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Abstract

In this work, we address activity-biometrics, which involves
identifying individuals across diverse set of activities. Un-
like traditional person identification, this setting introduces
additional challenges as identity cues become entangled
with motion dynamics and appearance variations, mak-
ing biometrics feature learning more complex. While ad-
ditional visual data like pose and/or silhouette help, they
often struggle from extraction inaccuracies. To overcome
this, we propose a multimodal language-guided framework
that replaces reliance on additional visual data with struc-
tured textual supervision. At its core, we introduce DisenQ
(Disentangling Q-Former), a unified querying transformer
that disentangles biometrics, motion, and non-biometrics
features by leveraging structured language guidance. This
ensures identity cues remain independent of appearance
and motion variations, preventing misidentifications. We
evaluate our approach on three activity-based video bench-
marks, achieving state-of-the-art performance. Addition-
ally, we demonstrate strong generalization to complex real-
world scenario with competitive performance on a tradi-
tional video-based identification benchmark, showing the
effectiveness of our framework.

1. Introduction

Traditional person identification aims to recognize the same
individual across different cameras, time and location [57],
focusing on facial recognition [1, 38], gait analysis [16,
17, 33, 35], and whole-body biometrics [19, 32, 43, 58].
While effective in gait-based analysis, these approaches
struggle when individuals engage in diverse daily activities
beyond just standing or walking. Extending beyond con-
ventional methods, activity-biometrics involves identifying
individuals from their daily activities [3] by leveraging mo-
tion dynamics, making it more suitable for real-world ap-
plications like surveillance, healthcare, smart environments
where recognition across diverse activities is crucial.
Effective identification in activity biometrics requires
disentangling biometric features from appearance-based
non-biometric and motion cues to prevent identity bias and
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Figure 1. Comparison of existing and our activity-aware per-
son identification framework: (a) Existing multimodal methods
[32] lacking activity-awareness leads to misidentifications due to
entangled biometrics and motion features. (b) Our model disentan-
gles biometrics and motion features using language guidance, en-
abling activity-awareness and more accurate identification across
diverse activities while being appearance invariant.

fully leverage motion dynamics. Existing method [3] ad-
dress this using additional visual modalities like silhouettes,
but their reliance on accurate extraction limits reliability in
real-world settings to aid feature separation. This highlights
the need for an approach that ensures effective feature sepa-
ration without additional visual data, improving generaliza-
tion across varying conditions and activities.

To reduce reliance on additional visual data, cross-modal
learning using text has been explored with CLIP-based con-
trastive learning methods [22, 32, 58]. While effective in
aligning global image-text associations, these methods lack
identity-specific feature separation, leading to misidentifi-
cations due to appearance variation. Additionally, their fail-
ure to maintain temporal consistency makes them less suit-
able for video-based activity-biometrics where motion dy-
namics play a critical role (Figure 1). Multimodal Large
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Language Models (MLLMs) offer a generative alternative
by leveraging structured textual reasoning to achieve bet-
ter feature separation and robustness in complex scenar-
ios [4, 5, 11, 31, 36, 47, 48]. However, existing MLLM-
based person identification approaches [26, 50] rely on ad-
ditional visual data and are image based, making them inef-
fective at capturing motion dynamics essential for activity-
biometrics.

To enhance activity-based person identification with-
out relying on additional visual data, we introduce a mul-
timodal Disentangling Querying (DisenQ) Transformer
based framework that explicitly separates biometrics, non-
biometrics, and motion features. Unlike prior works that
rely on additional visual modalities, our approach uses
structured text descriptions generated from a frozen Vision-
Language Model (VLM) to provide semantic supervision
for cross-modal feature learning. These language descrip-
tions serve as explicit guidance, enabling robust feature sep-
aration by distinguishing identity-related attributes from ap-
pearance and motion cues.

At the core of our approach is our proposed Dis-
enQ, a Disentangling Querying Transformer, that sepa-
rates biometrics, non-biometrics and motion features using
structured textual guidance while minimizing feature leak-
age. The disentangled features enhance similarity-based re-
trieval in a traditional identification pipeline. By leveraging
language-driven supervision as an auxiliary modality, Dis-
enQ eliminates the need for additional visual modalities, re-
duces reliance on biased visual cues, and improves general-
ization across diverse real-world activities.

