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Supplementary Material

1. More Ablation Study Results

We also evaluate the impact of non-pedestrian data inclu-
sion on the MaSkl1k dataset. To ensure a zero-shot evalua-
tion, we train the model exclusively on pedestrian samples
in style A from MaSk1k and test it on the remaining unseen
styles. As shown in Table 1, the results reinforce findings in
the main manuscript: naively integrating non-person data
provides minimal benefits to the sketch re-ID task, high-
lighting the effectiveness of the proposed AIP method in
leveraging non-person data for person sketch re-ID.

train config mAP Rl mINP

AIP 18.6 147 128

MaSkl1k only (CLIP-Base) 14.0 119 9.2
Sketchy — MaSk1k 153 128 10.1
Sketchy + MaSk1k 137 124 8.9

Table 1. Retrieval results on MaSk1k dataset, considering different
training configurations. Pedestrian sketches in style A are used for
training and the rest are for testing.

2. Fully Supervised Results

Fully Supervised (FS) Configuration Results. To com-
prehensively evaluate the proposed AIP method, we also
compare it with the FS configuration. Table 2 presents re-
ID results on the PKU dataset with FS configuration (all
methods are trained and tested on the PKU dataset). As
observed, our method still outperforms the latest DALNet
method, which requires extra pre-learned edge detector U?-
Net [8] for auxiliary generation and alignment.

In Table 3, the comparison between the AIP method and
existing works on the MaSk1k dataset with FS configura-
tion is presented. As observed, our method also outper-
forms all existing works, demonstrating the proposed AIP
method’s superiority in terms of familiar styles.

3. More Retrieval Results Visualization

In Figure 1, we present additional top-5 retrieval visualiza-
tions. The middle section further illustrates the performance
of AIP without the style prompt generator ¢.

Consistent with our main findings, AIP not only im-
proves overall retrieval accuracy but also demonstrates ro-
bustness to sketch style variations. Moreover, while AIP
without ¢ still outperforms the CLIP-base model, it remains
susceptible to style-induced discrepancies, as evidenced by
the rank gaps between sketches of the same ID but different

method | mAP Rl R5 R10

Triplet SN [15] - 9.0 268 422
GN Siamese [10] - 289 540 624
CD-AFL [7] - 340 563 725
LMDI [4] - 49.0 704 80.2
CDAC [20] - 60.8 80.6 88.8
SketchTrans [1] - 84.6 94.8 98.2

CCSC[19] | 83.7 86.0 98.0 100.0
DALNet [6] | 86.2 90.0 98.6 100.0
CLIP-Base | 88.2 90.0 96.0 98.0
AIP (ours) | 924 98.0 98.0 100.0

Table 2. Sketch-based re-ID results on PKU-Sketch dataset with
Fully Supervised configuration.

method | mAP  RI R5 RI10
DDAG [13] | 12.13 11.22 25.40 35.02
CM-NAS [3]| 0.82 0.70 2.00 3.90
CAJ[14]| 238 148 397 734
MMN [17] | 10.41 9.32 21.98 29.58
DART [12] | 7.77 6.58 16.75 23.42

DCLNet [11] | 13.45 12.24 29.20 39.58
DSCNet [18] | 14.73 13.84 30.55 40.34
DEEN [16] | 12.62 12.11 25.44 30.94

]

AttrAlign [5] | 19.61 18.10 38.95 50.75
CLIP-Base | 31.51 29.21 55.54 67.14
AIP (ours) | 38.04 36.46 61.81 74.30

Table 3. Retrieval results on MaSkl1k with Fully-Supervised con-
figuration and single-query setting.

styles. In contrast, incorporating ¢ significantly mitigates
this effect, reinforcing its effectiveness in addressing sub-
jective style variations.

4. Extend to Traditional RGB re-ID

One interesting extension of our AIP method could be:
could the traditional RGB re-ID task also benefit from in-
clusion of extra non-pedestrian RGB data?

We first test prompt-tuning CLIP for traditional RGB
re-ID on Market-1501. As shown in Table 4, Prompt-
Tuning (PT) alone achieves strong performance, with ad-
ditional LayerNorm (LN) tuning as in [9], the result is fur-
ther improved.

