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Abstract

This work focuses on Clothes Changing Re-IDentification (CC-RelD) for the real
world. Existing works perform well with high-quality (HQ) images, but struggle with
low-quality (LQ) where we can have artifacts like pixelation, out-of-focus blur, and mo-
tion blur. These artifacts introduce noise to not only external biometric attributes (e.g.
pose, body shape, etc.) but also corrupt the model’s internal feature representation. Mod-
els usually cluster LQ image features together, making it difficult to distinguish between
them, leading to incorrect matches. We propose a novel framework Robustness against
Low-Quality (RLQ) to improve CC-RelD model on real-world data. RLQ relies on
Coarse Attributes Prediction (CAP) and Task Agnostic Distillation (TAD) operating in
alternate steps in a novel training mechanism. CAP enriches the model with external
fine-grained attributes via coarse predictions, thereby reducing the effect of noisy in-
put. On the other hand, TAD enhances the model’s internal feature representation by
bridging the gap between HQ and LQ features, via an external dataset through task-
agnostic self-supervision and distillation. Our RLQ is among the few works to success-
fully learn from external attributes on very low-quality on real-world datasets like LaST,
and DeepChange. Github: https://github.com/ppriyank/RLQ-CGAL-UBD.

1 Introduction

Person Re-IDentification (RelD) involves identifying a person from a gallery of media, cate-
gorized as Short-Term and Long-Term (‘Clothes Changing’, ‘CC’) RelD. The former identi-
fies people with similar backgrounds/clothes while the latter identifies across locations, time,
and clothing. Short-term RelD is relatively easier, with non-biometric cues (background and
timestamps) helping in identification [44]. We focus on image-based CC-RelD counteract-
ing real-world artifacts, without any non-biometric shortcuts. Our work primarily focuses on
reducing the effect of low quality artifacts in real-world person RelD.

Existing approaches often rely on external fine-grained attributes (e.g. silhouettes [21],
body shapes [46], contours [57], efc.) as auxiliary inputs. These attributes, produced by high-
quality (HQ) pre-trained models, have not seen much success on low-quality (LQ) datasets.
When applied to real-world LQ images, which include occlusions, pixelation, motion blur,
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(a) Motion Blur (b) Motion Blur (c) Pixelation (d) Out-of-focus (¢) Pixelation:
Wrong 3D Body &  Partial Contours (DexiNed [41])  Noisy Silhouette Blurry Face Partial Pose
Pose (SMPL [31]) (SCHP [25]) (RetineNet [6])  (AlphaPose [7])

Figure 1: Noisy fine-grained attributes: Samples from LaST, LTCC, DeepChange, PRCC.
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Figure 2: Robustness against Low-Quality (RLQ) (a) Fine-grained attribute (e.g. pose) is
discretized/clustered into coarse classes which the model predicts using RGB images for
learning attribute feature representation. Classification is an easy task that avoids input
noise from attributes. (b) External () HQ embeddings pull LQ ones towards it via self-
supervision & distillation, dissolving the LQ cluster on the target dataset (A, ), especially
helpful when the target dataset doesn’t have HQ-LQ pairs.

and out-of-focus (OOF) blur, these attributes tend to be noisy (fig. 1). Artifacts not only
negatively impact auxiliary models but also ReID models themselves. This results in a well-
studied low-resolution issue, where models cluster LQ images regardless of identities, lead-
ing to indistinguishable erroneous matches (shown in Ablation). To address these issues we
propose Robustness against Low-Quality (RLQ) framework which improves CC-RelD on
real-world data. RLQ alternates between alleviating input noise from external fine-grained
attributes via Coarse Attributes Prediction (CAP), and reducing the negative impacts of
LQ images on the model’s internal features representation via Task Agnostic Distillation
(TAD). These two strategies when applied to our ReID model, enrich the model with fine-
grained attributes (CAP) and distinguish LQ images (TAD).

