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Abstract

Understanding the fine-grained articulation of human hands
is critical in high-stakes settings such as robot-assisted surgery,
chip manufacturing, and AR/VR-based human—Al interaction.
Despite achieving near-human performance on general vision-
language benchmarks, current vision-language models (VLMs)
struggle with fine-grained spatial reasoning, especially in
interpreting complex and articulated hand poses. We introduce
HandVQA, a large-scale diagnostic benchmark designed to
evaluate VLMs’ understanding of detailed hand anatomy
through visual question answering. Built upon high-quality 3D
hand datasets (FreiHAND, InterHand2.6M, FPHA), our bench-
mark includes over 1.6M controlled multiple-choice questions
that probe spatial relationships between hand joints, such as
angles, distances, and relative positions. We evaluate several
state-of-the-art VLMs (LLaVA, DeepSeek and Qwen-VL) in
both base and fine-tuned settings, using lightweight fine-tuning
via LoRA. Our findings reveal systematic limitations in current
models, including hallucinated finger parts, incorrect geometric
interpretations, and poor generalization. HandVQA not only ex-
poses these critical reasoning gaps but provides a validated path
to improvement. We demonstrate that the 3D-grounded spatial
knowledge learned from our benchmark transfers in a zero-shot
setting, significantly improving accuracy of model on novel
downstream tasks like hand gesture recognition (+10.33%)
and hand-object interaction (+2.63%). Project page, code, and
dataset: https://kcsayem.github.io/handvga/.

1. Introduction

Imagine a high-stakes environment like robot-assisted surgery,
where a subtle misinterpretation of a surgeon’s hand gesture
whether a finger is slightly bent or fully extended can mean
the difference between a successful operation and a critical er-
ror [19, 41]. Or consider chip manufacturing, where robotic
agents mimic human motions with microscopic precision, and
a misjudged fingertip angle can cause costly defects [17, 53]. In
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Figure 1. Overview of HandVQA’s transfer effect. Fine-tuning
a base Vision-Language Model (VLM) on HandVQA teaches it
explicit 3D hand geometry and joint-level spatial reasoning. The
resulting Spatial-Aware VLM exhibits zero-shot generalization to
novel downstream tasks: both image-based gesture recognition and
video-based hand-object interaction recognition. Spatial-Aware VLM
achieves consistent accuracy gains without task-specific training.

such scenarios, understanding the fine-grained articulation of
the human hand is not just desirable, it is essential.

Vision Language Models (VLMs) have rapidly become the per-
ceptual and decision-making core of embodied agents, AR/VR
platforms, and multimodal assistants due to their ability to unify
visual perception and natural-language reasoning within a single
foundation model [42]. As these systems increasingly rely on
such unified reasoning, fine-grained hand-pose understanding
becomes crucial [4, 59]. Hands are often the primary medium
through which humans convey actions, intent, and control [14];
misinterpreting whether a finger is curled, pointing, or relaxed
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Relative Position X
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From the multiple choice answers given in the options below choose the
sentence that correctly describes the relationship in the image:

Options:

A. The little finger is bent completely inward at the distal interphalangeal joint.
B. The little finger is bent inward at the distal interphalangeal joint.

C. The little finger is bent slightly inward at the distal interphalangeal joint.

D. The little finger is straight at the distal interphalangeal joint.

Relative Position Y

Distance

From the multiple choice answers given in the options below choose the
sentence that correctly describes the relationship in the image:

Options:

A. The distal interphalangeal joint of the middle finger is spread from the
distal interphalangeal joint of the ring finger.

B. The distal interphalangeal joint of the middle finger is close to the
distal interphalangeal joint of the ring finger.

C. The distal interphalangeal joint of the middle finger is spread wide from the
distal interphalangeal joint of the ring finger.

Relative Position Z

From the multiple choice answers given in the

options below choose the sentence that
correctly describes the relationship in the image:

Options:

A. The tip joint of the thumb is at the right of the
metacarpophalangeal joint of the little finger.

B. The tip joint of the thumb is at the left of the
metacarpophalangeal joint of the little finger.

From the multiple choice answers given in the
options below choose the sentence that
correctly describes the relationship in the image:
Options:

A. The tip joint of the thumb is below the
metacarpophalangeal joint of the ring finger.

B. The tip joint of the thumb is above the
metacarpophalangeal joint of the ring finger.

From the multiple choice answers given in the
options below choose the sentence that
correctly describes the relationship in the image:
Options:

A. The tip joint of the ring finger is in front of the
tip joint of the thumb.

B. The tip joint of the ring finger is behind the
tip joint of the thumb.

Figure 2. Overview of HandVQA Question Format. This figure illustrates the structure of our benchmark, which divides hand pose estimation
into five sub-tasks: Angle, Distance, and Relative Position along X, Y, and Z axes. A hand image with annotated joint indices (top left) supports
multiple-choice questions per task type, derived from 3D joint coordinates and the correct answers are shown in green.