We evaluate our framework on three activity-based video
benchmarks, demonstrating strong generalization across di-
verse activities. Additionally, to assess its broader applica-
bility, we evaluate it on a large-scale traditional video-based
identification benchmark. Our approach achieves state-of-
the-art performance on most datasets and remains competi-
tive on others, highlighting its robustness in real-world sce-
narios. Our main contributions are as follows:

* We use language guidance for activity-biometrics to ex-
plicitly disentangle feature spaces, enabling cross-modal
learning without additional visual data.

* We introduce DisenQ (Disentangling Q-Former) that ef-
fectively separates biometrics, non-biometrics, and mo-
tion features for activity-aware person identification.

* Our method achieves state-of-the-art performance on
activity-based benchmarks and competitive performance
on a traditional video-based person identification bench-
mark highlighting its generalization ability across diverse
real-world scenarios.

2. Related Works

Visual modality based person identification. Traditional
person identification primarily rely on image-based ap-

proaches [7, 23, 27, 40, 54], focusing on body shape, cloth-
ing, and appearance. While some works improve robustness
with cloth-invariant representations [19, 20, 55], or addi-
tional modalities like silhouettes [29], skeletons [42, 45], or
3D shape [9], they lack spatiotemporal awareness. Video-
based approaches [0, 8, 21, 25, 28, 37, 41, 43, 44, 51] in-
tegrate temporal cues but remain limited to walking-based
identification, making them less effective for activity-based
identification. The only prior activity-based identification
method [3] relies on silhouette extraction, which is un-
reliable in challenging conditions. Instead, we leverage
structured language supervision to enhance identity learn-
ing without requiring additional visual data.

Language modality based person identification. Several
CLIP based identification approaches [10, 22, 32, 34, 53,
56, 58] leverage image-text contrastive learning [46] for tra-
ditional image-based person identification. However, these
methods lack temporal modeling and cannot disentangle
motion from biometric features, making them unsuitable
for activity-based identification. Similarly, large founda-
tion models for image-based person identification [26, 50]
incorporate language but rely on additional visual modali-
ties, as well as lack temporal modeling capabilities. To ad-
dress this, we leverage language guidance not just for cross-
modal learning, but to explicitly disentangle video-based
features, enabling a more robust and adaptable framework
for activity-aware identification.

Multimodal Large Language Models. Several works
[2, 11, 30, 31, 46, 61] have been introduced to enhance
image-text alignment by bringing visual features closer to
language space. Among these, BLIP-2’s Q-Former [31] is a
lightweight approach that effectively aligns visual and lan-
guage modalities. We build our proposed DisenQ based
on this architecture to align visual features with language
while disentangling biometrics, non-biometrics, and mo-
tion through structured textual guidance. To the best of our
knowledge, this is the first work to leverage Q-Former for
feature disentanglement.

3. Method

We propose a Disentangling Q-Former (DisenQ) based
multimodal framework for activity-biometrics. Our frame-
work consists of a visual encoder to extract visual features
from an RGB video and a frozen VLM to generate a de-
tailed prompt which is encoded via a text encoder (Section
3.1). To ensure robust feature disentanglement, DisenQ sep-
arates biometrics, non-biometrics, and motion features in
the visual domain through language guidance (Section 3.2).
Finally, an identification head performs person identifica-
tion (Section 3.3), ensuring that biometrics features remain
clothing-invariant while incorporating motion cues for im-
proved identity matching. Given an RGB video V, with
ground truth actor and activity labels (y;p and yaction)s
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Figure 2. Framework overview: (a) Given an RGB video, our model performs language-guided activity-aware person identification
using the proposed Disentangling Q-Former (DisenQ). (b) DisenQ disentangles biometrics, motion, and non-biometrics visual features
using structured language guidance and dedicated learnable queries for each feature type. (c) The frozen VLM generates structured textual
descriptions from the key-frame (red dotted line) to serve as language supervision for DisenQ. Here, [F, T,] denotes concatenation of F’
and T%. During inference, only the components within the gray dashed box are utilized, removing the need for text generation.

