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Abstract

In this work, we study a novel problem which focuses
on person identification while performing daily activities.
Learning biometric features from RGB videos is challeng-
ing due to spatio-temporal complexity and presence of ap-
pearance biases such as clothing color and background. We
propose ABNet, a novel framework which leverages dis-
entanglement of biometric and non-biometric features to
perform effective person identification from daily activi-
ties. ABNet relies on a bias-less teacher to learn biometric
features from RGB videos and explicitly disentangle non-
biometric features with the help of biometric distortion. In
addition, ABNet also exploits activity prior for biometrics
which is enabled by joint biometric and activity learning.
We perform comprehensive evaluation of the proposed ap-
proach across five different datasets which are derived from
existing activity recognition benchmarks. Furthermore, we
extensively compare ABNet with existing works in person
identification and demonstrate its effectiveness for activity-
based biometrics across all five datasets. The code and
dataset can be accessed at: https://github.com/
sacrcv/Activity-Biometrics/

1. Introduction

Person identification is an important task with a wide range
of applications in security, surveillance, and various do-
mains where recognizing individuals across different lo-
cations or time frames is essential [41]. We have seen a
great progress in face recognition [2, 31], however sce-
narios exist where faces may not be visible, such as at
long distances, with uncooperative subjects, under occlu-
sion, or due to mask-wearing. This limitation prompts
the exploration of whole-body-based person identification
methods where most of the existing works are often re-
stricted to image-based approaches [4, 14, 43], overlooking
crucial motion patterns. Video-based methods for person
identification is comparatively recent area where most of
the work is focused on gait recognition; mostly silhouette-

Figure 1. Different approaches for person identification: (left)
samples for existing person identification problems such as face
recognition (top: Celeb-A[30]), whole body recognition (mid-
dle: Market-1501[45]), and gait recognition (bottom: CASIA-
B[42]). (right) we focus on person identification from daily ac-
tivities which presents more challenges beyond learning walking
or facial patterns. We show some samples from datasets we used
to study this problem; (top: NTU RGB-AB, middle: Charades-
AB, bottom: ACC-MM1-Activities1).

based [12, 13, 27] with some recent works on RGB frames
[26, 44]. However these works are mainly focused on walk-
ing style of individuals (see Figure 1).

In this work, we study a novel problem which focuses on
face-restricted person identification during routine activi-
ties. The current landscape of image-based and video-based
whole-body person identification methods predominantly
centers around analyzing human walking patterns from im-
ages or videos [15, 20, 33, 40]. However, in real-world sce-
narios, the individual requiring identification might not al-
ways be engaged in walking; instead, they could be involved
in various daily activities. It is crucial to acknowledge the
significance of capturing and understanding motion cues
that extend beyond simple walking patterns to ensure accu-
rate and reliable identification in diverse and complex situa-
tions. These activities may offer unique cues that can prove
instrumental in identifying individuals even without explicit
facial information, paving the way for diverse applications
in real-world scenarios, like increased surveillance in public
spaces, workplace security and productivity, assistance for
people requiring special needs, and smart home automation.

1The subjects consented to publication

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

287



Learning biometrics from videos of daily activities
presents several inherent challenges. Learning from such
diverse activities amplifies the difficulty in capturing essen-
tial biometrics features. Among the crucial challenges lies
the necessity to prioritize biometrics features while mitigat-
ing appearance biases present in RGB video frames, includ-
ing background variations, clothing color, and other exter-
nal factors. Striking a balance between extracting pertinent
biometrics cues and disregarding irrelevant appearance-
related biases is essential in developing robust and accurate
video-based biometrics identification methods.

We propose a novel framework ABNet, which addresses
some of these challenges and provides effective biometrics
representation for person identification from videos of daily
activities. It relies on two main components; 1) feature
disentanglement, and 2) joint activity-biometrics learning.
Feature disentanglement aims at avoiding appearance biases
while learning the biometrics features. It explicitly learns
biometrics and non-biometrics features with the help of, a)
distillation from bias-less teacher, and b) bias learning us-
ing biometrics distortion. Joint activity-biometrics learning
provides activity prior for biometrics where the knowledge
of performed activity helps in person identification.