can result in semantic confusion or physical failure. For VLMs
to be safely deployed in these real-world contexts, robust, fine-
grained hand understanding is a foundational requirement.
Despite significant advancements in general visual question
answering (VQA), where state-of-the-art VLMs often achieve
near-human accuracy on tasks like VQAV2 [2], they notably fal-
ter on tasks involving detailed spatial reasoning [10, 31, 48, 65].
Recent benchmarks highlight their particular weaknesses with
basic spatial distinctions like left versus right, achieving only
around 56% accuracy compared to human performance at 99%
[27]. These shortcomings point to a reliance on superficial cor-
relations rather than genuine geometric comprehension. Articu-
lated hand poses, characterized by complex spatial relationships
across 21 joints, remain a significant challenge.

To systematically address this challenge, we introduce Hand-
VQA, a diagnostic benchmark specifically designed to evaluate
VLMs’ fine-grained understanding of hand pose and anatomy
through targeted visual question answering. HandVQA is
constructed using precise 3D annotations from widely-used
datasets—FreiHAND [67], InterHand2.6M [45], and FPHA
[20]. We disentangle the hand pose estimation task into five
separate subtasks: joint angles (measured at a single joint) and
distances and relative positions along the X, Y, and Z axes (mea-
sured between pairs of joints) (see Fig. 2). While we draw
conceptual motivation from Delmas et al. [15], our formulation
is tailored specifically to the spatial nuances of hand anatomy.
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Our pipeline generates controlled multiple-choice questions
probing these specific joint angles, distances, and relative posi-
tions, thereby minimizing ambiguity and encouraging genuine
spatial reasoning (e.g., "Is the distal interphalangeal joint of
the middle finger closer to that of the ring finger or the index
finger?"). By mapping 3D hand joint relations into structured
natural language, HandVQA enables a diagnostic view into how
well VLMs grasp spatial pose concepts.

We evaluate several open-source large VLMs, including LLaVA
[34], Qwen-VL [3], and DeepSeek [40]. These models are
fine-tuned using parameter-efficient LoORA adapters [21] and
evaluated on held-out samples from the same datasets used for
training. Our findings indicate significant performance gaps:
base models generally perform poorly, often similar to or below
random guess, particularly on distance-related questions, reflect-
ing a fundamental lack of spatial grounding. While fine-tuning
markedly improves performance, confirming that VLMs can
acquire spatial awareness with sufficient data; significant limita-
tions persist, especially regarding the intricate task of accurately
interpreting joint angles.

Our detailed analysis reveals key insights: VLMs often settle for
simplified answers (e.g., repeatedly predicting “close” for dis-
tances or “slightly bent” for angles) indicating superficial align-
ment rather than true understanding. Furthermore, we observe
that performance superiority in one spatial reasoning task rarely
generalizes across others, highlighting that current VLM archi-



tectures might require stronger vision encoders or full-model

fine-tuning to robustly capture intricate spatial relationships.

The implications of our study extend beyond benchmarking.

Accurate hand pose interpretation is crucial in robotics for safe

human-robot interactions, in AR/VR for immersive user expe-

riences, and in medical assistance for sterile and precise gesture-

based device control [4, 16, 46, 63]. HandVQA addresses a

critical gap in existing benchmarks, but our work demonstrates

it is more than just a diagnostic tool; it is a robust training re-
source. We hypothesize that by mastering the 3D-grounded
spatial reasoning in HandVQA, models acquire a transferable
skill. We validate this by showing that models trained with

HandVQA achieve significant zero-shot generalization to novel,

unseen downstream tasks, including static Gesture Recogni-

tion and dynamic, video-based Hand-Object Interaction (See

Fig. 1). HandVQA thus provides a concrete path to improving

VLM spatial reasoning capabilities broadly. To summarize our

contributions include:

* We introduce a large-scale benchmark with over 1.6 million
questions, created via an automated pipeline that generates
anatomically-grounded VQA queries about 3D hand joint
angles, distances, and relative positions.

* We provide a Comprehensive evaluation of leading VLMs
(e.g., LLaVA, DeepSeek, Qwen-VL), revealing their systemic
failures in base spatial grounding (often performing at or
below random guess) and highlighting persistent challenges,
such as interpreting fine-grained joint angles, even after
fine-tuning.

