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Abstract
While Multi-modal Large Language Models (MLLMs) excel in gen-
eral video understanding, their capability in fine-grained andmotion-
centric tasks remains limited. This limitation is particularly criti-
cal in micro-gesture recognition (MGR), where micro-gestures
(MG)—subtle, short-duration, and spatially localized human move-
ments—serve as key discriminative signals for implicit affective
analysis, yet are easily neglected following common prompting
practices. Although MGR has been intensively studied by many
discriminative approaches, the use of MLLMs on MGR is underex-
plored, with notably poor performance. We hypothesize that the
motion-sensitive representation ability of MLLMs is constrained
by its inherent single-pass forward inference, which can be sub-
stantially enhanced through carefully designed test-time guidance.
Motivated by this, building on our prior findings regarding temporal
insensitivity in Video LLMs, we diagnose zero-shot MGR errors in
the Negative Log-Likelihood (NLL) space. We observe that MLLMs
suffer from two bottlenecks: 1) insufficient localized evidence
and 2) severe score biases driven by language andmotion-agnostic
appearances. Thus, we propose a novel test-time evidence calibra-
tion framework that improves both reasoning details and prediction
reliability. Specifically, we introduce a tree search mechanism to
progressively acquire localized, fine-grained visual evidence, cou-
pled with a test-time calibration module to mitigate score biases.
The multi-cue fusion module then integrates evidence from multi-
ple cues without relying on a single cue for final prediction. Our
framework achieves a mean-class accuracy of 26.84% on iMiGUE
and 22.10% on MA52, significantly outperforming the Qwen2.5-VL
baseline that produces 16.15% and 10.20%, respectively. The code
will be available at https://zero-melo.github.io/Zero-MELO.

CCS Concepts
• Computing methodologies→ Computer vision.

Keywords
Gesture Recognition, Micro-Gesture Recognition, MLLM, LLM

1 Introduction
Micro-gestures (MG) are subtle, short-duration, and spatially local-
ized human movements that serve as key indicators of underlying
behavioral and affective states [3], which has drawn increasing
research attention in recent years. Compared with general human
activities [23, 31, 32, 45], MG shows finer granularity in both tempo-
ral and spatial domains, making its reliable recognition difficult [15].
The field has progressed rapidly with benchmarks of increasing
scale and coverage, including iMiGUE [35], SMG [9], BBSI [6], MA-
52 [17], and MMA-52 [27], and supervised models have achieved
strong in-domain performances [15, 16, 26, 28].

Ground Truth

Cross fingers
Question: Which micro-gesture best

describes the person in the video clip?

Task

Vanilla MLLMs

Rank
1.Touch/scratch head
2.Play/manipulate objects
3.Touch/scratch face parts

GPT-4o mini

Rank
1.Touch/scratch head
2.Touching jaw
3.Touch/scratch face parts

Gemini2.5-flash

Rank
1.Rub/hold hands
2.Touch/scratch arms
3.Fold arms

Qwen2.5-VL

Rank
1.Rub/hold hands
2.Touch/scratch neck
3.Fold arms

InternVL3.5

Zero-MELO (Ours)

Cross fingers

Hands Face

Multi-cue FusionCalibration Calibration

Local Evidence Search

Figure 1: Comparison between existing methods and Zero-
MELO. Given the input video clips and question, the target is
to predict the correct label in MGR. Compared to the single-
pass forward inference of other MLLMs, Zero-MELO can
utilize the relevant local evidence and predict the correct
label via calibration at inference time.

Nevertheless, micro-gesture recognition (MGR) remains funda-
mentally challenging due to several intrinsic factors. First, MGs
exhibit substantial cross-subject variability, where subtle motion
patterns are heavily entangled with individual-specific appearance
and motion styles. Second, MG categories typically follow a long-
tailed distribution, where rare and fine-grained gestures lack suf-
ficient training samples, leading to biased decision boundaries in
supervised settings. Third, real-world MG scenarios continuously
introduce unseen or novel gesture semantics, which cannot be
exhaustively covered by predefined label spaces. As a result, con-
ventional fully supervised MGR paradigms, which rely on fixed
label sets and sufficient annotated data, struggle to scale to realis-
tic settings. These limitations naturally motivate zero-shot MGR,
where models are required to recognize fine-grained and potentially
novel micro-gestures without additional task-specific training.

Meanwhile, large language models (LLMs) and MLLMs have
demonstrated great zero-shot and few-shot capability across a wide
range of tasks [4, 7, 20, 59], including both general-purpose [36] and
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specific downstream tasks [13, 63, 74], which naturally motivates
the zero-shot MGR. Despite the broad transfer capability shown in
LLMs and MLLMs, their capability on fine-grained motion-centric
video understanding remains limited [11]. In our preliminary study,
we also observe that directly applying MLLMs on MGR leads to poor
performance on both supervised and zero-shot settings (see more
in Sec. 4.2).

Thus, in this work, we revisit this discrepancy and ask a funda-
mental question: Why do MLLMs struggle to capture subtle,
motion-critical cues in micro-gesture recognition under stan-
dard prompting settings? To better understand this problem, we
start from standard prompt-based free-form generation, and fur-
ther analyze MLLM predictions from both free-form generation and
Negative Log-Likelihood (NLL)-based label scoring that ranks can-
didate labels by NLL and selects the minimum-NLL label. Our prior
qualitative studies have argued that MLLMs can recognize obvious
micro-gestures on iMiGUE but often fail on subtle ones (e.g., when
the movement is extremely subtle), suggesting that common gen-
eral prompting is insufficient for preserving decisive local motion
cues in zero-shot MGR [37]. Furthermore, the NLL-based analy-
sis quantitatively reveals a second issue underlying why MLLMs
fail in MGR, namely a strong prior-driven bias in general MLLMs.
Specifically, we find that when visual input is removed, the
model continues to produce confident predictions, revealing
a language prior bias, indicating its tendency to rely on seman-
tic expectations. This is consistent with existing research findings
[29, 49]. Conversely, when using static (rank-1) visual cues that
preserve appearance but remove motion, the model exhibits an ap-
pearance bias, which is globally weaker but can be locally stronger
for certain classes. These two biases heavily affect the behavior of
MLLMs, especially under long-tailed label distributions. Based on
this analysis, we show that reliable zero-shot MGR requires both
better extraction of localized motion evidence and bias-aware
score/evidence calibration.

