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Abstract

Lifelong Person Re-identification (L-ReID) aims to learn
from sequentially collected data to match a person across
different scenes. Once an L-ReID model is updated using
new data, all historical images in the gallery are required to
be re-calculated to obtain new features for testing, known as
“re-indexing”. However, it is infeasible when raw images
in the gallery are unavailable due to data privacy concerns,
resulting in incompatible retrieval between the query and
the gallery features calculated by different models, which
causes significant performance degradation. In this pa-
per, we focus on a new task called Re-indexing Free Life-
long Person Re-identification (RFL-ReID), which requires
achieving effective L-ReID without re-indexing raw images
in the gallery. To this end, we propose a Continual Com-
patible Representation (C2R) method, which facilitates the
query feature calculated by the continuously updated model
to effectively retrieve the gallery feature calculated by the
old model in a compatible manner. Specifically, we design
a Continual Compatible Transfer (CCT) network to con-
tinuously transfer and consolidate the old gallery feature
into the new feature space. Besides, a Balanced Compati-
ble Distillation module is introduced to achieve compatibil-
ity by aligning the transferred feature space with the new
feature space. Finally, a Balanced Anti-forgetting Distilla-
tion module is proposed to eliminate the accumulated for-
getting of old knowledge during the continual compatible
transfer. Extensive experiments on several benchmark L-
ReID datasets demonstrate the effectiveness of our method
against state-of-the-art methods for both RFL-ReID and L-
ReID tasks. The source code of this paper is available at
https://github.com/PKU-ICST-MIPL/C2R CVPR2024.

1. Introduction
Person re-identification (ReID) aims to identify the same
person across different areas at different times [42]. Exist-
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Figure 1. Comparison between (a) the traditional Lifelong Per-
son Re-identification (L-ReID) task and (b) the Re-indexing Free
Lifelong Person Re-identification (RFL-ReID) task.

ing methods [26, 32, 44] have made remarkable progress
based on deep learning methods [37] and large-scale
datasets [34, 41, 43]. However, their performance is often
limited when training data are continuously collected from
a series of different scenarios due to the well-known catas-
trophic forgetting challenge [3].

Recently, Lifelong person ReID (L-ReID) has aroused
great concerns involving acquiring knowledge from stream-
ing data and performing well across all data [5, 18, 19, 38].
Its challenge is to balance the anti-forgetting of old knowl-
edge with the acquisition of new knowledge. To this end,
existing L-ReID methods usually adopt the exemplar re-
play [38] and the knowledge distillation [27] to preserve
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Figure 2. Performance Comparison between the traditional Life-
long Person Re-identification (L-ReID) task and the Re-indexing
Free Lifelong Person Re-identification (RFL-ReID) task.

old knowledge when updating the model. The updated new
model will be sequentially deployed by “re-indexing” [24]
features of old data in the gallery. As shown in Fig. 1
(a), the old gallery features are replaced by the re-indexed
gallery features to be compatible with the new model. How-
ever, massive incremental images in the gallery bring un-
bearable computational costs and prevent the re-indexing
process [21, 39]. Besides, in the context of data privacy
concerns [25], re-indexing is legally forbidden due to the
impracticality of storing and re-indexing unauthorized raw
images within privacy-sensitive scenarios [1, 4, 14], also
known as Re-indexing Free Lifelong ReID (RFL-ReID), as
shown in Fig. 1 (b). In this case, the domain gap between
different datasets leads to the incompatibility between fea-
tures calculated by the old and the new models. Conse-
quently, as shown in Fig. 2, the performance of existing
methods [11, 18, 27] often degrades significantly.

In this paper, we focus on a practical and challeng-
ing task called Re-indexing Free Lifelong Person Re-
identification (RFL-ReID), which entails deploying L-ReID
models continuously without re-indexing raw images in the
gallery. It is extremely challenging when considering not
only balancing the acquisition of old and new knowledge
but also achieving the compatibility between the old and
the new feature space. To this end, Compatible Train-
ing (CT) [16, 21, 23] becomes a feasible solution which
promotes the compatibility. Unfortunately, most existing
CT methods only focus on compatibility within the same
dataset. However, the large domain gap [5, 19] between
different ReID datasets typically leads to the forgetting of
old knowledge, causing the feature shift problem, which se-
riously degrades the performance of existing CT methods.