We present extensive evaluations on five different bench-
marks using several metrics comparing the proposed ap-
proach with several state-of-the-art person identification
methods including both image-based and video-based ap-
proaches. This comprehensive evaluation demonstrates the
effectiveness and superiority of our proposed method in
handling diverse datasets and scenarios for activity-based
biometrics. Our main contributions can be summarized as,
• We study a novel problem of person identification from

daily activities using RGB videos.
• We propose a simple and novel strategy to disentangle

biometrics and non-biometrics features from videos for
person identification.

• We show the benefits of activity-prior for biometrics.
• We present several benchmarks to study this problem;

these datasets are dervied from existing activity recogni-
tion datasets specifically curated for person identification.

2. Related work
Image-based identification: Most of the existing person
identification methods use image-based approach [4, 6, 19,
21, 39, 40]. Moreover, most of these methods are designed
towards learning better features in-terms of body shape,
clothes, appearance etc. In recent years, learning cloth in-
variant features is found to be a promising direction in per-
son identification with several works trying to address this
issue. For example, one of the most popular person identi-
fication approach, CAL [15] uses advarsarial loss to learn
cloth invariant features. On the other hand, SCNet[16]
uses a tri-stream network to learn semantically invariant

features. Some works also attempt to use multiple modal-
ities (e.g., silhouettes [23], skeletons [34], 3D shape [6])
etc. for better feature representation. Even though the im-
age based methods can have better performance than some
video-based methods, this performance is measured on very
specific datasets, which might or might not generalize to
more complex datasets where the person in consideration is
performing some other activities rather than walking.
Video-based identification: The key for video-based per-
son identification is to extract representations robust to spa-
tial and temporal distractors. These methods incorporate
temporal information in their learned features and gener-
ally have better performance than image based methods.
Several previous works [10, 43] have exploited temporal
cues by aggregating frames features via LSTM network.
However, instead of using aggregated features extracted by
RNNs, 3D CNNs perform better in terms of directly extract-
ing spatio-temporal features that are more robust for person
identification [5, 28]. Following current research direction
[3, 20, 22, 33, 37], our work is also based on 3D CNN.
Gait recognition: Gait recognition is a very active area of
research where the goal is to identify individuals using their
walking style. Existing methods mostly utilize silhouettes
to avoid interference of appearance [12, 13, 27] which lim-
its their applicability on real-world RGB videos. There are
some approaches making use of RGB for gait recognition
[26, 44], but they do require silhouette in addition to RGB
data. In our proposed method we only use silhouette during
training and it is not required for inference.
Knowledge distillation: It is one of the most common tech-
niques to transfer knowledge from a large model (teacher)
to a smaller model (student) for compression and efficient
learning [18]. It has also been found very effective for semi-
supervised learning where the models can learn from unla-
belled samples under student teacher setup [36]. In some
recent efforts it was also explored for person identification
too for effective cross-view [33] and cross-scene [38] repre-
sentation learning. It has been mostly explored within same
modality, whereas we perform a cross-modal distillation to
leverage the teacher’s knowledge of a different data modal-
ity to improve the performance of the student.

3. Method
Our goal is to identify an individual given an RGB video
of that individual performing some activity. We are using
a face restricted setting to perform this task, where the face
of the individual is blurred so as to avoid learning any of
the facial features. Avoiding the explicit learning of facial
features is motivated by acknowledging potential issues like
wearing accessory (masks, sunglasses), privacy concerns,
and individuals’ unwillingness to reveal their faces.
Problem formulation: Given a dataset D containing el-
ements of v, yA, yB with N samples, we want to train a
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Figure 2. Overview of our proposed method ABNet. RGB video is passed to a video encoder Sφ(·) for spatio-temporal feature FAB

extraction which is passed to the activity head CA and the actor head CB . CB captures both biometrics (in red) and appearance (in green)
features in FBT . To disentangle features, bias-less teacher encoder Tθ(·) distills biometrics knowledge from corresponding silhouettes.
The appearance feature bias is learned via a distortion network using encoder Aφ(·) on the distorted video input. Similar to CB , CDB also
captures both distorted biometrics (in red) and distorted appearance (in green) features in FD

