
ground and lighting variations [31,58].
8 TPV = third-person view, L-TPV = left third-person view, R-TPV = right third-

person view, TDV = top-down view, FPV = first-person view.
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4.3 Motion-Aware Projector Fusion

To inject high-frequency motion cues into the visual representation, we incor-
porate a motion-aware adapter [78] into the multimodal projector. Given visual
tokens F v

t and pose motion features F p
t , we apply a cross-attention [69] fusion:

F fused
t = CA(F v

t , F
p
t ) + F v

t , (2)

CA(F v
t , F

p
t ) = Attn(F v

t WQ, F
p
t WK , F p

t WV ), (3)

where WQ,WK and WV denote learnable projection matrices. The fused tokens
are then projected into the LLM (Qwen3 [68]) embedding space:

ELLM
t = P(F fused

t ). (4)

Our design allows visual tokens to selectively retrieve motion information from
pose features, improving finger-level temporal reasoning.

5 Experiments

5.1 Evaluation Metrics

Standard Caption Metrics. Following common practice in video captioning,
we report BLEU-4 (B-4) [51], ROUGE-L (R-L) [43], METEOR (M) [6], and
CIDEr (C) [70] (all values are multiplied by 100 for clearer comparison after
using the Jury evaluation toolkit [11]). These metrics measure lexical overlap and
fluency but do not effectively capture finger-level correctness, motion direction,
or contact semantics, which are crucial for this task.
HandJudge (LLM-as-a-Judge). To address the limitations of standard met-
rics, we introduce HandJudge, an LLM-based evaluation framework [23, 29, 34]
using GPT-4.1 [1]. For each generated caption, the LLM compares it with the
ground truth and assigns a score from 0 to 5 across four expert-defined criteria:
(1) finger and hand identification (FHI), (2) motion and trajectory accuracy
(MT), (3) contact and interaction reasoning (CI), and (4) completeness of mo-
tion sequence (CMS). CMS evaluates whether the generated caption covers all
semantically essential phases defined in the ground-truth annotation, rather than
exhaustively describing every observable visual state in the video. The LLM also
provides intermediate reasoning before scoring, offering interpretable and fine-
grained assessment that better aligns with human judgment, as illustrated in
Figure 5. More details are provided in the Appendix.

5.2 Implementation Details

Evaluation Protocol. We evaluate several open-source Video-MLLMs using
LLaMA-Factory [79]. Closed-source systems are queried via APIs with unified
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decoding settings. All models receive the same 2-fps-sampled RGB inputs, en-
suring a fair comparison.
FiGOP-augmented Video-MLLM. We apply Qwen3-VL-8B [68] as the back-
bone, and use the efficient and precise DWPose [75] to extract 2D poses. Videos
are sampled at 2 fps, and for each RGB keyframe, we attach a 2D hand-pose se-
quence in the following 8 frames, forming a FiGOP unit. RGB frames are encoded
by the frozen vision tower [14], while poses are processed through a two-layer
ST-GCN and temporal Transformer to generate pose motion embeddings.
Two-Stage Fine-tuning. We perform full supervised fine-tuning on FingerCap-
40K. In Stage 1, we freeze the vision encoder and the LLM, and train the pose
encoder and the projector for one epoch. In Stage 2, we unfreeze the LLM and
fine-tune both projector and LLM with a next-token-prediction loss for three
epochs. The whole process is trained on eight NVIDIA A100 GPUs with a batch
size of 1 and learning rates of 1e−4 (Stage 1) and 1e−5 (Stage 2). More details
of prompts, experimental settings, and evaluation are provided in the Appendix.