Motivated by these insights, we propose to address the above
bottlenecks by expanding test-time reasoning to unlock the latent
capability of MLLMs for zero-shot MGR. Specifically, instead of
treating the model’s first-pass response as final, we introduce a
more elaborate inference procedure that searches for localized mo-
tion evidence, aggregates clues across spatial-temporal regions
rather than relying on a single cue, and recalibrates predictions
against dominant semantic priors. Thus, we propose Zero-MELO,
a training-free MLLM framework for zero-shot MGR via test-time
refinement. It incorporates a cue-guided tree search mechanism
to acquire the zoomed local evidence from informative body cues,
a dual test-time calibration module to mitigate the prior-driven
score bias, and a cue-conditioned evidence fusion module to aggre-
gate NLL scores across different cues to predict the final label. The
whole framework comparison with conventional MLLMs is shown
in Fig. 1. Under the Qwen2.5-VL [5] backbone, our framework im-
proves mean-class accuracy from 16.15% to 26.84% on iMiGUE and
from 10.20% to 22.10% on MA-52.
In summary, our contributions can be concluded as follows:

(1) We revisit the failure of MLLMs in micro-gesture recognition
and show that the bottleneck is not solely due to insufficient rep-
resentation ability of MLLMs, but is largely caused by insufficient

localized evidence and severe score biases driven by language and
motion-agnostic appearances.

(2) We introduce the idea of expanding test-time reasoning in
MLLMs for zero-shot MGR, demonstrating that enhancing evidence
exploration and aggregation at inference time can effectively reveal
the latent capability of MLLMs.

(3) We propose Zero-MELO, a training-free MLLM framework
that couples cue-shared zoom search with dual-reference calibra-
tion to address missing local evidence and prior-driven score bias
in zero-shot MGR with a predefined label list, coupled with a cue-
conditioned evidence fusion strategy, enabling robust multi-cue
recognition that avoids single-branch decisions under shared con-
text.

(4) Extensive experiments show that Zero-MELO consistently
improves over standard MLLM inference, suggesting that the limi-
tations of MLLMs on micro-gesture recognition are highly related
to the insufficient localized evidence and severe biases.

2 Related Work
Zero-shot Micro-Gesture Recognition. Existing MGR methods
are predominantly supervised and learn dataset-specific spatiotem-
poral representations from RGB clips [12, 71], skeleton [55, 65, 79]
sequences, cross-modality fusion [16, 41, 56] or the joint model-
ing of spatial structure and temporal dynamics [15, 28, 33, 64, 78].
Despite this progress, these methods typically depend on labeled
training data and are not directly applicable in a zero-shot setting.

Existing MLLM studies on MGR-related datasets mainly focus
on affective understanding or semantic analysis, rather than action-
level MGR [14, 25, 46]. Moreover, previous qualitative evidence
suggests that global-view prompting can recognize obvious MG
yet often fails on subtle ones in iMiGUE [37]. These observations
indicate that directly applying a generic video MLLM to MGR is
insufficient, but they do not provide a quantitative diagnosis of
why zero-shot MGR fails. Different from these works, we study
the predefined-set zero-shot MGR based on MLLM label-scoring
formulation, and quantitatively analyze its two core bottlenecks:
insufficient localized evidence and reference-conditioned bias in
label scores.
Test-Time Inference in MLLMs. Test-time inference in LLMs
has become an important research direction [38, 50, 67]. A major
line of recent work addresses hallucination and prior-driven errors
in LLMs and MLLMs at test time. Prior work mainly mitigates
hallucination and prior-driven errors through contrastive decoding
[24, 29, 39, 49], attention-space or hidden-state interventions [1, 22,
34, 51, 62, 66, 68, 80], dynamic decoding [53], leveraging external
generation models [8]. Compared to these image-based methods
mentioned above, video-specific variants have been explored to
suppress temporally insensitive responses and improve temporal
reasoning [21, 42, 72].

Although highly relevant, these methods primarily intervene in
token-level decoding or hidden-state dynamics in open-ended gen-
eration settings. In contrast, we consider theMGRwith a predefined
label set. Accordingly, rather than intervening in generation-time
decoding, we reformulate the idea as bias calibration on label NLLs,
where the calibration procedure directly adjusts label scores rather

2
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than generation-time token logits. This ensures all calibrated predic-
tions remain valid and allows the correction signal to be naturally
integrated with multi-cue evidence fusion.
MLLMswith Fine-grainedVisual Search.Visual encoders trained
through contrastive learning, such as CLIP [43] and SigLip [70],
often discard fine-grained semantics [2, 43, 70]. To address this
issue, prior work augments perception with local crops [58, 63],
search-based zooming [47, 69], model-internal focusing mecha-
nisms [48, 73, 77], retrieval-assisted perception [60], or training-
based active perception [19, 57, 61, 75, 76]. These methods broadly
follow a “thinking with images” paradigm [52].

Our setting is fundamentally different due to the video-based
and predefined label list nature of MGR. Accordingly, the goal
is not to find arbitrary question-relevant regions, but to acquire
discriminative local evidence for classification. Moreover, unlike
instance-specific search targets, our search is cue-shared across
labels, allowing localized evidence to be reused across multiple
actions. Besides, existing methods typically use one selected crop
as auxiliary evidence. In contrast, zero-shot MGR does not provide
an oracle cue prior: the challenge is not only localized search, but
also cross-cue decision under branch-specific score distortion and
shared global context.

