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6. Related Work
6.1. Gait Recognition Methods
Gait recognition methods are broadly classified into two
categories: silhouette-based methods [7, 18, 19, 21, 22, 35,
50] and pose-based methods [13, 14, 23]. Silhouette-based
methods rely on binary gait silhouettes, which are widely
used due to their effectiveness in capturing spatio-temporal
information. For example, GaitSet [3] models gait as un-
ordered frame sets using set pooling. More recent works
like GaitBase [10] and DeepGaitV2 [9] revisit architectural
design, introducing efficient backbone networks tailored for
gait recognition. Additionally, some studies [31, 32] em-
phasize modeling specific motion patterns to enhance the
temporal discriminability of gait features. Pose-based meth-
ods, on the other hand, utilize structural representations of
the human body based on joint coordinates. PoseGait [29]
leverages 3D human poses as input to CNN-based archi-
tectures to extract discriminative features. GaitGraph [41],
GaitGraph2 [42], and GPGait [12] adopt graph convolu-
tional networks (GCNs) to explicitly model spatial depen-
dencies between joints. Furthermore, methods like Skele-
tonGait [11] and GaitHeat [13] represent joint positions
through heatmaps, preserving fine-grained spatial details
and enabling a more comprehensive encoding of body shape
and motion. In addition, several emerging modalities have
recently been explored for gait recognition. BigGait [45]
and BiggerGait [46] leverage large vision models to extract
powerful visual representations from RGB inputs. Edino-
Gait [4] exploits the capability of large vision models to
address event-based gait recognition, demonstrating clear
advantages under low-light conditions. LidarGait++ [38]
further introduces effective local representation techniques
for point-cloud-based gait recognition.

More recently, multi-modal gait recognition has gained
increasing attention by integrating complementary modal-
ities [44]. MMGaitFormer [5] fuses silhouettes and 2D
poses through spatial–temporal modules to enhance cross-
source alignment, while MultiGait++ [24] provides a sim-
ple yet strong baseline and systematically compares diverse
fusion strategies. TriGait [39] introduces a tri-branch hy-
brid fusion framework to jointly exploit the complementary
cues of silhouettes and poses. LiCAF [6] further proposes
an effective LiDAR-camera fusion scheme to obtain robust
cross-sensor gait representations.

6.2. Gait Recognition Benchmark
Existing gait recognition benchmarks predominantly rely
on silhouette or pose modalities, exemplified by in-

door datasets such as CASIA-B [47], OU-MVLP [40],
CCPG [28], and CCGR [52], as well as in-the-wild datasets
like Gait3D [49] and GREW [51]. While effective in con-
trolled settings, these modality choices limit scalability to
diverse sensing environments and raise potential privacy
concerns. Recent advances in hardware have broadened
the sensing landscape, with LiDAR emerging as a promis-
ing modality due to its resilience to lighting variations,
background clutter, and occlusions. Representative efforts
such as LidarGait [37], which introduces the SUSTech1K
dataset, and FreeGait [16], which extends LiDAR-based
recognition to unconstrained outdoor conditions, highlight
the potential of structural 3D cues for robust gait analysis.
However, these efforts still explore only a small portion of
the sensing modalities used in real-world systems, leading
to fragmented progress across isolated modal combinations
and lacking a unified basis for comparison. A truly com-
prehensive multi-modal benchmark remains absent, under-
scoring the need for a unified and diverse dataset to advance
gait recognition in realistic settings.

6.3. Unified Models for Identity Recognition
Recent efforts in person re-identification increasingly fo-
cus on building unified models capable of handling diverse
modalities and tasks. Instruct-ReID++ [17] takes a sig-
nificant step toward universal identity retrieval by employ-
ing natural-language instructions to guide a single model
across varied scenarios, enabling task-adaptive behavior
through instruction tuning and adaptive losses. Comple-
mentary to this task-unified perspective, the All-in-One
(AIO) framework [27] adopts a frozen pre-trained backbone
with modality-specific designs to extract consistent iden-
tity features from RGB, infrared, sketch, and text inputs.
ReID5o [53] further expands modality unification by intro-
ducing a five-modality benchmark and a unified encoder
with multi-expert routing, achieving flexible cross-modal
retrieval across arbitrary modality pairs. Our work aligns
with this direction but focuses specifically on unifying di-
verse sensing modalities within a single framework.