the framework aims to correctly match the identity of the table physical characteristics; Motion prompt (F,,,) describ-
person in a probe video to its corresponding identity in the ing the action label and movement; and Non-biometrics
gallery. The overall approach is illustrated in Figure 2. prompt (P;), describing clothing, and accessories. To main-

tain consistency, biometrics descriptions are generated only
3.1. Feature Extraction once per unique identity and reused in all subsequent videos

of the same actor by storing and iteratively refining it by up-
dating the stored description using a running average. This
prevents major description drift and ensures stable identity
representation across varied activities and appearances.

The generated prompts are then encoded using a pre-
trained frozen text-encoder to obtain textual embeddings
(Ty, T, T;) which serve as language-driven supervision for
visual feature disentanglement.

Visual feature extraction. Given a sequence of frames
from a video V, each frame v; € RT*Wx3 where H and
W represent its height and width, is processed through a vi-
sual encoder to extract visual features f; € RN*D | Here,
N denotes the number of extracted visual tokens per frame,
and D is the hidden dimension of each token. Here, each
visual feature f; has temporal ordering information associ-
ated with it through a position embedding layer. Finally,
temporal attention pooling is applied on all frame features

to get a global video-level feature F'. 3.2. DisenQ

Prompt generation and textual feature extraction. To We introduce DisenQ (Disentangling Querying Trans-
generate structured and semantically consistent language former) to separate biometrics, motion and non-biometrics
description, we use a frozen VLM to generate prompts from features in the visual domain by aligning visual representa-
the key-frame of the input video during only training, with- tions with structured textual cues. Adapted from the orig-
out requiring the VLM during inference. These descriptions inal Q-Former [31], DisenQ introduces three separate sets
are categorized into three distinct components following of learnable queries: 2, (biometrics), z,, (motion) and z;
pre-defined templates: Biometrics prompt (F;), describing (non-biometrics); instead of a single query set, enabling ex-
identity-specific traits such as body shape, posture, and no- plicit disentanglement. Each query set shares the same self-
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attention and cross-attention layers while leveraging textual
guidance, ensuring effective feature separation. However,
they explicitly attend to different information without inter-
action, preserving distinct feature representations for bio-
metrics, motion and non-biometrics. The learned queries
are then utilized for activity-based person identification, im-
proving the model’s ability to distinguish individuals based
on biometrics while leveraging motion cues and remaining
invariant to non-biometrics attributes.

Biometrics feature disentanglement. To extract identity-
related features, the biometrics query z; attends to itself
through self-attention to refine itself. Then the refined query
performs cross-attention with the visual feature F' and bio-
metrics textual supervision features 73 with query, key and
value being used as Equation 1.

Qv =Wz, Ky=WI[F,Ty|, Vi, =WI[F,Tp]. (1)

Here, [F, T}] denotes concatenation of F' and Ty, followed
by a linear projection.

Motion feature disentanglement. To extract motion-
specific representations, the motion query z,,, similar to
biometrics query zp, first undergoes self-attention, ensur-
ing it refines motion-related patterns independently. Subse-
quently, the motion query cross-attends to the visual feature
F and its corresponding textual feature 7;,, with query, key
and value acting as Equation 2.

Non-biometrics feature disentanglement. To separate
non-biometrics features, the non-biometrics query z; sim-
ilar to others, also, first undergoes self-attention, refining
itself without influence from other feature categories. Fol-
lowing this, the non-biometrics queries cross-attend to the
visual feature F' and non-biometrics textual feature T; with
query, key and value acting as Equation 3.

QEZWZB7 K};:W[Fva)]v V}):W[F,Ti)] (3)

3.3. Identification Head

The learned query embeddings 2, 2., and z; go through
mean pooling to form single vectors, denoted as Fj, Fj
and F),,, among which only Fj and F;, is used for final
identification.

