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Abstract

Multimodal Contrastive Learning (MCL) advances in aligning different modal-
ities and generating multimodal representations in a joint space. By leveraging
contrastive learning across diverse modalities, large-scale multimodal data en-
hances representational quality. However, a critical yet often overlooked chal-
lenge remains: multimodal data is rarely collected in a single process, and train-
ing from scratch is computationally expensive. Instead, emergent multimodal data
can be used to optimize existing models gradually, i.e., models are trained on a se-
quence of modality pair data. We define this problem as Continual Multimodal
Contrastive Learning (CMCL), an underexplored yet crucial research direction
at the intersection of multimodal and continual learning. In this paper, we for-
mulate CMCL through two specialized principles of stability and plasticity. We
theoretically derive a novel optimization-based method, which projects updated
gradients from dual sides onto subspaces where any gradient is prevented from
interfering with the previously learned knowledge. Two upper bounds provide
theoretical insights on both stability and plasticity in our solution. Beyond our
theoretical contributions, we conduct experiments on multiple datasets by com-
paring our method against advanced continual learning baselines. The empirical
results further support our claims and demonstrate the efficacy of our method. Our
codes are available at https://github.com/Xiaohao-Liu/CMCL.

1 Introduction

Humans perceive the world in a multimodal way. They capture and process information from
what they see, hear, smell, and touch. Machines are evolving towards multisensory processing
to mimic this capability by leveraging specialized latent representations to interpret the world ef-
fectively [1, 2, 3, 4, 5]. Multimodal contrastive learning (MCL) builds upon unimodal [6, 7, 8] and
cross-modal contrastive learning [9, 10], which demonstrates exceptional representational power
and broad applicability. The core principle behind it is to bring modality pairs (e.g., vision-text or
vision-audio data) from the same instance closer together while simultaneously pushing apart repre-
sentations of different instances. Consequently, MCL constructs a unified representation space yet
capable of accommodating diverse modalities [11, 12, 13, 14].

Extensive data support is critical for ensuring representational quality. Recent studies have focused
on either compensating to the existing modality data [13, 14] or introducing the emergent ones [15].
Besides learning from scratch, collected data can also be incrementally introduced to gradually
enhance a model’s capabilities, thereby resolving two significant challenges: 1) the difficulty of
collecting all prepared multimodal data in a single process, and 2) the high computational expense
associated with training on mixed datasets from initialization. With the emergent multimodal data,
multimodal models can be progressively elevated via continual/incremental learning. Unfortunately,
recent research in MCL primarily advances in an “all in one go” manner. Moreover, it is intractable
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Figure 1: The problem of Continual Multi-
modal Contrastive Learning (CMCL). Mul-
timodal models learn from data step by step.
At each step, the two modalities are aligned
through contrastive learning. Different pairs
of modalities are involved at different steps.
The model parameters are continually updated
through gradients from different training steps.
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Figure 2: Our gradient-projection method
(bottom) compared with the vanilla (top).
Within the parameter space spanned by W, the
gradient updated at the previous step ∇Wt−1 is
directly overridden in vanilla training. Instead,
our method projects the new gradient∇Wt onto
the non-effective subspaces of the old, denoting
∆Wt, to maintain both stability and plasticity.

for current continual learning methods to address this problem [16, 17, 18, 19], due to the inter-
modal complexity and the task-agnostic constraints, where the objective of contrasting different
modalities remains consistent over time2.

Aware of this, we pioneer the formulation of continual multimodal contrastive learning (CMCL) in
this paper. In CMCL, a sequence of multimodal data is utilized for training. At each training step,
two modalities are aligned through contrastive learning, and the new modality pair is subsequently
integrated into the following step, as illustrated in Figure 1. We specify two definitions of stability
and plasticity in CMCL. Here stability refers to the model’s capability to retain acquired knowledge
over previously interacted modalities, while plasticity denotes that the model can learn effectively
from new modality pairs. Building upon this foundation, we theoretically derive a novel CMCL
method by projecting updated parameter gradients from dual sides onto specialized subspaces, as
shown in Figure 2. We project gradients based on both their own modality knowledge and their
interacted ones, i.e., a dual-sided projection. These inter-modality histories are utilized to construct
the corresponding gradient projectors. Incorporating new data at the current training step within
these projected subspaces does not adversely impact model performance on datasets from previ-
ous steps. Furthermore, we provide theoretical guarantees by establishing two bounds addressing
stability and plasticity. These bounds substantiate our method’s effectiveness theoretically, further
supported by empirical analyses. Besides, we showcase the flexibility of our method by extending
it to any steps and any modality pairs thus achieving both efficacy and efficiency in practice. We
conduct experiments on 7 datasets to evaluate our solution for classification and retrieval tasks. The
results well justify our claims. The proposed method consistently achieves superior performance in
plasticity and stability. Compared with previous state-of-the-art (SOTA) baselines of the continual
learning field, it demonstrates remarkable results across multiple metrics.

Before delving into details, we clearly emphasize our contributions as follows:

• Conceptually, we take the initiative to formulate continual multimodal contrastive learning ex-
plicitly and provide specialized definitions of stability and plasticity that guide methodological
development. Our work establishes a foundational framework for exploring this previously unad-
dressed problem and encourages future contributions to CMCL.

• Technically, we introduce a novel method that operates on the parameter gradients. These gradi-
ents are projected onto the subspaces where any updated gradients have no effect on the previous
knowledge. This method is built upon existing modality-binding models and can be readily ex-
tended to any training steps and modality pairs in the practical training procedure.

2We review the literature related to this work in Appendix D.
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• Theoretically, we rigorously derive our method based on the fundamental requirements (stability
and plasticity), supported by detailed theoretical proofs. Additionally, we provide two theoretical
bounds that guarantee the objectives, which can be tightened in practice to reinforce our claim.

• Empirically, we conduct extensive experiments on 7 datasets to evaluate the performance in the
CMCL setting. By utilizing three modality-binding methods as backbones, we demonstrate supe-
rior performance compared to SOTA continual learning baselines, which confirms the effective-
ness of our solution.

2 Preliminaries

Multimodal learning. Typical multimodal learning can be formulated as:

P(x, y) ≜ Py|x (y | h ◦ g(x))Px(x), (1)

where g is the multimodal encoder that generates corresponding representation z given the input x,
and h is the task mapping (e.g., linear classifier [10, 11] or even large language models (LLMs) [20,
21, 22]). In general, g is modal-agnostic. Here we use gm as the modal-specific encoder, indicating
that we do not make any assumption about a shared model architecture or parameters. For different
modalities, a unified representation space is desired to facilitate the development of h, so that one
well-trained h serves all {gm}m∈M.

Modality-binding (modality pairs for training). Note that g is normally implemented by
modality-binding methods to obtain representations for different modalities in a unified space. These
methods utilize paired data Xm;m′

= {(xm
1 ,xm′

1 ), (xm
2 ,xm′

2 ), . . . } ⊂ Xm × Xm′
to optimize the

contrastive objective derived from CLIP [10]:

L = − log
exp(zm⊤

i zm
′

i /τ)

exp(zm⊤
i zm

′
i /τ) +

∑
j ̸=i exp(z

m⊤
i zm

′
j /τ)

, (2)

where τ is the temperature hyperparameter. The two modalities m and m′ from one instance i
are pulled closer while being pushed away from different instances j. Despite having only two
modalities in each batch, more diverse datasets are introduced to achieve multimodal contrastive
learning with more paired modality data. The typical utilization of modality-binding is exemplified
by CLIP, which is contrastive learning for bi-modality. Here only two modalities (i.e., image/vision
and text) are used for training. However, several works [11, 15, 13] have recently extended this
approach with more modalities on different modality pair data, e.g., image-audio or audio-text pairs.

Range-Null space. Given a matrix A, its pseudo-inverse A† satisfies AA†A ≡ A. A†A projects
b to the range space of A, formally, A(A†A)b ≡ Ab. (I − A†A) can be seen as the null
space projector that directly satisfies A(I − A†A)b ≡ 0. And there are several ways to resolve
the pseudo-inverse A†, for instance, in singular value decomposition (SVD), A† = VΛ†U⊤ for
{U,Λ,V⊤} = SVD(A), where Λ† take the reciprocal of the nonzero singular values in Λ while
leaving zeros unchanged. Null space projection is used in prior works like Adam-NSCL [16, 23, 24],
which constructs the null space projector based on layer-wise features. Despite the inspiration, it
is not capable of tackling the inter-modality complexity in CMCL. A specialized solution is still
desirable for CMCL.

3 Continual Multimodal Contrastive Learning

3.1 Problem Setup and Two Goals

Problem setup. Suppose we have a sequence of datasets X = {Xm;m′

1 ,Xm;m′

2 , . . . }, where Xm;m′

1
denotes the dataset containing modalities m and m′ at the initial step and the sequence length is
N . The parameters of each modality encoder gm are optimized with different pairs, signifying
Wm

0 , . . . ,Wm
N . Note that Wm

i = Wm
i+1 when Xi+1 does not include the modality m. Without the

loss of generality, we consider two continuous training datasets, denoted as Xm1,m2

t−1 and Xm1,m3

t ,
which share at least one common modality. The corresponding encoder gm1

will be continually
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optimized with different data. Here we formulate multimodal learning on multiple datasets in a
sequential learning paradigm:

Wm1
t = arg min

W
m1
t−1

∑
(x

m1
t ,x

m3
t )∈Xm1;m3

t

L(gm1(x
m1
t ;Wm1

t−1), gm3(x
m3
t ;Wm3

t−1)). (3)

Note that Wm1
t−1 is trained on Xm1,m2

t−1 . Besides, if m3 := m2, this formulation can be generalized
to the case in CLIP [10] and the bi-modality continual training [25, 26, 27].