Inspired by the above observation, we propose a Con-
tinual Compatible Representation (C2R) scheme for RFL-
ReID. The core idea of C2R is to continuously update old
features in the gallery to make it compatible with new query
features. To tackle the domain shift problem, a Contin-
ual Compatible Transfer (CCT) network is proposed to up-
date old gallery features continuously, which transfers the
old feature into the new feature space by adaptively cap-

turing the knowledge from different domains. Correspond-
ingly, to achieve the compatibility between the transferred
features and the new ones, a Balanced Compatible Distil-
lation (BCD) module is designed to preserve the relation-
ship between the old and the transferred features in a uni-
fied feature space. Finally, to eliminate the accumulated
forgetting of old knowledge during the continuous transfer,
a Balanced Anti-forgetting Distillation (BAD) module is in-
troduced to balance the old and the new discriminative in-
formation. Overall, the main contributions of this paper can
be summarized as follows:

1) This paper proposes a Continual Compatible Repre-
sentation scheme to solve the challenging Re-indexing Free
Lifelong Person Re-identification task, which prevents re-
indexing to raw images in the old gallery.

2) A continual compatible transfer network is designed
to adaptively capture the old and the new knowledge, which
promotes the updating of old gallery features.

3) To achieve compatibility of the old and the new data, a
balanced compatible distillation module is designed to bal-
ance the relationship between the old and the new features
in a unified feature space.

4) A balanced anti-forgetting distillation module is in-
troduced to balance the acquisition of the old and the new
knowledge without rehearsing the old data.

2. Related Work

2.1. Lifelong Person Re-identification

Lifelong Person Re-identification (L-ReID) aims to use
streaming data from different domains to train a ReID
model to continuously match the same person across all do-
mains [18]. It requires continuously accumulating knowl-
edge from new data and preventing catastrophic forgetting
of knowledge learned in old data. To this end, rehearsal-
based methods rehearsed old data for the anti-forgetting of
old knowledge [5, 35, 38]. Yu et al. [38] proposed a knowl-
edge refreshing and consolidation framework to achieve
both positive forward and backward transfers, which si-
multaneously promotes person matching in both old and
new domains. However, limited by data privacy concerns,
the old data is usually difficult to rehearse for L-ReID.
Therefore, some methods focus on developing rehearsal-
free methods [18, 19, 27, 33]. Sun et al. [27] proposed a
patch-based knowledge distillation method, which can mit-
igate catastrophic forgetting problems by preserving patch-
level knowledge within individual patch features and mu-
tual relations. Despite achieving some progress, existing
methods require re-indexing old data in the gallery after
training on new data to adapt to the updated model. In this
paper, we focus on a new and challenging task called RFL-
ReID, which prohibits re-indexing the old data in the gallery
due to data privacy issues.
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Figure 3. The architecture of our proposed Continual Compatible Representation (C2R) method. Our C2R consists of a Continual Com-
patible Transfer (CCT) network, a Balanced Compatible Distillation (BCD) module, and a Balanced Anti-forgetting Distillation (BAD)
module. In the training phase, all the above components will be trained, and the CCT network will be used to update the old feature set,
thereby achieving re-indexing free lifelong person re-identification.

2.2. Compatible Training

Compatible Training (CT) aims to achieve the compatibil-
ity between the old model and the new model without re-
indexing, which encourages the feature calculated by the
new model to be closer to the same object feature calcu-
lated by the old model. Existing CT methods can be cate-
gorized into two branches: backward CT [16, 24, 39] and
forward CT methods [21, 30, 45]. Pan et al. [16] pro-
posed an adversarial learning-based backward CT method,
which optimized the distribution discrepancy and improved
the backward compatibility of the updated model. Ra-
manujan et al. [21] proposed a flexible forward CT method
by employing side-information to facilitate the updating of
the new model. However, most existing CT methods only
achieve compatibility between the old and the new models
updated using the same dataset, ignoring the requirement
to be compatible with multiple different datasets continu-
ously. To this end, Wan et al. [30] proposed a long-term vi-
sual search framework to realize CT in the continual learn-
ing scenario, which allows new classes to occur in the new
data. However, it relies heavily on old data and old fea-
tures to achieve the compatibility, which is infeasible for
the privacy-sensitive scenario.