* We demonstrate HandVQA is more than a diagnostic tool; it
is a robust training resource. We show that the 3D-grounded
spatial knowledge learned from our benchmark transfers in
a zero-shot setting, significantly improving performance on
novel, unseen downstream tasks. This includes a +10.33%
absolute accuracy gain on static Gesture Recognition and
a+2.63% gain on video-based Hand-Object Interaction.

2. Related Works

Hallucinations and Alignment Failures in VLMs. Vision-
language models (VLMs) often suffer from hallucinations,
i.e., generating content not grounded in the image; such
as nonexistent objects, incorrect attributes, or false spatial
relations [38]. For example, a model might describe a ring
that isn’t there or misstate left/right positions [27, 33]. Even
state-of-the-art models like GPT-4V [1] and BLIP-2 [32]
hallucinate objects [33], struggle with spatial terms [27], or
fabricate colors and shapes [25]. These issues stem from weak
visual-textual alignment and overreliance on language priors
[24, 57, 62]. Liu et al. [35] emphasizes the lack of grounding
signals in training data. Recent solutions include evaluation
frameworks such as POPE [33], NOPE [39], and Hal-Eval [25],
as well as mitigation strategies, including contrastive decoding,
reinforcement learning [8], and robust visual encoders [36].
Still, hallucinations remain prevalent, even in top-performing
models [6, 11, 13, 43] Our work exposes a distinct form of
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hallucination: pose hallucination, where models misinterpret
joint-level configurations. For instance, a model may predict a
bent joint where the ground truth is straight, or repeatedly label
finger pairs as ‘close’ despite substantial separation between
them. Such errors reveal fine-grained alignment failures and
highlight the need for diagnostics beyond object-level VQA.

Spatial and Relational Reasoning in Multimodal Models.
Beyond identifying objects, true vision-language understanding
requires reasoning about spatial and relational configurations.
Kamath et al. [27] revealed that many VLMs fail even simple
spatial tasks like distinguishing a dog under a table versus on a
table. Similarly, Zhang et al. [66] presents SPHERE, a hierarchi-
cal evaluation of spatial skills from basic (positions, distances)
to complex (occlusion, physical plausibility). On SPHERE, the
best model achieved only 68% accuracy far below human perfor-
mance of 93% [66]. These results show that high-level accuracy
on generic VQA does not imply reliable spatial understanding
[52, 58]. To address these limitations, recent work has explored
ways to explicitly inject spatial structure into multimodal models.
For example, Yang et al. [61] proposed a direction on improving
model training by incorporating a spatial relation graph into
vision-language pretraining, improving performance on reason-
ing tasks like VCR [64] and NLVR?2 [54]. Chen et al. [9] pro-
posed Spatial VLM, adding estimated depth maps and 3D spatial
cues during training to overcome 2D limitations. Nonetheless,
evaluating spatial reasoning remains difficult—many bench-
marks conflate spatial skills with priors or world knowledge.
Because VLMs [3, 40, 44] frequently exploit shortcut cues in
benchmarks such as CLEVR [26] and GQA [22], their reported
accuracy can obscure underlying spatial failures. This motivates
the development of diagnostic evaluations like What’sUp [27]
and SPHERE [66]. Our HandVQA benchmark contributes by
focusing on spatial relations within a single object: the human
hand. Unlike benchmarks evaluating inter-object relationships,
we target part—whole spatial structure, requiring understanding
of joint kinematics and structured geometry. Since our questions
are grounded in the real 3D coordinates, we test the model’s abil-
ity to grasp Euclidean spatial concepts like distance and angle.

VQA Benchmarks and Fine-Grained Reasoning Evaluation.
The VQA field has progressed from basic object/attribute
Q&A (e.g., VQAVI1/v2) [2] to compositional and fine-grained
reasoning tasks. CLEVR [26] introduced logical queries in syn-
thetic scenes; GQA [22] used real images and scene graphs for
multi-step reasoning. Recent benchmarks like A-OKVQA [50]
and Encyclopedic-VQA [43] test domain knowledge, but fine-
grained accuracy remains low: e.g., PaLI[11] achieves only 13%
on Encyclopedic-VQA [43]. Our benchmark instead focuses
on fine-grained spatial understanding. It aligns with works like
NLVR?2 [54] and CLEVR-3D [60] that emphasize logical con-
sistency and physical reasoning. Recent diagnostic frameworks
such as VERIFY [5] evaluate if models follow reasoning chains
rather than shallow cues. [I-MMR [29] categorizes multi-hop
VQA questions and shows many “hard” questions are solved
via superficial features. To maintain focus, we keep HandVQA
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Figure 3. Overview of the HandVQA pipeline. The pipeline converts normalized 3D hand joints into interpretable VQA pairs through three deter-
ministic stages: (1) Fpose cOmputes continuous pose descriptors: angles (#), distances (d), and relative positions (Az,Ay,A ) and categorizes them
into discrete pose descriptors (I'); (2) Frex fills deterministic sentence templates using I and filters correct and incorrect options to form candidate an-
swer options () and the correct label 3*; (3) Fineq constructs multiple-choice questions (MCQ) by pairing each image with O and its correct label y/*.

questions multiple-choice and relatively constrained—allowing
clean assessment of spatial reasoning accuracy. It thus adds to
diagnostic tools assessing whether progress in general VQA
translates to true fine-grained understanding.

