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Supplementary Material

In this document, we provide more details of our FS-
LoRA, detailed experiment setup (A) and more experimen-
tal results, including quantitative (B) and qualitative results
(C).

A. Experiment Setup
In this section, we introduce the datasets, evaluation metrics
and implementation details.

A.1. Datasets
Our experiments are implemented on two widely used
datasets for person search: CUHK-SYSU [12] and
PRW [16]. (1) CUHK-SYSU is a large-scale person search
dataset containing 18,184 images annotated with 96,143
pedestrian bounding boxes across 8,432 unique identities.
The dataset includes two types of images: video frames
from movies and street scenes captured by a moving cam-
era, which introduce significant variations in viewpoint,
lighting, and occlusion. The dataset is split into a standard
training set, consisting of 11,206 images with 5,532 iden-
tities, and a test set containing 6,978 gallery images and
2,900 query individuals. Unlike PRW, CUHK-SYSU em-
ploys a set of protocols with gallery sizes ranging from 50
to 4,000. In our experiments, we follow the default proto-
col using a gallery size of 100 unless otherwise specified.
(2) PRW, captured using six static cameras across a univer-
sity campus, comprises 11,816 frames derived from surveil-
lance video footage. The dataset includes 43,110 bounding
boxes, with 34,304 of these annotated with 932 identities,
and the remainder labeled as unknown. The dataset is split
into a training set of 5,704 images and 482 identities, and a
test set of 2,057 query persons and 6,112 gallery images. In
contrast to CUHK-SYSU, the entire gallery set in PRW is
used as the search space for each query individual.

In addition to the two standard datasets, a newly intro-
duced dataset, (3) PoseTrack21 [5], is also applicable to
person search. It comprises 42,861 training images featur-
ing 5,474 unique individuals, along with 19,935 gallery im-
ages containing 1,313 query identities. Unlike the previ-
ously mentioned datasets, PoseTrack21 presents a unique
challenge where query images may include multiple indi-
viduals due to occlusion.

A.2. Evaluation Metrics
For re-ID subtask, performance is assessed using mean
Average Precision (mAP) and Top-k Cumulative Match-
ing Characteristics (CMC). mAP quantifies the accuracy

of matching a query to gallery images, averaged over all
queries, while Top-k measures the percentage of queries
where at least one of the top-k results corresponds to the
correct identity. In the detection subtask, we utilize Aver-
age Precision (AP) and Recall: AP evaluates the accuracy
of bounding box predictions, while Recall indicates the pro-
portion of relevant detections retrieved. In this paper, we
adopt the standard evaluation protocols for person search,
using the same evaluation metrics as re-ID, namely mAP
and Top-k. Top-1 score is utilized unless otherwise speci-
fied.

A.3. Implementation Details
All models in our experiments utilize VMamba [10], which
is pretrained on ImageNet [4], as the backbone. In partic-
ular, module with weights W0 in Figure 2 corresponds to
the linear layers in the feedforward network (FFN) mod-
ule of VMamba, along with the two linear layers present
in the “SS2D” block. For the LoRA configuration, we set
r=32 and use 2 expert models, i.e., n=2. Regarding the low-
pass and high-pass filters in Eq. 5, Flow represents an ideal
low-pass filter with a cutoff frequency of 30, meaning that
frequency components below this threshold are preserved
while higher frequencies are attenuated. Similarly, Fhigh

denotes an ideal high-pass filter with a cutoff frequency of
40, which removes lower-frequency components while re-
taining higher-frequency details.

During training, all models are trained on a single A800
NVIDIA GPU for 23 epochs. The initial learning rate is set
to 0.0006, which is reduced by a factor of 10 at the 16th and
22nd epoch. The batch size is set to 2. We use the stochas-
tic gradient descent (SGD) optimizer with a momentum of
0.9 and a weight decay of 0.0005. A warm-up strategy is
applied for the first epoch. Consistent with [13, 14], we
employ a multi-scale training strategy, where the long sides
of the images are randomly resized between 667 and 2000
pixels. For testing, the image resolution is fixed at 1500 ×
900. Our method is implemented using the MMDetection
open-source library [3].

B. Quantitative Results

B.1. Results of Multi-View Gallery Setting on PRW
Dataset

Since the PRW dataset is collected using six static cameras
on a university campus, it provides an ideal benchmark for
evaluating multi-view gallery performance, where matches



must be identified across different camera viewpoints. As
shown in Table 7, we extend our comparison to additional
methods, including HOIM [1], APNet [17], NAE+ [2],
PGA [7], SeqNet [9], AGWF [6], COAT [15], and PAD [8].
The results reveal a general decline in performance under
the multi-view gallery setting, likely due to challenges such
as viewpoint variations, illumination changes, and occlu-
sions across cameras [2, 9]. Despite these difficulties, FS-
LoRA consistently achieves the highest performance, with
58.6pp and 81.3pp w.r.t. mAP and Top-1 respectively, sig-
nificantly surpassing existing methods. These findings fur-
ther validate FSLoRA’s effectiveness and robustness in han-
dling cross-view person search in real-world scenarios.