BT . Here, green and red denote positive and
negative feature. Joint training is performed using both CA and CB . During inference, only the dashed box highlighted branch is utilized.

person identification model M which can provide a latent
feature FAB for each video v which can be used for match-
ing it with the person id yB . Here v ∈ RnXCXHXW rep-
resents an RGB video, where n is the number of frames,
C,H,W are the number of channels, height and width of
the video, and yB is its ground truth actor label that is per-
forming some activity yA. Once trained, the model M will
be evaluated on a gallery G ∈ v, yb and probe P ∈ v, yb.
The goal is to match the id of the person yb in probe video
v with the correct id in videos from gallery.

Overview: We propose ABNet, Activity Biometrics Net-
work, denoted as M to solve this problem. ABNet performs
biometrics-bias disentanglement and make use of activity
prior to learn a discriminative identity feature for person
identification. Given a video v, the model M first extracts
spatio-temporal features FAB with the help of a video en-
coder Sφ(·). The spatio-temporal feature FAB is split into
two segments and are passed to the actor head CB for per-
son identification as well as the activity head CA for activity
recognition. Joint biometrics and activity learning enables
the use of activity-prior for biometrics. We get actor fea-
tures FBT from CB that contains both biometrics and ap-
pearance feature entangled with each other. Now to make
the model robust to appearance bias while learning accurate
biometrics features, we introduce two different components
- 1) distillation from a bias-less teacher and learning the
bias using biometrics distortion. The actor feature FBT are
disentangled into biometrics feature fbb and appearance fea-

ture fba. This disentanglement for biometrics feature fbb is
performed using distillation from a bias-less teacher T . On
the contrary, the disentanglement for appearance feature fba
is done by constraining it using a distortion network A. An
overview of the proposed method is shown in Figure 2.

3.1. Biometrics bias disentanglement

Appearance bias in biometrics arises when the models
overly rely on superficial visual cues, such as clothing or
specific accessories for identification. This leads to chal-
lenges such as limited generalization across appearances,
vulnerability to adversarial attacks, and reduced robustness
to environmental variations. This bias can result in biased
matching decisions, and inconsistent performance across
cameras. There has been extensive research done to avoid
clothing features for person reidentification [15, 16, 40],
however, appearance bias can come from features other than
clothes as well. To deal with this issue of appearance bias,
we introduce two different aspects; 1) bias-less distillation
from a teacher network, and 2) learning the bias using neg-
ative mining through biometrics distortion.
Bias-less distillation: One split segment of the extracted
feature FAB is fed to the actor head CB , which contains
DB

ω that is a standard transformer decoder. We get actor
feature FBT from DB

ω , which contains biometrics feature
fbb and appearance feature fba. DB

ω uses self-attention to
process the input sequence and then projects the attention
output into fbb and fba using separate linear layers. Now
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to disentangle the biometrics features from the appearance
features, we propose the use of silhouette features to per-
form bias-less distillation using teacher network T . T is
termed as bias-less because it is trained on binary silhouette
video bs ∈ RnXCXHXW that corresponds to RGB video
v, and thus have no knowledge of appearance based fea-
tures. T contains a silhouette encoder Tθ(·) that takes bs
as input and extracts FS features. Following [18] we use
the standard Kullback-Leibler (KL) divergence loss to min-
imize the discrepancy between the probability distributions
of the teacher T and our model M . The distillation loss
LKD is formulated as below:

LKD = τ2KL(yT ||yS), (1)

where, yT and yS are the probability distribution of the
teacher T and our model M . τ is the temperature parame-
ter that controls the softness of the teacher’s output. Along
with this distillation loss LKD, CB has its own biometrics
loss LBio formulated as below:

LBio = Lce + Ltri, (2)

where, Lce and Ltri are standard triplet and cross-entropy
losses for person identification formulated as below:

Lce = −y log ŷ, (3)