Two goals in CMCL. The main goal is to maintain alignment stability along with continual learning.
This alignment is typically defined as the inner product between different modalities of the same
instance [10, 11, 15], signifying zm⊤

i zm
′

i . This formulation is also utilized in multimodal contrastive
learning as mentioned in Eq. (2).
Definition 1 (Stability). Given two adjacent training datasets Xm1,m2

t−1 and Xm1,m3

t , the model
satisfies stability if:

(Zm1
t−1;t)

⊤Zm2
t−1;t︸ ︷︷ ︸

model at current step t

= (Zm1
t−1;t−1)

⊤Zm2
t−1;t−1︸ ︷︷ ︸

model at previous step t−1

, (4)

where Zm1
t−1;t denotes the representations for modality m1 in (t − 1)-th dataset generated by the

model trained after step t. Zm1
t−1;t−1 represents the representations generated by the model immedi-

ately trained on the dataset at its own step t− 1.
For the dataset used previously (i.e., Xm1,m2

t−1 ), the current model parameterized by Wt can perform
well aligned with the previous model parameterized by Wt−1. For simplicity, we denote the align-
ment scores between two modalities (i.e., m1 and m2) as Am1,m2

t−1;t , utilizing the model at step t for
dataset Xt−1. Consequently, we simplify Eq. (4) to Am1,m2

t−1;t = Am1,m2

t−1;t−1.
Definition 2 (Plasticity). The model has the capability to learn from new datasets, adhering to the
objective of multimodal contrastive learning: Zm⊤

t;t Zm′

t;t ∼ pm,m′

t , where pm,m′

t is the distribution
that samples the t-th dataset for two different modalities.
Another goal indicates that the model, even with constraints to memorize the old, can still have the
plasticity to accept the new. Specifically, given the dataset at the current step t, the parameters of the
model can still be optimized by a multimodal contrastive learning objective to fit its distribution.

Dilemmas. We consider the post-training paradigm to elevate the existing pre-trained models that
are already trained with various datasets. Current methods without a continual learning objective
face a significant challenge of forgetting: the alignment plasticity is broken when the model is
trained with new datasets (i.e., Am1,m2

t−1;t ̸= Am1,m2

t−1;t−1).

3.2 Dual-sided Null Space (DNS) for CMCL

Step t	-1 .  Dual-sided projector
Step t		.  

Figure 3: The paradigm of the proposed
method (DNS) for CMCL. At the current step
t, gradients (∇Wm1

t and ∇Wm2
t ) derived by

contrastive learning between modalities m1 and
m2 are projected from dual sides to ∆Wm1

t and
∆Wm2

t . The projectors are built upon the features
from the previous steps to constrain the gradients.
By substituting for the gradients, model param-
eters are optimized from new modality pair data
while retraining the prior knowledge.

In this section, we propose projecting gradients
to the dual-sided null space to satisfy both sta-
bility and plasticity, as depicted in Figure 3.

Stability requirement. Recall the stability
requirement in CMCL of (Zm1

t−1;t)
⊤Zm2

t−1;t =

Am1,m2

t−1;t−1. That is to say, given the same modal-
ity pair data from the previous step, the model
trained on new datasets should maintain the
alignments on modality pairs from earlier steps.
This implies that new updates (i.e., gradients)
should not interfere with effective parts within
the parameter space.

Plasticity requirement. According to the con-
trastive learning objective in Eq. (3), uncon-
strained gradients naturally encourage param-
eters optimized from previous datasets to adapt
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to new datasets. Therefore, plasticity emerges directly from the inherent learning process. In vanilla
CMCL, where the model sequentially trains on datasets without any explicit constraints, plasticity
is inherently maintained. Introducing additional regularization strategies inherently increases risks
to plasticity.

Theoretical motivation. Building upon the above analyses, we explore gradient updates in detail to
establish theoretical motivations. Let us consider the left-hand side of Eq. (4), i.e., (Zm1

t−1;t)
⊤Zm2

t−1;t.
We introduce the prior encoders of g∗m (cf., plasticity in Definition 2) and a linear operator that trans-
fers the priors Zm1

t−1;∗ and Zm2
t−1;∗, with Zm1

t−1;t = Wm1
t Zm1

t−1;∗ and Wm1
t ∈ Rd×d,Zm1

t−1;∗ ∈ Rd×n,
where d is the feature dimension and n denotes the batch size. Besides, we consider the gradient
update rule as Wm

t = Wm
t−1 − η∇Wm

t , where η is the learning rate. Therefore, we have:

(Zm1
t−1;t)

⊤Zm2
t−1;t

= (Zm1
t−1;∗)

⊤ (Wm1
t )⊤Wm2

t︸ ︷︷ ︸
global parameters at step t

Zm2
t−1;∗ = (Zm1

t−1;∗)
⊤(Wm1

t−1 − η∇Wm1
t )⊤(Wm2

t−1 − η∇Wm2
t )Zm2

t−1;∗

= (Zm1
t−1;∗)

⊤ (Wm1
t−1)

⊤Wm2
t−1︸ ︷︷ ︸

global parameters at step t−1

Zm2
t−1;∗

− η(Zm1
t−1;∗)

⊤
(
(Wm1

t−1)
⊤∇Wm2

t + (∇Wm1
t )⊤Wm2

t−1 − η(∇Wm1
t )⊤∇Wm2

t

)
︸ ︷︷ ︸

updated global parameters W̃

Zm2
t−1;∗. (5)

Projecting W̃ (globally). We consider the parameter update globally, where W̃ is used to update
(Wm1

t−1)
⊤Wm2

t−1 via (Wm1
t )⊤Wm2

t = (Wm1
t−1)

⊤Wm2
t−1 − ηW̃. To keep stability for the previ-

ous datasets, we need to find a new parameter update W̄ that satisfies (Zm1
t−1;∗)

⊤W̄Zm2
t−1;∗ = 0.

Therefore, Am1,m2

t−1;t = Am1,m2

t−1;t−1 + 0.

Theorem 3. Let the global parameter update follow (Wm1
t )⊤Wm2

t = (Wm1
t−1)

⊤Wm2
t−1 − ηW̄,

and the original parameter update be denoted as:

W̃ =
(
(Wm1

t−1)
⊤∇Wm2

t + (∇Wm1
t )⊤Wm2

t−1 − η(∇Wm1
t )⊤∇Wm2

t

)
. (6)

Then, the stability holds if W̄ := W̃−P′W̃P, where P′ and P are the space projectors for Zm1
t−1;∗

and Zm2
t−1;∗, respectively. See proof in Appendix B.1.

Remark. Once obtaining the global gradient update W̃, we are able to find the optimal solution to
project it such that (Zm1

t−1)
⊤W̄Zm2

t−1 = 0. W̄ is the closest point to W̃ but lies in the null space.
In other words, the projected global gradient does not cause any effect on previous modality pairs
at step t− 1. Here we call the space spanned by W̃ −P′W̃P as null space as wella.
Discussion on W̄. W̄ is derived from the original W̃ while removing its part relevant to the
previous training. Such relevance is probed and extracted via pre-curated projectors corresponding
to the dual-side modality data Zm1

t−1 and Zm2
t−1 (see Section 2 Range-Null space for constructing

projectors). This projection reflects the modality interaction in multimodal contrastive learning,
where the parameters are optimized from both modalities corresponding to different sides of the
parameter matrix W̃ (i.e., the row space for m1 and column space for m2).

aThe formal definition of null space is the solution space for Ax = 0, differing from our problem.

Projecting ∇W (locally). Following this, we hope to update the local gradients in practice, i.e.,
optimizing the model parameters corresponding to each modality, to satisfy the stability. Here we
find the deviation of these gradients, thus approaching the W̃ −P′W̃P lies in the null space.

Theorem 4. Let the local parameter update follow Wm
t = Wm

t−1 − η∆Wm
t , the stability holds if{

∆Wm1
t := ∇Wm1

t − P̃∇Wm1
t P′,

∆Wm2
t := ∇Wm2

t − P̃′∇Wm2
t P,

(7)

where P̃′ and P̃ are the space projectors for Zm1
t−1;t−1 and Zm2

t−1;t−1, respectively. See proof in
Appendix B.2.
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Remark. We find the local gradient transformation for ∇Wm
t , ∀m ∈ {m1,m2} to achieve the

global gradient update W̃−P′W̃P. In this case, we can transform the gradient from independent
models (i.e., different encoders), yet still keep the stability.