Table 7. Performance comparison on the multi-view gallery of
PRW dataset. The best results are bold.

Method mAP Top-1

HOIM [1] 36.5 65.0
APNet [17] 38.7 66.7
NAE+ [2] 40.0 67.5
PGA [7] 41.9 68.1
SeqNet [9] 43.6 68.5
AGWF [6] 48.0 73.2
COAT [15] 50.9 75.1
PAD [8] 52.1 77.3

FSLoRA 58.6 81.3

B.2. Effect of Cutoff Frequency Configuration in
FLM

We further investigate how the cutoff frequencies of the
low-pass and high-pass filters, denoted as f co

low and f co
high re-

spectively, influence the performance of FLM on the PRW
dataset. As described in Sec. A.3, Flow preserves frequency
components below f co

low, while Fhigh retains those above
f co
high. To analyze their effect, we design two configura-

tions, illustrated as A and B in Figure 9.
(A) The spectrum is divided into three non-overlapping

bands: f ≤ f co
low, f co

low < f < f co
high, and f ≥ f co

high. The
mid-band region (f co

low < f < f co
high, e.g., 30–40) is com-

pletely filtered out, effectively removing it from the feature
spectrum.

(B) Conversely, this configuration defines two overlap-
ping bands: f ≤ f co

low and f ≥ f co
high, where fco

high < f co
low,

leading to an overlap between the two frequency ranges.
As shown in Figure 9, the best performance is achieved

when f co
low = 30 and f co

high = 40, with configuration A con-
sistently outperforming B. This suggests that explicitly re-
moving certain mid-frequency components benefits person
search, likely because these regions contain task-irrelevant
or noisy information. These findings offer valuable insights
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Figure 9. Impact of cutoff frequency configuration in FLM within
NAE framework [2]. Region A divides the spectrum into three
non-overlapping bands, while B allows overlapping ranges. Con-
figuration A yields higher mAP, suggesting that removing mid-
frequency components benefits person search.

for future adaptive frequency-band selection in FLM de-
sign.

B.3. Effectiveness of SLM and FLM with Equal
Parameter Budgets

This experiment aims to verify that the performance im-
provement of our model stems from the proposed dual-
domain design rather than from an increase in parameter
count. To this end, we carefully adjust the hyperparame-
ters to ensure that the SLM, FLM, and their combination
(SLM+FLM) have approximately equal numbers of param-
eters when integrated into the NAE [2] framework. The
results on the PRW dataset are reported in Table 8.

Under these controlled settings, SLM and FLM indi-
vidually achieve 58.59pp and 58.40pp w.r.t. mAP, respec-
tively. When both modules are combined, the performance
further improves to 59.11pp. These consistent gains un-
der fixed parameter budgets demonstrate that the observed
improvements are attributed to the complementary effects

Table 8. Comparison of SLM, FLM, and their combination
(SLM+FLM) under equal parameter budgets within the NAE
framework [2] on the PRW dataset.

SLM FLM SLM+FLM

mAP 58.59 58.40 59.11
Top-1 88.30 87.95 88.99
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Figure 10. Visualization of Top-1 retrieval results for several samples. The query is highlighted in blue, with correct matches in green and
incorrect matches in red. The detected objects are zoomed in for better view.

of spatial and frequency modulation, rather than increased
model capacity. This validates the effectiveness of our dual-
domain feature modulation in enhancing person search per-
formance.

B.4. Number of Extra Parameters
FSLoRA is designed as a lightweight feature decoupling
module, ensuring minimal computational and parameter
overhead. For instance, when integrated into the NAE [2]
framework with a VMamba backbone, it introduces approx-
imately 1.28M additional parameters, which accounts for
less than 2% of the total parameters in the baseline model.
This demonstrates that FSLoRA facilitates effective task-
aware feature decoupling and extraction, while keeping the
model complexity almost unchanged.

C. Qualitative Results
We present qualitative comparisons between FSLoRA and
some one-stage methods, including NAE [2], AlignPS [13],
ROI-AlignPS [14] and GALW [11]. As shown in Figure 10,
FSLoRA demonstrates superior localization and identifica-
tion capabilities, accurately retrieving the target person even
in challenging environments with occlusions (rows 3 and
4), low-light conditions (rows 1 and 2) and similar clothes
(rows 1, 2 and 3).

In addition, we also provide several failure cases of
our method as shown in Figure 11. Our methods occa-
sionally yield incorrect results in situations where the ap-
pearances are extremely similar. These qualitative com-
parisons highlight the robustness of our proposed meth-
ods while underscoring the remaining challenges in person
search tasks.

Query Top-1 result

Figure 11. Visualization of failure cases. The query and our incor-
rect Top-1 result are highlighted in blue and red respectively. The
detected objects are zoomed in for better view.
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