Different from these methods, we propose a contin-
ual compatible representation scheme called C2R, which
achieves leading L-ReID performance when old data in
the gallery cannot be re-indexed in the practical privacy-
sensitive scenario.

3. Method

3.1. Problem Formulation

In this paper, we focus on a practical and challenging task
called Re-indexing Free Lifelong Person Re-identification
(RFL-ReID). Formally, given the sequentially collected
datasets D = {D1,D2, ...,DS}, where S denotes the to-
tal number. The sth dataset Ds = {T s,Gs} contains a
training set T s and the corresponding gallery set Gs with-
out overlapping person identities. Each T s = {xsi , ysi }N

s

i=1

containsNs training images xsi and the corresponding iden-
tity labels ysi . Our goal is to train a feature extraction model
ϕS(·) : xi → zi to extract the feature zi for each input
image xi. ϕS(·) is expected to maximize the similarity be-
tween the images belonging to the same person, thereby
performing well on the overall retrieval performance of
all S tasks. Particularly, when training on the sth dataset
Ds, the previous s − 1 datasets {D1, ...,Ds−1} are abso-
lutely unavailable due to data privacy concerns, including
the training sets {T j}s−1

j=1 and the gallery sets {Gj}s−1
j=1.

Therefore, each image in Gj can only be extracted once
based on the model ϕj(·) within the jth training stage.

3.2. Overview

As shown in Fig. 3, our proposed Continual Compatible
Representation (C2R) method consists of a Continual Com-
patible Transfer (CCT) network, a Balanced Compatible
Distillation (BCD) module, and a Balanced Anti-forgetting



Distillation (BAD) module. At the beginning of the sth

training stage (s ≥2), a copy of the model ϕo and the clas-
sifier ψo are frozen to serve as the old knowledge. Then, we
train the model with the CCT network based on the BCD
and the BAD modules, as shown in Fig. 3 (a). After the
training of the sth stage, we reform a new gallery feature
set Fs by updating the transferred features in the old gallery
feature set Fs−1 using our proposed CCT network, and ex-
tracting the features of the current gallery set Gs using ϕs

(Fig. 3 (b)). When testing at the sth stage, we rank each
feature in Fs with the query feature calculated by ϕs (Fig. 3
(c)) to validate the ReID performance on all s datasets.

3.3. Lifelong Person Re-identification Baseline

In this section, we start by presenting a lifelong person re-
identification baseline. The baseline model consists of a
feature extraction model ϕ(·) and a classifier head ψ(·),
where ϕ(·) extracts a feature zi for each input image xi, and
ψ(·) predicts the probability pi of each person’s identity.

Considering that the RFL-ReID task aims to continu-
ously match the same person across the sequentially given
datasets, we employ a cross-entropy loss Lce [13] and a
triplet loss Ltrip [8] to learn a discriminative representation
for each person in the current dataset Ds. However, de-
spite certain performance improvements in Ds, it has been
verified to cause the catastrophic forgetting problem on the
previous (s− 1) datasets [3]. To balance the acquisition of
new knowledge and the anti-forgetting of old knowledge,
we introduce an anti-forgetting loss Lpkd [27] based on im-
age patch knowledge distillation to build a basic L-ReID
model. Therefore, the overall loss function for our baseline
model is formulated as:

Lbase = Lce + Ltrip + Lpkd. (1)

The above baseline method achieves a performance
trade-off between new and old datasets by re-indexing data
in old galleries using the new model. However, when the
old data is unavailable to the new model due to data privacy
concerns, the performance will be significantly degraded
due to the incompatibility of the features output by the old
model and the new model. To tackle the above issue, we
will detail present each component of our C2R scheme in
the following sections.

3.4. Continual Compatible Transfer Network

To tackle the domain shift problem, we design a Continual
Compatible Transfer (CCT) network to transfer the old fea-
ture into the new feature space continuously. To this end,
our CCT is designed as a two-stream network to capture
transfer-related knowledge from different domains.