5.3 Baseline Models

Closed-source Models. We evaluate three state-of-the-art proprietary multi-
modal systems: GPT-4o [27], GPT-4o-mini [27], and Gemini-2.5-Pro [13]. These
models are capable of understanding videos and represent the frontier in com-
mercial multimodal reasoning.
Open-source Models. We include several recent state-of-the-art open-source
MLLMs: LLaVA-NeXT-Video-7B (-V-7B) [77], InternVL3-8B [81], InternVL3.5
-8B [71], Qwen2.5-VL-7B-Instruct (-I) [67], and Qwen3-VL-8B-Instruct (-
I) [68]. These models, trained on large-scale visual–textual alignment and tempo-
ral adaptation, serve as transparent and reproducible baselines for fine-grained
motion understanding.
Fine-tuned Variants. To evaluate task adaptation, we fine-tune Qwen3-VL-8B-
Instruct on the FingerCap-40K dataset under two configurations: (1) using a
standard multimodal projector (MM Proj), and (2) using our proposed FiGOP-
augmented projector (FiGOP), which incorporates structured pose representa-
tions through the spatial–temporal fusion.

5.4 Results

Zero-shot Evaluation: Closed-source vs. Open-source Models. We first
compare the performance of closed-source and open-source models in both stan-
dard captioning metrics and HandJudge evaluation. As shown in Table 2 and
Table 3, Gemini-2.5-Pro [13] outperforms all other models in both evaluation
settings. In the standard metrics, it achieves the highest METEOR (34.28) and
CIDEr (32.37) scores. Meanwhile, Gemini-2.5-Pro maintains a leading position
in HandJudge with an overall score of 2.64, showing superior performance in
FHI and CMS. In comparison, the open-source models, especially Qwen3-VL-
8B-Instruct [68], show competitive performance but fall short of Gemini-2.5-Pro.
Specifically, though Qwen3-VL-8B-Instruct achieves a decent average CIDEr
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Table 2: Performance comparison of different models on standard captioning metrics
in the FingerCap-40K test set.

Model Gesture HOI Average

B-4 R-L M C B-4 R-L M C B-4 R-L M C

Closed-source Models

GPT-4o 1.54 18.36 27.95 24.64 2.71 22.12 28.42 17.54 2.09 20.13 28.17 21.29
GPT-4o-mini 1.11 14.15 25.58 21.05 1.60 13.66 26.15 13.06 1.34 13.92 25.85 17.28
Gemini-2.5-Pro 3.31 27.13 35.13 29.69 3.30 24.46 33.33 35.05 3.31 25.87 34.28 32.37

Open-source Models

LLaVA-NeXT-V-7B 1.41 19.32 27.02 13.85 2.78 21.73 28.23 11.63 2.05 20.46 27.59 12.80
InternVL3-8B 1.33 21.49 28.98 18.38 2.45 23.72 29.87 28.76 1.86 22.54 29.40 23.28
InternVL3.5-8B 0.93 19.97 27.91 16.45 2.33 22.82 30.15 17.26 1.59 21.31 28.97 16.83
Qwen2.5-VL-7B-I 1.24 20.67 26.15 23.84 2.58 23.10 27.77 34.91 1.87 21.81 26.92 29.06
Qwen3-VL-8B-I 1.98 19.85 30.30 23.10 2.79 19.27 30.01 35.92 2.36 19.58 30.16 29.14

Fine-tuned Models: Qwen3-VL-8B-Instruct

+ MM Proj + SFT 7.84 31.17 32.87 89.89 13.42 36.15 36.36 126.73 10.48 33.52 34.51 107.28
+ FiGOP + SFT 13.81 36.84 38.41 146.29 17.09 39.14 39.43 165.31 15.36 37.92 38.89 155.27