7. More Details in MMGait
7.1. Data Process Pipeline
We constructed separate processing pipelines for each sen-
sor, ultimately producing 12 distinct modalities for evalu-
ation. To the best of our knowledge, MMGait is the first
large-scale gait recognition dataset that covers such a com-
prehensive range of modalities. The details of the process-
ing pipelines are summarized below:



RGB Camera: We use a pedestrian tracking network [48]
to extract bounding boxes. Instance segmentation is applied
to obtain silhouettes, followed by pose estimation to ex-
tract both 2D and 3D pose representations [1, 2, 30, 43].
Additionally, we employ the V2E [20] algorithm to con-
vert RGB videos into event-based representations. Cropped
event sequences are then generated by scaling the RGB-
based bounding boxes according to the resolution ratio be-
tween the event and RGB videos.

Depth Camera: As pedestrian tracking is challenging di-
rectly on depth data, and the RGB and depth cameras are
integrated in a shared device, we computed the spatial offset
between the RGB and depth cameras to adjust the bounding
box coordinates obtained from the RGB videos, and used
the transformed boxes to crop the corresponding depth-
based gait sequences.

IR Camera: Pedestrian tracking and instance segmenta-
tion are performed independently on infrared videos. Both
the cropped IR images and the corresponding silhouettes
demonstrate high visual quality.

LiDAR Scanner: The raw LiDAR scans are processed
into clean human walking point clouds and their corre-
sponding projection maps. Specifically, we first retain
points within a predefined Region of Interest (ROI) that cap-
tures the walking subject. Ground removal [26] is then per-
formed to remove floor points, followed by denoising algo-
rithms [8] to filter out scattered noise and irrelevant objects.
The projection of point clouds into 2D depth maps is imple-
mented based on the OpenGait codebase [10, 37].

4D Radar System: As the radar sensor captures mainly
moving targets and there are no additional dynamic ob-
jects indoors, the point clouds are restricted to those falling
within the specified ROI. The projection of point clouds into
2D depth maps is also implemented based on the OpenGait
codebase [10, 37].

7.2. Visualization

We present supplementary visualization examples, as
shown in Figure 7 and Figure 8, encompassing all sen-
sor modalities, ten viewpoints, and the three walking con-
ditions: normal walking (NM), walking with a backpack
(BG), and walking with changed clothing (CL). These sam-
ples illustrate the diversity and high quality of the collected
gait sequences across different sensing configurations and
walking scenarios.

Privacy Statement. All data collection procedures fol-
lowed ethical guidelines, and all participants provided writ-
ten informed consent for research purposes. The dataset
is released strictly for academic research, and any form of
misuse or unauthorized application is explicitly prohibited.

8. Experimental Setup

To comprehensively evaluate the effectiveness of MMGait,
we design three categories of experiments: Single-Modal
Recognition, Cross-Modal Recognition, and Multi-Modal
Recognition. These experiments aim to systematically as-
sess the recognition capability of each modality, cross-
modal retrieval performance, and the complementary re-
lationships among different modalities under a unified and
fair evaluation protocol.

All input visual modalities are standardized to a spa-
tial resolution of 64 × 64. Unless otherwise stated, all
configurations follow the default settings of OpenGait [10]
and FastPoseGait [33]. For visual and pose modalities, we
adopt a batch configuration of (p, k, l) = (8, 8, 30), where
p denotes the number of identities, k the number of se-
quences per identity, and l the number of frames. For Li-
DAR and Radar point cloud modalities, we use a batch size
of (8, 8, 10) and uniformly sample 512 points per frame. All
experiments are conducted on a workstation equipped with
eight NVIDIA GeForce RTX 3090 GPUs.

8.1. Single-Modal Recognition

For baseline evaluations on silhouette and pose modalities,
we adopt the original default configurations of each method.
For extended analysis, we apply different modeling strate-
gies. For image-based modalities, we employ GaitBase [10]
trained for 60,000 iterations using SGD [36]. For pose in-
put, we use GPGait++ [34] trained for 40,000 iterations
with the Adam optimizer [25]. For point cloud modalities,
we adopt LidarGait++ [38], trained for 40,000 iterations us-
ing SGD [36].

8.2. Cross-Modal Retrieval

Inspired by CL-Gait [15], we adopt a two-stream architec-
ture for cross-modal gait recognition. We use the Gait-
Base [10] framework, where Stage 1 contains modality-
specific parameters, while Stages 2-4 share parameters
across modalities. Both branches output features of dimen-
sion 16× 256.