Specifically, we first design a Knowledge Capturing
Module (KCM) module to capture knowledge from new do-
mains. Let zo ∈ RC be the feature output by the old model

ϕo(·) based on the sample xs, vp ∈ RP×C be a learnable
new knowledge prototype set with length P . In order to
enable zo to capture new knowledge for compatibility, we
first calculate a capturing probability ko ∈ RP for each new
knowledge prototype:

ko = δ(gc(z̃
o)), (2)

where gc(·) denotes a three-layer fully connected network,
δ(·) denotes the softmax function, and ( ·̃ ) denotes the l2-
normalized function. Then, we combine the captured new
knowledge with a weighted summation of the prototypes:

zt =

P∑
p=1

ko
i · vp. (3)

Sequentially, a parallel Forward Mapping Module
(FMM) is designed to directly map the old feature to the
new one, thereby preserving the old knowledge from old do-
mains. The designed mapping network consists of sequen-
tial fully connected layers, Batch Normalization [9] layers,
and PReLU [6] layers. The first fully connected layer re-
duces the channel number to C0, while the last layer recov-
ers it back to the original number, which keeps the repre-
sentation capability while saving redundant operations:

zm = gs(z̃
o). (4)

Finally, CCT takes the input z̃o to generate a factor am

to adaptively balance the above two features (zt and zm)
obtained by the KCM module and FMM module. Mean-
while, the original features are added by the residual skip-
connection to alleviate the gradient vanishing issue [31].
The transferred result zw of CCT network can be formu-
lated as follows:

zw = (1− am) · zt + am · zm + z̃o. (5)

Following [14], we leverage 4 cascaded CCT networks
to build up a strong transfer network, which sequentially
transfers features from previous stages to the current stage.

3.5. Balanced Compatible Distillation

To make the transferred features compatible with the new
one, we design a Balanced Compatible Distillation (BCD)
module to simultaneously preserve the relationships of the
old and the transferred features in the new feature space.

Given a mini-batch of training samples {xsi , ysi }Bi=1,
where B is the batch size, and a new feature zn

i calculated
by the new model ϕ(·)n. We start by directly aligning the
above features with l2-loss:

Lca = − 1

B

B∑
i=1

||z̃in − z̃i
w||2. (6)



The above alignment loss promotes compatibility of new
features in the new feature space, while ignoring the rela-
tionship between the old features, thus limiting the ReID
performance on old data. Therefore, we propose a relation-
ship distillation loss to overcome the above issue.

Firstly, we construct an old similarity matrix Mo ∈
RB×B , which is calculated by the affinity between each two
features in {z̃o

i }Bi=1 to represent the relationship between
the corresponding images in the old feature space:

Mo
i,j =

e⟨z̃
o
i ,z̃

o
j ⟩∑B

k=1 e
⟨z̃o

i ,z̃
o
k⟩
, (i, j ∈ [1, B]), (7)

where ⟨·, ·⟩ denotes the cosine similarity. Similarly, a trans-
ferred similarity matrix Mw is also constructed to represent
the relationship between the transferred features {z̃w

i }Bi=1.
Apparently, the alignment in Eq. (6) will promote higher
similarity between samples with the same identity in Mw,
which will conflict with the corresponding similarity in
Mo. Therefore, we remove the similarities between sam-
ples belonging to the same identity to avoid the above con-
flicts for relationship distillation:

Mx
i,j =

{
Mx

i,j , ID(i) ̸= ID(j)

0, ID(i) = ID(j),
(8)

where ID(·) denotes the identity of the given sample, and
x ∈ o, w. Next, a widely-used knowledge distillation loss
Lcr based on Kullback-Leibler (KL) divergence is imposed
to distil the relationship between old features as follows:

Lcr = − 1

B

B∑
i=1

σ(Mo
i,:)log(

σ(Mo
i,:)

σ(Mw
i,:)

), (9)

where σ(·) denotes the row-wise l1-normalized function.
In all, the loss function for the BCD module can be cal-

culated as follows:

Lbcd = µ1Lca + µ2Lcr, (10)

where µ1 and µ2 denote two hyper-parameters to balance
our proposed balanced compatible distillation.