Intuitively, extending our method to RGB re-ID is
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Figure 1. More Qualitative results of the proposed AIP and the
CLIP-base. Top-5 retrieval results are shown, with correct re-
trievals outlined in green and incorrect ones in red. Each query
has two corresponding RGB images in total. “AIP (w/o ¢) means
without the style prompt generator applied.

promising, as style variation in sketch-RGB re-ID resem-
bles intra-ID variation in RGB re-ID. However, while RGB
variations (e.g., illumination, angle, occlusion) are pre-
dictable, style variation is subjective and unpredictable. If
external sketch data enhances robustness to style shifts, ex-
tra RGB samples should similarly improve alignment un-
der varying conditions. However, it requires fine-grained
multi-category RGB data with rich intra-ID variation.
To explore this, we use photos from Sketchy as non-
person data, simulating intra-ID variations via random
crops, illumination changes, etc. As shown in the bottom
table (rows with “+Sketchy”), adding non-person data still
improves performance, though gains are less pronounced
than in sketch-RGB re-ID. This is expected as: 1) the aug-
mented Sketchy data provides limited variation, as it is man-
ually adapted for this experiment. More diverse non-person
data could potentially yield greater benefits. 2) the RGB
person data (more than 10k train photos with shared cam-
eras for test) is already more diverse than the sketch person
data (only 2k train sketches with non-overlap style for test)

It should be noted that we perform this simple toy ex-

method mAP RI1
PT 71.0 984
PT +LN 86.6 994

PT + Sketchy 722 99.0
PT + LN + Sketchy 87.2 99.7

Table 4. Results of our method on traditional RGB re-ID task
dataset Market-1501.

Time cost (s)
Stage -
Single step | Whole stage
1) CIA 1.00 1000
2) ISA 1.38 1380

Table 5. Training time cost (in seconds) for each stage of the
proposed AIP method. ”Single step” indicates the time cost for
processing one step. “Whole stage” means the total time cost for
completing the entire stage.

Model Bsitzzh FLOPs(G) Param (M) Time (ms)
VIT-B/16 | o, 562.6 85.8 349
AIP (ours) 791.5 102.4 56.2

Table 6. Floating Point Operations (FLOPs in Giga), Parameter
count (in Millions), and forward time cost (in Million Seconds) of
the proposed AIP framework. By default, a batch (batch size is 32)
image of size 224 x 224 serves as input. “ViT” refers to a standard
base version of the ViT model (ViT-B/16) [2] for comparison.

periment only to show whether the idea of utilizing non-
pedestrian data can also benefit traditional RGB re-ID. We
do not tend to compare or push forward the performance in
traditional RGB re-ID as it is a different task to our research
work in the main manuscript.

5. Model efficiency

In this section, we evaluate the computational cost of the
proposed AIP method during both the training and testing.
All experiments were conducted on an NVIDIA RTX 4090
GPU. The ViT-B/16 [2] model, which shares the same ar-
chitecture as the backbone of the image encoder in CLIP, is
used as a baseline for comparison.

Training Phase We assess the time cost for each stage
of the proposed AIP method during training. As shown in
Table 5, the first CIA stage (left side of Figure 2 of the main
manuscript) requires approximately 1 second per forward
and backward pass, amounting to around 1000 seconds for
1000 steps of training. The second ISA stage (right side of
Figure 2 of the main manuscript) takes about 1.38 seconds



per step, resulting in approximately 1400 seconds for 1000
steps.

Testing Phase. We evaluate both the FLOPs (Floating Point
Operations) and inference time for a batch of images as in-
put during testing. The batch size is set to 32 and each
image has a resolution of 224 x 224, consistent with the
training stage. As shown in Table 6, for a batch of images,
the FLOPs of the proposed AIP method is 791.5G, moder-
ately higher than the base ViT-B/16 model’s 562.6G. This
increase in computational cost is attributed to the prompt
generator ¢ and the additional prompts, which enhance the
model’s adaptability and performance. Consequently, the
inference time for batch feature extraction increases from
34.9ms (ViT-B/16) to 56.2ms, representing a reasonable
trade-off for improved generalization and robustness.
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