Loss Function. We train the network using a combination
of symmetric cross-modality triplet loss and cross-entropy
loss, equally weighted. To enhance cross-modal feature
alignment, we modify the triplet formulation by select-
ing the anchor from one modality and the positive/negative
samples from the other modality:

Lcross-triplet =
1

2
(Ltriplet(Amodal1, Pmodal2, Nmodal2)

+ Ltriplet(Amodal2, Pmodal1, Nmodal1)).
(6)

We further apply independent cross-entropy losses to
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Figure 7. Visualization of gait sequences across all sensor modalities, ten viewpoints, and three walking conditions (NM, BG, CL).
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Figure 8. Visualization of gait sequences across all sensor modalities, ten viewpoints, and three walking conditions (NM, BG, CL).



Task Setting Modality Parameters (M) FLOPs (G)

Single-Modal
(GaitBase)

RGB (Sil.) 7.821504 51.67659827
RGB (RGB) 7.822656 51.81815603
RGB (2D Pose) 7.822080 51.74737715
RGB (Event) 7.822656 51.81815603
IR (Sil.) 7.821504 51.67659827
IR (IR) 7.822656 51.81815603
Depth 7.822656 51.81815603
LiDAR (Projected Depth) 7.822656 51.81815603
4D Radar (Projected Depth) 7.822656 51.81815603

Cross-Modal
(Two-Stream)

RGB (Sil.) ↔ IR (Sil.) 10.820736 103.3531965
RGB (Sil.) ↔ Depth 10.821888 103.4947543
RGB (Sil.) ↔ LiDAR (Projected Depth) 10.821888 103.4947543
RGB (Sil.) ↔ 4D Radar (Projected Depth) 10.821888 103.4947543
IR (Sil.) ↔ Depth 10.821888 103.4947543
IR (Sil.) ↔ LiDAR (Projected Depth) 10.821888 103.4947543
IR (Sil.) ↔ 4D Radar (Projected Depth) 10.821888 103.4947543
Depth ↔ LiDAR (Projected Depth) 10.823040 103.6363121
Depth ↔ 4D Radar (Projected Depth) 10.823040 103.6363121
LiDAR (Projected Depth) ↔ 4D Radar (Projected Depth) 10.823040 103.6363121

Multi-Modal
(MultiGait++)

RGB (Sil.) + RGB (Event) 11.920448 106.2864364
RGB (Sil.) + RGB (Pose) 11.919872 106.2156575
RGB (Sil.) + Depth 11.920448 106.2864364
RGB (Sil.) + LiDAR (Projected Depth) 11.920448 106.2864364

Omni Multi-Modal
(OmniGait)

RGB (Sil., RGB, 2D Pose, Event), IR (Sil., IR), Depth,
LiDAR (Projected Depth), 4D Radar (Projected Depth)

9.963266 1054.108566

Table 9. Parameters and FLOPs for different models evaluated in our experiments.

identity predictions from each modality:

Lmodal
ce = −

c∑
i=1

yi log(ŷi), (7)

Lce =
1

2

(
Lmodal1

ce + Lmodal2
ce

)
, (8)

where c denotes the number of identity classes, yi is the
ground-truth one-hot label, and ŷi is the predicted probabil-
ity for class i.

The final objective is computed as:

Ltotal =
1

2
(Lcross-triplet + Lce) . (9)

8.3. Multi-Modal Recognition
We follow the two-stream fusion strategy proposed in
MultiGait++ [24] and investigate several representative vi-
sual modality combinations. Besides, for the fusion of Li-
DAR point clouds and Radar point clouds, we adopt a dual-
stream LidarGait++ architecture without parameter sharing.
Each modality is modeled independently, and the result-
ing features are concatenated before being fed into a shared
fully connected layer and BNNeck. The final fused feature
has a dimension of 31× 256. All of the models are trained
for 60,000 iterations using SGD.

8.4. Paramers Comparison

Table 9 presents the parameter counts and FLOPs for all
modality configurations evaluated in our study. The Omni
Multi-Modal entry corresponds to our proposed OmniGait
model. Despite supporting every task across the Single-
Modal, Cross-Modal, and Multi-Modal settings with a
single unified architecture, OmniGait remains remarkably
lightweight, requiring only 9.96M parameters. This high-
lights the efficiency and scalability of our design, enabling
broad modality coverage without incurring significant com-
putational overhead.

8.5. Cross-Dataset Evaluation on SUSTech1K

To further evaluate the generalization capability of Om-
niGait, we conduct a cross-dataset evaluation by directly
transferring the model trained on MMGait to SUSTech1K
without any fine-tuning. This setting is particularly chal-
lenging due to significant domain gaps, including differ-
ences in sensor configuration, data distribution, environ-
mental conditions, and identity diversity. All results are ob-
tained under a strict zero-shot transfer protocol.