CAP is proposed as an alternative to feeding additional input noise, via fine-grained
attributes, while still learning their representation. Instead, features for these external at-
tributes is learned by predicting attributes as coarse discrete labels, directly from input
(fig. 2(a)) i.e. RGB-only inference. To show effectiveness of CAP, we focus on two attributes:
one showing entanglement via gender awareness and other disentanglement via pose robust-
ness. We classify images into pose clusters, and gender classes. Generative method [27]
can learn attributes via predictions as well (e.g. generate poses) for learning pose, however,
classification is an easier task than generating real-world data.

In addition to external attributes, ReID models themselves need robustness against real-
world artifacts. Existing research [26, 34] uses pairs of high-quality (HQ) and low-quality
(LQ) images to alleviate the clustering of LQ features. However, separating HQ images from
those with artifacts e.g. pixelation in an upscaled image without HQ-LQ pairs is a challenging
task. Our novel ‘TAD’ (fig. 2(b)) bridges the domain gap between the LQ and HQ image
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(a) Top-1 mismatch (shown in red) with similar Pose (b) Top-1 opposite gender mismatch (shown in red)

Figure 3: RelD against Pose and Gender: LTCC mis-matches for CAL [11].

feature, using distillation and self-supervision, via synthetic HQ-LQ image pairs generated
from an external dataset. This pulls synthetic LQ features towards their HQ counterpart,
implicitly helping dissolve the LQ feature clusters on our target dataset, thus helping the
model distinguish LQ images better.

In summary, (1) Our novel Robustness against Low-Quality (RLQ) framework for real-
world CC-RelD alternatively applies Coarse Attribute Prediction (CAP) and Task Agnostic
Distillation (TAD) on the base ReID model for robustness against low-quality artifacts. (2)
CAP entangles gender and disentangles pose, via external fine-grained attribute without the
additional input noise from these attributes. (3) TAD enhances the model’s internal fea-
ture representation of low-quality images, via an external high-quality dataset reducing LQ
image feature clusters. (4) Our RLQ is among the few works to successfully learn from ex-
ternal attributes on very low-quality on real-world datasets like LaST, and DeepChange. The
extensive ablation analyses the performance benefits of CAP and TAD.

2 Related Work

Clothes Changing Person (CC) RelD Person RelD with same cloth [9, 38, 53] is a well-
researched topic. Following the surge of CC-RelD [5, 39, 40], we primarily focus on image-
based CC-RelD. Our design adopts a multi-branch design [13, 43, 57] where one branch is
dedicated to clothing changes, while the other focuses on biometric features.

Attributes: Multi-modal methods entangle fine-grained attributes (silhouettes [21, 60], body
shape [46], body parts [49, 55], contour [2], skeleton [13, 39], face [1, 47], and 3D shape [51])
as input via an external model to learn biometrics. These attributes are essential in solv-
ing RelD, e.g. pose robustness, but can also introduce additional input noise for real-world
low-quality data. Generative models [22, 27, 52, 59] learn representations by generating
attributes (e.g. generate pose to learn), similarly, our approach predicts attributes, for learn-
ing representations. Classifying coarse-grained attributes is an easier task than generating
real-world data & fine-grained attributes, while still reducing the additional input noise.

Low Resolution: Prior research [42, 45] primarily addresses ‘pixelation’ in face recog-
nition. However, the real world includes additional artifacts like blurring, which renders
super-resolution [3, 58] and traditional low resolution ineffective, with unreliable HQ-LQ
image pairs. Our solution is to create synthetic low-quality images [10, 19] with real-world
artifacts using an external HQ dataset, bridging the gap between the two domains.