Applications Requiring Precise Hand Pose Understanding.
Precise hand articulation understanding is critical across
domains. In robotics, accurate perception and manipulation of
hand gestures is essential. Duan et al. [16] introduce AHA, a
VLM that detects and explains robotic manipulation failures,
though it assumes accurate hand pose input. Bao et al. [4]
present HandsOnVLM, forecasting future hand trajectories
in egocentric video based on language queries. However,
their method depends on reliable hand pose recognition [4].
Egocentric vision also relies on hand pose to infer intent. Ego4D
emphasizes hand-object interactions [59], while several works
show that better 3D hand pose estimation improves activity
recognition [7, 12, 23, 46, 47, 49]. More specifically, Ohkawa
et al. [46] argue that hand pose is a compact representation
of action. In augmented reality interfaces, devices like
HoloLens or Meta Quest utilize hand tracking for gesture-based
commands [46]. Misinterpreting a finger’s position could
be the difference between registering a “pinch” vs. a “point”
gesture. Fine-grained evaluation like HandVQA can support
the development of models that correctly interpret these
nuances, reducing the risk of gesture misclassification (a form
of hallucination in interaction). In surgical robotics or assistive
tech, reliability is paramount: misclassification of a surgeon’s
or disabled user’s gesture could have severe consequences [63].
Thus, many real-world applications demand detailed, error-free
hand pose understanding. HandVQA offers a direct path to both
benchmark and improve these capabilities. While many of the
aforementioned works depend on reliable hand pose recognition
as a prerequisite, our work demonstrates that the 3D-grounded
spatial reasoning learned from HandVQA is a transferable skill.
We validate this in our zero-shot experiments (Sec. 4.3), where
models trained with HandVQA achieve significantly improved
performance on these exact types of downstream tasks: static
Gesture Recognition and dynamic, video-based Hand-Object
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Interaction. By forcing models to reason about joint-level spatial
details, HandVQA not only evaluates but actively improves mul-
timodal perception and grounding for these critical applications.

3. Pipeline to generate HandVQA benchmark

This section presents the design of the automatic VQA gener-
ation pipeline, which deterministically converts normalized 3D
hand joint coordinates into natural language question-answer
(QA) pairs for an image, I given the normalized 3D hand pose
P={p; €R3}?!,, and transforms geometric representations
into linguistically interpretable forms. The three stages—pose
descriptor extraction, sentence generation, and MCQ formation
are described below.

3.1. Pose Descriptor Extraction (F)

Given normalized 3D hand joint coordinates P={p; € R3}?L ,
Fpose computes continuous pose descriptors and categorizes
them to describe the geometric and spatial relationships among
hand joints. Formally, we define the continuous pose descriptor
set as

U={015€ Tuge pO{di | G € Fpuic ) (1)

U{Aa(z’,k) |(i.k) € Toirsa € {x,y,z}}.

where Jangle and Jpair denote the predefined joint index sets

used for angle and pairwise computations, respectively. Here,

indices 1,7,k refer to joint identifiers in the hand skeleton, and

a denotes one of the Cartesian axes {x,y,z}.

 Angle (6;): Measures the bending degree at joint j, formed
by its adjacent joints a(j) and b(j) along the same finger:

(pa(j) *pj) : (pb(j) *pj)
IPai) —PillIPo) —Pjl

0; =arccos 2)
Angles are categorized into four bins based on fixed
thresholds: bent completely inward, bent inward, bent slightly
inward, and straight.



Table 1. Pose descriptor categorization with conditions and illustration.

Illustration Pose Category Label Condition
Descriptor

angle bent completely inward 0 <105°

? bent inward 105° <0 < 150°

bent slightly inward 150° <0< 170°

straight 6>170°

distance close to d<0.1

A spread from 0.1<d<0.3

spread wide from d>0.3

rel. pos. (X)  at the left of Ay <—0.15

aligned —0.15<A,<0.15

at the right of Az >0.15

rel. pos. (Y)  below Ay <—0.15

' —r aligned —0.15<A, <0.15

g above Ay >0.15

rel. pos. (Z)  behind A, <—0.15

aligned —0.15<A. <0.15

% P in front of A.>0.15

* Distance (d(; 1)): Quantifies the Euclidean distance between
two joints 4, k: d(; r) = [|Pi — Pll2- These distances are
discretized into: close to, spread from, and spread wide from.