Ltri = max((D(fa, fp)−D(fa, fn) +m), 0), (4)

where, y and ŷ are the ground truth and predicted label, fp
and fn are the positive and negative features for an anchor
feature fa within the same batch, D(·) is the Euclidean dis-
tance function, and m is the margin of triplet loss.
Bias learning: To make the model robust to appearance
bias, we introduce the distortion network A, which is iden-
tical to M and shares weights. It contains video encoder
Aφ(·) that takes distorted video v̂ ∈ RnXCXHXW that cor-
responds to the original video v. The key idea is to distort
the identity of the person while preserving the appearance.
We rely on elastic transform [1] which randomly transforms
the morphology of objects in images and produces a see-
through-water-like effect in the image still preserving the
appearance. It is used to generate “negative” or “distractor”
samples in the training dataset where the distorted samples
will have the same appearance while changing the identity.
Some sample distorted images are shown in Fig. 3.

Similar to M , this distortion network A also extracts
spatio-temporal feature FD

AB using encoder Aφ(·). Since
this branch is designed for bias-learning, thus the activity
head CDA of A is not utilized. On the contrary, A’s ac-
tor head CDB extracts distorted biometrics feature fD

bb and
distorted appearance feature fD

ba. Due to the distortion, fba
and fD

ba are treated as positive samples, whereas, fbb and
fD
bb as hard negative samples. The goal is to pull together

positive pairs (i.e. similar features) and push apart negative
pairs (i.e. dissimilar features). We use this distorted aug-
mentation loss LDis for bias learning and it is described as,

LDis = max((D(fba, f
D
ba)−D(fbb, f

D
bb ) +m), 0), (5)

where D(·) is the Euclidean distance function and m is the
margin for the contrastive loss.

3.2. Joint biometrics and activity learning

Jointly training a network for both activity recognition and
person identification can benefit person identification when
the training data includes activities by enabling the model
to learn shared representations. By learning to understand
contextual cues from activities alongside actor features, the
network can develop richer embeddings, thereby enhancing
the model’s ability to accurately identify individuals across
varying activity contexts. Thus we perform joint learning
of the activity and actor branch of ABNet. One segment
of feature FAB is fed to activity head CA that contains de-
coder DA

Ω that learns features FAc. CA is trained using LAc

which is a standard cross-entropy loss for the activity labels
regardless of the actor labels. This joint training also en-
ables ABNet to utilize activity priors for biometrics, where
we use knowledge of activity for person identification. This
is accomplished by concatenating the activity features FAC

with biometrics features fbb during testing.

3.3. Overall learning objective

Finally the model M is optimized by combining all the
losses which include, biometrics loss LBio, distillation loss
LKD, distortion loss LDis and activity loss LAc and we get
the total loss L formulated as,

L = LBio + λ1LAc + λ2LKD + λ3LDis (6)

where λi, i ∈ [1, 2, 3] are the weights for each of the losses.

4. Experiments and results
Datasets: We perform our experiments on five different
datasets which are derived from existing activity recogni-
tion benchmarks. 1) NTU RGB-AB is derived from NTU
RGB+D [29] which is a large-scale benchmark for activity
recognition. We ignore mutual activities and consider 94 ac-
tivity classes with 88692 samples fro NTU RGB-AB. The
activity classes are divided into daily activities and medical
conditions performed by a total of 106 subjects across 32
different setups, 155 different views which are shown with
3 cameras. We use the official cross-subject split for the
train test separation. 2) PKU MMD-AB is derived from
PKU-MMD [8] which is another large scale benchmark for
activity recognition. Similar to NTU RGB-AB, we ignore
mutual activities from PKU-MMD and PKU MMD-AB has
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Figure 3. Biometrics distortion: here original samples are shown in the top row and their corresponding distorted samples in the bottom
row. From left to right, every two columns contain samples from NTU RGB-AB, PKU MMD-AB, Charades-AB, ACC-MM1-Activities
and BRIAR-BGC3 dataset respectively. The subjects from BRIAR-BGC3 and ACC-MM1-Activities consented to publication.