Discussion on ∆Wm
t . We introduce an additional projector of the previously generated features,

denoted by Zm′

t−1;t−1. ∆Wm
t is similarly derived from the original gradient∇Wm

t while removing
the parts determined by both the own input modality data Zm

t−1;∗ (cf., Theorem 3) and the generated
features of another modality Zm′

t−1;t−1. P̃ and P̃′ project vectors onto modal-specific output sub-
spaces, which reside within a unified representation space due to the contrastive learning paradigm.
Despite sharing a unified space, the subspaces of different modality features are not exactly iden-
tical. Therefore, we employ two separate projectors for a more precise projection. This projection
reflects the effective mapping from the modality input to the aligned output space.

3.3 The Theoretical Guarantee: Bounds and Capabilities

After inferring the method to achieve CMCL, we examine the performance guarantees theoretically.
Besides, we introduce the extensions for any steps and any modality pairs during the practical train-
ing procedure. Note that we also provide empirical support for our theoretical results in Section 4.2.
Theorem 5 (The upper bound of loss of stability). In CMCL, the upper bound of loss of stability is:

∥Am1,m2

t−1;t −Am1,m2

t−1;t−1∥2 ≤ η2 · ∥Zm1
t−1;∗∥2∥Z

m2
t−1;∗∥2 · F(∇W), (8)

where F represents the interactions between different updated gradients ∇Wm1
t and ∇Wm2

t .
Specifically, F(∇W) := 2∥∇Wm1

t ∥2∥∇W
m2
t ∥2 + ∥∇Wm1

t ∥22 + ∥∇Wm2
t ∥22. See proof in Ap-

pendix B.3.
Remark. The loss of stability is primarily bounded by the square of the learning rate η2, and the
norm of the input features {Zm

t−1;∗}. The input features are typically normalized to stabilize the
prior encoders’ training. Therefore, their norm does not become so large as to interfere with the
bound. Furthermore, low-dimensional or sparse features have been observed to better preserve
basic objectives for instance discrimination [28], potentially tightening the bound. A smaller learn-
ing rate results in a tighter bound as well. This is reasonable when considering the extreme case
(η = 0), where the parameters are not updated during training without any loss of stability.

Theorem 6 (The upper bound of plasticity). By transforming the gradients, the loss Lt update at
step t from the previous loss Lt−1 is following:

Lt − Lt−1 ≤ 0 (9)

to keep the plasticity when o(η)
η ≤ 0 at the time t. See proof in Appendix B.4.

Remark. The loss decreases, indicating learning from the new datasets. Lt = Lt−1 if and only if
the row space of W̃ lies in the column space of Zm1

t−1 and the column space of W̃ lies in the column
space of Zm2

t−1. In this case, W̃ can only make effects to the features within the space of previous
datasets. However, W̃ is calculated via current datasets Zm

t , which makes the equality rare.

Extension for any steps {Am,m′

i;∗ }<t. In general, on continual learning, we hope to maintain stabil-
ity for any seen datasets. Therefore, we have:

Am1,m2

i;t = Am1,m2

i;i , ∀i < t. (10)

That means we need to project W̃ onto the null space of all previous datasets, via P<t. We utilize
the uncentered feature covariance [16] to obtain the null space projector via SVD approximation
(Section 2). Let Z̄m

<t = n̄t−2

n̄t−1
Z̄m

<t−1 + nt−1

n̄t−1
Z̃m

t−1, where Z̃m
t−1 ≜ 1

nt−1
(Zm

t−1)
⊤Zm

t−1 (the equal-

ity is proved in Appendix B.5). Similarly, for global gradient updates, W̄ := W̃ − P′
<tW̃P<t

for extension. For the local gradient update, we are required to maintain an additional feature co-
variance constructed from the previous models. We can achieve this in efficiency. For instance,
∆Wm2

t := ∇Wm2
t − P̃′

<t∇W
m2
t P<t, where P̃′

<t is the space projector for {Zm1
i;i }i<t. Note that,

the guarantee for stability and plasticity can be easily extended to any step, as we only modify the
projectors that are able to project the features onto the space that covers all previous datasets.
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Table 1: The statistics of datasets for modality pair training, which involve modalities of V↔Vision,
A↔Audio, T↔Text, VI↔VIdeo, TH↔THermal, TA↔TActile, and D↔Depth.

Dataset Modalities Evaluation Tasks Modes #Examples #ClassesV A T VI TH TA D Retrieval Classification

UCF101 - - ✓ ✓ - - - Acc - ✓ Train, Test 8,080 101
ESC50 - ✓ ✓ - - - - Recall, Acc ✓ ✓ Train, Test 2,000 50
NYUDv2 ✓ - - - - - ✓ Recall ✓ - Train, Test 48,238 -
VGGSound-S - ✓ ✓ ✓ - - - Recall, Acc ✓ ✓ Train, Test 12,000 309
Clotho - ✓ ✓ - - - - Recall ✓ - Train, Test 4,885 -
TVL ✓ - ✓ - - ✓ - Recall ✓ - Train, Test 43,741 -
LLVIP ✓ - - - ✓ - - Recall ✓ - Train, Test 15,488 -

Extension for any modality pairs {m,m′}<t. In particular, on CMCL, diverse modality pairs
are involved to optimize corresponding encoders. In this case, we can simply extend the previous
gradient update on {m1,m2} in step t − 1 and t to any different adjacent modality pairs. Suppose
training on modality pairs of {m1,m2} at step t−1 and {m1,m3} at step t. If m3 := m2, it follows
Theorem 4. If m3 ̸= m2, we set ∇Wm2

t = 0. Furthermore, the corresponding feature projector
update can be omitted as well to save computational cost. Therefore, only features at relevant steps
are required to be updated rather than considering all steps. The algorithm flow and pseudo-code of
training and inference procedures of our method are provided in Appendix A.1.

4 Experiments

4.1 Experimental Setups

Tasks & datasets. We evaluate on 7 multimodal datasets, including UCF101 [29], ESC50 [30],
NYUDv2 [31], VGGSound-S [32]3, Clotho [33], TVL [34], and LLVIP [35]. For performance
comparison, we categorize the evaluation tasks as retrieval and classification. The important statis-
tics are provided in Table 1. More details are provided in Appendix A.2. For datasets with more than
two modalities, we split them into bi-modal ones to cater to the modality pair training. For instance,
VGGSound-S will be reorganized into three versions (VI-A, VI-T, and T-A). As a result, 11 training
steps are involved in our training and evaluation.

Implementation details. We utilize pre-trained modality-binding methods as priors, followed by
linear learners for each modality for training. Specifically, we employ ImageBind [11], Language-
Bind [15], and UniBind [13], which are already trained with a sequence of modality pairs and are
capable of generating multimodal representations in a joint space. Upon these powerful priors, we
construct the projection module that projects the novel knowledge onto the dual-sided null space
of the previous one within the trainable parameters. We utilize PyTorch [36] for implementation.
The model is optimized via an AdamW optimizer [37] with a learning rate of 0.0001 and weight
decay of 0.001. The batch size is set to 64. We approximate the null space projection with truncated
SVD, where a minimum eigenvalue λmin is set to 0.01 for ImageBind and Unibind, while 0.0001
for LanguageBind. See more implementation details in Appendix A.3, A.5, and E.

Baselines. We consider various methods from continual learning fields. Specifically, we select
Vanilla (continual training without any strategy) [11], Gradient Episodic Memory (GEM) [38], Dark
Experience Replay (DER & DER++) [39], Elastic Weight Consolidation (EWC) [40], Contrastive
Continual Learning (Co2L) [17], C-Flat [41], and Contrastive Incremental Learning with Adaptive
distillation (CILA) [18]. Notably, our method is replay-free, which maintains efficiency. The feature
covariances are updated only at the end of each training step. We adapt these methods for the CMCL
setting. More details of the baselines are provided in Appendix A.4 and E.

Evaluation metrics. We consider the evaluation metrics from both plasticity (learnability) and sta-
bility (anti-forgetting) perspectives. For plasticity, we employ Recall@k for cross-modal retrieval
tasks, where k is set in the range of {1, 5, 10}. Besides, we use average accuracy (Acc) for classifi-
cation tasks. For stability, we employ backward transfer (BWT), which computes the average drop
of performance at the previous step after learning the current dataset. In this case, higher appearance

3We downsample the original VGGSound dataset into a small version, denoted as VGGSound-S.
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Table 2: Average performance (mean±std.) on classification and retrieval tasks. Here “R@k” is the
abbreviation of “Recall@k”. The results are calculated over ten independent trials. The best result
in each case is marked as bold.