3 Methodology
3.1 Problem Formulation
The zero-shot MGR with an MLLM is defined as follows: given an
original video clip 𝑔 and a prompt 𝑡 , the model predicts a corre-
sponding MG label 𝑦 ∈ Y,

𝑦∗ = arg max
𝑦∈Y

𝑝M (𝑦 | 𝑔, 𝑡), (1)

where 𝑝M (𝑦 | 𝑔, 𝑡) denotes the label-level prediction for class 𝑦
under a specific inference scheme, and 𝑝M represents the MLLM
with parametersM.

To avoid notation ambiguity, we distinguish three types of visual
input. We use 𝑔 for the original/global video clip, 𝑧 for a localized
cue view derived from 𝑔 by our method, and 𝑥 for a generic visual
input when a formulation is shared across input types. Accordingly,
𝑥 can instantiate the global clip 𝑔, a localized view 𝑧, or a joint input
such as (𝑔, 𝑧).
Prompt-based free-form generation vs. NLL-based label scor-
ing.An intuitive approach to zero-shot MGR is the common general
prompting setting referred to as prompt-based free-form genera-
tion in this work, where the MLLM directly produces predictions
conditioned on a candidate label list. While this paradigm serves as
a competitive baseline following common prompting practices, it
only exposes the final generated output, without access to internal
token-level likelihoods or logits. As a result, it cannot provide a cal-
ibrated and comparable score distribution over the full label space.
This limitation is particularly restrictive for our framework, which
requires label-wise score vectors to diagnose bias and perform sub-
sequent correction. Moreover, free-form generation is inherently
misaligned with a predefined label inventory, especially in closed-
source LLMs where internal scoring signals are not accessible. See
Supplementary Material A (SM A) for misaligned failure cases.

To address these issues, we choose a different technical path that
reformulates zero-shot MGR as a classification problem. Specifically,

we compute a score for each candidate label by evaluating the
teacher-forced negative log-likelihood (NLL) of its verbalized form.
This enables consistent and comparable scoring across all labels,
while leveraging the model’s internal probabilistic signals for more
transparent decision-making. Details are presented in Sec. 3.4.

3.2 Overview of Zero-MELO
The overall framework of Zero-MELO is illustrated in Fig. 2. The
data flow of Zero-MELO starts from the global input video MG clip
and prompt (𝑔, 𝑡), where MLLM computes label-wise scores 𝑠𝑔 (𝑦) or
equivalently NLL ℓ𝑔 (𝑦) over the set of labels Y. To address missing
fine-grained evidence, we propose a 1) cue-guided tree search that
generates local views {𝑧𝑖 }𝑛𝑖=1 from semantic cues 𝑐𝑖 , forming paired
inputs 𝑥𝑖 = (𝑔, 𝑧𝑖 ), each producing scores 𝑠𝑥𝑖 (𝑦). To mitigate prior
bias, 2) test-time calibration introduces the calibration inputs of
𝑥𝑏 (blank) and 𝑥𝑟 (low-rank), yielding calibrated NLL ℓ̃𝑥𝑏 (𝑦) and
ℓ̃𝑥𝑟 (𝑦), which are further combined into aggregated calibration
energies ℓ̄𝑥 (𝑦). Finally, 3) multi-cue fusion aggregates global and
local evidence into a unified score ℓfuse (𝑦), and the final prediction
is obtained as 𝑦final. Below, we introduce the Zero-MELO following
the data flow in detail.

3.3 Cue-Guided Tree Search
As revealed by our analytical experiments in Sec. 4.2, we can see
that a key failure mode of MLLMs in MGR lies in their improper cue
allocation: under common prompting practices, the model often
attends to irrelevant regions while neglecting informative, motion-
critical cues, leading to insufficient discriminative evidence. To
address this, inspired by the general zoom-search idea of some
existing works [47, 69, 73], we design a novel technique called
Cue-Guided Tree Search customized for video-based MGR.

Given an input video, we first select a motion-salient temporal
window and uniformly sample 𝑇 frames from it to form the global
clip 𝑔. Rather than searching on a single frame, for each cue 𝑐𝑖
(e.g., "pay attention to the lips"), we perform cue-guided search on
several anchor frames A = {𝑎1, . . . , 𝑎𝑚} sampled from the clip:

B𝑖,𝑎 = search(𝑔𝑎, 𝑐𝑖 ), 𝑎 ∈ A, (2)
where B𝑖,𝑎 denotes the high-confidence proposals returned on an-
chor 𝑎. This anchor-based design improves temporal stability for
transient motions and avoids relying on a single snapshot.

The retained anchor-wise proposals are then aggregated into
one temporally stable region,

𝑏𝑖 = Agg
( ⋃
𝑎∈A

B̂𝑖,𝑎

)
, (3)

where B̂𝑖,𝑎 ⊆ B𝑖,𝑎 is a small retained set, and Agg(·) performs
robust cross-anchor aggregation by suppressing inconsistent pro-
posals and unioning the remaining ones. If the aggregated region is
unreliable or becomes excessively large, we conservatively fall back
to the root region. The final cue-conditioned local view is obtained
by applying the same crop to all sampled frames:

𝑧𝑖 = CropResize(𝑔,𝑏𝑖 ) . (4)
Compared with generic zooming on a single image, this design

adapts cue search to video MGR by combining motion-aware tem-
poral selection, anchor-based localization, and robust cross-anchor

3
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Multi-Cue Fusion
Test-Time Calibration

Playing or manipulating
objects

Hands

Arms

Test-Time Calibration

{cue} visible but too
small or blurred
Q: zooming in?