Loss Functions. During training, the model is optimized
to refine F} using a combination of standard cross-entropy
(L1p), and triplet loss (Lr,;) following [3, 19]. These
losses are defined as Equation 4 and Equation 5.

Lip = —ylog§ =~ L, “4)

Lry; = max (D(F, FP) — D(EF, Fy') +m,0), (5)

Here, y and ¢ denote the ground truth and predicted la-
bels. F} and F}" represent the positive and negative bio-
metrics features for an anchor biometrics feature ;" within
the same batch. D(-) computes the Euclidean distance, and
m is the margin in the triplet loss.

Since the motion feature F),, contributes to identity
recognition, it is explicitly trained to preserve motion-
related information while remaining independent of biomet-
rics attributes. The model is optimized for F),, using the
cross-entropy loss (L 4.¢) of Equation 4.

Furthermore, to reinforce the independence of biomet-
rics and non-biometrics features, an orthogonality con-
straint is imposed between Fy, and Fj as Equation 6.

Lorn = ||FF| - (6)
The overall loss function is defined as Equation 7.
L=MLip+ XLrri + AsLorth + MLace-  (7)

Here, Aic1,...4, is weighting factor for each loss term.
Identity Similarity Computation. To enhance identity
matching, we introduce an adaptive weighting mechanism
that integrates motion features into the similarity calcula-
tion, unlike traditional methods that rely solely on biomet-
rics. Instead of fixed weights, we use a lightweight MLP to
dynamically adjust the contribution of biometrics and mo-
tion features based on their relevance. Given a probe iden-
tity A and gallery identity B, we compute cosine similar-
ities for both biometrics and motion features, concatenate
them, and pass them through the MLP with ReL.U activa-
tions and a softmax function. This enables the model to
leverage motion cues to guide biometrics matching, prior-
itizing motion when it provides meaningful identity infor-
mation and relying more on biometrics when motion cues
are less discriminative. The final similarity score is com-
puted as Equation 8.

Sim(A, B) = a1 Simp(A, B) + aaSim,, (A, B).  (8)

Here, ;¢ 2 are the weighting factors.

Inference. DisenQ operates without textual supervision
during inference, relying solely on the learned query em-
beddings acquired during training. It utilizes self-attention
to retain query-specific information and cross-attention to
extract relevant visual features, ensuring effective disentan-
glement of biometrics, non-biometrics and activity features
purely from visual embeddings.

4. Experiments

Datasets: We evaluate our model on NTU RGB-AB, PKU
MMD-AB, and Charades-AB, following [3]. NTU RGB-
AB consists of 106 actors performing 94 actions across
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Table 1. Performance comparison of activity-based person identification on NTU RGB-AB, PKU MMD-AB, Charades-AB on same
activity (denoted by Same) and cross activity (denoted by Cross) evaluation protocol. R@1 denotes Rank 1 accuracy. 1 denotes results
produced in our environment. Bold and underline denotes best and second best results.