The detailed cross-dataset results on SUSTech1K are
reported in Table 10. Under the strict zero-shot transfer



Input Modality
Probe Sequence Overall

Normal Bag Clothing Carrying Umbrella Uniform Occlusion Night Rank1 Rank5

Lidar Depth 13.67 10.81 4.88 7.29 1.14 7.06 10.88 9.55 7.77 17.38
RGB 43.15 30.07 20.52 32.45 27.93 24.33 32.31 44.66 32.03 53.21
Silhouette 47.24 44.68 26.28 41.78 39.42 42.04 42.98 18.08 42.65 62.15
RGB+Silhouette 63.93 54.39 35.98 52.71 50.98 48.86 46.97 32.86 53.07 70.96

Table 10. Cross-dataset evaluation on SUSTech1K. OmniGait is trained on MMGait and directly evaluated without fine-tuning.

setting (trained on MMGait and evaluated without fine-
tuning), OmniGait achieves 7.77% Rank-1 accuracy with
LiDAR depth input. Using RGB input improves the per-
formance to 32.03%, while silhouette input further boosts
it to 42.65%, indicating that shape-based representations
exhibit stronger cross-domain robustness than appearance-
only cues.

When fusing RGB and silhouette modalities, the per-
formance is substantially improved to 53.07% Rank-1 and
70.96% Rank-5. The gain from multi-modal fusion is con-
sistent across all probe conditions. These results demon-
strate that OmniGait is capable of learning transferable rep-
resentations, and multi-modal integration effectively en-
hances robustness under distribution shift.

9. Discussion
The experimental results on MMGait reveal several impor-
tant observations that offer insights and future directions for
multimodal gait recognition research:
(1) Cross-modal retrieval remains highly challenging.
Although certain similar modalities achieve relatively
strong cross-modal retrieval performance, most modality
pairs still exhibit substantial difficulty, particularly under
cross-clothing conditions. A key challenge ahead is how
to enable models to simultaneously improve cross-modal
alignment and cross-covariate robustness, which remain
two conflicting objectives.
(2) Multi-modal fusion provides substantial benefits.
Our results show that the complementary information
across modalities is crucial for identity recognition. For ex-
ample, combining RGB silhouettes with LiDAR projected
depth leads to a 19.7% improvement in challenging cross-
clothing scenarios. This improvement stems from the com-
plementary strengths of the two modalities: LiDAR pro-
vides stable geometric depth cues, while RGB supplies
richer and more discriminative shape information. Their
combination significantly enhances robustness under vary-
ing appearance conditions.
(3) Omni Multi-Modal Recognition presents both op-
portunities and challenges. The Omni Multi-Modal Gait
Recognition task is inherently challenging, as it requires a
unified framework to handle heterogeneous sensing modal-
ities (e.g., RGB, IR, Depth, LiDAR) while simultaneously

supporting diverse retrieval paradigms, including single-
modal recognition, multi-modal fusion, and cross-modal re-
trieval. The large domain gaps across modalities, discrep-
ancies in data distributions, and modality-specific noise pat-
terns make it difficult to learn a shared representation that
is both discriminative and modality-invariant. In practice,
a unified model often sacrifices single-modal optimality
compared to modality-specific counterparts, and its cross-
covariate robustness remains constrained under real-world
variations. To establish a feasible starting point for this
challenging setting, we introduce OmniGait as a baseline
framework. In the current implementation, 3D point cloud
data are projected into depth maps before being fed into the
network, which helps reduce domain discrepancies between
geometric and image-based modalities and enables shared
backbone processing. While this design simplifies cross-
modal alignment, it inevitably discards part of the intrinsic
geometric structure. Directly modeling raw 3D point clouds
within a unified omni-modal architecture could therefore be
a promising direction for future research, potentially allow-
ing richer geometric cues to be preserved.
Limitations: MMGait does not enforce strict temporal
synchronization across modalities, as heterogeneous sen-
sors in real-world deployments naturally differ in sam-
pling rates, exposure cycles, and hardware triggering
pipelines. Nevertheless, to approximate synchronization
across modalities, we made the following efforts: (1)
Frame-Level Synchronization: RGB and Depth are inher-
ently aligned, as they are captured from the same device,
ensuring frame-level synchronization for these two modali-
ties. (2) Sequence-Level Synchronization: For other modal-
ities, we perform sequence-level synchronization by record-
ing the start and end timestamps of each device’s recording
session, enabling approximate temporal alignment across
modalities during preprocessing.
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