3 Method : Robustness against Low-Quality (RLQ)

Robustness against Low-Quality (RLQ) focuses on real-world CC-RelD by alternating
Base model (baseline) between Coarse Attributes Prediction (CAP) to enrich the model
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Figure 4: Robustness against Low-Quality (RLQ): Base RelD model is our baseline with
RGB-only input (orange). The base model is trained alternately between: Upper: Coarse
Attributes Prediction (CAP) trained on target RelD dataset with train-only pose branch for
pose disentanglement and gender classifier for gender entanglement. Bottom: Task Agnostic
Distillation (TAD) trains a student base model using a teacher base model (pink, distillation)
and self-supervision on classification logits (green). Both CAP and TAD (white) are train-
only, with base model fz.;p used during RGB-only inference.

with external (pose, and gender) fine-grained attributes, and Task Agnostic Distillation
(TAD) for enhancing the model’s internal feature robustness on low-quality images (fig. 4).
During testing, RGB-only inference on Base Model with no external attribute (CAP or
TAD). Note: Our focus in this work is not on removing clothes bias; for that, we have the
Base Model (CAL branch and cloth augmentations). Instead, our contribution is to induce
robustness against low-quality artifacts as present in the real-world (inherently CC-RelD).

3.1 Baseline: Clothes Agnostic Base ReID Model (BM)

We adopt one of the most popular open-source CC-ReID model, CAL [11], for learning
clothes invariant features. However, it lacks an understanding of pose and gender (fig. 3).
Coupled with CAL’s adversarial loss sensitive nature (table 5 & 6), its incompatible with
both triplet loss and clothes augmentations, making it difficult to integrate additional losses
in this architecture. Hence we adopt a two-branch architecture [4, 13], where Bag-of-tricks
(BOT [33]) branch is added to CAL. BOT Branch can train with additional losses and trans-
fer knowledge to the CAL branch via a shared backbone. The concatenation of features from
both branches is our Base Model (used during inference) fr.ip (=[fgor, fcar])- Detailed de-
scription in Supplmentary, where results indicate two branch structures offer no performance
boost, but simply stabilize CAL for additional training modules.

3.2 Coarse Attribute Prediction (CAP): External Attributes Features

The motivation behind Coarse Attribute Prediction (CAP) is to learn essential external fine-
grained attributes without the additional input noise due to low-quality images. Thus, pre-
dicting these attributes is an obvious choice that CAP achieves by classifying attributes as
coarse discrete labels from raw RGB images, as shown in fig. 4 (upper). This not only re-
duces the input noise but also removes the test time dependency on external attributes. CAP
can disentangle attributes (remove pose bias) or entangle them (gender awareness). CAP
applies a pose branch and a gender classifier on the BOT branch only during training.
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Pose Branch: Pose embedding fposg is learned by classifying RGB images into pose clus-
ters (similar to how ImageNet classification helps learn image class embeddings). Unlike
pose entanglement [36], we believe pose is temporary and shouldn’t play any role in identi-
fying an individual; thus is disentangled. By maximizing fposg angular distance with fpor
towards orthogonality i.e. minimize absolute cosine similarity, (Lc,s), we disentangle pose
bias from the features [24].

Lcos = | Cosine-Similarity(fzor, frose) | (1)

The pose branch shares the backbone with the
base model, keeping features in the same feature O-%}O
space, easing disentanglement. Contrary to tradi-
tional methods [13, 37] of representing pose via lo-
cation of body joints, we additionally include body

Joints : 17
_._ Angle Lengths : 13
‘) (Bend)  Angles: 13
Z__

Length
(stretch)

line joining joints, consisting of stretch (length), and ? 9

bend (angle) as shown in fig. 5 (left), adding fine- g  [means Clustering
grained nuances to the pose vector. Pose vectors are fi} % ﬂ — (3_)3 }(\,)/[7
then clustered using K-means, assigning each image P L\E - ey
a discrete pose cluster (clusters in Supplementary). Pose ﬁ /)? AR /]—;)
Gender Classifier: Gender often used for filtering / /I Cluster 1 Cluster 2

out the wrong genders [8]. Simple classification of
RGB images into gender labels can entangle gender-
based cues (e.g. male/female body shape, pose) into
RelD. Gender Classifier on fgor classifies RGB im-
ages into binary gender labels, i.e. male vs female,
introducing gender awareness into BOT branch.