score of 29.14, it still lags behind Gemini-2.5-Pro in HandJudge, with an overall
score of 2.09 compared to 2.64 for Gemini-2.5-Pro. This clearly indicates that
closed-source models [68,71,77] perform better at capturing both lexical fluency
and fine-grained hand motion details in comparison to their open-source [13,27]
counterparts.
Impact of Fine-tuning. In the standard captioning evaluation, the fine-tuned
Qwen3-VL-8B-Instruct demonstrates significant improvements across all met-
rics. Meanwhile, fine-tuning with the standard multimodal projector (MM Pro-
jector) also results in a substantial increase in performance, and even surpasses
Gemini-2.5-Pro. This indicates that task-specific fine-tuning can boost the model’s
ability to generate accurate captions. However, in the HandJudge evaluation,
the fine-tuned model with MM Projector still lags behind Gemini-2.5-Pro. The
model achieves an overall HandJudge score of 2.13 compared with 2.64 achieved
by Gemini-2.5-Pro. This suggests that while fine-tuning has a significant impact
on caption generation, the finger-level accuracy remains a challenge, highlight-
ing the importance of incorporating rich and task-specific data for fine-grained
motion understanding.
FiGOP-augmented Video-MLLM. The introduction of FiGOP significantly
enhances the performance of fine-tuned model. The FiGOP-augmented model
shows improvements in both HOI and gesture subset, surpassing Gemini-2.5-Pro
in multiple HandJudge metrics. Specifically, FHI, MT, and CI scores reach 2.96,
2.50 and 2.45, respectively, and the overall HandJudge score increases to 2.74,
bringing the performance of the open-source model on par with the closed-source
model in several aspects. These results suggest that FiGOP better captures
fine-grained finger motion, mitigating limitations observed in earlier fine-tuned
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Table 3: Results of HandJudge evaluation across four dimensions: Finger and Hand
Identification (FHI), Motion and Trajectory (MT), Contact and Interaction (CI), and
Completeness of Motion Sequence (CMS).

Model Gesture HOI Average

FHI MT CI CMS FHI MT CI CMS FHI MT CI CMS Overall

Closed-source Models

GPT-4o 2.26 1.75 1.28 2.94 2.86 2.34 2.17 2.65 2.54 2.03 1.70 2.81 2.27
GPT-4o-mini 1.79 1.36 1.20 2.26 2.17 1.95 1.81 2.40 1.97 1.64 1.49 2.33 1.86
Gemini-2.5-Pro 2.91 2.13 1.97 3.38 2.53 2.45 2.40 3.33 2.73 2.28 2.17 3.36 2.64

Open-source Models

LLaVA-NeXT-V-7B 1.31 1.13 0.89 1.97 1.59 1.21 1.14 1.87 1.44 1.17 1.01 1.92 1.39
InternVL3-8B 2.02 1.66 1.27 2.68 2.01 1.92 1.72 2.39 2.01 1.78 1.48 2.54 1.96
InternVL3.5-8B 2.05 1.59 1.24 2.86 2.24 1.99 1.84 2.73 2.14 1.78 1.52 2.80 2.06
Qwen2.5-VL-7B-I 1.69 1.30 0.78 1.86 1.92 1.67 1.56 2.09 1.80 1.48 1.15 1.96 1.60
Qwen3-VL-8B-I 2.14 1.47 1.16 2.67 2.64 1.93 1.92 2.92 2.38 1.69 1.52 2.79 2.09

Fine-tuned Models: Qwen3-VL-8B-Instruct

+ MM Proj + SFT 2.40 1.75 1.63 2.50 2.45 1.94 1.99 2.43 2.42 1.84 1.80 2.47 2.13
+ FiGOP + SFT 3.03 2.41 2.34 3.11 2.88 2.60 2.58 3.01 2.96 2.50 2.45 3.06 2.74

models and narrowing the performance gap between open-source and closed-
source models.

5.5 Discussion

Table 4: Comparison of HandJudge scores from
Qwen2.5, GPT-4.1, and human judges.

Judges
Models Qwen2.5-7B GPT-4.1 Human

Zero-shot 2.08 1.55 1.10
MM Proj 3.30 3.18 3.01
FiGOP 3.52 3.61 3.74

Evaluation Reliability. We ran-
domly sample 100 clips and col-
lect captions from three sys-
tems: the zero-shot Qwen3-VL-
8B [68], multimodal projector
(MM Proj) fine-tuned model, and
our FiGOP-augmented model.
Each caption is scored by three independent judges: Qwen2.5-7B [66], GPT-
4.1 [1], and human annotators, with human judgments gathered from 5 in-
dependent raters. The evaluations follow the four HandJudge criteria (FHI,
MT, CI, CMS; 0–5). As shown in Table 4, the scores from GPT-4.1 closely
match those of the human raters across all models, demonstrating the reliabil-
ity of LLM-based evaluations. Our FiGOP-augmented model outperforms other
systems and attains the highest average score. These results indicate that the
FiGOP-augmented model yields the most structurally accurate, consistent, and
interaction-aware descriptions. Further details on the evaluation setup and pro-
tocol are provided in the Appendix.
Impact of Pose Sequence Length. A critical hyperparameter in the FiGOP
architecture is the temporal receptive field of the pose stream, defined by the
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Table 5: Ablation on pose se-
quence length (Tp).

