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Abstract

Large-scale language-image pre-trained models (e.g., CLIP)
have shown superior performances on many cross-modal re-
trieval tasks. However, the problem of transferring the knowl-
edge learned from such models to video-based person re-
identification (ReID) has barely been explored. In addition,
there is a lack of decent text descriptions in current RelD
benchmarks. To address these issues, in this work, we propose
a novel one-stage text-free CLIP-based learning framework
named TF-CLIP for video-based person RelD. More specifi-
cally, we extract the identity-specific sequence feature as the
CLIP-Memory to replace the text feature. Meanwhile, we de-
sign a Sequence-Specific Prompt (SSP) module to update the
CLIP-Memory online. To capture temporal information, we
further propose a Temporal Memory Diffusion (TMD) mod-
ule, which consists of two key components: Temporal Mem-
ory Construction (TMC) and Memory Diffusion (MD). Tech-
nically, TMC allows the frame-level memories in a sequence
to communicate with each other, and to extract temporal in-
formation based on the relations within the sequence. MD
further diffuses the temporal memories to each token in the
original features to obtain more robust sequence features. Ex-
tensive experiments demonstrate that our proposed method
shows much better results than other state-of-the-art methods
on MARS, LS-VID and iLIDS-VID.

Introduction

Video-based person Re-Identification (RelD) (Liu et al.
2021c; Xu et al. 2017; Liu et al. 2015) aims at re-identifying
specific persons from videos across non-overlapping cam-
eras. Over the past decade, various approaches have been
proposed to solve this challenging task, including CNN-
based methods (Zhang et al. 2020; Fu et al. 2019; Subrama-
niam, Nambiar, and Mittal 2019; Chen et al. 2018; Dai et al.
2019) and Transformer-based methods (Liu et al. 2021b;
Zhang et al. 2021a; Wu et al. 2022; Zhu et al. 2023). How-
ever, existing works employ a unimodal framework, where
the video encoders are trained to predict a fixed set of prede-
fined labels. Considering that the RelD task is in an open-set
setting, such closed-set training setting limits the robustness
of these methods.
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Figure 1: Comparison of CLIP-ReID and our one-stage text-
free learning framework. (a) An illustration of the CLIP joint
embedding space. (b) Two-stage CLIP-RelD training. (c)
Our one-stage TF-CLIP training.

Recently, the outstanding Contrastive Language-Image
Pre-training (CLIP) (Radford et al. 2021) has shown a great
capability of learning robust representations. Different from
traditional unimodal frameworks, CLIP is trained on large-
scale language-image pairs in a contrastive way. Apparently,
CLIP-based methods have achieved great success in video
domains (Ju et al. 2022; Xu et al. 2021; Wang, Xing, and Liu
2021; Ni et al. 2022). However, the transfer and adaptation
to video-based person RelD is not well explored. A major
challenge is that compared with other video tasks, video se-
quences in video-based person RelD only have integer index
labels, and there is no text labels. A straightforward solution
is to annotate the natural language descriptions for existing
video-based person RelD datasets. Unfortunately, it is both
time consuming and labour cost to annotate suitable text de-
scriptions for fine-grained person videos.

To overcome these issues, inspired by recent prompt en-
gineering researches, CLIP-RelID (Li, Sun, and Li 2022) is
proposed for image-based person ReID. As shown in Fig. 1
(b), CLIP-RelD fixes the text encoder and visual encoder
in the first training stage, and optimizes a set of learnable
text tokens to generate the label-specific text features. Then,
it uses the learned text features to update the visual en-
coder in the second training stage. Although CLIP-ReID has
achieved excellent performances, it does not consider the
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temporal information in video sequences. For video-based
person RelD, extracting robust temporal features is a crit-
ical step (Gao and Nevatia 2018). Thus, directly applying
CLIP-RelID in video-based person RelD is sub-optimal. On
the other hand, the two-stage training strategy is not elegant
enough and needs hyper-parameter tuning.