Method Classification Retrieval
Acc BWTA R@1 R@5 R@10 BWTR10

Im
ag

eB
in

d

Vanilla 47.32 ±0.27 -5.72 ±0.44 9.93 ±0.09 27.86 ±0.18 38.56 ±0.14 -3.34 ±0.09
GEM 40.98 ±1.65 -9.75 ±1.64 9.53 ±0.14 27.00 ±0.28 37.38 ±0.31 -2.91 ±0.26
DER 47.34 ±0.41 -5.70 ±0.54 9.91 ±0.08 27.88 ±0.18 38.55 ±0.20 -3.32 ±0.08
DER++ 47.40 ±0.15 -4.71 ±0.48 9.94 ±0.12 27.95 ±0.18 38.72 ±0.13 -3.09 ±0.11
EWC 48.34 ±1.53 -4.82 ±1.18 10.07 ±0.24 28.35 ±0.55 39.22 ±0.69 -2.55 ±0.76
Co2L 50.13 ±0.52 -3.74 ±0.51 9.79 ±0.04 27.99 ±0.21 38.66 ±0.23 -1.77 ±0.19
C-FLAT 50.96 ±0.34 -4.17 ±0.48 9.92 ±0.09 28.90 ±0.14 39.97 ±0.19 -1.41 ±0.19
CILA 50.73 ±0.48 -3.20 ±0.74 9.68 ±0.11 27.76 ±0.20 38.25 ±0.20 -1.28 ±0.21
DNS (ours) 52.52 ±0.23 -0.02 ±0.30 10.38 ±0.09 29.53 ±0.17 40.89 ±0.10 -1.07 ±0.12

L
an

gu
ag

eB
in

d

Vanilla 51.86 ±1.13 -15.71 ±1.22 7.51 ±0.10 25.36 ±0.32 36.02 ±0.49 -10.19 ±0.53
GEM 60.15 ±0.63 -4.98 ±0.52 8.32 ±0.13 28.92 ±0.14 41.24 ±0.22 -4.12 ±0.18
DER 52.55 ±1.08 -14.96 ±0.88 7.55 ±0.16 25.47 ±0.36 36.08 ±0.46 -10.11 ±0.46
DER++ 55.86 ±1.64 -10.45 ±1.58 7.33 ±0.20 25.66 ±0.53 36.50 ±0.61 -9.58 ±0.62
EWC 54.03 ±1.94 -13.45 ±2.34 8.00 ±0.26 27.11 ±0.92 38.14 ±1.26 -7.71 ±1.44
Co2L 58.08 ±0.64 -5.79 ±1.22 8.33 ±0.12 28.33 ±0.24 40.15 ±0.31 -3.92 ±0.37
C-FLAT 57.84 ±0.75 -7.57 ±0.92 8.23 ±0.10 28.02 ±0.17 39.72 ±0.25 -5.00 ±0.32
CILA 59.30 ±0.62 -2.63 ±0.91 8.32 ±0.14 28.31 ±0.26 40.48 ±0.27 -1.09 ±0.40
DNS (ours) 64.07 ±0.37 -0.09 ±0.59 8.71 ±0.06 29.81 ±0.23 42.44 ±0.20 -3.00 ±0.21

U
ni

B
in

d

Vanilla 47.48 ±0.56 -5.46 ±0.61 10.09 ±0.10 28.16 ±0.26 38.93 ±0.24 -3.52 ±0.20
GEM 41.37 ±1.52 -9.29 ±1.20 9.61 ±0.14 27.32 ±0.31 37.94 ±0.34 -2.97 ±0.39
DER 47.64 ±0.57 -5.35 ±0.65 10.10 ±0.09 28.16 ±0.25 38.95 ±0.26 -3.51 ±0.20
DER++ 47.75 ±0.23 -4.69 ±0.71 10.06 ±0.08 28.30 ±0.21 39.10 ±0.15 -3.39 ±0.12
EWC 48.21 ±1.48 -5.06 ±1.19 10.24 ±0.25 28.60 ±0.54 39.47 ±0.66 -2.89 ±0.67
Co2L 50.45 ±0.59 -3.47 ±0.92 9.87 ±0.08 28.30 ±0.16 39.21 ±0.20 -1.87 ±0.21
C-FLAT 51.25 ±0.42 -4.36 ±0.49 10.00 ±0.06 29.19 ±0.17 40.51 ±0.12 -1.48 ±0.18
CILA 51.03 ±0.41 -2.93 ±0.75 9.76 ±0.08 28.07 ±0.14 38.80 ±0.17 -1.40 ±0.20
DNS (ours) 52.86 ±0.29 0.31 ±0.46 10.52 ±0.06 29.97 ±0.10 41.44 ±0.11 -1.19 ±0.12

scores of these metrics indicate higher consistency and determinism. More details of the metrics can
be checked in Appendix A.5.

4.2 Results

Overall evaluation. We compare our method (DNS) with selected baselines on both classification
and retrieval tasks with results being reported in Table 2. This result demonstrates that DNS outper-
forms all baselines on two types of performance metrics (i.e., Acc and Recall). Particularly in the
classification task, DNS (ours) consistently achieves the highest accuracy and exhibits minimal or
even positive BWTA, whereas other methods generally suffer from higher negative transfer. In the
retrieval task, DNS outperforms other methods in all Recall@k (R@1, R@5, and R@10) metrics,
and it also demonstrates good backward transfer ability. These results highlight the effectiveness of
DNS in mitigating catastrophic forgetting (stability) and achieving superior performance (plasticity)
across both classification and retrieval tasks.

Stability analyses. We calculate the deviations between alignment scores to provide practical sup-
port for the theoretical guarantee of stability in Theorem 5. At each step, we average the scores
of modality pairs, which will be compared at subsequent steps, with the results shown in Figure 4
(a). We can observe that the deviations are small and even reach nearly zero at some steps, further
sustaining the stability maintaining of DNS.

Plasticity analyses. We provide empirical support corresponding to the theoretical insights on plas-
ticity in Theorem 6. Here we compute the high-order term and verify whether it satisfies o(η)

η ≤ 0.
We report the results in Figure 4 (b) and have the following observations. At each step t > 1,

8



Step	𝑡 Step	𝑡 > 1-1
.1
74

（a）Stability	analyses. （b）Plasticity	analyses.

Figure 4: The illustrations on stability and plasticity: the left (a) showcases deviations in the align-
ment score from At−1;t−1; the right (b) represents the average of high-order terms for step t > 1.
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.1
74

（a）Stability	analyses. （b）Plasticity	analyses.

Figure 5: The curves plot batch-wise training losses w.r.t. different modality-binding methods.

the averaged o(η) is negative and close to 0, which confirms our claim in Theorem 6 in a practical
scenario. Furthermore, the training loss converging supports the plasticity as well, in Section 4.3.

4.3 More Analyses and Justifications

Training loss curves. We evaluate the stability and plasticity through training losses over batches.
The batch-wise training loss illustrates the learning status at the own step (plasticity). The results
are showcased in Figure 5. From the observation, our method can achieve a stable training loss even
after the model is optimized by new datasets, and the batch-wise loss also successfully converges.
These findings demonstrate that DNS reaches a balance between stability and plasticity.

Best Vanilla CILA DNS
t0 (T-VI) 87.72 85.34 85.54 87.92
t1 (T-A) 49.25 41.00 43.75 47.50

Table 3: Performance comparison under
imbalanced modality data scenarios.

Imbalanced modality data. We construct a specialized
dataset with modality pairs of text-video (t0) and text-
audio (t1, t2, t3), to assess performance in imbalanced sce-
narios. We test text-video at step 1 (with less overlap) and
text-audio at step 2 (with the most overlap), where greater
overlap indicates worse forgetting and larger performance
drops. As shown in the Table 3, DNS consistently outperforms Vanilla and CILA, demonstrating
superior robustness.

Vanilla Replay-based DNS	(ours)
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Figure 6: The time recording (s) for vanilla,
replay (DER), and DNS training for one step.

Efficiency analyses. DNS maintains efficiency for
CMCL, which differs from replay-based methods
that require additional buffer memory and further in-
troduce more computational costs. Here we evalu-
ate the efficiency of our methods by recording the
time in training, as shown in Figure 6. The replay-
based method requires more training time compared
to both the vanilla method and DNS. DNS introduces
a slight increase in training time due to the gradient
projection and SVD approximation (less than 1s),
while still preserving overall training efficiency.

Misaligned & noisy pairs. We create misaligned modality pairs by exchanging features at ra-
tios of {0.01, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5}. The results are shown in Table 4. As misalignment in-
creases, performance decreases across methods. However, DNS consistently outperforms CILA,
demonstrating stronger robustness. We also add Gaussian noise to the training dataset at scales of
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Misalignment Noise
ratio Acc BWTA Recall BWTR Acc BWTA Recall BWTR

CILA DNS CILA DNS CILA DNS CILA DNS CILA DNS CILA DNS CILA DNS CILA DNS

0.01 49.39 52.04 -3.52 0.11 38.03 40.32 -1.72 -1.35 50.37 52.18 -3.12 -0.40 38.46 40.65 -1.25 -1.11
0.05 46.45 46.98 -1.81 2.93 37.46 39.41 -1.32 -1.22 47.42 50.74 -5.31 -1.79 34.59 39.79 -4.41 -2.66
0.1 41.46 43.54 0.36 2.00 36.21 38.50 -0.90 -0.90 43.89 50.44 -7.94 -0.69 34.19 40.21 -4.07 -0.66
0.2 33.33 35.18 1.26 1.39 33.91 36.63 -1.49 -1.85 39.60 43.82 -9.54 -6.32 32.58 37.29 -5.09 -3.56
0.3 28.73 29.27 -0.80 1.46 32.12 34.09 -1.94 -2.32 34.45 39.48 -13.80 -11.15 30.62 35.77 -7.41 -4.30
0.4 19.91 24.97 -5.59 0.17 29.43 32.84 -2.60 -2.64 31.92 39.22 -14.36 -11.63 29.30 34.89 -8.53 -5.26
0.5 17.32 19.78 -6.48 -4.30 27.58 30.55 -3.86 -4.03 28.52 37.31 -18.62 -11.29 28.70 33.35 -7.94 -6.72

Table 4: Performance comparison under misaligned modality pairs (left) and noisy pairs (right).
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Figure 7: Detailed training loss (left), recall@5 (middle), and accuracy (right) results on the data at
the first step. The top figure indicates the results for different λmin, while the bottom is for different
weight decays, with ImageBind as the backbone. The red line indicates the performance of the
vanilla method in CMCL.