Figure 5: Pose Clustering: Upper:
Pose Vector consists of the length
and angle, used in L2 distance K-
means clustering (Lower).

3.3 Task Agnostic Distillation (TAD): Model’s Internal Features

Models cluster LQ image features as erroneous look-alike. Traditional solutions that low-
quality features mimic high-quality ones are non-applicable without clean separable HQ-LQ
pairs. Addressing these, TAD leverages external HQ datasets to bridge the gap between
the two domains via synthetic HQ-LQ pairs. As shown in fig. 2(b), the external dataset
HQ features pull LQ features via self-supervision and distillation. This implicitly helps
RelID pull LQ features on the target dataset, dispersing low-quality clusters. This enhances
the model’s internal robustness against LQ artifacts (helping ‘see better’). Unlike previous
work [10, 18, 19], TAD is 1) trained parallel to the target RelD task, in alternate epochs,
2) Any HQ dataset can help, as it plays no role in supervising RelD, aka “task-agnostic”.

Explanation: Matching HQ-LQ features risks pulling HQ embeddings towards LQ clus-
ters [23], thus an indirect softer approach is adopted. Student HQ & LQ features are pulled
toward the teacher’s frozen HQ embeddings, reinforced by self-supervision on classifiers’
logits i.e. HQ-LQ logit matching, instead of features. Teacher’s distillation eliminates the
need for labels from the external dataset, making any HQ dataset suitable regardless of the
target RelD task (task-agnostic). Additionally, teacher fixed anchor embedding helps main-
tain the separability of features, serving two purposes: (1) Prevents Collapsing: Collapsing
external dataset embeddings. (2) No multi-tasking: Since training on external dataset anno-
tations is not required, a small subset can fix LQ clusters. All empirical evidence in ablation.
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# of IDs # of Imgs # of Clothes M. Evaluation
Dataset Train  Test | Train igl"est Train  Test Px. | OOF Blur Protocol
Celeb-ReID[14]1 | 632 420 | 20,208 13,978 | 20,208 -
g LTCC[39] 77 75 9,576 7,543 256 221 v v v | CC, General
PRCCI[50] 150 71 17,896 10,800 300 142 | v v CC, SC
8‘ DeepChange[48] | 450 521 | 75,083 80,483 1,219 1,336 | v v General
> LaST[40] 5,000 5,807 | 71,248 135,529 | 16,035 v v v General

Table 1: Dataset, artifact & Evaluation protocol Px.: denotes pixelation, OOF: denotes
out-of-focus blur, M. Blur: denotes motion blur, CC: means clothes changing, SC: means
same clothes. 1: Celeb-reID is chosen as the external dataset for TAD, (not for RLQ evalu-
ation). PRCC and LTCC are real-world LQ datasets, while DeepChange and LaST are very
LQ datasets (VLQ). All artifacts are empirically observed.

Implementation: External dataset xy pre-trains the teacher base model and generates syn-
thetic LQ image x79. The frozen teacher only sees xpo producing normalized CAL and
BOT features [TCIZ%T]}?OQT], while the student sees both (xgg,x70) generating normalized
features as [SgAQL,SgOQT] and [SégLszL?gT] (fig. 4 (bottom)). Classifiers produce ID logits
Y21 10 Yo7 1p) and CAL’s clothing logits [YC‘SALCL}, where 6 € {HQ,LQ}. Lp (pink) dis-
tills features, while KL divergence Lg (green) is used for soft self-supervision.