Local Evidence Inference

Q: Which micro-gesture
best describes the
person in this video clip? 
Pay attention to cues:
hands, fingers, face,
mouth, eyes, head, neck,
shoulders, arms, torso.

Global-View Inference

Cue-Guided Tree
Search

{cue} visible but too small or blurred
Q: zooming in?

YES

NO

YES NO

{cue} visible and the motion is easy to follow
Q: detectable enough?

YES NO

Cue-Guided Tree Search Test-Time Calibration Multi-Cue Fusion

Test-Time Calibration

Test-Time Calibration

...

Local View

Blank View

Lowrank View

Rub/hold hands
Play/manipulate objects

Crossing fingers

Likelihood Rank

Touching jaw
Play/manipulate objects

Touching hat

Likelihood Rank

Play/manipulate objects
Rub/hold hands

Crossing fingers

Likelihood Rank

Input

Play/manipulate objects

Crossing fingers

Fused Likelihood Rank

Rub/hold hands

Playing or
manipulating objects

Output

Figure 2: The overall algorithm of Zero-MELO. It mainly consists of three key modules: the cue-guided search (Sec. 3.3), the
test-time calibration (Sec. 3.4), and the multi-cue fusion (Sec. 3.5). The global video input will first be fed to the MLLM for the
global inference. Then, the model will acquire local evidence via the cue-guided tree search. Next, the test-time calibration will
be conducted, and the calibrated scores will be yielded. Based on the global and local calibrated scores, the multi-cue fusion
contributes to the final prediction.

aggregation. In practice, the resulting cue-conditioned views are
reused for all-label NLL scoring and later fused by the multi-cue in-
ference module. Furthermore, several efficiency-oriented implemen-
tation optimizations are employed, including caching and batched
inference, without changing the scoring objective. The implemen-
tation details are discussed in the SM B.

3.4 NLL-based Test-Time Calibration
Our analysis in Sec. 4.2 shows that the failure of vanilla MLLMs in
zero-shot MGR is not only caused by missing local evidence, but
also by severe bias in label prediction. For instance, the model tends
to collapse to a few dominant labels. These observations suggest
that raw label ranking is substantially affected by prior-driven bias,
rather than being determined by the visual evidence. As a result,
directly using the raw label scores can lead to unreliable predictions.

To address this issue, we introduce an NLL-based test-time cali-
bration module. The core idea is to compare the NLL of an input
view 𝑥 with two controlled calibration variants: a blank calibration
input 𝑥𝑏 obtained by masking the video input and a lowrank cali-
bration input 𝑥𝑟 (motion-based calibration) obtained by repeating
a single frame across time. The blank calibration input suppresses
visual content and mainly reflects language prior, while the lowrank
calibration input preserves static appearance but removes motion
information.

Let v(𝑦) denote the verbalized label string. For a general input
view 𝑥 , we define the per-label NLL as

ℓ𝑥 (𝑦) = − 1
|v(𝑦) | log 𝑝M (v(𝑦) | 𝑥, 𝑡), (5)

with token-level factorization under teacher forcing. Hence, the
prediction is

𝑦∗ = arg min
𝑦∈Y

ℓ𝑥 (𝑦). (6)

We further define the induced label distribution:

𝑝𝑥 (𝑦) =
exp(−ℓ𝑥 (𝑦))∑
𝑦′ exp(−ℓ𝑥 (𝑦′))

. (7)

We then perform calibration in NLL space by

ℓ̃𝑥𝑏 (𝑦) ≜ ℓ𝑥 (𝑦) − ℓ𝑥𝑏 (𝑦), ℓ̃𝑥𝑟 (𝑦) ≜ ℓ𝑥 (𝑦) − ℓ𝑥𝑟 (𝑦). (8)

The calibrated scores are aggregated by:

ℓ̄𝑥 (𝑦) ≜ −𝜏𝑑 log
(
𝜋𝑥 exp

(
−
ℓ̃𝑥𝑏 (𝑦)
𝜏𝑑

)
+ (1 − 𝜋𝑥 ) exp

(
−
ℓ̃𝑥𝑟 (𝑦)
𝜏𝑑

))
,

(9)
where 𝜏𝑑 > 0 is a temperature parameter, and 𝜋𝑥 ∈ (0, 1) con-
trols the relative contribution of the blank and lowrank references.
This aggregated energy is retained for subsequent cue-conditioned
fusion. See the full derivation in SM C.

3.5 Multi-Cue Fusion
Given the cue-guided zoomed-in views 𝑧1:𝑛 extracted from the
global clip 𝑔 in the tree search stage, we present the multi-cue
fusion module that fuses multiple local evidences into a single label
distribution over the candidate set Y.

For each cue view 𝑧𝑖 , a paired input 𝑥𝑖 ≜ (𝑔, 𝑧𝑖 ) is constructed
and scored by the MLLM using the same teacher-forced objective in
Sec. 3.4, yielding per-label loss ℓ𝑥𝑖 (𝑦), and the induced distribution
𝑝𝑥𝑖 (𝑦). The module is designed to derive an aggregation rule fusing
{𝑝𝑥𝑖 (𝑦)}𝑛𝑖=1 to predict the 𝑦𝑓 𝑖𝑛𝑎𝑙 instead of selecting one cue branch.