NTU RGB-AB PKU MMD-AB Charades-AB

Methods Venue Same Cross Same Cross Same Cross

R@l mAP R@l1 mAP | R@l mAP R@1 mAP | R@l mAP R®@1 mAP
Models with only visual modality
TSF [28] AAAI 20 71.8 318 678 269 | 764 375 716 332 | 354 219 30.2 19.0
VKD [44] ECCV 20 674 356 663 315 | 784 385 722 343 | 36.3 20.7 319 188
BiCnet-TKS [25] CVPR 21 727 345 69.1 30.2 | 80.8 385 771 333 | 403 273 383 233
PSTA [51] ICCV 21 674 348 65.1 314 | 774 504 724 474 | 429 283 38.7 248
STMN [15] ICCV 21 73.0 35.1 70.2 30.1 | 76.6 479 715 422 | 38.7 245 339 208
SINet [6] CVPR 22 69.4 30.7 66.2 278 | 796 408 741 26.2 | 40.3 269 373 219
CAL [19] CVPR 22 73.8 284 703 240 | 81.3 494 783 434 | 43.8 258 40.1 21.2
Video-CAL [19] CVPR 22 755 399 733 317 | 796 494 773 457 | 439 285 41.5 258
PSTR [7] CVPR 22 69.1 341 683 325 | 84.3 475 780 41.2 | 372 247 351 203
AIM [55] CVPR 23 714 354 728 30.2 | 82.5 489 79.2 449 | 40.1 283 356 26.7
SCNet [20] ACMMM?23 | 699 31.5 688 263 | 795 436 739 39.7 | 31.7 219 274 176
ABNet [3] CVPR 24 788 403 770 376 | 8.8 57.3 814 51.8 | 45.8 31.6 44.8 288
Models with visual + language modality
CLIP RelID [32] T AAAI 23 77.1 402 75.2 33.7 | 823 52.1 81.2 50.8 | 44.2 31.3 421 27.7
CCLNet [10] T ACMMM?23 | 75.2 36.1 743 33.1 | 832 514 80.1 475 | 421 293 388 234
TF-CLIP [58] AAAI 24 773 412 748 313 | 834 523 80.8 50.1 | 40.2 28.1 39.7 26.0
TVI-LFM [26] T NeurIPS 24 76.2 38.1 759 34.1 | 8.2 539 81.5 52.1 | 45.7 30.1 42.8 28.3
Instruct-RelID [22] ¥ CVPR 24 782 415 759 334 | 843 53.1 81.7 52.3 | 44.8 283 40.1 253
EVA-CLIP [49] } 71.2 351 69.1 283 | 73.8 46.2 674 394 | 381 261 31.3 218
Ours 822 438 809 413 | 89.2 593 841 569 | 499 348 484 325

88.7k samples, while PKU MMD-AB includes 66 actors,
41 actions, and 17k samples. Charades-AB features 267
actors with 157 actions across 9.8k videos, averaging 6.8
activities per video. To assess the generalization capability
of our model on more challenging real-world scenarios, we
evaluate it on MEVID [12], which includes 158 actors and
8k tracklets, incorporating greater viewpoint, distance, and
lighting variations, making it a more complex benchmark
for video-based identification.

Evaluation Protocol and Metrics: We follow the same
evaluation protocol and dataset splits as [3] for NTU RGB-
AB, PKU MMD-AB, and Charades-AB, employing two
evaluation protocols: same-activity and cross-activity. Ad-
ditionally, due to view information explicitly being avail-
able for NTU RGB-AB and PKU MMD-AB, we evalu-
ate including and excluding same-view settings too. For
MEVID, we use the official protocol and splits. We report
rank 1, rank 5 accuracies and mAP as evaluation metrics.

4.1. Implementation Details

We use 8 frames which are randomly selected with a stride
of 4 from each original video to create RGB clip. Each
frame is resized to 224 x 224 and horizontal flipping is
used for data augmentation, following [3, 18]. We use pre-
trained ViT G/14 from EVA-CLIP [49] as the visual encoder
and BERT [13] as the frozen text encoder. Additionally,

we use LLaVA 1.5 7B [36] as the frozen VLM to gener-
ate prompts. We initialize DisenQ with pre-trained weights
from InstructBLIP [11]. We train the model for 60 epochs
with a batch size of 32 with each batch containing 8 person
and 4 clips for each person. AdamW is used as the opti-
mizer with weight decay of 5e — 2 and base learning rate of
le — 4 with § values as [0.9,0.999]. The triplet loss margin
missetto 0.3, \; € [1,..,4] in Equation 7 is set as 0.01.

4.2. Results

Performance on activity-biometrics benchmarks. Ta-
ble | presents the performance comparison of our frame-
work against other existing methods. Across all datasets,
our model outperforms the previous best-performing ap-
proach, improving Rank-1 accuracy and mAP across all
evaluation protocols on NTU RGB-AB, PKU MMD-AB,
and Charades-AB. Notably, we observe an average Rank-
1 accuracy improvement of 3.7%, 2.4% and 3.9% respec-
tively on NTU RGB-AB, PKU MMD-AB, and Charades-
AB, demonstrating the effectiveness of our approach. We
present more results in supplementary.