{HQ.LO} HO & |12 HO o5 |12
Lp= Z | Teaz — Searllz + 1 Tgor — Spor 2 ()
5
Ho Lo {CAL,BOT} I
‘CS:KL(YCALA,CLHYCAL,CL)—’_ Z KL(YaJDHYa,ID) 3
o

3.4 Overall Learning Objective

Baseline inherits the traditional losses of the BOT and CAL branches. These include Label-
smoothed cross-entropy loss (CE) for both branches identity classifiers, and clothes classifier
for CAL, CAL adversarial loss for clothes invariance, and Triplet loss for fgor. We intro-
duce 1) KL-divergence loss between the identity classifiers’ logits of both branches (sync
information across branches). CAP introduces 2) CE loss for pose and 3) CE for gender
classification, and 4) L¢,, (eq. (1)) for pose disentanglement. TAD losses are distillation 5)
Lp, (eq. (2)), and 6) self-supervision Lg (eq. (3)). The weight for each loss (hyperparam-
eter optimization (left as future work) is 1.

4 Experiments and Results

Dataset & Evaluation Table 1 describes the four image CC-RelD datasets. Datasets are
evaluated using Top-1 (R-1, CMC) and mAP evaluation. The evaluation protocol: (i) Cloth-
Changing (CC): Query-Gallery wears different clothes. (ii) Same-Clothes (SC): Query-
Gallery have matching clothes. (iii) General: All query and gallery samples.

Implementation Branches output is concat of max and avg pool [15]. Gender is manu-
ally annotated as 1 (male), and O (female). Pose vectors are generated using AlphaPose [7]
clustered with an empirically found cluster size of 15 (0" cluster for noisy poses). Celeb-
RelD [14] is used as external HQ dataset. Synthetic LQ augmentation include 1) Pixelation:
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. LTCC (%) PRCC (%)
Method /2(331123?;1 cC General CC SC
R-TT  mAPT | R-IT mAPT | R-IT  mAPT |R-1T mAPT}
| BSGA (BMVC'22) [35] S B B B B 618 587 |99.6 973
5| CCFA (CVPR’23) [12] - 453 22.1 758 425 | 612 584 |99.6 987
3 CVSL (WACV’2024) P 445 21.3 764 419 57.5 56.9 |97.5 99.1
& | CCPG (CVPR™24) [37] P 462 229 772 429 | 61.8 583 | 100 99.6
& | CLIP3D# (CVPR’24) [28] B, Text 42.1 217 - - 60.6  59.3 - -
Baseline: CAL (CVPR™22) [11] - 40.1 18.0 742 408 552 558 | 100 99.8
Baseline: Base Model S 41.1 20.3 757 414 580 594 | 100 99.8
CAP S,P,G 434723 2070 74710 419*051602%22 60.3*%7[ 100 99.9
5| TAD S 43423 21,613 76.1%04 41804 161.232 61.1%17 | 100  99.9
2 RLQ (CAP + TAD) S,P.G |464%53 21512 76.9%12 41804 64.0*0 63.2738| 100 99.8
Table 2: Comparison on LTCC and PRCC (%) Shorthand notations: “-”: results were

not reported, 1 : higher the number better the performance, ‘S’: silhouettes/body parsing,
‘P’: Pose (2D/3D), ‘B’: Body Shape (2D/3D), and *G’: Gender. CLIP3D4 [28] is short for
‘CLIP3DReID’. “*** shows x% increment over baseline base model.

Method Attributes |R-17 mAP 1 Method Attributes |R-17 mAPY
M2Net-F (MM22) [30] S,C [572 196 LaST (TCSVT’22) [40]) - 71.0 28.0
IMS+GEP (TMM’23) [56] - 55.1 183 MCL (MM’22) [20] - 75.0 22.7
MCSC-CAL (TIP’24) [17] - 569 21.5 Luand Jin (AIMS’23) [32] - 68.9 24.1
CLIP3D (CVPR’24) [28] B, Text |56.7 20.8  IMS+GEP (TMM’23) [56] - 732 29.8
Baseline: CAL (CVPR’22) [11] - 540 19.0 * “Baseline: CAL (CVPR'22)[11]] - 73.7 288
Baseline: Base Model S 577 214 Baseline: Base Model S 757 31.7
RLQ (Our) S.P.G [588 221 Riq (o SPG [77.9 353

Table 3: DeepChange General Results (%) Table 4: LaST General Results (%)

downsample to resolution € [16 x 16,64 x 64], and resizing back; 2) OOF blurring: gaus-
sian blur with random kernel € [35,21]; and 3) Motion blur: random size kernel € [8,20] of
1s rotated randomly € [0°,180°]. More details are provided in Supplementary.