The product of experts [18] is adopted to model the joint condi-
tional probability,

𝑝 (𝑦 | 𝑥1, . . . 𝑥𝑛) ≈
𝑛∏
𝑖=1

𝑝 (𝑦 | 𝑥𝑖 ) . (10)

4



465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

Zero-MELO: Test-Time Evidence Calibration with Multimodal LLMs for Zero-Shot Micro-Gesture Recognition ACM MM ’26, November 10-14, Rio de Janeiro, Brazil

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

However, simply adopting products of 𝑝 (𝑦 | 𝑥𝑖 ) will lead to the
problem that the information of the global view will accumulate
repeatedly because {𝑥𝑖 | 𝑖 = 1, . . . , 𝑛} share the same global view.
To address this issue, we adopt the Naive Bayes approximation [44],
(see detailed derivation in SM D) with terms independent of 𝑦 (e.g.,∏

𝑖 𝑝 (𝑧𝑖 | 𝑔)) and propose an ideal posterior factorization:

𝑝 (𝑦 | 𝑔, 𝑧1:𝑛) ∝ 𝑝 (𝑦 | 𝑔)
𝑛∏
𝑖=1

𝑝 (𝑦 | 𝑔, 𝑧𝑖 )
𝑝 (𝑦 | 𝑔) = 𝑝 (𝑦 | 𝑔)1−𝑛

𝑛∏
𝑖=1

𝑝 (𝑦 | 𝑔, 𝑧𝑖 ) .

(11)

Implementation in Calibrated NLL Space. Eq. (11) gives an
ideal posterior factorization under the conditional independence
approximation. In practice, however, cue-conditioned branches
are neither independent nor equally reliable; their rankings are
not directly comparable, and the set of cues is label-dependent.
Therefore, Eq. (11) is retained as the probabilistic motivation, while
instantiating the final inference rule in a calibrated energy space.

Using the notation in Sec. 3.4, for the global branch 𝑔, the cali-
brated losses defined previously are directly used ℓ̃𝑔𝑏 (𝑦) and ℓ̃𝑔𝑟 (𝑦).
For the 𝑖-th paired branch 𝑥𝑖 = (𝑔, 𝑧𝑖 ), we abbreviate ℓ̄(𝑥𝑖 )𝑏 (𝑦) by
ℓ̄𝑖,𝑏 (𝑦).

Hence, ℓ̄𝑥 (𝑦) is a temperature-smoothed lower envelope of the
two bias calibration energies, and serves as the branch-wise energy
used in the subsequent fusion.

Let
𝑝𝑥 (𝑦) ≜

exp(−ℓ̄𝑥 (𝑦))∑
𝑦′∈Y exp(−ℓ̄𝑥 (𝑦′))

(12)

be the surrogate posterior induced by ℓ̄𝑥 (𝑦). Substituting Eq. (12)
into the factorization in Eq. (11) yields, up to a Naive-Bayesian (NB)
label-independent constant,

ℓNB (𝑦) �
𝑛∑︁
𝑖=1

ℓ̄𝑖 (𝑦) − (𝑛 − 1)ℓ̄𝑔 (𝑦) = ℓ̄𝑔 (𝑦) +
𝑛∑︁
𝑖=1

(
ℓ̄𝑖 (𝑦) − ℓ̄𝑔 (𝑦)

)
, (13)

which shows that each cue branch contributes a residual correction
relative to the shared global branch.

However, Eq. (13) is not yet suitable as the final rule, because
not all cues are semantically relevant to every label. We propose
a refined multi-cue fusion strategy, called Label-Conditioned
Normalized Fusion (please see the detailed derivation in SM D).

Let I(𝑦) = {𝑖 : 𝑐𝑖 ∈ C(𝑦)} denote the compatible cue set, where
C(𝑦) is defined once from label semantics and body-part association
(See full mapping in SM E.1), and𝑤𝑖 = 𝜆𝜙 (𝑐𝑖 ) the family weight. We
fuse global and local evidence as

ℓfuse (𝑦) =
ℓ̄𝑔 (𝑦) +

∑
𝑖∈I(𝑦) 𝑤𝑖 ℓ̄𝑖 (𝑦)

1 + ∑
𝑖∈I(𝑦) 𝑤𝑖

. (14)

The final prediction is

𝑦final = arg min
𝑦∈Y

ℓfuse (𝑦). (15)

4 Experiments
4.1 Experimental Setup
Datasets. In the experiments, we evaluate our method on the
iMiGUE [35] test set andMA52 [17] validation set as they align with
our clip-level MGR setting, while other available datasets follow

different or derivative protocols. The primary MLLM backbone is
Qwen2.5-VL-7B [5] (by default unless otherwise specified), while
results with additional backbones are provided in the SM E.1. For
iMiGUE, experiments are conducted on a single NVIDIA A100 GPU
with 40GB memory, whereas MA52 experiments are conducted
on AMD MI250X GPUs due to the larger size. See more details of
experimental configurations, including the values of parameters
and compatible cues used in multi-cue fusion, in SM E.1.
Evaluation. Since MG datasets are strongly long-tailed, to ensure
fair evaluation, we report mean-class Top-1 (mCA@1), mean-class
Top-5 (mCA@5), and macro-F1 (MF1), which provide a more bal-
anced assessment than overall accuracy.
Prompt Design. We compare two prompt variants for NLL-based
inference: with and without the candidate label list. The results
show that this choice leads to noticeable performance differences.
To keep a fair comparison, we adopt the NLL prompt whose se-
mantic content is aligned with that used in free-form generation,
meaning that we try to keep those prompts the same with the least
modification. Detailed results are provided in SM E.2.

4.2 Why Vanilla MLLMs Struggle with MGR: A
Two-View Analysis

We first analyze why vanilla MLLM inference has poor performance
on MGR based on two bottlenecks.

First, under the common general prompting setting, i.e., prompt-
based free-form generation, vanilla MLLMs exhibit weak grounding
on discriminative local evidence. To better analyze this limitation,
we employ TAM [30] for token-level visual attribution. The result-
ing maps suggest that, even when the model partially captures the
correct semantics, it often fails to consistently attend to the truly
decisive regions, such as the lips area. Such insufficient localization
therefore leads to misclassification. A representative failure case
visualized by TAM is shown in Fig. 3. In contrast, when effective
local evidence is explicitly leveraged, the correct prediction can be
recovered, which is provided in SM F.1.