To address the aforementioned issues, we propose an one-
stage text-free CLIP-based person RelD framework named
TF-CLIP. Specifically, as shown in Fig. 1 (c), we first use
a pre-trained CLIP visual encoder for all video sequences
of each identity to extract sequence features, and then take
the average to obtain the identity-level feature denoted as
CLIP-Memory. In this form, we replace the text encoder
and achieve text-free CLIP-based person ReID. As shown in
Fig. 1 (a), this is reasonable because the pre-trained CLIP
text encoder and visual encoder are constrained by con-
trastive learning losses, where the outputs of the two en-
coders are aligned in a common feature space. What’s more,
the essence of the first-stage training of CLIP-RelD is to
align text prompts with the outputs of the pre-trained vi-
sual encoder. Based on the above facts, we propose CLIP-
Memory to address the lack of appropriate text descriptions
when using pre-trained visual-language models. Consider-
ing that the CLIP-Memory is fixed during the training pro-
cess, the resulting method will be only optimized for a spe-
cific set of training identities, while ignoring the appearance
diversity of the same identity. Inspired by CoCoOp (Zhou
et al. 2022a), we further design a Sequence-Specific Prompt
(SSP) module, which updates this CLIP-Memory according
to each video sequence when training.

On the other hand, we further propose a Temporal Mem-
ory Diffusion (TMD) module to capture temporal informa-
tion. TMD is composed of Temporal Memory Construction
(TMC) and Memory Diffusion (MD). Technically, it first
takes the feature of each frame as input, and constructs a
memory token. Then, based on memory tokens, TMC is em-
ployed to capture temporal information within the sequence.
The updated memory token will store the context informa-
tion of the video sequence. Next, MD combines the obtained
temporal memory tokens with the original features, and dif-
fuses the temporal memory to each token. Finally, we per-
form a Temporal Average Pooling (TAP) on the updated
frame-level features to obtain robust sequence-level feature
representations. Extensive experiments on three public RelD
benchmarks demonstrate that our approach achieves promis-
ing results over most of previous methods.

In summary, our contributions are three folds:

e We propose a novel one-stage text-free CLIP-based
learning framework named TF-CLIP for video-based
person RelD. To our best knowledge, we are the first to
extract identity-specific sequence features to replace the
text features of CLIP. Meanwhile, we further design a
Sequence-Specific Prompt (SSP) module to update the
CLIP-Memory online.

* We propose a Temporal Memory Diffusion (TMD) mod-
ule to capture temporal information. The frame-level
memories in a sequence first communicate with each
other to extract temporal information. The temporal in-
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formation is then further diffused to each token, and fi-
nally aggregated to obtain more robust temporal features.

» Extensive experiments demonstrate that our proposed
method shows superior performance over existing meth-
ods on three video-based person RelD datasets, i.e.,
MARS, LS-VID and iLIDS-VID.

Related Works
Video-based Person RelD

Most of video-based person ReID methods exploit spatial
and temporal cues for video representation learning. Early
studies use RNNs/LSTMs (McLaughlin, Martinez del Rin-
con, and Miller 2016; Dai et al. 2018), 3D convolutions (Li,
Zhang, and Huang 2019; Gu et al. 2020), temporal pool-
ing (Zheng et al. 2016; Wu et al. 2018) and attention mecha-
nisms (Liu et al. 2021c; Liu, Zhang, and Lu 2023), to extract
temporal features. For example, Hou et al. (Hou et al. 2020)
propose a temporal complementary learning network to ex-
tract complementary features of consecutive video frames.
Different from these methods, we propose a Temporal Mem-
ory Diffusion (TMD) module to mine temporal memory and
diffuse it to each frame.

In recent years, the vision Transformer has shown im-
pressive results in person ReID compared with CNN-based
methods. Liu et al. (Liu et al. 2021b) propose a trigem-
inal Transformer in spatial, temporal and spatial-temporal
views to obtain more cues. He et al. (He et al. 2021) pro-
pose a hybrid framework based on dense interaction learn-
ing, which utilizes both CNNs and attention mechanisms
to enhance multi-grained spatio-temporal modeling. Despite
the impressive success of above approaches, they all employ
a unimodal framework, where video encoders are trained to
predict a fixed set of predefined labels. In contrast, we pro-
pose a new paradigm based on a visual-language multimodal
learning framework for video-based person RelD.