4.1 Results

Ensuring fair comparison with all methods, accuracy-boosting techniques that can be univer-
sally applied to all models (including ours), e.g. Re-Ranking [54], Gallery enrichment [1],
or Vivo learning [16] are not used in comparison. All results follow the color scheme: Our
results, SOTA, and second-best. Results of the Celeb RelD dataset can be found under
Supplementary (‘Limitations’). Table 2 Formatting, applied to all rules (see caption).

- LTCC & PRCC (Real World LQ): Table 2 shows the comparison of our model with ex-
isting methods. Auxiliary attributes-based models in general outperform RGB-only models
(CAL, CCFA). We surpass the previous best on the PRCC dataset with competitive results
on the LTCC dataset, giving consistent improvement on CC protocol over the base model as
6.0% Top-1 and 3.8% mAP on PRCC and 5.3% Top-1 and 1.2% mAP on LTCC.

- DeepChange, and LaST (Very LQ): Table 3 & Table 4 shows results on the DeepChange
and LaST. There are only a few fine-grained attributes work on these two datasets, partly
because of their LQ artifacts. Attributes-related works include Contour (M2Net-F) and
Text features w/ 3D body shape (CLIP3D), the rest are heuristic-based works. Avoid-
ing input noise & TAD enables us to use fine-grained attributes like pose, and gender
for DeepChange and LaST (only work to do so). RLQ outperforms previous best by
1.6% and 2.9% Top-1, and 0.6% and 5.5% mAP on DeepChange and LaST, respectively.
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Aug |Loss |R-1 mAP|R-1 mAP  BrMh i A5 R T AP HQ Datasets [R-T mAP
40.1 18.0 [36.7 16.0 BOT | 43.5 21.7| 42.5 20.2 BM 58.0 594

v 36.9 18.0|40.1 179 CAL |434 20.8 424 20.2 NTU 61.1 59.8
v 1347 16.6138.8 183 Both {419 20.4 |41.5 19.5 Celeb-RelID 61.2 61.1

v | v 355 170[4L1 203 pje 6 CAL Fragile-B Gen- Table 7: TAD Exter-

Table 5: CAL Fragile-A Clothes der (G) entangle, Pose (P) dis- nal dataset NTU [29]
entangle, Both: both branches. instead of Celeb-RelD

augmentation & Triplet Loss

5 Ablations and Analysis

Following has, BM+G: Base Model (BM) w/ only gender classifier, BM+P: w/ only pose
branch, BM+TAD: w/ only TAD, and BM+CAP: RLQ w/o TAD i.e. BM+P+G. Ablations
performed using the CC protocol for the LTCC (unless otherwise mentioned), due to its
relatively smaller size compared to LaST and DeepChange. Design choices are highlighted.

- Base Model (Cal Sensitivity) Table 5 illustrates the incompatibility of CAL’s adversarial
loss with triplet loss and clothes augmentations. This is further evident from table 6, where
pose disentanglement and gender entanglement perform optimally on the BOT-only branch.
BM with extra BOT branch and foreground augmentation offers no performance boost (Base
Model 41.1% vs vanilla RGB CAL 40.1%) but simply fixes the CAL’s sensitivity problem.