* Relative Position (A, (,k)): Represents the signed offset of
joint i relative to k along each axis: A, (i,k) = (p; — Pk, a).
The relative positions are categorized as left/aligned/right,
below/aligned/above and behind/aligned/in front of.
Instances categorized as aligned are excluded due to visual
ambiguity. Further details in supplemental section 6.

All threshold definitions are summarized in Table 1. This

process converts each continuous pose descriptor v,, € ¥ into

a discrete pose descriptor label ,, using the category label from

Table 1, forming the discrete pose descriptors

F={v,|Y,e¥,n=12,..N}, 3)
where N denotes the total number of pose descriptors computed
from a hand pose. This step ensures every continuous pose
descriptor has a unique linguistic interpretation.

3.2. Sentence Generation (Fy)

Given discrete pose descriptors I, the sentence generation step
first fills deterministic templates with joint names and category
labels to create natural language sentences S = {s1,S2,...,5p, }-
Each descriptor type uses a fixed syntactic structure. For
instance, the template for a distance descriptor is:

“The {joint A} joint of the {finger A} is
{category label} the {joint B} joint of the {finger B}.”

If the category label is ‘“close to,” the resulting sentence
becomes: “The distal interphalangeal joint of the middle finger
is close to the distal interphalangeal joint of the ring finger.”

From the full set of generated sentences S, Frex identifies the
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single sentence that corresponds to the true category label and
treats the remaining sentences for that joint pair as distractors
in the option filtering step. This produces a pool of candidate
answer options O, along with the index of the correct label y*,
which are later used to form an MCQ.

3.3. MCQ Formation (Fp,)

Given the the set of candidate answer options O, and the index
of the correct label /*, Feq constructs an MCQ prompt asking
the model to identify the sentence that correctly describes the
relationship between the specified joint(s). To ensure diverse
coverage of geometric relationships, multiple joint or joint—pair
instances are considered for each descriptor type. Prior to fil-
tering out “aligned” cases, up to 107 possible MCQs can be
generated per image. For scalability, we randomly sample five
joint or joint—pair instances per descriptor type, yielding a total
of 25 MCQs per image across the five pose descriptor types (an-
gle, distance, and relative positions along X/Y/Z). See Fig. 2 for

examples and Section 6 of the supplemental for sampling details.
Through this process, the automatic VQA pipeline can generate
descriptions for a vast number of poses in a fraction of the time
it would take for manual annotations.

4. Experiments

4.1. Datasets, Models, and Evaluation Metrics

Dataset Construction. We use three hand datasets to construct
our HandVQA benchmark: FreiHAND [67], InterHand2.6M
[45], and FPHA [20]. To ensure training and evaluations do not
take too long, we create our own train/test splits by sampling
a subset of images from the official splits of each dataset. The
only exception is the FreiHAND test set, which we use in
full due to its relatively small size. Further details on dataset
construction are available in the supplemental section 7.
Models. We evaluate four state-of-the-art 7B vision-language
models—LLaVA Mistral[34], DeepSeek Janus Pro [40], and
Qwen 2.5 VL Instruct [3] on the HandVQA benchmark, using
both base and LoRA [21] finetuned versions. Only 7B models
were evaluated in this work due to GPU resource constraints.
Evaluation Metrics. HandVQA comprises five sub-tasks
derived from 3D hand joint annotations: angle, distance, and
relative positions along the X, Y, and Z axes. For angle and dis-
tance, we report both accuracy and mean absolute error (MAE).
While accuracy captures correct predictions, MAE reflects
the average deviation from ground truth—crucial for ordinal
categories where not all errors are equally severe (e.g., misclas-
sifying “bent completely inward” joint as “straight” is worse
than as “bent inward”). To compute MAE, we assign ordinal
indices to each category based on increasing magnitude. For the
angle task, the four categories—bent completely inward, bent
inward, bent slightly inward, and straight—are mapped to class
indices 0, 1, 2, and 3, respectively, reflecting increasing joint
angles. For the distance task, the categories—close to, spread
from, and spread wide from—are assigned indices 0, 1, and 2,
corresponding to increasing joint distances. For relative position



Table 2. Angle and Distance Results for all three models. The best, second-best, and third-best models for each dataset in each metric are highlighted
as Gold , -, and | Bronze |, respectively.