Visual-language Learning

Recently, visual-language joint learning methods (Jia et al.
2021; Yuan et al. 2021) (e.g., CLIP) have demonstrated great
potential in extracting generic visual representations. For
example, Rao et al. (Rao et al. 2022) propose DenseCLIP
for dense prediction by implicitly and explicitly leveraging
the pre-trained knowledge from CLIP. Zhou et al. propose
CoOp (Zhou et al. 2022b) and CoCoOp (Zhou et al. 2022a)
for zero-shot image classification by prompt learning. Khat-
tak et al. (Khattak et al. 2022) propose multi-modal prompt
learning for both vision and language branches to improve
alignments between vision and language representations. Li
et al. (Li, Sun, and Li 2022) utilize CLIP for image-based
person RelD with a two-stage training strategy. Different
from the above methods, we design an one-stage training
strategy to extend CLIP to the video-based person RelD
task. On the other hand, several studies also try to extend
the existing CLIP model to the video domain. Rasheed et
al. (Rasheed et al. 2022) propose ViFi-CLIP to bridge the
domain gap from images to videos. Wang et al. (Wang,
Xing, and Liu 2021) propose ActionCLIP for action recog-
nition by designing appropriate prompts. Ni ez al. (Ni et al.
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Figure 2: Illustration of the proposed TF-CLIP framework. It consists of two key modules, i.e., a CLIP-Memory module and a
Temporal Memory Diffusion (TMD) module. (1) In the CLIP-Memory module, we first extract the identity-specific sequence
feature as CLIP-Memory to replace the text feature. Meanwhile, a Sequence-Specific Prompt (SSP) module is proposed to
update the CLIP-Memory online. (2) In TMD, Temporal Memory Construction (TMC) is first proposed to capture temporal in-
formation based on the relations within the sequence. Then, Memory Diffusion (MD) further diffuses the temporal information
to each token in the original features to obtain more robust sequence features.

2022) propose XCLIP and use a text prompt generation for
better generalization. Inspired by the successful applications
of CLIP, we further design a Temporal Memory Diffusion
(TMD) module for video-based person RelD.

Brief Reviews of CLIP and CLIP-RelD

CLIP consists of a visual encoder V(-) and a text encoder
T (+), jointly trained with contrastive learning to respectively
map the input image and text into a unified representation
space. Specifically, let {img;, text;}2 | be a set of B train-
ing visual-language pairs within a batch, where img; is an
image and text; is a corresponding text description. CLIP
uses the above two encoders and combines two linear pro-
jecting layers to encode images and texts into corresponding
image features and text features. Then, the similarity of the
two features is calculated as:

S(imgi, text;) = T, (V(img;)) - Te(T (text;)), (1)

where 7, and J; are linear layers to project features into a
joint feature space. Finally, two contrastive losses denoted
as Loy and Ly, are employed to train models (Radford
et al. 2021). Thanks to L,9; and L;s,,, the cross-modal fea-
tures will be aligned. In the application of downstream tasks,
the text usually takes the form of prompt, such as “A pho-
to/video of a {class}.” where “{}” is filled with a specific
class name (e.g., cat). Unfortunately, the labels in person
RelD are integer indexes instead of specific texts.

To solve this problem, CLIP-ReID (Li, Sun, and Li 2022)
introduces some identity-specific tokens to learn text de-
scriptions. Specifically, the text prompt becomes “A photo of
a [X]1,[X]2, -+, [X]Num person”. Then, in the additional
training stage, CLIP-RelD fixes the parameters of V() and
T(-), and uses the Ly2; and Lyo, to optimize the learn-
able identity-specific tokens. In this way, CLIP-RelID learns
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a corresponding ambiguous text description for each iden-
tity. Although CLIP-RelD achieves impressive results, it re-
quires an additional training stage to learn text descriptions
and does not consider the temporal information in videos.