- TAD (Task-agnostic) Comparable performance (table 7) of NTU (HQ dataset) [29] instead
of Celeb-RelD in TAD, as a source of HQ-LQ image pairs indicates the non-reliance/‘task-
agnostic’ on the choice of HD dataset. NTU limited viewpoints make Celeb-RelD prefer-
able. Figure 7 (a) shows randomly sampling Celeb-RelD at ~8% has consistent performance
gain on TAD. Implying small amount of HQ data & teacher’s soft supervision is effective
in learning the HQ-LQ relationship, w/o the need for multi-tasking on external dataset.

- Each Component & Number of Params Table 8 shows the performance of each compo-
nent on the Base model, w/ and w/o TAD. Gender has the largest impact on the LTCC, while
pose performs well on the PRCC. TAD gives a performance boost to each component. The
addition of pose with gender (CAP) for LTCC slightly reduces the performance, possibly
because of noisy pose clusters, which the model can fix (see better) upon application of
TAD. The final combination, RLQ, achieves the best performance. The gender classifier has
minimal parameter overhead, while the pose branch results in a 50% parameter gain (ResNet
branch). Also, 69M parameters are still relatively small compared to transformer-based ap-
proaches (LTCC sota) with ViT-Base/Swin-Base, with ~87M parameters. Time analysis is
tricky, as inference is only Base model with no TAD and CAP (Train-only).

- TAD (Teacher & External Dataset) Table 9 shows variations of TAD for improving ro-
bustness against LQ. Base Model with LQ augmentations (BM+LQ Aug.) doesn’t impact
the performance. Directly matching student’s HQ-LQ features via MSE loss with teacher
SSyse+TAD and without teacher SSyssk, offers no performance gain, while later dropping
performance. LTCC+SSysg, with noisy HQ-LQ pairs from LTCC instead of clean Celeb-
RelD, has lower performance. This indicates the need for clean HQ-LQ image pairs, via
an external dataset. Poor performance w/o teacher indicates possible feat collapse on the ext.
dataset (distribution shift), justifying need for feature separability via teacher.
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BM BM + TAD TAD Variants | T |[ED|R-1 mAP

Aux. [#Par| LTCC PRCC LTCC PRCC BM (Baseline) 41.1 20.3
R-1 mAP|R-1 mAP|[R-1 mAP|R-1 mAP BM + LQ Aug. 412 195

BM [45.9(41.1 20.3|58.0 59.4((43.4 21.6(61.2 61.1  SSyse + TAD |v'| v [43.3 21.2
+G [45.9]43.5 21.7|58.8 59.8||44.8 22.0 |62.4 62.6 SSuse v 324 163

+P |69.3]42.5 20.2(59.4 60.6|/44.7 21.4|61.8 623  LTCC+SSyse 38.3 18.5

+CAP|69.3[43.4 20.7|60.2 60.3|/46.4 21.5 |64.0 63.2 TAD Vv |434 216

Table 8: Contribution of architectural component. 12ble9: TAD Variant ‘ED’: exter-

G.: Gender, P: Pose, CAP: Gender + Pose, #Par: pa- nal dataset, “T": Teacher. .SSMSE :
rameters count in millions. MSE on feats (Self-supervised).
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Figure 6: TAD robustness against LQ clusters: t-SNE of pairs of HQ (blue) & LQ (red)

features for CelebRelD dataset with synthetic artifacts. Lumps of Red dots (& not blue dots)
indicate model cluster LQ features regardless of identities, with TAD reducing these clusters.

BM [TBM + TAD EECAL [EIBM (our) [RLQ(Our) [ RLQ (Our) [ 1 FEMALE
45 0.90 0.93 0.93
g £ 9 64 08
5 g 40
S44 S £ . 0.69
@ g 5 8 0.61
7 : \ 26 Sos
2 =30 . & 2 0.45
Q42 2 \ ] o 04
= 2 25
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40 58 .