{0.01, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5}. Performance decreases with increasing noise, but DNS outper-
forms CILA across all metrics, showcasing greater robustness.

Hyperparameter analysis. We provide detialed results on the step-wise training loss and perfor-
mance changes on the data at the first step shown in Figure 7 with ImageBind as the backbone.
Compared to the vanilla method, DNS maintains a stable performance with continual data training.
We also provide empirical results on other models in Figures 8, and 9, under different hyperparam-
eters settings (cf., Appendix F). More than that, we report the detailed variations at each step in
Figures 10, 11, and 12 (cf., Appendix F).

5 Conclusion

In this paper, we introduce and formally define continual multimodal contrastive learning (CMCL),
a research question on how to incrementally integrate multimodal data through contrastive learn-
ing. We specify the definitions of stability and plasticity in CMCL. Theoretically, we derive a novel
method, termed DNS, which employs a dual-sided gradient-projection strategy to balance the incor-
poration of new modality pairs while preserving existing multimodal knowledge effectively. The
parameter gradients are projected from one side of its own modality and another side of the inter-
acted modalities onto subspaces. Any newly-projected gradient within these subspaces makes no
effect on the prior effective parameter spaces. Furthermore, two upper bounds are provided with
theoretical insights on both stability and plasticity, and support the effectiveness of our gradient-
projection method. Empirical results across seven datasets demonstrate our method’s superiority
over current advanced continual learning baselines, which confirm its robustness and efficiency.
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A Implementation Details

A.1 Training and Inference Procedures

Here we provide the training algorithm flow in Algorithm 1 and the corresponding pseudo-code.
The inference algorithm flow is demonstrated in Algorithm 2. Algorithm 1 describes the Continual
Multimodal Contrastive Learning training process with our method DNS, which enables a model
to progressively learn from new multimodal data while maintaining stability in previously learned
modality alignments.

Algorithm 1 DNS for Continual Multimodal Contrastive Learning (Training)

Require: Inputs:
Pre-trained encoders {g∗m}m∈M and follow-up learner {Wm}m∈M for each modality m,

learning rate η,
A sequence of training datasets {Xm,m′

t }Nt=1, each containing modality pairs.
Feature covariance matrix {Z̄m

<t;∗}m∈M and {Z̄m
<t;<t}m∈M (initially t = 1).

Ensure: Updated model parameters {Wm
t } (i.e., {θtm}) that preserve alignment stability on previ-

ously seen data.
1: Initialize features covariance storages {Z̄m

<t;∗}m∈M and {Z̄m
<t;<t}m∈M to zero.

2: Initialize local parameters from {Wm}m∈M.
3: for t = 1 to N do
4: Prior to the new step {m,m′}:
5: ① Retrieve feature variance {Z̄m

<t;∗}m∈{m,m′} and {Z̄m
<t;<t}m∈{m,m′}.

6: ② Compute the projectors:
7:

P<t ← Z̄m
<t;∗, P̃<t ← Z̄m

<t;<t, P′
<t ← Z̄m′

<t;∗, P̃′
<t ← Z̄m′

<t;<t

8: Train on the new dataset Xm,m′

t :
9: Repeat until convergence:

10: ① Sample a mini-batch {(xm,xm′
)} from Xm,m′

t .
11: ② Compute representations and the multimodal contrastive loss:

Lm,m′ = L
(
gm(xm;Wm

t−1), gm′(xm′
;Wm′

t−1)
)
.

12: ③ Compute the raw gradients:

∇Wm
t ←

∂Lm,m′

∂Wm
t−1

, ∇Wm′

t ←
∂Lm,m′

∂Wm′
t−1

.

13: ④ Project the gradients so that old alignments are preserved (Theorem 4):

∆Wm
t = ∇Wm

t − P̃<t∇Wm
t P′

<t,

∆Wm′

t = ∇Wm
t − P̃′

<t∇Wm
t P<t,

14: ⑤ Update the parameters:

Wm
t ← Wm

t−1 − η∆Wm
t , Wm′

t ← Wm′

t−1 − η∆Wm′

t .

15: End mini-batch.
16: Update the feature covariances (step-wise or batch-wise):
17: Z̄m

<t+1;∗ = n̄t−1

n̄t
Z̄m

<t;∗ +
1
n̄t
(Zm

t;∗)
⊤Zm

t;∗, Z̄m
<t+1;<t+1 = n̄t−1

n̄t
Z̄m′

<t;<t +
1
n̄t
(Zm′

t;t )
⊤Zm′

t;t ,
18: Z̄m′

<t+1;∗ = n̄t−1

n̄t
Z̄m′

<t;∗ +
1
n̄t
(Zm′

t;∗)
⊤Zm′

t;∗ , Z̄m′

<t+1;<t+1 = n̄t−1

n̄t
Z̄m

<t;<t +
1
n̄t
(Zm

t;t)
⊤Zm

t;t.
19:
20: end for
21: Return: {Wm

N} preserving stability for all previously learned pairs (m,m′).
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DNS provides a convenient way to modify gradients before the optimizer step. By applying struc-
tured transformations using precomputed projection matrices, it ensures better optimization while
keeping the implementation modular and flexible. The pseudo-code for gradient updates is shown
below.

Pseudo-code for gradient updates

# ...
def update_gradients(self):

# retrieve the gradients ...
gradient1 -= self.P_1_ @ gradient1 @ self.P_1
gradient2 -= self.P_2_ @ gradient2 @ self.P_2
# overwrite the gradients ...

# ...
# invoke the function before backward propagation
model.update_gradients ()
optimizer.step()

Algorithm 2 describes the inference process for Continual Multimodal Contrastive Learning. The
goal is to perform inference on a given test sample from a specific modality and generate aligned
representations.

Algorithm 2 DNS for Continual Multimodal Contrastive Learning (Inference)

Require: Inputs:
Pre-trained encoders {g∗m}m∈M and trained learner {Wm}m∈M for each modality m,
A test sample (or a query) in modality m, denoted xm.

Ensure: Inference outputs (e.g., aligned representations, retrieval scores).
1: Obtain representation:

zm = Wm
Ngm

(
xm

)
, zm

′
= Wm′

N gm′
(
xm′)

.

2: Perform downstream task:
3: For example, retrieve the best match in another modality m′ via

max
zm′

(zm)⊤zm
′

(or apply other alignment criteria).

4: Output the alignment scores, predicted labels, or retrieved results, etc.

A.2 Datasets

Below, we introduce the used datasets in more detail.

• UCF101 [29]4 is a widely used dataset for action recognition across 101 action categories,
sourced from YouTube. It extends the UCF50 dataset, introducing greater diversity and
real-world complexity with significant variations in camera motion, object appearance,
viewpoint, background clutter, and illumination. The 101 action categories span 5 broad
types: 1) Human-Object Interaction (e.g., cutting in kitchen); 2) Body-Motion Only (e.g.,
jump rope and Tai Chi); 3) Human-Human Interaction (e.g., boxing and head massage);
4) Playing Musical Instruments (e.g., playing violin and playing tabla); 5) Sports (e.g.,
basketball dunk and pole vault). In our case, we select 70 examples for each category for
training, and 10 examples for each category for testing to balance the distribution.

4https://www.crcv.ucf.edu/data/UCF101.php
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• ESC50 [30]5 is a collection of 2,000 five-second environmental audio recordings,
designed for benchmarking methods in environmental sound classification. It con-
sists of 50 semantically distinct classes, each containing 40 examples, grouped
into 5 major categories: 1) Animals (e.g., dog, cat, and frog); 2) Natural Sound-
scapes & Water Sounds (e.g., rain, sea waves, and thunderstorm); 3) Human Non-
Speech Sounds (e.g., laughing, sneezing, and footsteps); 4) Interior/Domestic Sounds
(e.g., door knock, washing machine, and clock alarm); 5) Exterior/Urban Noises (e.g.,
car horn, airplane, and fireworks). All clips have been manually extracted from public field
recordings available on Freesound.org. To evaluate the performance, we randomly split the
data with a ratio of 4:1 for training (1,600) and testing (400).

• NYUDv2 [31, 42]6 is a dataset originally for depth estimation and semantic segmentation,
which features video sequences of indoor scenes captured with both RGB and depth cam-
eras from Microsoft Kinect. We use the preprocessed version of the original NYU Depth
V2 dataset linked above. It is also used in the TensorFlow dataset7. In this version, 47,584
examples are used for training, and 654 examples are for testing.