Our Method

To deal with the aforementioned problems, we propose an
one-stage text-free framework named TF-CLIP. The pro-
posed pipeline is depicted in Fig. 2, which consists of two
main modules, a CLIP-Memory module to replace the orig-
inal text branch and a Temporal Memory Diffusion (TMD)
module to extend CLIP to video-based person RelD.

CLIP-Memory Module

Once the computation of the visual branch is completed, the
next step of previous CLIP-based methods (Li, Sun, and Li
2022; Zhou et al. 2022b; Rao et al. 2022) is to generate
the corresponding text features. Unlike them, we argue that
learning text descriptions is not necessary for CLIP-based
person RelD method. A CLIP-Memory can be used to re-
place the original text branch. Specifically, given a video-
based person RelD training set D = {(x;,y;)}, with la-
bels y; € {1,---,Y}, the total number of the person track-
lets is Ng. Taking identity y; as an example, we first employ
the pre-trained CLIP visual encoder for all video sequences
with the identity y; to extract identity-specific sequence fea-
tures denoted as CLIP-Memory.

More specifically, given one of image sequences {I; }-_;
containing 7" images belongings to the identity y;, we split
each frame I; € R¥*W>3 into N, non-overlapping patches

{Im}fvzpl € RP**3_in which H and W represent the num-

ber of height and width, respectively. N, = 2 x % and P is
the patch size. Then the patches are projected to token em-

beddings using a linear projection layer E,,,, € R3” *xD ,
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Figure 3: Illustration of our CLIP-Memory module.

where D represents the dimension of each token. Mean-
while, an extra learnable [CLS] token denoted as C'LS; €
RP is added to the embedded tokens for each frame. Thus,
the input of the video encoder at the frame ¢ is given by:

JEL LN, + e, (2)

where e°P is the spatial position embedding. Then the above
embeddings are sequentially processed through CLIP. At
last, the frame-level representation is defined as,

2 = V*(thamh),

ghateh — [OLS,, BT \T; 1,

3

where the superscript * indicates that the parameters of this
visual encoder V are frozen during training. What’s more,
the obtained class token C'LS; is projected to a visual-
language unified space via a Visual Project (VP) layer,
fit = VP(z0), where f; is the final representation of frame
t. In practice, V P is implemented by a fully connected
layer, represented as V P Wyp € RPX4 Finally, a
Temporal Average Pooling (TAP) is employed to obtain the
sequence-level feature v,. Once all the video sequence fea-
tures belonging to the identity y; are obtained, the average
of them can represent the identity-specific feature M, de-
fined as CLIP-Memory, M, = N% Do y; Va> Where Nj is
the number of sequences belonging to the identity ;. When
traversing the entire training set, we can get an identity-
specific CLIP-memory M € RY*?. Superior to previous
text-associated CLIP-based methods, CLIP-Memory can ex-
ploit the image-text alignment potential of CLIP without us-
ing text information.

Sequence-Specific Prompt. In fact, if the CLIP-Memory
is fixed during the training process, the framework will be
only optimized for a specific set of training labels, while ig-
noring the appearance diversity of the same identity. To ad-
dress the above problem, as shown in Fig. 3, we introduce
a novel module: Sequence-Specific Prompt (SSP). The key
idea is to generate a prompt conditioned on each input se-
quence to update the CLIP-Memory.