5
15
4% 6% 8% 10% 30% 50% 70% 100% CelebHD  OOF  Pixelation Motion Blur 5 10 15 20 25 30 35 40 CAL BM (Our) RLQ (Our)

(a) Celeb-RelD Size (b) Impact of artifacts (c) K-means cluster Size (d) Gender classification

Figure 7: (a) Subset (8%) of external dataset improves performance. (b) Motion blur affects
the performance most, and RLQ (w/ UBD) outperforms CAL and Base model. (c) PRCC
pose vectors optimal cluster is 15. (d) RLQ is more gender aware than CAL and Base Model.

- TAD Visualization: Figure 6 shows t-SNE plots of the LTCC pre-trained model on the
synthetic LQ image of the Celeb-RelD dataset (LTCC doesnt have HQ-LQ image pairs).
Models cluster LQ image features, creating erroneous look-alike matches. TAD tries to
make LQ and HQ features indistinguishable, eliminating L.Q clusters (red dots), ideally
overlapping with HQ features, thus inducing robustness against LQ artifacts. Figure 7 (b)
shows RLQ, CAL, and the Base Model experience a significant drop in accuracy due to
motion blur. Specifically addressing it is left as future work.

- Error Analysis Optimal cluster size (K-means) for pose is around 15 and 25 clusters as
indicated Figure 7 (c). Figure 7 (d) shows a quantitative verification of gender awareness in
RLQ compared to the Base Model and CAL. On their respective LTCC mispredictions, RLQ
scores a 0.68 F-1 score on female classification (minority class), compared to CAL’s 0.44
F-1 score and BM (0.61 F-1 score). Figure 8 instances where CAL misidentifies (a) gender,
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(a) Gender Robust (b) Pose Robust (c) LQ Robust (d) Gender & Pose Wrong
Figure 8: RLQ vs CAL Visual Error Analysis: LTCC Top-1 match shown, with correct
and incorrect matches. General improvements where CAL makes a mistake while RLQ
doesn’t are: (a) Gender recognition (b) Pose robustness (c) Low-quality robustness (LQ
images match with other LQ images because of LQ feature clustering). When both models
make mistake (d), RLQ still correctly identifies gender and avoids similar pose.

(b) pose (similar/flipped body), and (c) LQ images (motion blur matches motion blur), while
RLQ correctly identifies. When both models make mistake (d), RLQ correctly identifies
gender and selects different poses.

6 Limitation

We mainly focus on LQ images, deliberately disregarding

fine-grained details that are available in HQ datasets. Coarse Model R-1 mAP
Attribute Prediction (CAP) tries to extract maximum infor- CAL 51.7 89
mation from artifact-ridden inputs by approximating fine- Base Model ~ |58.8 14.4
grained attributes as coarse labels. Coarse labels can fall short ~ Base Model + CAP|59.1 14.8

compared to their fine-grained counterparts. On evaluating
CAP on Celeb-RelID (table 10), CAP offers marginal im-
provements over the Base model. We hypothesize the model
has maximized its information gain from HQ RGB alone,
leaving little scope for enhancement with coarse attributes.

Table 10: Celeb-RelD re-
sults. TAD not applicable
(already HQ).

7 Conclusion & Future Work

Our Robustness against Low-Quality (RLQ) focus on real world Clothes Changing Re-
IDentification with real world low-quality (LQ) artifacts, namely pixelation, out-of-focus,
and motion blur. Our goal is to incorporate traditional external attributes like Pose and
gender, while avoiding the input noise they bring into ReID models via Coarse Attribute
Prediction (CAP). Additionally, our TAD is designed to help see model better distinguish
between low-quality images, in a task-agnostic setting, without the need for RelD. Adding
more such attributes, modeling other noises (& improving motion blur), and a theoretical
analysis on the benefit of TAD (and alternative training mechanisms) is left as future work.
Additionally, hyper parameter optimization to re-weight (loses) CAP and TAD may provide
a future direction of research. Our method "RLQ" is among the first works to successfully
bring these attributes to very LQ datasets like LaST and DeepChange.
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