Second, under free-form generation, Qwen2.5-VL shows a clear
prediction-collapse pattern. As shown in Fig. 4a, a large portion
of test clips is mapped to a few dominant labels, leading to poor
coverage of the label space and a distribution inconsistent with the
ground-truths (GTs). This suggests that the visual input is of-
ten insufficient to override the language priors of the model,
namely the language bias. Besides, this prediction-collapse pat-
tern is observed across various MLLMs, as revealed by Fig. 4b.
Moreover, the bias-calibrated NLL analysis is conducted to quantify
prior-driven score distortion. Due to the space limitation, relevant
results and figures are listed in SM F.2. The NLL analysis indi-
cates that the two calibrations introduced address overlapping but
distinct subsets of errors, suggesting that language bias and ap-
pearance bias are complementary rather than redundant. These
observations motivate the two key components of Zero-MELO:
localized evidence acquisition and dual-reference calibration.

4.3 Experimental Results
Comparison with SOTA Models. We first evaluate zero-shot

MGR performance on both iMiGUE and MA52. As shown in Ta-
ble 1, Zero-MELO is compared with SOTA vanilla MLLMs and
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Table 1: Zero-shot performance comparison on iMiGUE testset and MA52 valid set.

Method iMiGUE MA52

mCA@1 mCA@5 MF1 mCA@1 mCA@5 MF1

Prompt-based Zero-shot

GPT-4o mini [40] 0.1113 0.3392 0.0699 0.0576 0.2362 0.0363
Gemini2.5-Flash [10] 0.1917 0.3689 0.1367 0.1666 0.3072 0.1217
MiMo-VL-7B [54] 0.2445 0.5643 0.1506 0.1869 0.3814 0.1042
InternVL3.5-8B [59] 0.2034 0.4358 0.0927 0.1796 0.3677 0.0914
Qwen2.5-VL-7B [5] 0.1615 0.4101 0.0728 0.1020 0.3133 0.0680

NLL-Based

MiMo-VL-7B 0.0325 0.2480 0.0008 0.0402 0.1521 0.0144
InternVL3.5-8B 0.0329 0.2408 0.0007 0.0721 0.2387 0.0414
Qwen2.5-VL-7B 0.0523 0.2524 0.0072 0.1178 0.3299 0.0714

Test-Time Method∗

ZoomEye ∗∗ [47] 0.0760 0.2340 0.0326 0.1185 0.3508 0.0723
VCD [24] 0.2077 0.4717 0.1045 0.1516 0.3364 0.0888
Zero-MELO 0.2684 0.5775 0.1325 0.2210 0.4359 0.1221

∗ All test-time methods in this table use Qwen2.5-VL as the common backbone for fair comparison.
∗∗ ZoomEye was originally proposed for image inputs. For this comparison, we adapt it to process video inputs and conduct it in the NLL-based setting.

“‘json

”sequence”: ”video clip”,
”labels”: [”Bulging face, deep

breath”, ”Touching or scratching
face”, ”Moving torso”, ”Head up”,
”Pressing lips”]

“‘
Candidates : Press, S, Sh,

(a)

“‘json

”sequence”: ”video clip”,
”labels”: [”Bulging face, deep

breath”, ”Touching or scratching
face”, ”Moving torso”, ”Head up”,
”Pressing lips”]

“‘
Candidates : ing, ING, uring,

(b)

“‘json

”sequence”: ”video clip”,
”labels”: [”Bulging face, deep

breath”, ”Touching or scratching
face”, ”Moving torso”, ”Head up”,
”Pressing lips”]

“‘
Candidates : lips, Lips, ,

(c)

Figure 3: The TAM visualization of a failure case for the ges-
ture Pressing lips. The wrong prediction is Bulging face, deep
breath. We show the token-wise activation maps for three
successive generated tokens during free-form generation in
(a), (b), and (c), respectively. Although the model suggests
the GT in Top-5, the highlighted regions are not consistently
grounded on the lip area or the most discriminative motion
phase, indicating that the naive single-pass MLLM fails to
capture compact motion-centric local evidence.

representative test-time baselines, including ZoomEye and VCD.
The results demonstrate that Zero-MELO achieves state-of-the-art
performance, effectively mitigating the limitations of global-view
MLLM inference in zero-shot MGR.

NLL-Based vs. Prompt-based Generation. As discussed in
Sec. 3 regarding the technical path choice of MLLMs, we compare

the results of NLL-based zero-shot and prompt-based free-form
zero-shot in Table 1. For most compared models, NLL-based infer-
ence is weaker than prompt-based free-form generation under the
current prompt design, due to the amplified prediction-collapse
problem. For instance, MiMo-VL ranks Buckle button, pulling shirt
collar, adjusting tie as the Top-1 prediction for nearly all samples
despite minor score variation across samples. In contrast, apply-
ing blank calibration substantially improves the NLL-based results
and significantly narrows the gap to free-form generation, which
supports the effectiveness of the proposed calibration. For instance,
InternVL3.5 improves from 3.29% to 17.68%, yielding an absolute
gain of 14.39 percentage points. More detailed analyses are dis-
cussed in SM G.

Moreover, we also observe a dataset-related reversal in Table 1.
While prompt-based baselines are consistently stronger on iMiGUE,
NLL-based vanilla MLLMs are consistently stronger on MA52. This
counterintuitive gap suggests that the behavior of raw NLL ranking
is not determined solely by visual difficulty, but is also strongly
affected by dataset-dependent prior structure in the label space.
After calibration, this reversal becomes less consistent, indicating
that calibration and evidence refinement partially reduce the bias.
Detailed analyses are also provided in SM G.