Model Tuned Eval Angle Distance
Accuracy T MAE | Accuracy T MAE |

Base model (no tuning)

DeepSeek Janus Pro 7B - InterHand2.6M 34.10 0.883 45.55 0.657

DeepSeek Janus Pro 7B - FreiHAND 35.31 0.830 44.15 0.668

DeepSeek Janus Pro 7B - FPHA 26.46 0.991 39.02 0.819

Finetuned Models

DeepSeek Janus Pro 7B InterHand2.6M InterHand2.6M 88.02 0.122

DeepSeek Janus Pro 7B FreiHAND FreiHAND

DeepSeek Janus Pro 7B FPHA FPHA - -

Base model (no tuning)

LLaVA Mistral 7B - InterHand2.6M 40.08 0.739 16.20 1.293

LLaVA Mistral 7B - FreiHAND 4248 0.678 13.18 1.342

LLaVA Mistral 7B - FPHA 23.38 1.011 13.57 1.353

Finetuned Models

LLaVA Mistral 7B InterHand2.6M InterHand2.6M 74.35 0.263 90.79 0.094

LLaVA Mistral 7B FreiHAND FreiHAND 6291 0.382 86.19 0.141

LLaVA Mistral 7B FPHA FPHA 68.37 0.401 83.99 0.161

Base model (no tuning)

Qwen 2.5 VL 7B Instruct - InterHand2.6M 37.92 0.779 19.58 1.247

Qwen 2.5 VL 7B Instruct - FreiHAND 38.70 0.746 20.48 1.208

Qwen 2.5 VL 7B Instruct - FPHA 2422 1.055 18.03 1.306

Finetuned Models

Qwen 2.5 VL 7B Instruct InterHand2.6M InterHand2.6M 67.08 0.341

Qwen 2.5 VL 7B Instruct FreiHAND FreiHAND 54.55 0.483 82.16 0.182

Qwen 2.5 VL 7B Instruct FPHA FPHA 62.94 0.481 80.88 0.192

(X/Y/Z), we report accuracy only, as each is framed as a binary
classification (e.g., left vs. right, below vs. above and behind
vs. front). Ambiguous cases labeled “aligned” are excluded
to ensure evaluation on clearly defined spatial relations.

4.2. Results and Analysis

Tables 2 and 3 summarize the experimental results. In the
following analysis, we examine the performance and behavior
of the evaluated VLMs on our proposed HandVQA benchmark.
Further detailed experimental analyses, including confidence
analysis and cross-dataset comparisons, are provided in the
supplementary (Sec. 8).

Scarcity of data the cause for VLMSs’ poor performance. As
per Table 2 and Table 3, the base VLMs (base model without
any finetuning) perform poorly on all pose descriptors, most
often having an accuracy around random choice or worse. How-
ever, after fine-tuning, there are generally massive improvements
across all metrics in all datasets for all the VLLMs. This proves
it is possible to train VLMs on spatial awareness of hands given
abundant proper training data.

VLMs struggle to grasp distance between joints. As Table
2 shows, base VLMs generally seem to perform poorly on dis-
tance pose descriptor with LLaVA and Qwen performing well
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below the accuracy of 33.3% accuracy that would have been
achieved via random choice. Even the MAE remains high for
two of these base models with the lowest MAE being 1.208 for
Qwen on the FreiHAND dataset. While DeepSeek achieves an
accuracy of more than random choice, it still remains low with
the highest being 45.55% on the InterHand2.6M dataset and the
lowest MAE being a rather high 0.657 on the InterHand2.6M.
The reasons for failure in case of base LLaVA and Qwen can be
attributed to these models answering hand joints being “close”
regardless of the situation. This is most severe in case of Qwen
which answers “close” 93% of the time when the actual answer
is “spread” and 91.3% of the time when the actual answer is
“spread wide”, as illustrated in the confusion matrix in supple-
mental. While base VLMs struggles to grasp the concept of
distance between joints of fingers, for all the models across all
datasets, the performance sees a massive boost upon fine-tuning,
with the lowest accuracy being 80.88% in case of Qwen fine-
tuned on the FPHA dataset.

VLMs struggle to grasp angle even after fine-tuning. Accord-
ing to Table 2, the performance of base VLMs across datasets ex-
cluding FPHA is generally substantially higher than the accuracy
of 25% that would have been achieved via random choice, with
the lowest being 34.10% for DeepSeek on the InterHand2.6M



Table 3. Relative Position Results for all three models. The best, second-best, and third-best models for each dataset are highlighted as Gold ,
- and | Bronze |, respectively.

