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1. Experimental Details

Datasets. We conduct experiments on three widely used

text-to-image person retrieval benchmarks.

1. CUHK-PEDES [4] provides 40,206 pedestrian images
paired with 80,412 textual descriptions corresponding to
13,003 identities, with splits of 11,003 for training, 1,000
for validation, and 1,000 for testing.

2. ICFG-PEDES [2] consists of 54,522 image-text pairs
from 4,102 individual IDs, which are split into 34,674
and 19,848 for training and testing, respectively.

3. RSTPReid [7] contains 20,505 images of 4,101 individ-
ual IDs, with each ID having 5 images and each image
associated with the corresponding two annotated text de-
scriptions.

Implementation Details For a fair comparison with prior

work, we initialize our modality-specific encoders using

the pre-trained CLIP-ViT/B-16 [6] model, the same version
used by IRRA [3]. To increase data diversity, we apply ran-
dom horizontal flipping, random cropping, and erasing for
images, along with random masking, replacement, and re-

moval for text tokens. Input images are resized to 384 x

128, and the maximum text length is set to 77 tokens. We

train the model for 60 epochs using the Adam optimizer

with a learning rate initialized to 1 x 107> and a cosine
learning rate scheduler. The batch size is 256 and tem-
perature parameter 7 is set to 0.015. The hyperparameter
for MARS is Middle and Late Layer and the discard ratio
is 0.25. Normalization Strategy is L1 Normalization. For

ATS, p_start and p_end value are 0.65 and 0.5, respectively.

We set t_small value equal to the time when the epoch that

baseline achieves the best results.

2. More Quantitative Results

To further validate our approach, we conduct extensive
quantitative experiments and ablation studies. We analyze
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the impact of our Adaptive Token Scheduler (ATS), demon-
strating in Tab. 1 that a step-level application yields the best
results. We also assess the generalizability of our method
with different CLIP backbones in Tab. 2, confirming con-
sistent performance gains over the baseline. Finally, we pro-
vide a detailed comparison of our MARS selection strategy
against several heuristic-based alternatives in Tab. 3, which
confirms the superiority of our proposed method.

Setting | R@1 | R@5 | R@10 | mAP

Baseline 65.00 | 85.45 | 90.15 | 52.26
Epoch (ATS) | 65.25 | 83.85 | 89.95 | 51.39
Step (ATS) | 65.95 | 85.70 | 90.10 | 52.71

Table 1. Ablation study on the effect of the Adaptive Token Sched-
uler (ATS). The baseline does not use the scheduler, while ATS is
applied either at the epoch or step level. The results show that step-
level scheduling achieves the best performance, yielding improve-
ments in both R@1, R@5 and mAP compared to the baseline.

Setting | R@1 | R@5 | R@10 | mAP
using ViT/B-16 CLIP as backbone

Baseline | 61.30 | 80.85 | 87.65 | 49.12
Ours 67.30 | 85.60 | 90.50 | 53.05

using ViT/B-32 CLIP as backbone

Baseline | 59.65 | 79.35 | 86.35 | 47.40
Ours 64.50 | 84.10 | 90.40 | 50.28

Table 2. Ablation study on different CLIP backbones. Our method
consistently improves performance over the baseline when applied
to both ViT/B-16 and the lightweight ViT/B-32 backbone. No-
tably, even with the smaller ViT/B-32, our approach achieves clear
gains in R@1 and mAP, demonstrating its effectiveness across dif-
ferent model capacities.



Setting | R@1 | R@5 | R@10 | mAP

A 60.25 | 79.70 | 88.10 | 48.27
B 66.25 | 84.45 | 90.20 | 52.29
C 60.95 | 81.40 | 87.60 | 48.99
D 65.65 | 84.00 | 89.95 | 51.58
MARS | 66.95 | 85.15 | 90.40 | 53.05

Table 3. Ablation study of different strategies for selecting
top-K patches based on attention statistics. We compare our
method (MARS) against four baseline strategies: selecting patches
with the minimum mean attention (A), maximum mean attention
(B), minimum standard deviation of attention (C), and maximum
standard deviation of attention (D). The results clearly demon-
strate that our MARS method outperforms all baseline approaches
across every evaluation metric. MARS achieves the highest per-
formance with R@1 of 66.95% and mAP of 53.05%. This un-
derscores the effectiveness of our selection strategy compared to
simpler heuristics based only on the mean or standard deviation of
attention scores.

3. More Qualitative Results

More Retrieval Results. Fig. 1, Fig. 2, Fig. 3 and
Fig. 4 provide additional qualitative comparisons across
the CUHK-PEDES, ICFG-PEDES, and RSTPReid bench-
marks.  The examples consistently demonstrate that
our method retrieves visually and semantically accurate
matches, even in challenging cases involving fine-grained
attributes, small accessories, and visually similar distrac-
tors. Compared to the baseline, RDE [5], and other strong
methods such as IRRA [3] and TBPSCLIP [1], our ap-
proach shows superior robustness in capturing subtle cues
like clothing textures, color combinations, and carried ob-
jects (e.g., backpacks, purses, or phones). Notably, our
model remains reliable under domain shifts, handling di-
verse scenarios ranging from crowded street scenes to low-
light images. These results further validate the effective-
ness of our framework in producing more discriminative
and generalizable text-image alignments.