3.6. Balanced Anti-forgetting Distillation

Although the proposed BCD module achieves the compati-
bility by selectively distilling the relationship, it ignores the
accumulated forgetting of old knowledge during the contin-
ual compatible transfer, thereby reducing the inter-class dis-
crimination of old data. Therefore, we propose a Balanced
Anti-forgetting Distillation (BAD) module to preserve the
discriminative information within the old and new features
in the new feature space.

To this end, we employ the old classifier head ψo(·) to
extract and distil the discriminative information. Therefore,

we extract old identity logits qo of the old feature zo as the
theoretical distribution of the discriminative information:

qo = δ(ψo(zo)). (11)

Considering that the transferred feature zw and zo come
from different datasets, it is challenging to extract consistent
discriminative information directly using ψo(·). To tackle
the above problem, we perform an inverse l2-normalization
on zw so that it can be extracted as the real distribution of
the transferred discriminative information:

qw = δ(ψo(z̃w · ||zo||2)). (12)

Sequentially, we use an anti-forgetting loss Lad to pre-
serve the old discriminative knowledge, which can be cal-
culated as follows:

Lad = − 1

B

B∑
i=1

qo
i log(

qo
i

qw
i

). (13)

Despite achieving the anti-forgetting, the distillation in
Eq. (13) will also limit the discrimination of the transferred
feature in the new feature space. Therefore, we introduce
a discriminative consistency-based loss Ldc to balance the
discrimination for both transferred and new features:

Ldc = − 1

B

B∑
i=1

(1− cos⟨ z̃i
w − z̃i

o

||z̃iw − z̃i
o||2

,
z̃i

n − z̃i
o

||z̃in − z̃i
o||2

⟩).

(14)
The overall loss function for the BAD module can be

calculated as follows:

Lbad = µ3Lad + µ4Ldc, (15)

where µ3 and µ4 denote two hyper-parameters when train-
ing the model.

3.7. Objective Function

Finally, the total loss L of C2R is calculated as follows:

L = Lbase + Lbcd + Lbad. (16)

Through the joint optimizing of L, our C2R achieves the
compatibility between the old and the new models and pre-
vents re-indexing to raw images in the old gallery.

4. Experiments
4.1. Datasets and Evaluation Metrics

Datasets. To verify the effectiveness of our method, we
conduct extensive experiments on five benchmark lifelong
person ReID datasets, including Market-1501 [41], CUHK-
SYSU [36], DukeMTMC-ReID [43], MSMT17-V2 [34]
and CUHK03 [12]. For CUHK-SYSU, we follow the



Task Method
Market-1501 CUHK-SYSU DukeMTMC-ReID MSMT17-V2 CUHK03 Average
mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1

L-ReID

JointTrain 68.1 85.2 81.4 83.8 60.4 75.7 24.6 48.9 42.7 43.6 55.4 67.5
SPD [28] 35.6 61.2 61.7 64.0 27.5 47.1 5.2 15.5 42.2 44.3 34.4 46.4
LwF [11] 56.3 77.1 72.9 75.1 29.6 46.5 6.0 16.6 36.1 37.5 40.2 50.6
CRL [40] 58.0 78.2 72.5 75.1 28.3 45.2 6.0 15.8 37.4 39.8 40.5 50.8
AKA [18] 58.1 77.4 72.5 74.8 28.7 45.2 6.1 16.2 38.7 40.4 40.8 50.8

MEGE [20] 39.0 61.6 73.3 76.6 16.9 30.3 4.6 13.4 36.4 37.1 34.0 43.8
PatchKD [27] 68.5 85.7 75.6 78.6 33.8 50.4 6.5 17.0 34.1 36.8 43.7 53.7

Ours 69.0 86.8 76.7 79.5 33.2 48.6 6.6 17.4 35.6 36.2 44.2 53.7

RFL-ReID

LwF* [11] 39.1 58.0 40.0 40.7 7.8 15.3 2.6 7.1 23.3 23.9 22.6 29.0
AKA* [18] 36.1 52.2 38.6 37.6 7.6 13.8 3.1 8.3 26.5 26.5 22.4 27.7
CVS* [30] 38.8 55.6 49.0 49.7 19.3 30.0 4.6 11.5 24.7 24.7 27.3 34.3

PatchKD* [27] 61.4 78.4 57.8 59.0 20.8 34.4 5.1 12.8 36.0 37.6 36.2 44.4
Ours 62.7 79.7 64.4 66.3 26.7 41.7 6.8 15.7 37.2 37.6 39.5 48.2

Table 1. Performance on training Order-1: Market-1501→CUHK-SYSU→DukeMTMC-ReID→MSMT17-V2→CUHK03.