41 activity categories with almost 17,000 labeled activity
instances. These activities are performed by 66 actors in 3
different camera views and we use the official cross-subject
split for our experiments. 3) Charades-AB contains all the
9,848 annotated videos from Charades [35] with approx-
imately 6.8 activities per video performed by 267 actors
across 157 activity classes from a single viewpoint. We use
the official train-test split for our experiments. 4) ACC-
MM1-Activities [32] is a recently curated daily activities
dataset which contains 1378 annotated videos where 7 daily
activities are being performed by 200 subjects from a single
view-point. These activities are - enter/exit car, pull/push
door, walk upstairs/downstairs, and texting. We use the of-
ficial train-test split for our experiments. 5) BRIAR-BGC3
[9] is a large-scale, in-the-wild person identification dataset
containing samples across varying distances, environment
conditions. It is mainly focused on walking/standing sce-
nario and consists of 3 different walking conditions (struc-
tured walk, random walk and standing) performed by 1055
subjects in outdoor settings from different ranges and angle
of elevation. BRIAR-BGC3 contains over 1300 hours of la-
beled training videos from 1055 subjects in indoor/outdoor
settings. We use a 20K subset of this dataset for training
with official face-restricted testing set for evaluation.
The videos from all five datasets undergo an arbitrarily cho-
sen value of hue shifting. Training a model on hue-shifted
data, even when appearance features are not explicitly uti-
lized, serves to enhance the model’s robustness and gen-
eralization capabilities. To facilitate face restricted person
identification the faces are blurred using Gaussian blur for
both the test and train split of all datasets.

Implementation and training details: The proposed
method is implemented using Pytorch. We use ResNet3D-
50 [17] as the backbone of the video encoder Sφ(·) and
GaitGL [27] for the teacher’s silhouette encoder Tθ(·).
The silhouettes of the RGB videos are extracted using
Mask2Former [7] to use as input to Tθ(·). We create RGB
video clips from each original video by randomly selecting

8 frames with a stride of 4. Every input frame undergoes
resizing to dimensions of 256X128. We train the model
with a batch size of 32 with each batch containing 8 person
and 4 clips for each person. Adam [24] is used as the op-
timizer with weight decay of 5x10−4 and learning rate of
3.5X10−4. The model is trained for 150 epochs with a de-
cay factor 0.1 after every 40 epochs. The triplet loss margin
m is set to 0.3 and λi, i ∈ [1, 2, 3] in Eq. (6) is set to 0.01.
During inference the activity feature FAc is concatenated
with the biometrics feature fbb that acts as the activity prior.

Evaluation protocol: For all datasets except BRIAR-
BGC3, we randomly split the test set into gallery and probe
(more details in supplementary). We use two different eval-
uation protocols; 1) same activity inclusive, and 2) cross-
activity. For the first one, we use all the activities in the
gallery whereas in cross-activity we exclude the activity
in the probe while retrieval. Similarly, we also evaluate
for same-view (View+) and cross-view (View−) for NTU
RGB-AB and PKU MM-AB where view information is
available. For BRIAR-BGC3, we use the official protocol
for face-restricted evaluation.

Evaluation metrics: For a thorough assessment of the
model’s performance, we employ rank 1 accuracy, rank 5
accuracy, mean average precision (mAP), and TAR @ 0.1%
FAR. While the first three evaluation metrics are more pop-
ular to evaluate a person identification model, the latter met-
ric is also crucial to check the model’s ability to minimize
the false acceptance rate.

Baseline methods: We consider ResNet3D-50 [17],
MViTv2 [25] and GaitGL [27] as baselines. To further
demonstrate the effectiveness of our model, we compare
it against several state-of-the-art image based (CAL [15],
PSTR [4], SCNet [16] and AIM [40]) and video based (TSF
[22], VKD [33], BiCnet-TKS [20], STMN [11], PSTA [37],
SINet [3],Video-CAL[15]) person identification methods.
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Table 1. Comparison with state-of-the-art person identification methods: Evaluation shown on NTU RGB-AB, PKU MMD-AB,
Charades-AB, and ACC-MM1-Activities on same-activity, View+ evaluation protocol . †: this model was trained on silhouettes.