Generalization to traditional video-based benchmark.
Table 2 presents the identification results of our model
compared to concurrent methods on MEVID, a large-scale
traditional video-based identification dataset primarily fo-
cused on walking sequences. Unlike NTU RGB-AB, PKU
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Table 2. Performance comparison of traditional person identi-
fication on MEVID in general evaluation setting. R@1 and R@5
denote rank 1 and rank 5 accuracies. t denotes reproduced results.

Table 3. Ablation studies for each component. Here, F}, F}; and
F’, denote biometrics, non-biometrics and motion features.

Methods Venue [ Rel R@5 mAP
Models with only visual modality

Attn-CL [43] AAAI 20 42.1  56.0 18.6
Attn-CL + rerank [43] AAAI20 46.5 59.8 259
AP3D [18] ECCV 20 39.0 56.0 15.9
TCLNet [24] ECCV 20 48.1  60.1 23.0
BiCnet-TKS [25] CVPR 21 19.0 35.1 6.3
STMN [14] ICCV 21 31.0 544 113
PSTA [51] ICCV 21 46.9 60.8 21.2
PiT [59] TII 22 342 554 13.6
CAL [19] CVPR 23 52.5 66.5 27.1
ShARc [62] WACV 24 59.5 70.3 29.6
ABNet [3] T CVPR 24 58.3 684 30.1
Models with visual + language modality

CLIP RelD [32] AAAI 23 51.2  64.2 283
CCLNet [10] ACMMM?23 | 50.8 60.3 27.1
TVI-LFM [26] ¥ NeurIPS 24 49.2  61.8 23.7
Instruct-RelD [22] CVPR 24 53.8 594 284
EVA-CLIP [49] ¥ 53.1 59.2 269
Ours 60.7 70.3 304

Method NTU RGB-AB | Charades-AB
Rank 1 mAP | Rank1 mAP
Contribution of each component
Vision encoder 73.2 36.2 40.1 29.2
+ Text encoder 7.7 40.6 46.5 31.8
+ DisenQ 822 438 | 499 348
Ablation of different type of feature disentanglement
No disentanglement 74.2 38.2 42.3 29.9
Fy and Fj 76.6 40.9 44.7 31.9
Fyand F, 79.2 41.1 48.2 32.9
Fy, Fj and F), 82.2 438 | 499 348
Performance of each disentangled feature
Biometrics 80.4 43.0 48.1 32.0
Non-biometrics 3.8 1.2 1.3 0.1
Motion 76.3 39.4 44.2 27.1
Biometrics + Motion | 82.2 43.8 | 499 348

MMD-AB, and Charades-AB, which contain diverse ac-
tivities, MEVID lacks activity variability, making activity-
based identification less impactful. Despite this, our model
remains competitive, achieving a 1.2% improvement in
Rank-1 accuracy. This demonstrates that while our frame-
work is designed for activity-biometrics, it generalizes well
to traditional video-based identification scenarios by effec-
tively disentangling identity from appearance, ensuring ro-
bust performance even in real-world unconstrained settings.

4.3. Ablation Studies

We conduct ablation studies on NTU RGB-AB and
Charades-AB datasets on the same activity, including same
view evaluation protocol and present the results in Table
3. While NTU RGB-AB provides a controlled setting
with diverse clothing and activity variations; Charades-AB
contains much more real-world complexity, including var-
ied lighting, occlusions, and higher appearance variations,
which better tests model generalization.

Contribution of each component is presented in Table
3 (top). A vision encoder alone struggles due to entan-
gled identity, appearance, and motion features leading to
poor performance. Introducing text supervision via cross-
attention and projecting features into distinct spaces im-
proves identity retention by mitigating the influence of ap-
pearance variability. However, the most substantial gains
come from DisenQ, which explicitly separates biometrics,
non-biometrics, and motion features. By aligning separate
learnable queries with structured textual priors, DisenQ es-
tablishes a well-structured feature representation that sig-

nificantly enhances activity-biometrics performance.
Ablation of different type of feature disentanglement, il-
lustrated in Table 3 (middle) presents their individual im-
pact on performance. When biometrics and non-biometrics
features are disentangled, the model effectively mitigates
clothing bias but struggles with variations in motion, result-
ing in improved yet suboptimal performance across differ-
ent actions. Disentangling biometrics and motion features
enhances stability by preserving identity-specific move-
ment patterns, which are crucial for reliable identification
across activities. The most comprehensive performance is
achieved when all three feature types are disentangled, en-
suring that identity-related features remain distinct while
controlling appearance and motion influences.