Task Method
DukeMTMC-ReID MSMT17-V2 Market-1501 CUHK-SYSU CUHK03 Average
mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1 mAP R@1

L-ReID

JointTrain 60.4 75.7 24.6 48.9 68.1 85.2 81.4 83.8 42.7 43.6 55.4 67.5
SPD [28] 28.5 48.5 3.7 11.5 32.3 57.4 62.1 65.0 43.0 45.2 33.9 45.5
LwF [11] 42.7 61.7 5.1 14.3 34.4 58.6 69.9 73.0 34.1 34.1 37.2 48.4
CRL [40] 43.5 63.1 4.8 13.7 35.0 59.8 70.0 72.8 34.5 36.8 37.6 49.2
AKA [18] 42.2 60.1 5.4 15.1 37.2 59.8 71.2 73.9 36.9 37.9 38.6 49.4

MEGE [20] 21.6 35.5 3.0 9.3 25.0 49.8 69.9 73.1 34.7 35.1 30.8 40.6
PatchKD [27] 58.3 74.1 6.4 17.4 43.2 67.4 74.5 76.9 33.7 34.8 43.2 54.1

Ours 59.7 75.0 7.3 19.2 42.4 66.5 76.0 77.8 37.8 39.3 44.7 55.6

RFL-ReID

LwF* [11] 15.0 22.9 1.2 3.2 9.5 19.4 38.8 37.5 20.2 19.6 16.9 20.5
AKA* [18] 11.1 15.1 1.3 3.2 13.4 27.3 35.9 34.7 25.2 25.6 17.4 21.2
CVS* [30] 29.0 41.9 3.5 9.4 30.7 49.6 60.0 61.2 28.5 29.9 30.3 38.4

PatchKD* [27] 46.5 60.9 4.0 10.4 31.1 50.5 63.0 64.0 35.8 36.6 36.1 44.5
Ours 48.4 63.6 6.2 14.9 37.0 55.6 67.4 68.4 39.2 39.5 39.7 48.4

Table 2. Performance on training Order-2: DukeMTMC-ReID→MSMT17-V2→Market-1501→CUHK-SYSU→CUHK03.

same pre-processing and evaluation of GwFReID [35],
which crops the person images with the ground-truth per-
son bounding box annotation and re-organized as a ReID
dataset with corresponding identities. To simulate the life-
long person ReID process in the real scenarios, we eval-
uate our method by employing two training orders used
in [18], including Order-1: Market-1501 → CUHK-SYSU
→ DukeMTMC-ReID → MSMT17-V2 → CUHK03 and
Order-2: DukeMTMC-ReID → MSMT17-V2 → Market-
1501 → CUHK-SYSU → CUHK03.

Evaluation Metrics. We employ mean Average Precision
(mAP) [41] and Rank@1 accuracy (R@1) [15] to evalu-
ate our method on each datasets. The above metrics of our
method are reported after sequentially training all datasets.
Besides, the corresponding mean accuracy is also reported
to evaluate the overall performance on all tasks. Besides,
the Average Forgetting (AF) [2] on the above metrics are
reported to evaluate the anti-forgetting performance of our
method, which averages the difference between the highest

accuracy and the final accuracy on each dataset throughout
the lifelong learning process.

4.2. Implementation Details

Our proposed C2R is implemented with PyTorch [17] on
NVIDIA A40 GPUs. We adopt a ResNet-50 [7] network
pre-trained on ImageNet [22] as our backbone network. In
each training stage, we train the model for 50 epochs with
150 iterations. We use Adam [10] optimizer for training.
The learning rate is set to 3.5 × 10−4 initially, which de-
cayed by 0.1 at the 25th and the 35th epochs. We set the
hyper-parameters µ1, µ2, µ3, and µ4 as 50, 1, 0.01 and 0.05,
respectively. The prototype length P and the channel num-
ber C0 are empirically set to 16 and 32. Input images are
resized to 256×128. The batch size is set to 128, with 4
images for each identity. Following [27], each dataset is
randomly sampled with 500 identities to alleviate the prob-
lem of unbalanced class numbers among different datasets
for fairness comparison.