Tp B-4 R-L M C

4 Frames 14.12 36.10 37.95 147.50
8 Frames 15.36 37.92 38.89 155.27
16 Frames 15.15 37.75 38.50 153.80

Table 6: Comparison of model performance on
out-of-distribution subsets.

Model B-4 R-L M C HandJudge

Zero-shot 1.33 20.13 27.57 9.67 1.56
MM Proj 2.53 27.38 27.33 47.66 1.61
FiGOP 3.11 30.47 29.15 52.21 2.04

Table 7: Ablation on modality limitations and naive video scaling strategies. R: RGB
visual stream; P: Pose stream.

Method Modality Resolution FPS B-4 R-L M C HJ

Pose-only P - 8 6.10 21.20 24.10 62.10 1.25

Base MLLM R 5122 2 10.48 33.52 34.51 107.28 2.13
Medium Sampling R 5122 4 13.10 35.30 36.30 124.00 2.29
Dense Sampling R 5122 8 OOM OOM OOM OOM OOM
Low-Resolution R 2562 8 11.70 34.60 35.60 118.00 2.25

FiGOP (Ours) R + P 5122 2 (R) / 8 (P) 15.36 37.92 38.89 155.27 2.74

sequence length (Tp) anchored to each sparse RGB keyframe. In the main paper,
we set Tp = 8 (representing 8 pose frames per RGB keyframe). To empirically
validate this choice, we conducted an ablation study across Tp ∈ {4, 8, 16}. As
detailed in Table 5, constraining the pose window to Tp = 4 leads to a noticeable
degradation across all metrics. This indicates that restricted temporal windows
are insufficient to encapsulate the full kinematic trajectory of rapid finger ar-
ticulations. Conversely, expanding the sequence to Tp = 16 yields no further
empirical gains and marginally deteriorates performance. We attribute this to
the introduction of temporal redundancy and an increased susceptibility to ac-
cumulated noise from the 2D pose estimator (e.g ., spatial jitter or occlusion arti-
facts). Such noise can overwhelm the lightweight temporal encoder, attenuating
its focus on the most salient high-frequency dynamics immediately adjacent to
the keyframe. Consequently, Tp = 8 establishes the optimal equilibrium between
motion granularity, robustness to estimation noise, and modeling efficiency.
Generalization under Distribution Shifts. To further examine model ro-
bustness, we evaluate on two out-of-distribution (OOD) subsets from BSL (lin-
guistic variation) and HOI4D + MotionBench (physical variation). We com-
pare the zero-shot Qwen3-VL-8B [68], multimodal projector (MM Projector)
fine-tuned model, and our FiGOP-augmented model. As shown in Table 6, all
metrics drop notably compared to the in-distribution test set, reflecting the
inherent difficulty of generalizing to unseen sign languages or novel manipula-
tion domains. Nevertheless, our method consistently outperforms both zero-shot
and standard fine-tuned baselines across all metrics, indicating that incorporat-
ing structured motion cues improves resilience to distribution shifts. However,
performance gaps remain large, particularly in the HandJudge overall score,
suggesting that fine-grained reasoning about unseen finger configurations and
contact dynamics remains an open challenge.
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Qwen3-VL-8B-Instruct
(Zero-shot)

(Prediction) Right hand starts with all fingers

extended and palms facing forward, then

moves in a circular mot ion with fingers

slight ly cur led, continuing clockwise; it

returns to the initial position with fingers

extended and palms facing forward before

making a series of quick, small movements

with fingers slightly curled, returning to the

initial position repeatedly.