When training SSP, the PK sampling strategy (Hermans,
Beyer, and Leibe 2017) is employed to form a mini-batch
{12} P=P>K | which contains P different identities and K
video sequences for each identity. After video encoding, the
sequence-level features in the mini-batch can be expressed
as Vo= [vg_y, - ,up : ,vfj,f(]. Then, SSP takes the

ol
sequence-level feature V' and CLIP-Memory M as inputs.
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As shown in Fig. 3, the CLIP-Memory M is used as query,
and the sequence-level feature V' is used as key and value.
Then, SSP employs the cross-attention mechanism to model
the interactions between query, key and value, which can
be achieved by:

Py=1,... y=p = Transdecoder(query, key, value), (4)

where P represents the generated sequence-specific prompt.
There are N blocks in T'ransdecoder, and each block con-
sists of a Multi-Head Cross-Attention (MHCA) and a Feed-
Forward Network (FFN). Subscripts y = 1,--- ,y = P rep-
resent the identities, which correspond to the index in the
CLIP-Memory. We then update the identity-specific CLIP-
Memory through a residual connection:

’

My:l,m y=P Py=1,. y=p + My=1,... y=p-

4)
In this way, CLIP-Memory can be updated online. Finally,
the updated CLIP-Memory M " e RY*4 and the sequence-
level feature V' € RPEX4 are employed for contrastive
learning. Compared with a fixed CLIP-Memory, SSP shifts
the network’s focus from a specific set of identities to each
input sequence, thereby reducing overfitting and ultimately
resulting in more discriminative features.

Temporal Memory Diffusion

To capture temporal information, we further propose a
Temporal Memory Diffusion (TMD) module. As shown in
Fig. 4, TMD is mainly composed of Temporal Memory Con-
struction (TMC) and Memory Diffusion (MD).

Temporal Memory Construction. Taking the last video
sequence in the training batch as an example, which is de-
fined as 1B = {IP IP,... | IE}, where B = P x K. Ac-
cording to Eq. 2 and Eq. 3, the representation at the frame
level denoted as z; can be obtained through the video en-
coder. During the standard training process of CLIP, the
[CLS] token z; ¢ is used as the output of the visual encoder
while the other tokens z; others = [2¢,1,- - , 2¢,n,] are usu-
ally neglected. However, recent works (Zeng et al. 2022;
Chen, Fan, and Panda 2021; He et al. 2022) have shown
that z; others still retains enough semantic information and
can be used as a feature map. Thus, Temporal Memory Con-
struction (TMC) takes z; € RWV» XD a5 input.

As shown in Fig. 4, we first construct a memory to-
ken s; = G(ﬁ S Nv 24) for each frame t based on
frame-level features, where we get the initial memory to-
ken based on the average of all tokens in each frame, and
0 represents a liner projection. Then, to capture the tem-
poral cues in the sequence and transfer the information of
each frame into the memory tokens, a Multi-Head Self-
Attention (MHSA) is computed over the initial memory to-
kens S = {s1,--- ,s7}:

S = MHSA(LN(S)) + S, (6)

where LN denotes Layer Normalization, and .S " e RTXD
are the temporal-aware memory tokens. TMC allows the
frame-level memories to communicate with each other, and
extracts temporal information based on the relations ob-
tained from neighbors.
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Figure 4: Illustration of the proposed Temporal Memory Diffusion (TMD) module.

Memory Diffusion. In order to make a better use of the
temporal memory tokens, we design a diffusion-aggregation
strategy named Memory Diffusion (MD). As shown in
Fig. 4, the temporal memory token s; € RY™P is first
concatenated with each frame feature z, € RNpt1)xD
to become [z,s;] € RMN»T2)XD where [.,-] represents
a concatenation of two features. Then, a MHSA followed
by a FFN layer is employed to diffuse the temporal infor-
mation to each token in the frame, resulting in [2;,3;] €
RWVp+2)%D which can be expressed as:

2,,8,] = FEN(MHSA(|z1, 5,) + [26,5,). (D)

Finally, all tokens in each frame are aggregated to obtain
frame-level features z; and a TAP is employed to further ag-
gregate frame-level features into a sequence-level feature ©.
The above processes can be formulated as:

N,
5 1 % N
Zt—NerQ(;zl""st)v

b =TAP([z1,- -, 37)). )

Superior to previous aggregation strategies, MD can diffuse
the temporal memories to each token in the original features
and obtain more robust sequence features.