Method LwF AKA CVS PatchKD Ours
AF(mAP) 24.8 26.4 21.0 16.5 13.9
AF(R@1) 30.8 35.0 25.7 18.5 14.5

Table 3. AF performance of C2R compared with existing methods.
(The lower the AF is, the less the model forgets.)

4.3. Comparison with State-of-the-arts Methods

In this section, we compared our C2R with several state-of-
the-art methods on both RFL-ReID and traditional L-ReID
tasks, including SPD [28], LwF [11], CRL [40], AKA [18],
MEGE [20], PatchKD [27], and CVS [30], where CSV is a
continual compatible training method and the others are L-
ReID methods. The best results are bolded, and the second-
best results are underlined.

Comparison on the RFL-ReID task. Tab. 1 and Tab. 2
summarize the results of our method compared to exist-
ing methods, which are reproduced by the released code
and denoted as ∗. Compared with these methods, our C2R
achieves the highest average mAP and R@1 accuracy by
39.5%/48.2% on Order-1 and 39.7%/48.4% on Order-2,
leading PatchKD by 3.3%/3.8% and 3.6%/3.9%, respec-
tively. This is because our C2R method can achieve com-
patible transfer for old gallery features by balancing the
anti-forgetting of old knowledge with the compatibility to
the new model, thereby updating old features without re-
indexing old data effectively.

In addition, Tab. 3 reports the AF performance of mAP
and R@1 on Order-1. It can be seen that our C2R achieves
the lowest AF on both mAP and R@1 accuracy, which is
lower than PatchKD by 2.6% and 4.0%, respectively. No-
tably, compared to CVS, our C2R does not introduce ad-
ditional old data while achieving the best RFL-ReID accu-
racy and the best AF performance. Specifically, as shown in
Fig. 4, our proposed C2R achieves the best average perfor-
mance on the seen datasets in each stage. The above results
intuitively demonstrate that our proposed C2R outperforms
SOTA methods on average R@1 and mAP at each stage.

The above results imply that our C2R can adaptively map
old features and capture new knowledge, thus balancing
compatibility with new feature spaces by preserving old dis-
criminative knowledge.

Comparison on the traditional L-ReID task. We fur-
ther evaluate our method on the traditional L-ReID task.
As shown in Tab. 1 and Tab. 2, our proposed C2R also
achieves state-of-the-art performance on both two training
orders, which leads PatchKD on mAP accuracy by 0.5%
and 1.5% on Order-1 and Order-2, respectively. The above
results imply that our method achieves the best RFL-ReID
performance without compromising the performance of tra-
ditional L-ReID. Therefore, our C2R has better generaliza-
tion in both general and privacy-sensitive scenarios.
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Figure 4. Lifelong learning performance comparison in RFL-ReID
task on mAP and R@1 accuracy.

am 0.0 0.2 0.4 0.6 0.8 1.0 Ours
mAP 38.2 38.7 39.0 38.4 38.9 38.7 39.5
R@1 46.3 46.9 47.6 47.5 47.8 47.7 48.2

Table 4. Ablation study on different balancing factors in continual
compatible transfer network.

4.4. Ablation Studies

In this section, we conduct ablation studies on Order-1 to
evaluate the effectiveness of each component in our C2R.
Our Base method is the baseline introduced in Sec. 3.3.
Effectiveness of CCT network. We compared the adap-
tively balancing strategy in our continual compatible trans-
fer network with a fixed balancing strategy, which intro-
duces fixed values for am in Eq. (5). As shown in Tab. 4, our
method achieves the best mAP and R@1 accuracy among
the fixed balancing strategies. It indicates that by adaptively
generating the most appropriate fusion factor through dif-
ferent old features, our CCT network balances the forward
mapping of old knowledge and the knowledge capturing of
new knowledge, verifying its superior effectiveness.
Effectiveness of BCD module. As shown in Tab. 5, we
evaluate the two important loss functions Lca (Eq. (6)) and
Lcr (Eq. (9)) in the balanced compatible distillation mod-
ule. It can be seen that compared with the Base method,
Lca improves the average mAP/R@1 by 1.7% and 1.2%,
and the full version of the BCD module improves by 1.9%
and 2.3%. The above results indicate that the alignment in
Lca and the relationship distillation in Lcr are both impor-
tant for RFL-ReID. The former ensures that old features can
continue to be compatible with the new ones, while the lat-
ter preserves the relationship within the old feature space.
Finally, the BCD module achieves promising improvement
by modelling the above functions in a balanced manner.
Effectiveness of BAD module. We further evaluate two
main components Lad (Eq. (13)) and Ldc (Eq. (14)) in the
balanced anti-forgetting module. As shown in Tab. 5, Lad