• VGGSound-S [32]8 is extracted from content-sharing platform, YouTube, consisting of
short clips of audio sounds. It consists of 10-second video segments collected “in the wild”,
which ensures that the sound source is visually evident in each clip. The dataset spans a
wide range of acoustic environments and diverse noise conditions, making it highly rep-
resentative of real-world applications. To facilitate the training and evaluation, we down-
sample a small version of VGGSound, namely VGGSound-S, which consists of 10,000
examples for training and 2,000 examples for testing.

• Clotho [33]9 is an audio captioning dataset, with all audio examples being from the
Freesound platform. The duration of the audio is in the range of 15 to 30 seconds. Each
audio has captions up to 20 words in length, collected by AMT or a specific protocol for
crowd-sourcing audio annotations. We only keep one caption per audio in our case and use
its development set (3,840) for training and evaluation set (1,045) for testing.

• TVL [34]10 is a large-scale image-touch dataset designed for multimodal learning, combin-
ing two datasets: 1) SSVTP [43], a robot-collected dataset with 4,587 image-touch pairs,
manually labeled with image annotations; and 2) HCT, a large-scale dataset with 39,154
synchronously captured in-the-wild image-touch pairs, labeled using GPT-4V [44] based
on visual inputs. We use its provided split for training and testing.

• LLVIP [35]11 is a visible-infrared paired dataset designed for low-light vision applications,
which contains 30,976 images (15,488 pairs) captured in extremely dark scenes. All images
are strictly aligned in time and space. We also use its default split for training and testing.

A.3 Modality-Binding Methods

Table 5: Details of different modality-binding methods, which include the supported modalities
(V↔Vision, T↔Text, VI↔VIdeo, A↔Audio, D↔Depth, TH↔THermal, IMU↔Inertial Measure-
ment Unit, EV↔EVent, and P↔Point cloud), feature dimension, and the number of datasets for
pre-training.

Modalities Feature dimension #Datasets
ImageBind V, T, VI, A, D, TH, IMU 1,024 4
LanguageBind V, T, VI, A, D, TH 768 6
UniBind V, T, VI, A, TH, EV, P 1,024 13

5https://github.com/karolpiczak/ESC-50
6https://cs.nyu.edu/~fergus/datasets/nyu_depth_v2.html
7https://www.tensorflow.org/datasets/catalog/nyu_depth_v2
8https://www.robots.ox.ac.uk/~vgg/data/vggsound/
9https://zenodo.org/records/3490684

10https://tactile-vlm.github.io/
11https://bupt-ai-cz.github.io/LLVIP/
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Here we introduce three modality-binding methods used in this work (also check the details in
Table 5).

• ImageBind [11]12 aligns six modalities, i.e., images, text, audio, depth, thermal, and IMU,
into a joint embedding space, with vision-relevant modality pair data. It utilizes 4 datasets,
containing video-audio (Audioset [45]), image-depth (SUN RGB-D [46]), image-thermal
(LLVIP [35]), and video-IMU (Ego4D [47]), for pre-training.

• LanguageBind [15]13 takes language (i.e., text) as the bind across different modalities,
including video, infrared, depth, audio and text. Languagebind is pre-trained on the col-
lected dataset VIDAL-10M [15], which is extracted from 6 datasets: YouTube-8M [48],
MSR-VTT [49], COCO [50], AVA [51], HMDB-51 [52], and ImageNet [53].

• UniBind [13]14 learns a unified and balanced representation space with large language
models (LLMs) for data augmentation. All modality embeddings are aligned with the em-
bedding centers yielded from LLM-augmented data. 1,000 descriptions for each category
are generated via LLMs (GPT-4 [44] and LLaMA [54]), and multimodal data descriptions
are obtained by multimodal LLMs like BLIP2 [55] and LLaMA-Adapter [56].

A.4 Baselines

Below, we discuss the used baselines in more detail.

• GEM [38] utilizes an episodic memory to store observed examples for each task. GEM
computes gradients on the current task and compares them to gradients on the stored
episodic memory. The inner product between these loss gradient vectors is assumed to
be positive (⟨∇t,∇k⟩ ≥ 0, ∀k < t) so that the proposed parameter update ∇t is unlikely
to increase the loss at the previous tasks.

• DER & DER++ [39] maintain the network’s logits from the past tasks with being compared
to the logits at the current task. In particular, DER++ further introduces the ground-truth
labels serving as an additional regularization to stabilize the optimization. In our case,
since we do not have explicit labels, we directly use a binary class to determine whether
the modality pairs are from the same instance.

• EWC [40] utilizes the Fisher information matrix to estimate the importance of each pa-
rameter from previous tasks. Besides, EWC penalizes significant deviations from previous
optimal values. As a result, it adds a quadratic constraint term to the loss function. The
posterior is approximated as a Gaussian distribution and resolved via a Laplace approxi-
mation.

• Co2L [17] is a replay-based continual contrastive learning method. In more detail, Co2L
modifies the supervised contrastive loss by viewing the examples within current tasks as the
anchor, while examples at past tasks as the negatives. The instance-wise relations from the
previous model are distilled to preserve the learned knowledge. Therefore, two objectives
are combined with a controllable hyperparameter for the optimization of model parameters.

• C-FLAT [41] introduces an optimization method to enhance the existing continual learn-
ing method by promoting loss landscape flatness. It incorporates zeroth-order and first-
order sharpness-aware optimization, balancing both local minima selection and landscape
smoothness. C-FLAT is also encapsulated as a “plug-and-play” optimizer. In our case, we
implement this method built upon Co2L.

• CILA [18] decomposes the continual learning objective into two components: a supervised
contrastive loss and a distillation loss, following Co2L. In particular, CILA introduces an
adaptive distillation induced by theoretical analyses. The distillation coefficients are dy-
namically updated based on the ratio of past distillation and contrastive losses.

12https://github.com/facebookresearch/ImageBind
13https://github.com/PKU-YuanGroup/LanguageBind
14https://github.com/QC-LY/UniBind
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We implement these methods following public repositories like mammoth15, Co2L16, and Gradien-
tEpisodicMemory17.

A.5 Evaluation Settings

Evaluation metrics. We use Recall@k, Acc, and BWT for retrieval and classification tasks. BWT
indicates the anti-forgetting capability. Recall@k measures the ability of a model to retrieve the
correct item among the top-k candidates.

Formally, for a dataset with n queries, Recall@k is defined as:

Recall@k :=
1

n

n∑
i=1

I(r(i) ≤ k), (11)

where I(·) is the indicator function that returns 1 if the condition is true and 0 otherwise; r(·) denotes
the position of the ground truth item for the i-th query in the ranked retrieval list. For classification
tasks, average accuracy (Acc) is employed to measure the proportion of correctly predicted labels.
Specifically, given the ground-truth label yi and the predicted label ŷi for each instance in datasets
with size of n, accuracy is given by:

Acc :=
1

n

n∑
i=1

I(yi = ŷi). (12)

Here ŷi is calculated by finding the closest categories vectors with the query vector, i.e., (zmi )⊤zT
c ,

where zT
c represents the textual category vector. BWT measures the effect of learning from new

datasets on the performance of previously learned datasets. Let T be the total number of training
steps. Different steps involve different datasets. That Rt;t is the performance at step t immediately
after the model is learned on the t-th dataset; Rt;T is the performance on i-th dataset after leaning at
the final step T . BWT can be formulated as:

BWT :=
1

T − 1

T−1∑
t=1

(Rt;T −Rt;t). (13)

Note that for different tasks, we compute corresponding backward transfer metrics, i.e., BWTR for
the retrieval task and BWTA for the classification task.

Hyperparameter settings. We elaborate on the hyperparameter settings to facilitate reproducibil-
ity. We employ linear layers for each modality built upon well-trained modality-binding models
(see Appendix A.3). This architecture is also similar to UniBind [13]. In practice, we set the same
dimension between the input and output features, Wm

1 ∈ Rd×d, and initialized them as unit matri-
ces. On the one hand, it can directly maintain the original performance from the prior encoders at
the initial step. On the other hand, the full-rank property indicates Col(Zm

1 ) ⊆ Col(Wm
1 ), which

further weakens our suppose.

During the training, we employ the Adam optimizer. All models are trained for 5 epochs at every
step. The order is consistent for 10 independent trials. In general, we set the learning rate to 0.0001
and the batch size to 64. The weight decay in {0, 0.5, 0.1, 0.05, 0.01, 0.005, 0.001}. As for the SVD
approximation, we set the minimal eigenvalue in the range of {0, 0.1, 0.01, 0.001}. We provide the
hyperparameter analysis with empirical results in Appendix F.

15https://github.com/aimagelab/mammoth
16https://github.com/chaht01/Co2L
17https://github.com/facebookresearch/GradientEpisodicMemory
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B Proofs of Theoretical Results

B.1 Proof of Theorem 3

Recall:

Threorem 3. Let the global parameter update follow (Wm1
t )⊤Wm2

t = (Wm1
t−1)

⊤Wm2
t−1−

ηW̄, and the original parameter update be denoted as:

W̃ =
(
(Wm1

t−1)
⊤∇Wm2

t + (∇Wm1
t )⊤Wm2

t−1 − η(∇Wm1
t )⊤∇Wm2

t

)
. (14)

Then, the stability holds if

W̄ := W̃ −P′W̃P, (15)

where P′ and P are the space projectors for Zm1
t−1;∗ and Zm2

t−1;∗, respectively.