More Attention Map Visualization. Fig. 5 presents ad-
ditional qualitative comparisons of attention maps between
our method and RDE on the RSTPReid benchmark. The
results show that our model consistently attends to more
discriminative and semantically relevant regions described
in the text queries, such as specific clothing colors, acces-
sories, and carried items (e.g., backpacks, bags, or bicy-
cles). In contrast, RDE often produces diffuse or misaligned
attention, failing to capture fine-grained cues. These visual-
izations further highlight the effectiveness of our approach
in leveraging textual guidance to localize meaningful visual
regions, thereby enabling more accurate text-based person
retrieval.



This woman is
wearing a
multicolored
top with a
geometric
design, light
gray pants
and sandals.

flower printed
dress shirt
with black
pants. She also
has a blue
purse and
white shoes
on.

Woman with
short, dark hair
wearing a dark
and light three
quarter length
sleeves and
dark pants,
dark sandals,
two toned bag
over right
shoulder.

B

The woman is
wearing light
gray shirt and
matching
Y shorts. She
‘i has on black
4] and white
sneakers and
is carrying a
blue bag on
her right
shoulder.

Baseline

A woman holds a
green cell
phone in front of
her while
wearing a
printed mini-
dress covered
in ovals in pink,
red and yellow
with high-heel
black shoes
with triple ankle
straps.
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The man is
riding a bicycle
and he is
wearing a black
shirt with black
shorts, white
socks and
black shoes. He
is also carrying a
dark grey
backpack.
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Figure 1. More examples on CUHK-PEDES benchmark

X
o
m
P Tl 2 [ BNl B2




A middle-aged man with short black
hair is wearing a black insulated
jacket with a hood. He is also
wearing black fitted pants and neon
green sneakers with a black Nike
logo on the sides.
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A man in his fifties with medium-length
with a receding hair is wearing a black
bomber jacket. He is also wearing a
pair of green chinos pants and blue
sneakers.
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A man with black short hair is wearing
a blue puffer jacket with a hood and
a pair of fitted black pants. He is
wearing green running shoes with
white details and his hands are inside
the pocket.

A man in his mid 40's having a bald
patch. He is wearing an off white t-
shirt and black trousers. He is also
holding a black backpack.
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A young woman is wearing a persian blue
down jacket with white black checkered
print at the bottom and a hood having a
fawn furry lining. She is also wearing slim-fit
black pants with dark and light blue
shaded running shoes having a black
lining at the bottom and soles in white light
blue colour.
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A boy with black medium length hair is
wearing a dark blue hoodie that has
green sleeves. He is also wearing
grey denim loose fitted jeans with
dark blue running shoes. He has a
black and orange school bag that
has Mickey Mouse on it strapped on
the shoulder.
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Figure 2. More examples on ICFG-PEDES benchmark



The woman is
wearing a
black coat
with the hood.
She wears a
pair of black
trousers and
black shoes.
She is carrying
gray and
black
backpack and
a gray
handbag.

The man was
wearing a grey
coat, blue
trousers and
brown shoes.
He walks with
his hand in his
pocket and
carries a gray
backpack.

Back of a male
walker holding a
big shoulder
bag. He wears a
black jacket,
dark jeans and
a pair of black
sneakers.

His hands are in
his pockets.
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Figure 3. More examples on RSTPReid benchmark

N The middle-
il aged man is

wearing a

% black jackets

with a grey
hat,tight
jeans and a
pair of
sneakers.He
also wears
glasses and
his hands are
in the pockets.

The man is
wearing a black
coat, blue
trousers and
black sports
shoes. He walks
with his hand in
his pocket and
holds a child.

The man is
wearing a tan
coat, a pair of
dark trousers
and a pair of
black shoes. He
is carrying a
black backpack
and holding
something in the
hand.



The man with the
hood is wearing a
black coat with
some patterns. He
wears dark pants
and dark

shoes. And he is
putting his hands

in the pockets and 3
carrying a black !
backpack.

The man with the
dark hair is wearing
a tan and black
coat. His pants
are black while
shoes are white.
And he is carrying
a dark green
backpack.

The young lade is
wearing a white
coat, black
trousers and a pair
of black boots.
She is playing her
phone while
walking.

walker covering
head with a blue
hat holding a big
backpack. He
wears a long down
jacket and jeans.

The man who has
the black

- backpack is

(| Wwearing a gray

J coat with the hood.

) g " :\’! And his pants are
I B . = blue while shoes
I - an are black. And he

is playing the
Figure 4. More examples compare with other methods on RSTPReid benchmark

The man is wearing §
a white and black
coat, a pair of gray
trousers and a pair,
of black shoes. He
is carrying a black
backpack.

cellphone.




Query

The person is
wearing a black
and blue jacket,
black loose
pants and a pair
of green and
black sneakers.
His hands are in
the pocket.

The man is
wearing a black

coat and a pair of

dark blue jeans.
He is riding the
bicycle and
wearing a pair of
dark gloves.

This woman is
wearing a long
coat, black capris
and a pair of
boots. She also
wears a scarf and
takes a bag in her
right hand.

Ours

Ours

Query

The male with a
pair of glasses is
wearing a dark
grey down-filled
coat. He is walking
and carrying a
dark blue
backpack and a
yellow pocket.

The long black haired
woman is wearing a
black down-filled
coat, blue jeans and
white shoes. She is
carrying a grey
leather bag and a
red pocket.

This is a walking
person who is
wearing all black
from the top to
shoes Thereisa
red bag in the
pedestrian’s right
hand.

Figure 5. More attention map examples compared with RDE on the RSTPReid benchmark
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