brings an improvement by 1.1% on average mAP accuracy.
When combined with Ldc, the accuracy further improved
by 0.3%. It indicates that by distilling the discriminative



Base CCT
BCD BAD

mAP R@1Lca Lcr Lad Ldc

✓ - - - - - 36.2 44.4
✓ ✓ ✓ - - - 37.9 45.6
✓ ✓ ✓ ✓ - - 38.1 46.7
✓ ✓ ✓ ✓ ✓ - 39.2 47.1
✓ ✓ ✓ ✓ ✓ ✓ 39.5 48.2

Table 5. Ablation studies of each component in C2R on Order-1.

information within the old feature, BAD balances the anti-
forgetting of the old discrimination knowledge with the ac-
quisition of the new knowledge and thus plays an important
role in our C2R method.
Hyper-parameter Study. There are 4 hyper-parameters for
the training of our C2R method, i.e. µ1, µ2, µ3, and µ4.
Therefore, we evaluate the effect of the above parameters
respectively, as shown in Fig. 6. It can be seen that a slight
or excessive µ1 will eliminate the alignment of the old fea-
ture to the new feature. In addition, as µ2 increases, the re-
lationship between old features will prevent the model from
learning new knowledge. Therefore, the moderate µ1(=50)
and µ2(=1) are chosen in the BCD module to balance the
relationship between the old and new features. Similarly,
we set a moderate µ3(=0.01) and µ4(=0.05) to balance the
discriminative information in the old and new features.

4.5. Visualization

To intuitively verify the effectiveness of our C2R, we use
t-SNE [29] to visualize and compare the gallery feature
and query feature calculated by our method with the Base
method. The features are randomly selected from the five
benchmark datasets. As shown in Fig. 5, the features cal-
culated by our C2R achieve tighter intra-class representa-
tion while retaining more inter-class discriminability. The
above results indicate that our C2R can preserve more dis-
criminative information after transferring old gallery fea-
tures, which can be further aligned by new query features to
achieve RFL-ReID.

(a) Base (b) our C2R

Figure 5. TSNE results of our C2R compared with Base method.
Different colours represent different identities, while the circles
and the triangles represent gallery and query features, respectively.
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Figure 6. The influence of hyper-parameters in our C2R.

4.6. Limitation and Future Work

Our C2R can support L-ReID without re-indexing old data
in the gallery. However, it is difficult to capture enough new
knowledge to facilitate feature transfer and updating when
the amount of new data is limited. Therefore, it is worthy
of future research on efficient transfer under a few-shot sce-
nario. In addition, when there is noise in new data, how
to utilize old knowledge to eliminate such noise to achieve
selective transfer should be studied in the future.

5. Conclusion

In this paper, we focus on a practical and challenging task
called Re-indexing Free Lifelong Person Re-identification
(RFL-ReID), which prohibits the re-indexing of raw images
in the gallery due to data privacy concerns. To this end,
we propose a Continual Compatible Representation (C2R)
method, which introduces a Continual Compatible Transfer
(CCT) network to continuously transfer old gallery features
to the new feature space. Besides, a Balanced Compatible
Distillation module and a Balanced Anti-forgetting Distil-
lation module are proposed to balance the anti-forgetting
of old knowledge with the compatibility to the new model.
Extensive experiments on five widely-used benchmark L-
ReID datasets verify the effectiveness of our method on the
RFL-ReID task while maintaining the state-of-the-art per-
formance on the general L-ReID scenario.
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