Zero-shot MLLMs vs. Supervised Discriminative Models. We
further report supervised discriminative models for reference. As
shown in Table 2, although these methods are not directly com-
parable to our zero-shot setting, Zero-MELO outperforms Block-
erGCN(J) and remains within a modest gap of stronger supervised
baselines in mCA@1. However, supervised methods still show clear
advantages on mCA@5 and MF1. The full comparison, including
other modality variants, is provided in SM H. In the full compar-
ison, Zero-MELO surpasses all BlockerGCN variants in mCA@1,
approaches MMN(2s), and remains below PoseC3D.
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0% 10% 20% 30% 40%

Touching or scratching forehead

Rubbing or holding hands

Folding arms

Touching or scratching head

Bulging face, deep breath

Touching or scratching neck

Touching or scratching facial
parts

Sitting straightly

Moving torso

Touching jaw

Scratching or touching arms

Crossing fingers

Playing or manipulating objects

Pressing lips

Shaking shoulders

Illustrative BLs

Qwen2.5-VL Top-1 Prediction Distribution vs. GT Distribution

Share of test-set samples

GT Top-1 pred.

(a)

0% 20% 40% 60% 80%

Qwen2.5-VL

InternVL3.5

Gemini2.5-Flash

MiMo-VL

GPT-4o mini

37.6%

48.2%

49.4%

54.1%

82.5%

Prediction Collapse Across Models

Share of majority top-1 label

(b)

Figure 4: Failure analysis on iMiGUE of the prompt-based
free-form generation. (a) The comparison of distributions
of Qwen2.5-VL predictions and the ground-truths (GTs) of
iMiGUE. Due to the space limitations, only the appearing
frequency of labels is larger than 1% in either GT or Top-1
prediction is listed. (b) The comparison of the severity of the
prediction-collapse across different vanilla MLLMs.

Table 2: Comparison with supervised discriminative models
on iMiGUE dataset. For space, we list only the representative
variants here; the full comparison is provided in SM H.

Method mCA@1 mCA@5 MF1

BlockerGCN(J) [79] 0.2324 0.6080 0.2375
PoseC3D [12] 0.3402 0.7159 0.3583
MMN(J) [15] 0.2991 0.6626 0.3062
Zero-MELO (Ours) 0.2684 0.5775 0.1325

SFT vs Zero-shot for MLLM. Since zero-shot performance does
not represent the upper bound of MLLM capability on MGR, we fur-
ther examine how far a vanilla MLLM can be improved through su-
pervised fine-tuning. Specifically, we fine-tune Qwen2.5-VL under
two task formulations: an NLL-style label-scoring formulation and
a VQA-style formulation. As shown in Table 3, both formulations

Table 3: Comparison between our method and the SFT
method on MA52 dataset.

Method mCA@1 mCA@5 MF1

VQA 0.177 0.4201 0.0842
Label Scoring 0.0899 0.2545 0.0623
Ours 0.2210 0.4359 0.1221

improve over the vanilla zero-shot baseline, and the VQA-style
formulation performs better than the label-scoring formulation.
However, both remain below Zero-MELO, suggesting that our test-
time framework is more effective than straightforward SFT under
the long-tailed label distribution.

4.4 Ablation Study
Different Backbone. Different backbones are explored with

Zero-MELO. The full results are provided in SM I, where Zero-
MELO consistently improves over the corresponding vanillaMLLMs.

Different Test-Time Calibration Strategies. The blank and
lowrank calibrations are ablated, respectively. The results are listed
in SM J since the page limitation is strict. The experiment indicates
that the joint fusion of these two calibrations can contribute to
better performance, aligning with Sec. 4.2 that the two calibrations
proposed aim to mitigate different biases and are complementary.

Component Validity. Each component of Zero-MELO is ab-
lated in Table 4. Note that the vanilla baseline in this table is not
numerically identical to that in Table 1, due to the structural dif-
ference of default visual input and the minor prompt alternatives.
Check SM K for details.

Note that purely adding the tree search module leaves mCA@1
almost unchanged. This is reasonable since the language prior bias
is dominant and thus changes of visual input do not affect Top-
1 prediction, while the additional local evidence mainly moves
the ground-truth label upward in the ranking, improving mCA@5
(more useful information). Considering such a strong language
prior, we use blank calibration to first mitigate the bias in order to
compare the benefits of the search module fairly. As such, the more
sufficient local evidence acquired via the search algorithm con-
tributes to the higher mCA@1. Notably and encouragingly, simply
applying blank calibration (remove language bias) allows signifi-
cant improvement of mCA@1 from 0.0357 to 0.2040, supporting
the existence of the dominant language prior. The effectiveness
of the search module under blank calibration also suggests that
the insufficient local evidence and severe biases are not identical
but complementary reasons for the failures of MLLMs in MGR. Be-
sides, aggregate calibration further improves performance, which
supports the analysis in Sec. 4.2. Finally, multi-cue fusion yields
consistent gains, and our strategy achieves the best performance.
Due to the space limitation, details of the experiment are illustrated
in SM K.

4.5 Case Analysis
Case Analysis. Fig. 5 provides case studies for the complemen-
tary roles of the three components in Zero-MELO, namely the tree
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Global Video Clip

Zoomed-in View of Supportive cue

GT: Pressing lips
Global: Crossing fingers | Calibrated: Pressing lips | Final: Pressing lips
Rank: 5 -> 1 -> 1
Compatible cues: mouth, face | Most supportive cue: mouth

Final top-3 (lower is better)
1. Pressing lips (-0.135) 2. Biting nails (-0.088) 3. Touching jaw (-0.076)

Interpretation
The calibration suppresses the hallucinated prediction "Crossing fingers", since no
hands exist in the video clip. The localized mouth cue then provides consistent
evidence to keep the corrected label stable

(c) Success
Global Video Clip

Zoomed-in View of Supportive
cue

GT: Pressing lips
Global: Bulging face, deep breath | Calibrated: Bulging face, deep breath | Final:
Pressing lips
Rank: 6 -> 2 -> 1
Compatible cues: mouth, face | Most supportive cue: mouth

Final top-3 (lower is better)
1. Pressing lips (-0.093) 2. Biting nails (-0.077) 3. Bulging face, deep breath (-0.074)

Interpretation
Both the global inference and calibration emphasize coarse facial motion and predict
the wrong label. The zoomed mouth region provides sufficient local evidence,
allowing posterior fusion to give the correct prediction.