®

Optimization

In this work, we utilize the video-to-memory contrastive
loss denoted by Lyo,, to train the SSP module and the vi-
sual encoder in the CLIP-Memory. It is worth noting that
the visual encoder used to compute CLIP-Memory does
not update during training. Given the sequence-level feature
V = [v1,--- ,vp] and the updated CLIP-Memory M "t
can be expressed as:

(yi)
L\}JQM =

P1 > log ,:Xp(< o My >,) :
|P(y:)] pePlyo) > exp(< v, My, >)
(10)
where P(y;) represents all the positives for M;h in the train-
ing batch and |-| is its cardinality. < - > represents the co-
sine similarity function. B represents the number of video
sequences in a batch.
What’s more, the triplet loss (Hermans, Beyer, and Leibe
2017) denoted by L;,; and the label smooth cross-entropy
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loss denoted by L., are employed to optimize the visual en-
coder and the TMD module. Finally, the losses used in our
method are summarized as follows:

Ltotal = LV2M + Ltri + Lce- (11)

Experiments
Datasets and Evaluation Protocols

We evaluate our proposed approach on three video-based
person ReID benchmarks, including MARS (Zheng et al.
2016), LS-VID (Li et al. 2019) and iLIDS-VID (Wang et al.
2014). MARS is a large-scale benchmark which contains
20,715 videos with 1,261 identities. LS-VID is a new bench-
mark which collects 3,772 identities and includes 14,943
video tracklets captured by 15 cameras. iLIDS-VID is a
small-scale dataset with 600 videos of 300 identities. In ad-
dition, we follow common practices and adopt the Cumu-
lative Matching Characteristic (CMC) at Rank-k and mean
Average Precision (mAP) to measure the performance.

Experiment Settings

Our model is implemented on the PyTorch platform and
trained with one NVIDIA Tesla A30 GPU (24G memory).
The ViT-B/16 from CLIP (Radford et al. 2021) is used as the
visual encoder’s backbone. The number of blocks in SPP is
set to N=2. During training, we sample 8 frames from each
video sequence and each frame is resized to 256x128. In
each mini-batch, we sample 4 identities, each with 4 track-
lets. Thus, the number of images in a batch is 4 x 4 x 8=128.
We also adopt random flipping and random erasing (Zhong
et al. 2020) for data augmentation. We train our framework
for 60 epochs in total by the Adam optimizer (Kingma and
Ba 2014). Following CLIP-RelD (Li, Sun, and Li 2022), we
first warm up the model for 10 epochs with a linearly grow-
ing learning rate from 5 x10~7 to 5 x10~°. Then, the learn-
ing rate is divided by 10 at the 30th and 50th epochs. The
original sequence-level feature v € R*512 and the aggre-
gated feature & € R!*7%® are concatenated to obtain the final
video representation during testing. The Euclidean distance
is employed as the distance metric for ranking. The code is
available at https://github.com/AsuradaYuci/TF-CLIP.

Comparison with State-of-the-arts

In this section, we compare our methods with other meth-
ods on three video-based person RelD benchmarks. The re-
sults are shown in Tab. 1. These experimental results clearly
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MARS LS-VID iLIDS-VID
Methods Source  Backbome  Ap" Rink-1 mAP Rank-1 Rank-1 Rank-5
STMP (Liu et al. 2019) AAAIIO C 727 844 391 568 843 96.8
M3D (Li, Zhang, and Huang 2019)  AAAI19 C 74.1 84.4 40.1 57.7 74.0 94.3
GLTR (Li et al. 2019) ICCV19 C 785 870 443  63.1 860  98.0
TCLNet (Hou et al. 2020) ECCV20 C 851 898 703 815 86.6 i
MGH (Yan et al. 2020) CVPR20 C 858 900 618 796 856  97.1
GRL (Liu et al. 2021c¢) CVPR21 C 848  91.0 ; - 904 983
BiCnet-TKS (Hou et al. 2021) CVPR21 C 860 902 751 846 ; ;
CTL (Liu et al. 2021a) CVPR21 C 867  91.4 - - 897 970
STMN (Eom et al. 2021) ICCV21 C 845 905 692 821 - -
PSTA (Wang et al. 2021) ICCV21 C 858 915 - - 91.5 98.1
DIL (He et al. 2021) ICCV21 T 870  90.8 ; - 920 980
STT (Zhang et al. 2021b) Arxiv21 T 863 887 780 875 87.5 95.0
TMT (Liu et al. 2021b) Arxiv21 T 858 912 ; - 91.3 98.6
CAVIT (Wu et al. 2022) ECCV22 T 872 908 792 892 933  98.0
SINet (Bai et al. 2022) CVPR22 C 862 910 796 874 925 i
MEFA (Gu et al. 2022) TIP22 C 850 904 789 882 933 987
DCCT (Liu et al. 2023) TNNLS23 T 875 923 - - 91.7 98.6
LSTRL (Liu, Zhang, and Lu 2023)  ICIG23 C 868 916 824 898 922 986
TF-CLIP(Ours) T 894 930 838 904 945  99.1