Proof. Expand (Zm1
t−1;∗)

⊤Zm2
t−1;∗ with the weight updating:

(Zm1
t−1;t)

⊤Zm2
t−1;t (16)

= (Zm1
t−1;∗)

⊤ (
Wm1

t−1 − η∇Wm1
t

)⊤ (
Wm2

t−1 − η∇Wm2
t

)
Zm2

t−1;∗ (17)

= (Zm1
t−1;∗)

⊤(Wm1
t−1)

⊤Wm2
t−1Z

m2
t−1;∗︸ ︷︷ ︸

Am1,m2
t−1;t−1

−η(Zm1
t−1;∗)

⊤(Wm1
t−1)

⊤∇Wm2
t Zm2

t−1;∗ (18)

− η(Zm1
t−1;∗)

⊤(∇Wm1
t )⊤Wm2

t−1Z
m2
t−1;∗ + η2(Zm1

t−1;∗)
⊤(∇Wm1

t )⊤∇Wm2
t Zm2

t−1;∗ (19)

= Am1,m2

t−1;t−1 − η(Zm1
t−1;∗)

⊤ (
(Wm1

t−1)
⊤∇Wm2

t + (∇Wm1
t )⊤Wm2

t−1 − η(∇Wm1
t )⊤∇Wm2

t

)
Zm2

t−1;∗.

(20)

For the stability to hold, the perturbations introduced by the weight updates must not interfere with
the alignment. Thus, the following terms must vanish:

( Zm1
t−1;∗︸ ︷︷ ︸

Z′∈Rd×N

)⊤
(
(Wm1

t−1)
⊤∇Wm2

t + (∇Wm1
t )⊤Wm2

t−1 − η(∇Wm1
t )⊤∇Wm2

t

)︸ ︷︷ ︸
W̃∈Rd×d

Zm2
t−1;∗︸ ︷︷ ︸

Z∈Rd×N

= 0. (21)

Question. How to find the solution that satisfies Z′⊤W̄Z = 0 with minimal deviation from
the original weight W̃, i.e., solving:

min
W̄
∥W̃ − W̄∥, s.t., Z′⊤W̄Z = 0. (22)

① Find the general solution for Z′⊤W̄Z = 0.

According to the Lemma 7, we can solve the equation Z′⊤W̄Z = 0 and obtain its general solution:

W̄ = 0︸︷︷︸
trivial

+Y − Z′⊤†Z′⊤YZZ†︸ ︷︷ ︸
non-trivial

= Y − (Z′Z′†)⊤YZZ† = Y − (P′)⊤YP = Y −P′YP,

(23)

where Y is arbitrary, P′ and P are the col-space projectors of Z′ and Z, respectively.

Any element W̄ in set {Y −P′YP|Y ∈ Rd×d} satisies Z′⊤W̄Z = 0.

② Find the optimal solution for Z′⊤W̄Z = 0. Now given the set:

S = {Y −P′YP | Y ∈ Rd×d}, (24)
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where P ∈ Rd×d and P′ ∈ Rd×d are projection matrices, (i.e., P2 = P and P′2 = P′); and their
L2 norms are either 1 or 0 (see Lemma 4). Given the matrix W̃ ∈ Rd×d, we hope to find the closest
element in set S, in other words, we need to solve the following equation:

min
Y
∥Y −P′YP− W̃∥2F . (25)

Here, we verify the convexity of the above objective function.

The expression for f(Y) ca be written as:

f(Y) = ∥Y −P′YP− W̃∥2F = tr
(
(Y −P′YP− W̃)⊤(Y −P′YP− W̃)

)
. (26)

∥ · ∥F denote the Frobenius norm. The gradient of f(Y ) is given by:

∇Yf(Y) = 2
(
Y −P′YP− W̃ −P′(Y −P′YP− W̃)P

)
= 2

(
Y −P′YP− W̃ +P′W̃P

)
.

(27)

We then vectorize the expression using the properties of the Kronecker product:

vec(P′YP) = (P⊤ ⊗P′)vec(Y). (28)

The gradient can be rewritten as:

vec(∇Yf(Y)) = 2 (I−P⊗P′) vec(Y − W̃). (29)

The second-order derivative (Hessian matrix) is defined as the derivative of the gradient with respect
to vec(Y). Therefore, we have:

H =
∂vec(∇Yf(Y))

∂vec(Y)⊤
= 2 (I−P⊗P′) , (30)

where I is the identity matrix of appropriate dimension matching Y, and⊗ represents the Kronecker
product.

Due the the eigenvalues of the projection matrices lie in the set {0, 1}, the eigenvalues of P⊗P′

are either 0 or 1. The corresponding eigenvalue λi(H) is:

λi(H) = 2 (1− λj(P⊗P′)) =

{
2(1− 0) = 2, if λi(P⊗P′) = 0,

2(1− 1) = 0, if λi(P⊗P′) = 1.
(31)

λi(P⊗P′) ∈ {0, 1}. Since the eigenvalues of H are non-negative (0 or 2), H is positive semidefi-
nite. Therefore, the function f(Y) = ∥Y −P′YP− W̃∥2F is convex.

Set the gradient ∇Yf(Y) = 0, which gives the extreme value condition:

Y −P′YP− W̃ = P′(Y −P′YP− W̃)P. (32)

Substitute Y = W̃ into the extreme value condition:

Y −P′YP− W̃ = W −P′W̃P− W̃ = −P′W̃P (left-hand side) (33)

P′(Y −P′YP− W̃)P = P′(W̃ −P′W̃P− W̃)P = P′(−P′W̃P)P (34)

= −P′P′W̃PP = −P′W̃P (right-hand side) (35)

Therefore, the left-hand side equals the right-hand side, confirming that Y = W̃ satisfies the ex-
treme value condition, implying Y = W̃ is an extreme point, and further the optimal solution (f(Y)

is convex). Thus, the closest element in the set S to the matrix W̃ is: W̄ := W̃ −P′W̃P.
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B.2 Proof of Theorem 4

Recall:

Theorem 4. Let the local parameter update follow Wm
t = Wm

t−1 − η∆Wm
t , the stability

holds if {
∆Wm1

t := ∇Wm1
t − P̃∇Wm1

t P′,

∆Wm2
t := ∇Wm2

t − P̃′∇Wm2
t P,

(36)

where P̃′ and P̃ are the space projectors for Zm1
t−1;t−1 and Zm2

t−1;t−1, respectively.

Proof. We restate the problem of how to optimize the model or update the gradients:

Question. How can we update the gradients ∇Wm1
t and ∇Wm2

t to approximate(
(Wm1

t−1)
⊤∇Wm2

t + (∇Wm1
t )⊤Wm2

t−1 − η(∇Wm1
t )⊤∇Wm2

t

)
to W̃ −P′W̃P.

Assumption 7. Since ∥η(∇Wm1
t )⊤∇Wm2

t ∥ ≤ ηC → 0 when η → 0, where C denotes the product
of the maximum gradient norms, we omit this high-order term and analyze the remaining terms.
Therefore, our goal is to update the gradients through ∆Wm1

t := τ1(∇Wm1
t ) and ∆Wm2

t :=

τ2(∇Wm1
t ), and achieve

(
(Wm1

t−1)
⊤∆Wm2

t + (∆Wm1
t )⊤Wm2

t−1

)
closed to W̃ −P′W̃P. τ1 and

τ2 are the transformation functions for gradients.

According to Lemma 9, we have the general solution for solving for AX+YB = C:{
X = A†C+A†NB+ (I−A†A)M,

Y = (I−AA†)CB† −N+ (I−AA†)NBB†.
(37)

For simplification, let A = (Wm1
t−1)

⊤,B = Wm2
t−1, X0 = ∇Wm2

t , Y0 = (∇Wm1
t )⊤, and the

right-hand side C being W̃ −P′W̃P18.

Before obtaining the solution, we consider whether C satisfies the condition. The first term W̃ :=
AX0 +Y0B satisfies (I−AA†)W̃(I−B†B) = 0, as:

(I−AA†)(AA0 +Y0B)(I−B†B) = (I−AA†)A︸ ︷︷ ︸
A−A=0

X(I−B†B) + (I−AA†)YB(I−B†B)︸ ︷︷ ︸
B−B=0

= 0.

(38)

We then analyze the second term:

(I−AA†)P′W̃P(I−B†B) = (I−AA†)P′AX(I−B†B) + (I−AA†)YBP(I−B†B)
(39)

Suppose to satisfy (I−AA†)P′W̃P(I−B†B) = 0, the columns space of Zm1
t−1 should be a subset

of the columns space of the parameter Wm1
t−1 (i.e., A). Similarly, col(Zm2

t−1) ⊆ col(Wm2
t−1). That

means, at step t − 1, Wt−1 should be trained well to capture the key features from the input data
Zt−1. According to the Lemmas 10 and 11, the condition satisfies for the general solution.