Methods Venue
NTU RGB-AB PKU MMD-AB Charades-AB ACC-MM1-Activities
Rank 1 mAP Rank 1 mAP Rank 1 mAP Rank 1 mAP

Image

CAL [15] CVPR22 73.79 28.40 81.31 49.45 43.84 25.81 69.83 42.81
PSTR [4] CVPR22 69.14 34.14 84.33 47.52 37.15 24.69 57.41 34.48

SCNet [16] ACM MM23 69.89 31.47 79.53 43.55 31.73 21.89 64.68 39.79
AIM [40] CVPR23 71.37 35.41 82.52 48.89 40.13 28.31 74.79 49.14

Video

TSF [22] AAAI20 71.79 31.80 76.43 37.50 35.38 21.89 49.41 29.73
VKD [33] ECCV20 67.41 35.63 78.35 38.54 36.31 20.71 55.38 29.57

BiCnet-TKS [20] CVPR21 72.71 34.45 80.79 38.52 40.31 27.34 60.44 32.79
STMN [11] ICCV21 72.98 35.08 76.55 47.92 38.72 24.49 59.44 39.68
PSTA [37] ICCV21 67.41 34.78 77.44 50.42 42.89 28.32 71.41 50.31
SINet [3] CVPR22 69.41 30.68 79.58 40.80 40.31 26.90 65.39 45.41

Video-CAL [15] CVPR22 75.49 39.86 79.59 49.42 43.91 28.51 77.48 50.08

Baselines
GaitGL [27] † - 61.51 28.89 65.38 33.78 18.43 6.81 39.41 18.51

ResNet3D-50 [17] - 64.23 26.89 69.70 32.64 32.25 17.42 44.31 22.54
MViTv2 [25] - 63.87 26.41 68.37 28.52 28.51 15.39 40.59 21.52
ABNet (ours) - 78.76 40.31 86.83 57.31 45.84 31.58 80.43 52.71

4.1. Results

In Table 1, we present rank 1 accuracy and mAP metrics
for different baselines and state-of-the-art person identi-
fication methods across NTU RGB-AB, PKU MMD-AB,
Charades-AB, and ACC-MM1-Activities datasets, using
the same activity View+ evaluation protocol. ABNet con-
sistently outperforms both the best SOTA models and base-
lines across all four datasets. Table 3 compares ABNet with
top-performing identification methods and baselines on the
BRIAR-BGC3 dataset.

For a detailed evaluation, Table 2 shows ABNet’s perfor-
mance across NTU RGB-AB, PKU MMD-AB, Charades-
AB, and ACC-MM1-Activities datasets. This includes both
same activity and cross activity evaluation protocols, fea-
turing View+ and View− settings for NTU RGB-AB and
PKU MMD-AB. As view information is unavailable for
Charades-AB and ACC-MM1-Activities datasets, the eval-
uation focuses solely on same and cross activity protocols.
Comparisons: From Tables 1 and 3, it’s clear that existing
methods are primarily focused on identifying individuals
based on walking patterns in various settings, lacking opti-
mization for diverse activities. Our proposed ABNet consis-
tently outperforms existing models across all datasets. AB-
Net demonstrates approximately 2% to 4% higher rank 1
accuracy compared to the best existing method. This con-
sistent superiority highlights ABNet’s effectiveness in per-
son identification across diverse activity scenarios.

In Table 2, ABNet shows relatively stable performance
across different evaluation protocols, except for ACC-
MM1-Activities, which has fewer activity classes leading
to larger performance gaps. The presence of overlapping
activities in Charades-AB video samples reduces its per-

formance compared to other datasets. Despite these chal-
lenges, ABNet consistently delivers strong results. Even on
the predominantly walking-focused BRIAR-BGC3 dataset,
ABNet outperforms the best SOTA model by 4% in rank
1 accuracy. Overall, ABNet demonstrates robust perfor-
mance, particularly on datasets with diverse activity classes.