Judge (GPT-4.1)

Finger: 2.0

Completeness: 1.0

Motion: 1.0

Contact: 0.0

(Explanation) The model's description fails to mention either the right

index finger or the left thumb, and does not specify which fingers make

contact or identify the correct hands. There is only a general mention of

the 'right hand' and 'fingers,' with no clarity about finger identity, side

of contact, or interaction with another hand or body part. The described

motion involves circular movements and repeated returns but does not

reference the tap, correct hand-to-hand contact, or sequence involving

both participants in the action. The motion, contact, and completeness do

not match the reference at all.

Right index finger 

taps the left thumb.

Caption

Video…
…

Qwen3-VL-8B-Instruct
(FiGOP-augmented)

(Prediction) Left hand is raised with the palm

facing forward and all five fingers extended

and spread, while the right hand, with the

index finger extended and other fingers

curled, moves toward the left hand, with the

right index finger touching the base of the

left thumb.

Judge (GPT-4.1)
(Explanation) The model accurately specifies both hand sides (left and

right) and details specific fingers involved: right index extended and

other fingers curled, left hand with all fingers spread, receiving contact

near the thumb's base. Finger states and assignment match the reference

with slight elaboration, and the motion (right index moving to touch left

thumb) is correctly described. Contact is specific, noting the base of the

left thumb (slightly more detailed than the reference but consistent). The

description includes all stages: left hand positioning, right hand motion,

and the touch. No significant omissions or errors.

Finger: 5.0

Completeness: 5.0

Motion: 5.0

Contact: 5.0

Fig. 5: Comparison of hand gesture descriptions between zero-shot and FiGOP-
augmented models.

Ablation on Modality and Temporal Scaling. To justify the necessity of the
FiGOP architecture, we evaluate its design against naive modality and temporal
scaling alternatives in Table 7. First, relying solely on pose estimators without
RGB context (i.e., pose-only methods) fails completely, particularly in Hand-
Object Interactions (HOI). Because identical 3D finger geometries can convey
vastly different semantics depending on the unobserved objects, applying hard-
coded geometric rules is practically infeasible. Second, naively scaling up the
video temporal density by directly increasing the RGB sampling rate to 8 fps
leads to severe Out-of-Memory (OOM) errors. Attempting to circumvent this by
reducing the spatial resolution to 256× 256 severely obscures fine-grained finger
details, causing a noticeable performance regression. By elegantly embedding
dense pose sequences (8 fps) between sparse, high-resolution RGB frames (2 fps),
FiGOP breaks this spatial-temporal bottleneck, achieving optimal performance
without triggering the memory explosion typical of dense Video-MLLMs.
Further Discussions. For more detailed analyses and additional ablation stud-
ies (such as the impact of different pose estimators), please refer to the Appendix.

5.6 Case Study

We compare the zero-shot model and our proposed FiGOP-augmented version
of Qwen3-VL-8B-Instruct [68] on a hand gesture task involving the right index
finger tapping the left thumb. The zero-shot model generates a vague descrip-
tion, failing to specify the fingers involved and the contact point. The GPT-4.1 [1]
evaluation gives low scores, due to missing details such as finger identity and mo-
tion sequence. In contrast, the FiGOP-augmented model provides a detailed and
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accurate description, specifying the left hand’s position and the exact contact
between the right index finger and left thumb. GPT-4.1 rates this highly, with
perfect scores (5.0) in all dimensions. These results demonstrate the significant
improvement in fine-grained motion description with the FiGOP augmentation.
Further case studies can be found in the Appendix.

6 Conclusion

Understanding the subtleties of human hand motion requires a bridge between
perception, language, and action. In this work, we take a step in that direction
by introducing the FingerCap task, the first benchmark and framework for
fine-grained finger-level motion description. Our FingerCap-40K dataset com-
bines the linguistic precision of gesture with the physical realism of hand–object
interaction, providing a foundation for studying how models interpret manual
dexterity. We further propose the FiGOP module, which injects structured pose
dynamics into video representations, enabling models to reason not only about
visual appearance but also about temporal movement patterns at the finger level.
Through evaluations using our HandJudge framework, we show that while ex-
isting Video-LLMs struggle with subtle motion understanding, incorporating
explicit motion structure significantly narrows the gap. We hope this work in-
spires the community to move beyond coarse global actions and toward the rich,
structured language of the human hand.
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