Individual performance of each disentangled feature, il-
lustrated in Table 3 (bottom), provides further insights into
their discriminative power for activity-based identification.
Biometrics features alone exhibit the highest performance
among each individual feature types, highlighting their in-
trinsic value in accurately identifying individuals. In con-
trast, non-biometric features significantly degrade perfor-
mance, indicating that our disentanglement was effective
in removing identity-related information from this feature
space. Motion features offer moderate performance, pro-
viding additional context but lacking the distinctiveness of
biometrics attributes. The synergy between biometric and
motion features yields the most effective results, leverag-
ing both identity cues and dynamic movement patterns for
robust identification across challenging scenarios.

5. Analysis and Discussion

Effect of disentanglement on feature space. Figure 3
presents the impact of DisenQ on feature disentanglement
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Figure 3. Impact of DisenQ on feature disentanglement. The left plot shows the feature space of vision encoder with no feature disentan-
glement, resulting in poor identity clustering. The middle plot shows an ineffective disentanglement using cross-attention and projection,
where biometrics features remain mixed with non-biometrics, causing improper clustering. In contrast, the right plot demonstrates DisenQ-
enabled disentanglement, achieving well-separated biometrics clusters, distinctly isolated from non-biometrics and motion features. Colors

represent five identities across two activity classes.
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Figure 4. Performance analysis across activities (top 5 best and worst) on NTU RGB-AB. Here, bars and dots respectively represent

person identification and action recognition accuracy.

by comparing feature spaces before and after its application.
Without DisenQ, feature separation relies on simple cross-
attention and projection, resulting in overlapping clusters
where biometric features mix with non-biometrics from dif-
ferent identities wearing similar clothing. In contrast, Dis-
enQ effectively separates biometrics, non-biometrics, and
motion features into distinct spaces with clear boundaries.
DisenQ’s structured separation ensures that biometrics clus-
ters remain identity-specific and free from confounding
appearance-based cues, leading to robust identification.

Impact of design choice for disentanglement. We ex-
plore different architectural variations of DisenQ to eval-
uate the trade-off between complexity and effectiveness.
A variant using three independent Q-Formers—each learn-
ing biometrics, non-biometrics, or motion features sepa-
rately—yields only a marginal 0.23% Rank-1 accuracy gain
on NTU RGB-AB while tripling the parameter count, sug-
gesting that our original design is already sufficient for dis-
entanglement. To test whether additional parameters could
still be beneficial, a deeper DisenQ variant with the same
parameter count as the three-Q-Former setup results in a
3.8% drop due to overfitting, indicating that simply increas-

ing model capacity does not guarantee better feature sepa-
ration. These findings highlight that structured learning is
more critical than model size, and our DisenQ architecture
strikes an optimal balance between effectiveness, and com-
putational cost for activity-based person identification.

Performance analysis across activities. To examine the
impact of different activities on person identification, we
analyze performance across activity classes by identifying
the five best and worst-performing actions. While activities
involving significant body movements (e.g., running, jump-
ing) provide distinctive motion patterns that aid recognition,
they can introduce biases if overemphasized. Conversely,
subtle activities (e.g., minor hand/head gestures) may lower
accuracy due to weaker motion cues. Our findings (Figure
4) show that fixed weighting (a; = a2 = 0.5 in Equation
8) of biometric and motion features can negatively affect
identification for low-motion activities, whereas adaptive
weighting ensures motion features contribute only when
beneficial, stabilizing performance. Notably, highly distinc-
tive actions retain high person identification accuracy even
without explicit motion cues, confirming that motion serves
as a complementary rather than dominant factor. Likewise,
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generated prompts across @
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Figure 5. Feature space of gener-
ated motion prompts across mul-
tiple runs (NTU RGB-AB subset).