Table 1: Comparison with typical CNN-based (C) and Transformer-based (T) methods on MARS, LS-VID and iLIDS-VID.

Components MARS LS-VID
Model o Togp vp  ParamsM)  FLOPS@G) yp pon ™ b S mAP Rankel  RankeS
I > < x 12678 424 881 017 974 806 888 963
2 v o 86.94 1126 884 916 979 803 877 957
3 v v x 9421 1211 888 921 976 813 899 962
4 v N 97.02 1172 892 923 977 816 889 964
5 x . 136.86 1470 893 927 978 823 903 967
6 v Y, 104.26 1253 894 930 979 838 904  97.1

Table 2: Comparison of different components and the computational cost on MARS and LS-VID.

confirm the superiority and effectiveness of the proposed
method on large-scale RelD datasets.

Results on MARS. Tab. 1 shows that our proposed
method achieves the best mAP of 89.4% and the best Rank-
1 of 93.0% on MARS. We can observe that our method
shows much better results than other methods. We note that
most recent works (e.g., DIL (He et al. 2021), CAVIT (Wu
et al. 2022), etc.) are developed with Transformers. How-
ever, they are all based on unimodal pre-training. Different
from them, we propose TF-CLIP based on multi-modal pre-
training. Thus, our method surpasses CAVIT by 2.2% and
2.2% in terms of mAP and Rank-1 accuracy on MARS.

Results on LS-VID. It is observed that our method out-
performs other state-of-the-arts on LS-VID. Among them,
STMN (Eom et al. 2021) also uses a temporal memory,
which attains 82.1% Rank-1 accuracy. Instead, we propose
the TMD module to generate the temporal memory in the
sequence. As a result, our method achieves 90.4% Rank-1
accuracy, which surpasses STMN by 8.3%.

Results on iLIDS-VID. As can be observed, Tab. 1
also demonstrates the significant superiority of the proposed
model over existing methods on iLIDS-VID. Specially, our
method achieves the best Rank-1 and Rank-5 accuracy of
94.2% and 99.1%, respectively. It surpasses the previous
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best approaches MFA (Gu et al. 2022) and CAVIT (Wu et al.
2022) by 1.2% in terms of Rank-1 accuracy.

Ablation Study

To verify the impact of each component in our model, we
conduct several experiments on MARS and LS-VID, and
show compared results in Tab. 2. “CLIP-M” stands for
CLIP-Memory. Modell means that CLIP-RelD is directly
applied to video-based person RelD as the baseline, in which
a TAP is employed to obtain sequence-level features.
Effectiveness of CLIP-Memory. As can be seen from the
first two rows in Tab. 2, Model2 obtains a higher Rank-
5 and mAP (by 0.5% and 0.3%) than Modell on MARS.
Meanwhile, competitive results are achieved on LS-VID.
The above results clearly demonstrate that it is feasible to
use the CLIP-Memory to replace the text branch, which can
inspire the subsequent extension of CLIP to other down-
stream tasks where text information is missing.
Effectiveness of SSP. As shown in Tab. 2, compared
with Model2, Model3 with SPP brings 0.5% mAP and
0.4% Rank-1 accuracy gains on MARS, respectively. What’s
more, compared with Model4, Model6 also improves the
Rank-1 accuracy by 1.5% on LS-VID. These results clearly
demonstrate that our proposed SSP can indeed improve the
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Figure 5: Tllustration of (a) the impact of different temporal fusion methods, (b) the impact of different layers in SSP, and (c)

comparison w/wo CLIP-Memory.