(d) Failure
Global Video Clip

Zoomed-in View of Supportive cue

GT: Playing or manipulating objects
Global: Playing or manipulating objects | Calibrated: Playing or manipulating objects |
Final: Minaret gesture
Rank: 1 -> 1 -> 2
Compatible cues: hands | Most supportive cue: hands

Final top-3 (lower is better)
1. Minaret gesture (-0.147) 2. Playing or manipulating objects (-0.136) 3. Rubbing or
holding hands (-0.136)

Failure mode
The hand crop misses enough object evidence, making the local cue ambiguous
among nearby hand-centric classes. Hence, posterior fusion over-trusts the cue and
gives the wrong prediction.

(b) Success(a) Success
Global Video Clip

Zoomed-in View of Supportive cue

GT: Crossing fingers
Global: Crossing fingers | Calibrated: Illustrative BLs | Final: Crossing fingers
Rank: 1 -> 2 -> 1
Compatible cues: fingers, hands | Most supportive cue: fingers

Final top-3 (lower is better)
1. Crossing fingers (-0.212) 2. Rubbing or holding hands (-0.191) 3. Illustrative BLs
(-0.161)

Interpretation
The calibrated global branch drifts to a generic wrong class, but the fine-grained
finger evidence preserves the correct hand shape. Multi-Cue fusion restores the
correct label by leveraging the localized finger cue.

Figure 5: Case study of Zero-MELO. Each panel shows the global video clip, the zoomed-in view of the most supportive cue, and
the trajectory of the prediction Top-1 across global inference, calibration, and final multi-cue fusion. The (a), (b), (c) correspond
to the successful samples, while (d) is the failure case.

Table 4: Ablation study of different components of Zero-
MELO on iMiGUE dataset. Cali means calibration, and the TS
represents tree search. F is the abbreviation of Fusion. Max
means label-wise selecting the cue with the lowest calibrated
NLL. Average means averaging over compatible cues.

Method mCA@1 mCA@5 MF1

Vanilla 0.0357 0.2084 0.0094
+ TS 0.0358 0.2629 0.0100
+ Cali (Blank) 0.2040 0.4943 0.0855
+ Cali (Aggregate) 0.2363 0.5436 0.1097
+ TS + Cali (Blank) 0.2131 0.5078 0.0924
+ TS + Cali + F (Max) 0.2287 0.5365 0.1227
+ TS + Cali + F (Average) 0.2508 0.5621 0.1278
+ TS + Cali + F (Ours) 0.2684 0.5775 0.1325

search mechanism, the test-time calibration module, and the multi-
cue fusion module. In the subfigure (a), the calibration shifts the
prediction from the correct fine-grained label to the broader class
Illustrative BLs, while the localized finger cue preserves the critical
crossing pattern, allowing multi-cue fusion to recover the correct
prediction. In the subfigure (b), the global branch yields a spurious
hand-centric prediction (Crossing fingers), whereas test-time cali-
bration suppresses the bias induced by prior and corrects the top-1
prediction to Pressing lips. In the subfigure (c), both global inference
and calibration remain biased toward Bulging face, deep breath;
however, tree search localizes the mouth region and exposes the
discriminative lip-compression cue, enabling the final prediction to
switch to the ground-truth class. Taken together, these examples
show that calibration mitigates prior-driven bias; tree search identi-
fies discriminative local evidence, and multi-cue fusion consolidates
cue-specific evidence to improve final recognition.

However, Zero-MELO still depends on whether the localized cue
crop preserves sufficient relevant evidence. As shown in the sub-
figure (d), both the global branch and calibration correctly predict

Playing or manipulating objects, yet the localized hand crop fails
to retain sufficient object-related evidence and mainly captures an
ambiguous hand pose. As a result, cue-conditioned fusion overem-
phasizes the local cue and shifts the final prediction to the nearby
hand-centric class Minaret gesture.

4.6 Limitation
Although Zero-MELO compares favorably with existing MLLM-
based methods, it still has two main limitations. First, its perfor-
mance is sensitive to cue localization quality: if themost informative
cue is missed, weakly captured, or degraded after zoom-in, multi-
cue fusion often cannot recover the correct prediction, especially in
highly fine-grained cases where pose alone is insufficient and object
or context cues are required. Improving localization robustness is
therefore an important direction. Second, Zero-MELO introduces
nontrivial test-time overhead due to multi-cue search and repeated
label scoring, despite practical caching and batching. We leave stan-
dardized runtime comparison to future work, as comparable latency
statistics are rarely reported in prior work.

5 Conclusion
In this paper, we first revisit the failure patterns of MLLMs in MGR.
We observe that MLLMs suffer from two bottlenecks: insufficient
localized evidence and severe score biases driven by language and
motion-agnostic appearances. Accordingly, we present Zero-MELO.
Extensive experiments validate the effectiveness of Zero-MELO
over different backbones and datasets. Our results suggest that the
limitations of current MLLMs on MGR are twofold: a substantial
portion comes from insufficient elicitation under standard inference,
while the remaining hard cases indicate that current models still
have limited capability on extremely fine-grained motion-centric
understanding.
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