challenging activities do not inherently degrade identifica-
tion performance, as the model prioritizes biometrics fea-
tures when necessary, ensuring balanced identification.
Utility and quality of the generated prompts. To asses the
impact of accurate textual prompts on disentanglement, we
replace non-biometrics descriptions with random clothing
details, leading to a 9.2% drop in Rank-1 accuracy on NTU
RGB-AB, highlighting the necessity of precise appearance
descriptions. Additionally, we asses prompt consistency by
generating descriptions for the same key-frame over five
runs on a subset of NTU RGB-AB (10 identities and 10
action classes) and report the average results in Table 4.
Biometrics descriptions remain highly stable, as indicated
by high cosine similarity and low standard deviation, en-
suring reliable identity representation. Non-biometrics de-
scriptions also exhibit relative consistency, with minor vari-
ations. Motion descriptions exhibit the most variability, as
different textual descriptions may be generated for the same
action label. Figure 5 confirms that semantically similar
motion prompts still cluster in the same feature space, en-
suring consistency in representation.

Choice of vision encoder and VLM. Our model sup-
ports various vision encoder architectures. To identify the
best performer, we evaluated three popular vision encoders:
SigLIP-L [60], ViT-1B from InternVideo2 [52], and ViT-
G/14 from EVA-CLIP [49] and find ViT-G/14 to be the best
performing model (Table 5 (top)). Additionally, we show
robustness of our approach across various VLMs, where we
observe that changing the VLM does not contribute to sig-
nificant changes ((Table 5 (bottom))), thus we select LLaVA
for its efficiency and open-source property.

Qualitative results. Figure 6 compares the top-2 rank re-
trieval results of our model with ABNet, the only other ex-
isiting activity-biometrics method. As shown, ABNet often
misidentifies individuals when they perform the same ac-
tivity, indicating an over-reliance on motion cues. In con-
trast, our model, with adaptive motion weighting and ef-
fective disentanglement of biometrics, non-biometrics, and
motion features, accurately identifies individuals by priori-
tizing biometrics features over activities. We present more
qualitative example in supplementary.

Table 5. Performance comparison of different vision encoders
and VLMs for NTU RGB-AB and Charades-AB datasets.

Model Size NTU RGB-AB | Charades-AB
R1 mAP R1 mAP

Vision encoders

SigLIP-L [60] 0.3B | 80.2 41.6 48.3  33.7

ViT-1B [52] 1B 83.4 42.1 49.2 34.7

ViT-G/14 [49] 1.8B | 82.2 43.8 499 34.8

Visual Language Models (VLMs)

GPT-4V [39] - 82.3 43.7 49.8 34.9

InstructBLIP [11] 7B 82.1 43.8 49.7 348

LLaVA 1.5 [36] 7B 82.2 43.8 49.9 34.8

i’?

Figure 6. Top-2 rank retrieval comparison of our model and
ABNet [3]. For a given probe image (left), the middle two im-
ages show incorrect matches retrieved by ABNet due to its over-
reliance on activities, while the right two images show correct
matches retrieved by our model, which effectively disentangles
biometrics features from motion cues.

6. Conclusion

In this work, we introduce a multimodal Disentangling
Querying (DisenQ) Transformer based framework for
activity-biometrics, where individuals are identified across
diverse activities. Our framework leverages structured lan-
guage guidance to disentangle biometrics, non-biometrics,
and motion cues without additional visual modalities. By
performing feature disentanglement, DisenQ ensures that
biometrics features remain invariant to non-biometrics in-
formation, and motion cues enhance identification without
overshadowing stable identity traits. An adaptive weight-
ing mechanism dynamically balances biometrics and mo-
tion contributions for reliable identity retrieval. Our ap-
proach surpasses existing methods on activity-based bench-
marks and generalizes well to traditional video-based iden-
tification, demonstrating the importance of effective feature
disentanglement in activity-aware person identification.
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