4.2. Ablations

To verify the effectiveness of ABNet and each of its com-
ponents, we perform ablation study on the NTU RGB-AB
dataset in Table 4 on the same activity evaluation protocol.
Refer to the supplementary for ablation study on the cross
activity evaluation protocol. Here, B/L stands for the base-
line which is just the backbone model taking RGB video as
input. K/D stands for bias-less distillation, A/P stands for
activity prior, and lastly F/D stands for the bias learning.
Effect of bias-less distillation: Introducing bias-less dis-
tillation, either independently (row 2) or with an activity
prior (row 4), leads to notable performance improvements
over the baseline. However, combining bias-less distillation
and activity prior demonstrates superior performance over
independent use of distillation, showcasing their synergistic
effect on model enhancement.
Effect of bias learning: Incorporating bias learning
through a distorted video encoder branch boosts model per-
formance even more (row 5). Similar to bias-less distilla-
tion, combining bias learning with an activity prior yields
the best overall performance (row 6), highlighting the im-
portance of their synergy in enhancing model robustness
and disentangling biometrics and appearance information.
Effect of activity prior: Incorporating activity and biomet-
rics features during inference significantly enhances per-
formance compared to using only the baseline model (row
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Table 2. Comprehensive performance evaluation of ABNet: results shown on NTU RGB-AB, PKU MMD-AB, Charades and ACC-
MM1-Activities. We observe that cross-view and cross-activity setup is the most challenging with some performance drop when compared
with same activity and same view setup.

Dataset Evaluation Protocol
R@1 R@5 mAP TAR @ 0.1% FAR

View+ View− View+ View− View+ View− View+ View−

NTU RGB-AB
Same activity 78.76 77.81 85.31 82.41 40.31 38.80 39.83 35.68
Cross activity 77.01 76.43 81.37 80.37 37.64 36.14 34.92 33.79

PKU MMD-AB
Same activity 86.83 81.41 91.37 87.73 57.31 51.74 42.79 40.31
Cross activity 81.44 79.41 89.31 84.83 51.79 46.30 37.31 34.38

Charades
Same activity 45.84 - 51.04 - 31.58 - 25.39 -
Cross activity 44.82 - 52.01 - 28.78 - 22.61 -

ACC-MM1-Activities
Same activity 80.43 - 89.31 - 52.71 - 43.72 -
Cross activity 68.31 - 76.39 - 38.83 - 35.32 -

Table 3. Performance comparison on BRIAR-BGC3 against best
state-of-the-art person identification and baselines.

Model R@1 mAP TAR@ 0.1%FAR
Image-CAL [14] 30.57 17.44 25.38
Video-CAL [14] 28.32 15.43 24.16

PSTA [37] 27.75 13.78 21.54
GaitGL[27] 12.61 9.51 6.44

ResNet3D-50[17] 22.50 12.83 19.71
MViTv2[25] 11.78 10.21 8.44
ABNet (ours) 34.38 18.78 26.42

Table 4. Ablation studies of each component of ABNet on NTU
RGB-AB on same activity evaluation protocol.

B/L K/D A/P F/D
View+ View−

R@1 mAP R@1 mAP
✓ 64.23 26.89 62.10 22.45
✓ ✓ 69.31 28.01 66.57 24.29
✓ ✓ 69.43 27.97 67.37 24.77
✓ ✓ ✓ 72.89 32.38 70.17 30.68
✓ ✓ ✓ 76.70 36.21 73.82 33.18
✓ ✓ ✓ ✓ 78.76 40.31 77.81 38.80

3). This integration consistently improves model efficacy
across various model configurations demonstrating the role
of activity recognition for biometrics.