Model Tuned Eval Rel. Pos. X Rel. Pos. Y Rel. Pos. Z
Accuracy T Accuracy T Accuracy T

Base model (no tuning)

DeepSeek Janus Pro 7B — InterHand2.6M 50.41 52.46 51.16

DeepSeek Janus Pro 7B — FreiHAND 49.80 51.55 50.03

DeepSeek Janus Pro 7B — FPHA 43.02 52.64 61.73

Finetuned Models

DeepSeek Janus Pro 7B InterHand2.6M  InterHand2.6M 92.58 96.40 92.16

DeepSeek Janus Pro 7B FreiHAND FreiHAND

DeepSeek Janus Pro 7B FPHA FPHA 89.94 86.45 -

Base model (no tuning)

LLaVA Mistral 7B - InterHand2.6M 49.72 66.26 40.87

LLaVA Mistral 7B - FreiHAND 50.25 59.95 50.66

LLaVA Mistral 7B - FPHA 50.27 56.33 56.73

Finetuned Models

LLaVA Mistral 7B InterHand2.6M  InterHand2.6M 97.14 98.77 96.82

LLaVA Mistral 7B FreiHAND FreiHAND 92.60 93.20 88.17

LLaVA Mistral 7B FPHA FPHA 93.81 92.80 90.25

Base model (no tuning)

Qwen 2.5 VL 7B Instr.  — InterHand2.6M 48.98 49.78 49.33

Qwen 2.5 VL 7B Instr. ~ — FreiHAND 49.17 49.60 50.19

Qwen 2.5 VL 7B Instr.  — FPHA 50.98 48.53 49.79

Finetuned Models

Qwen 2.5 VL 7B Instr.  InterHand2.6M  InterHand2.6M [ 9490 L9749 L %1

Qwen 2.5 VL 7B Instr.  FreiHAND FreiHAND 76.67 80.12 70.23

Qwen 2.5 VL 7B Instr. ~ FPHA FPHA _ _ 87.63

dataset. A common trend observed in the confusion matrix in the
supplemental across all base models is that they all choose the
option involving “bent slightly inward” in most cases irrespec-
tive of the actual answer. On the FPHA dataset, performance is
significantly lower across all base VLMs compared to the other
two datasets in terms of both accuracy and MAE, which can be
attributed to FPHA being an egocentric dataset, indicating a bias
in VLMs for allocentric viewing points. However, this trend is
remedied after fine-tuning upon which FreiHAND is usually the
dataset with the worst performance across all models. Unlike
distance and relative position pose descriptors, where, upon fine-
tuning, the accuracy generally jumps to above 80%, in case of
angles, however, the accuracy of fine-tuned model is below 70%
in most cases with the highest being 74.35% for LLaVA fine-
tuned on InterHand2.6M. Angle at joints of hands being a more
intricate feature and being more representative of the pose of
the hand means freezing the vision encoder, as is the case when
fine-tuning with LoRA, becomes more of a limitation than for
other pose descriptors. This can be overcome with a more pow-
erful backbone or by fine-tuning the whole model on more data
instead of fine-tuning with LoRA. Similar concerns have been
raised in domains of VLMs expressing human-body pose [18].

Superiority in one task does not translate to superior per-
formance in other tasks. Among the base VLMs no model is
superior to others across all tasks. In Table 2, for angle, among
base models, while base LLaVA on average performs best in
terms of accuracy and base DeepSeek performs best in distance
in terms of both MAE and accuracy. As can be seen in Table 3,
in case of Relative Position X, Y, and Z as well no base model
dominates across all pose descriptors over other base models.
However, upon finetuning, LL.aVA comes out to be the supe-
rior model among all fine-tuned models for all pose descriptors
across all metrics in all the datasets.

Challenges in Interpreting Left/Right, Above/Below,
and Front/Behind. Our results reveal that base VLMs
lack a grounded understanding of fundamental spatial
directions—Ileft/right (X-axis), above/below (Y-axis), and
front/behind (Z-axis). As shown in Table 3, the accuracy of
all base models across datasets remains close to 50%, effec-
tively equivalent to random guessing in these binary classifi-
cation tasks. This suggests that, without targeted adaptation,
VLMs are unable to consistently reason about relative positions
between joints. However, after fine-tuning on hand pose data,
performance improves dramatically across all spatial axes. For
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Table 4. Zero-shot generalization results. HandVQA fine-tuning
strengthens 3D spatial reasoning, yielding higher accuracy (%) on
gesture and hand—object interaction recognition.

Set Interaction Gesture
ctup Recognition  Recognition
LLaVA Mistral 7B [34] - 57.42
Qwen 2.5 VL 7B [3] 80.26 71.86
LLaVA Mistral 7B finetuned - 69.58
Qwen 2.5 VL 7B finetuned 82.89 82.19

example, LLaVA achieves about 97% accuracy on all three axes
in InterHand2.6M, and even lower-performing configurations
exceed 70% accuracy. These findings confirm that while VLMs
do not possess inherent spatial grounding in directional concepts,
they can acquire precise spatial reasoning abilities when exposed
to sufficient task-specific supervision. This highlights the im-
portance of our work, which explicitly isolates and evaluates
these fine-grained spatial relations, enabling effective diagnosis
and improvement of directional understanding in VLMs.