Figure 6: t-SNE visualization of the baseline and our method
on the MARS test set. Different colored dots represent dif-
ferent identities. Best viewed in color.

performance. A reasonable explanation for this improve-
ment is that updating the CLIP-Memory online helps the
network to learn a more discriminative representation.

Effectiveness of TMD. As shown in Tab. 2, the pro-
posed TMD improves the performance remarkably. Com-
pared with M odel2, M odel4 using TMD brings 0.8% mAP
and 0.7% Rank-1 accuracy gains on MARS, respectively.
What’s more, compared with Model3, Model6 also brings
0.6% and 2.5% Rank-1 accuracy gains on MARS and LS-
VID, respectively. The main reason is that our proposed
TMD can capture temporal information in the sequence and
obtain more robust sequence-level features.

Comparison of different temporal fusion methods.
Following ActionCLIP (Wang, Xing, and Liu 2021), we
further investigate the impact of different temporal fusion
methods with Model2 on MARS. The experimental results
are shown in Fig. 5 (a). It can be observed that the pro-
posed TMD is more suitable for video-based person RelD.
For example, our method achieves 89.2% Rank-1 accuracy
on MARS, which surpasses one-dimensional convolution
(ConvlD) by 1.1%. The reason is that our proposed TMD
not only extracts temporal information in the sequence, but
also passes it to each token in the frame.

The effect of different layers in SSP. As shown in Fig. 5
(b), we also carry out experiments to investigate the effect of
different layers in SSP with Model3 on MARS. We can see
that our method is not sensitive to this hyper-parameter. To
balance the computation and performance, we finally choose
N = 2, which achieves the best mAP accuracy of 88.8%.
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The necessity of CLIP-Memory. In fact, we can train
the proposed framework without using CLIP-Memory. The
experimental results based on Model2 and Model4d are
shown in Fig. 5 (c). It can be observed that not using CLIP-
Memory will lead to a significant decrease in performance.
For example, the unimodal baseline method achieves only
84.9% mAP accuracy on MARS, which is 3.5% lower than
Model2. A plausible explanation for this performance drop
is that the person RelD dataset is too small to adequately
fine-tune the CLIP visual encoder when trained with uni-
modality. This reflects the superiority of multimodal training
and the necessity of our CLIP-Memory.

Visualization

To better understand the effect of the proposed TF-CLIP,
some persons with similar appearances from MARS are cho-
sen to visualize the feature distribution by t-SNE (Van der
Maaten and Hinton 2008). As shown in Fig. 6 (c), these
persons are wearing green clothes with small inter-person
variations. Comparing Fig. 6 (a) and (b), we can find that
the proposed TF-CLIP indeed helps to learn more discrimi-
native embeddings, with which the intra-person variance is
minimized and the intra-person variance is maximized.

Conclusion

In this paper, we explore the application of vision-language
pre-trained model to video-based person RelD without suit-
able textual descriptions. Specifically, we propose a novel
one-stage text-free CLIP-based framework named TF-CLIP.
To achieve text-free purpose, we propose CLIP-Memory to
extract identity-specific sequence features to replace the text
features. Meanwhile, we design a Sequence-Specific Prompt
(SSP) to update the CLIP-Memory online. To capture tem-
poral information, we further propose a Temporal Mem-
ory Diffusion (TMD) module. It first constructs frame-level
memories and lets them communicate with each other in
the sequence to extract the temporal information. Then the
temporal memory is diffused into each token of the original
frame, and aggregated to obtain more robust sequence fea-
tures. Extensive experiments on three public ReID datasets
demonstrate the effectiveness and superiority of our method.
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