4.3. Discussion and analysis

Effect of distortion: Figure 4 presents t-SNE plots of the
biometrics and appearance feature space for ten NTU RGB-
AB individuals at α ∈ [0, 50, 100, 150, 200, 250, 300, 350],
where α represents the amount of distortion. For optimal α
we want to find such a value where biometrics feature clus-
ters are overlapped due to being negative, but appearance
feature clusters still remain relatively same due to being
positive. Increasing α causes more overlap in biometrics
feature clusters; whereas up to α = 250, appearance fea-
ture clusters remain relatively stable. However, beyond this
point, excessive distortion causes overlapping appearance

Table 5. Effect of distortion on model performance for NTU
RGB-AB on the same activity evaluation protocol

Distortion amount
View+ View−

R@1 mAP R@1 mAP
α = 200 78.23 38.31 76.81 37.91
α = 250 78.76 40.31 77.81 38.80
α = 300 75.24 31.42 73.17 29.84

Table 6. Effect of face restriction on model performance for NTU
RGB-AB on same activity evaluation protocol

Face Restricted
View+ View−

R@1 mAP R@1 mAP
Yes 78.76 40.31 77.81 38.80
No 79.24 41.64 78.87 40.04

clusters. Thus α = 250 is selected as the optimal value.
From the quantitative results presented in Table 5 similar
effect of α is observed on the model’s performance.
Performance analysis across activities: Figure 5 illus-
trates the comparison between our method and the baseline
across selected activities, encompassing the top five best
and bottom five worst instances in person identification per-
formance. Notably, activities posing challenges for person
identification, resulting in lower performance, also exhibit
reduced accuracy in activity recognition, except for a few
exceptional activity classes. This correlation underscores
the consistent relationship between the difficulty of iden-
tifying individuals within activities and the corresponding
accuracy of recognizing those activities.
Effect of face restriction: Table 6 illustrates the model’s
performance on the same activity evaluation protocol, indi-
cating a minimal increase in performance despite the pres-
ence of facial features. This suggests the model’s resilience
to facial variations, showcasing its capability to identify in-
dividuals based on non-facial cues. ABNet demonstrates
stability in performance even after the removal of facial ap-
pearance cues, highlighting its reliance on other distinguish-
ing features, such as activity-related cues.
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Figure 4. Effect of distortion on feature space: The t-SNE plots illustrate the impact of varying distortion amount α ∈
[0, 50, 100, 150, 250, 300, 350] on biometrics (top) and appearance (bottom) features of ABNet for ten random NTU RGB-AB identi-
ties. As α increases from left to right, the optimal results occur at α = 250 (shown in square) where biometrics changes while appearance
remains consistent. Beyond α = 250, appearance gets distorted too, making it unsuitable for disentanglement.

Figure 5. Performance analysis across activities: The bar plot on
left axis shows rank 1 identification accuracy for given activity of
ABNet against baseline on 10 activity (5 best and 5 worst) classes
of NTU RGB-AB. The scatter plot with markers on right axis
shows activity recognition accuracy for corresponding classes.

Qualitative results: In addition to the quantitative results,
we show top 4 rank retrieval results in Figure 6. Each row in
this figure corresponds to a probe (left) and the identities re-
trieved (right) by ABNet. The retrieval list shows accurate
person identification across a variety of activities and ap-
pearance, effectively highlighting ABNet’s ability to learn
from activity cues rather than appearance.

5. Conclusion

In this work we study a novel problem of person identi-
fication from videos of daily activities. We propose AB-
Net, a simple approach to solve this problem which re-
lies on feature disentanglement and activity prior for person
identification. This approach incorporates feature disentan-
glement at both biometric and appearance levels, leverag-
ing distinct strategies to enhance accuracy and mitigate bi-
ases. By distilling biometric knowledge from a bias-free
silhouette-trained model and learning appearance biases via
elastic distortion-based transformations, our framework en-
sures a comprehensive understanding of individuals’ inher-
ent biometric traits while accounting for appearance varia-
tions. Moreover, the integration of an activity prior during
inference further enriches the model’s capabilities. Through

Figure 6. Top 4 rank retrieval samples for ABNet on NTU RGB-
AB, Charades-AB, PKU MMD-AB and ACC-MM1-Activities on
row 1, 2, 3, 4 respectively. The left most column shows the probe
and rest of the columns are the retrieved list. Accurate retrieval is
shown with green box and inaccurate with red. The subjects from
ACC-MM1-Activities consented to publication.

extensive evaluations on five benchmark datasets derived
from large-scale activity recognition datasets, our approach
consistently surpasses several state-of-the-art methods.
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