4.3. Zero-Shot Generalization to Novel Hand-
Related Tasks

Beyond diagnosing failures, we hypothesize that the 3D-
grounded spatial reasoning taught by HandVQA is a transferable
skill that should generalize to other novel, hand-related down-
stream tasks. To test this transferable learning, we designed a
zero-shot generalization experiment, with results shown in Table
4. We selected two distinct, novel tasks for evaluation: static
image-based Gesture recognition and video-based hand-object
Interaction recognition. For these experiments, we chose LLaVA
Mistral 7B [34], best performing model in our benchmark and
Qwen 2.5 VL 7B [3], given its support for temporal sequences
(required for the video-based interaction task). Following
common VLM finetuning practice [18, 37, 51, 56], we include
a small, domain-agnostic instruction-alignment set alongside
HandVQA (FreiHAND + InterHand2.6M + FPHA) to preserve
general instruction-following capabilities during training.

Gesture Recognition. For this zero-shot task, we utilized
the HaGRID dataset [28], which provides full-body images
annotated with 34 hand gestures (e.g., ‘taking picture’, ‘heart’,
‘peace’, etc.). To adapt this dataset into a VLM-evaluable
format, we first convert each gesture label into a detailed
natural-language description using Gemini [55]. Then, based
on these descriptions, we generate multiple-choice questions
(MCQs) with one correct option and three carefully designed
distractor options per sample. Following this process, we con-
structed a final test set of 33,500 MCQs from the HaGRID test
split (Further details is available in supplemental.). As shown
in Table 4, the base LLaVA and Qwen models achieve 57.42%
and 71.86% accuracy, respectively. After fine-tuning, their ac-
curacies increase substantially to 69.58% (LLaVA) and 82.19%
(Qwen), demonstrating strong positive transfer of 3D-grounded
spatial reasoning to gesture understanding. Since both evaluated
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models show consistent improvement, we expect this trend to
extend to other VLMs as well, given that HandVQA targets
fundamental spatial reasoning skills shared across architectures.
Hand-Object Interaction Recognition. This experiment aimed
to determine if the 3D spatial knowledge of hand geometry
learned from HandVQA could transfer to improve the under-
standing of complex, egocentric hand-object interactions. We
used the H20 dataset [30], which provides diverse video-based
interactions such as ‘taking out cappuccino from the coffee box’,
‘grabbing lotion’, etc. From the H2O test split, we constructed
a multiple-choice question (MCQ) benchmark, sampling 4
images per video for each question. As shown in Table 4, our
results validate this hypothesis. The base Qwen-VL model
achieved 80.26% accuracy and the finetuned model achieved
the highest accuracy of 82.89%. LLaVA was not evaluated in
this setting due to it’s lack of temporal sequence support. This
demonstrates that the spatial skills imparted by our benchmark
are not limited to static poses but successfully transfer to
enhance performance on dynamic, video-based interaction tasks.

5. Conclusion and Future Direction

HandVQA provides the first large-scale benchmark for
diagnosing fine-grained 3D spatial reasoning about hands
in VLMs. Our analyses reveal that current models, despite
strong general perception and instruction-following abilities,
systematically fail on geometric relations such as joint angles,
distances, and relative positions. By introducing a fully
automated 3D-grounded annotation pipeline, we make these
failures explicit and measurable. Furthermore, our zero-shot
experiments show that HandVQA acts as an effective source
of transferable 3D knowledge. Fine-tuning on our benchmark
substantially improves performance on unseen tasks, such as
gesture recognition and hand—object interaction.

Future direction. As the first large-scale benchmark for fine-
grained hand-centric spatial reasoning, HandVQA focuses on
core capabilities and naturally opens several research avenues:
(1) Its discretized geometric representation offers a controlled
and deterministic evaluation setup, with fixed thresholds
providing a simplified view of the continuous 3D space. Future
work can develop adaptive or learned mappings that better
capture perceptual distinctions and support richer geometric
reasoning. (i) The templated language ensures unambiguous
supervision, yet expanding to more diverse phrasing, compara-
tive expressions, and explanations could yield stronger linguistic
grounding of 3D geometry. (iii) Since the benchmark currently
targets static images, extending it to video would enable
reasoning about motion cues and contact dynamics central to
many interaction tasks. (iv) Integrating HandVQA with Vision
Language Action (VLA) models offers a path toward improved
grasp planning, dexterous control, and embodied manipulation.
We hope HandVQA facilitates the development of multimodal
models with stronger geometric understanding and more
reliable physical reasoning.
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