Afterward, we can update the solutions:

Y = (I−AA†)CB† −N+ (I−AA†)NBB† (40)

18Here we omit the high-order term for simplicity in W̃.
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= (I−AA†)(W̃ −P′W̃P)B† −N+ (I−AA†)NBB† (41)

= (I−AA†)W̃B† − (I−AA†)P′W̃PB† −N+ (I−AA†)NBB† (42)

= (I−AA†)(AX0 +Y0B)B† − (I−AA†)P′W̃PB† −N+ (I−AA†)NBB† (replace W̃)
(43)

= (I−AA†)AX0B
† + (I−AA†)Y0BB† − (I−AA†)P′W̃PB†−N+ (I−AA†)NBB†

(44)

= (I−AA†)AX0B
† + (I−AA†)Y0BB† − (I−AA†)P′W̃PB† (45)

+Y0 +P′Y0BPB† + (I−AA†)(−Y0 −P′Y0 BPB†︸ ︷︷ ︸
P̃

)BB† (set N = −Y0 −P′Y0BPB†)

(46)

= Y0 −P′Y0P̃ = (∇Wm1
t )⊤ −P′(∇Wm1

t )⊤P̃. (47)

X = A†C+A†NB+ (I−A†A)M (48)

= A†(W̃ −P′W̃P) +A†NB+ (I−A†A)M (49)

= A†W̃ −A†P′W̃P+A†NB+ (I−A†A)M (50)

= A†(AX0 +Y0B)−A†P′W̃P+A†NB+ (I−A†A)M (51)

= A†AX0 +A†Y0B−A†P′W̃P+A†NB+ (I−A†A)M (52)

= A†AX0 +A†Y0B−A†P′W̃P−A†Y0B−A†P′Y0BPB†B+ (I−A†A)X0 (set M = X0)
(53)

= X0 − P̃′X0P = ∇Wm2
t − P̃′∇Wm2

t P. (54)

Therefore, we can update the gradients:{
∆Wm1

t := ∇Wm1
t − P̃∇Wm1

t P′,

∆Wm2
t := ∇Wm2

t − P̃′∇Wm2
t P,

(55)

B.3 The Upper Bound of Loss of Stability

Recall:

Theorem 5. In CMCL, the upper bound of loss of stability is:

∥Am1,m2

t−1;t −Am1,m2

t−1;t−1∥2 ≤ η2 · ∥Zm1
t−1;∗∥2∥Z

m2
t−1;∗∥2 · F(∇W), (56)

where F represents the interactions between different updated gradients ∇Wm1
t and

∇Wm2
t . Specifically, F(∇W) := 2∥∇Wm1

t ∥2∥∇W
m2
t ∥2 + ∥∇W

m1
t ∥22 + ∥∇W

m2
t ∥22.

Proof. Here we define the measuring of the loss of stability, which is implemented by the difference
between Am1,m2

t−1;t and Am1,m2

t−1;t−1.

∥Am1,m2

t−1;t −Am1,m2

t−1;t−1∥2 = ∥η(Zm1
t−1;∗)

⊤ (
(Wm1

t−1)
⊤∆Wm2

t + (∆Wm1
t )⊤Wm2

t−1 − η(∆Wm1
t )⊤∆Wm2

t

)
Zm2

t−1;∗∥2.
(57)

We first analyze each term:

(Wm1
t−1)

⊤∆Wm2
t = (Wm1

t−1)
⊤∇Wm2

t − (Wm1
t−1)

⊤P̃′∇Wm2
t P. (58)

(∆Wm1
t )⊤Wm2

t−1 = (∇Wm1
t )⊤Wm2

t−1 −P′(∇Wm1
t )⊤P̃Wm2

t−1. (59)
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(∆Wm1
t )⊤)∆Wm2

t =
(
∇Wm1

t − P̃∇Wm1
t P′

)⊤ (
∇Wm2

t − P̃′∇Wm2
t P

)
(60)

= (∇Wm1
t )⊤∇Wm2

t − (∇Wm1
t )⊤P̃′∇Wm2

t P (61)

−P′(∇Wm1
t )⊤P̃∇Wm2

t +P′(∇Wm1
t )⊤P̃P̃′∇Wm2

t P. (62)

Thus, we update the deviation computation:

∥Am1,m2

t−1;t −Am1,m2

t−1;t−1∥2 (63)

= ∥ηZm1
t−1;∗(W̃ −P′W̃P)Zm2

t−1;∗︸ ︷︷ ︸
=0

−ηZm1
t−1;∗(η(∆Wm1

t )⊤∆Wm2
t )Zm2

t−1;∗∥2 (64)

= ∥ηZm1
t−1;∗(η(∆Wm1

t )⊤∆Wm2
t )Zm2

t−1;∗∥2 (65)

≤ η2∥Zm1
t−1;∗∥2∥Z

m2
t−1;∗∥2 (sub-multiplicative property of matrix norms) (66)(

∥(∇Wm1
t )⊤∇Wm2

t )∥2 + ∥(∇Wm1
t )⊤P̃′∇Wm2

t P∥2 (67)

+ ∥P′(∇Wm1
t )⊤P̃∇Wm2

t )∥2 + ∥P′(∇Wm1
t )⊤P̃P̃′∇Wm2

t P∥2
)

(triangle inequality)

(68)

≤ η2∥Zm1
t−1;∗∥2∥Z

m2
t−1;∗∥2 (69)(

∥∇Wm1
t ∥2∥∇W

m2
t ∥2 + ∥∇W

m1
t ∥22 + ∥∇W

m2
t ∥22 + ∥∇W

m1
t ∥2∥∇W

m2
t ∥2

)
. (∥P∥2 ≤ 1)

(70)

Here we use F to denote the interactions among different gradient norms ∥∇Wt∥:

F(∇W) := 2∥∇Wm1
t ∥2∥∇W

m2
t ∥2 + ∥∇W

m1
t ∥22 + ∥∇W

m2
t ∥22. (71)

Therefore, we obtain the upper bound of loss of stability:

∥Am1,m2

t−1;t −Am1,m2

t−1;t−1∥2 ≤ η2 · ∥Zm1
t−1;∗∥2∥Z

m2
t−1;∗∥2 · F(∇W). (72)

B.4 The Upper Bound of Plasticity

Recall:

Theorem 6. By transforming the gradients, the loss Lt update at step t from the previous
loss Lt−1 is following:

Lt − Lt−1 ≤ 0 (73)

to keep the plasticity when o(η)
η ≤ 0 at the time t.

Proof. Here we consider the capability to learn from new modality paired data (plasticity), and
provide the upper bound from the loss optimization perspective. We know that

L(Wm1
t ,Wm2

t )︸ ︷︷ ︸
Lt

= L(Wm1
t−1,W

m2
t−1)︸ ︷︷ ︸

Lt−1

−η
(
⟨∇Wm1

t ,∆Wm1
t ⟩+ ⟨∇W

m2
t ,∆Wm2

t ⟩
)
+ o(η).

(74)

Analyze the first-order term:

⟨∇Wm1
t ,∆Wm1

t ⟩+ ⟨∇W
m2
t ,∆Wm2

t ⟩ (75)
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= ⟨∇Wm1
t ,∇Wm1

t − P̃∇Wm1
t P′⟩+ ⟨∇Wm2

t ,∇Wm2
t − P̃′∇Wm2

t P⟩ (76)

= ∥∇Wm1
t ∥2F + ∥∇Wm2

t ∥2F − ⟨∇W
m1
t , P̃∇Wm1

t P′⟩ − ⟨∇Wm2
t , P̃′∇Wm2

t P⟩ (77)

= ∥∇Wm1
t ∥2F − ⟨∇W

m1
t , P̃∇Wm1

t P′⟩+ ∥∇Wm2
t ∥2F − ⟨∇W

m2
t , P̃′∇Wm2

t P⟩ (78)

= ∥∇Wm1
t ∥2F − ⟨∇W

m1
t , P̃∇Wm1

t P′⟩+ ∥∇Wm2
t ∥2F − ⟨∇W

m2
t , P̃′∇Wm2

t P⟩ (79)

≥ ∥∇Wm1
t ∥2F − ⟨∇W

m1
t ,∇Wm1

t ⟩+ ∥∇W
m2
t ∥2F − ⟨∇W

m2
t ,∇Wm2

t ⟩ (80)

= ∥∇Wm1
t ∥2F − ∥∇W

m1
t ∥2F + ∥∇Wm2

t ∥2F − ∥∇W
m2
t ∥2F (81)

= 0 (82)

Since |o(η)|
η → 0 when η → 0, there exists a η̄ such that |o(η)| < η

(
⟨∇Wm1

t ,∆Wm1
t ⟩ +

⟨∇Wm2
t ,∆Wm2

t ⟩
)

. Therefore, Lt − Lt−1 ≤ 0.

B.5 Extension to Any Steps

Theorem 8. Let Z̄<t = Z̄<t−1 + Z̃t−1, where Z̃t−1 = 1
nt−1

Zt−1Z
⊤
t−1. Then, the column space of

Z̄<t is equal to the column space of [Z1,Z2, . . . ,Zt−1].

Proof. First consider the base case (t = 2). The column space of Z̄<2 is span{Z1}, which is equal
to the column space of [Z1]. Z̄<2 = Z̃1 = 1

n1
Z1Z

⊤
1 . Thus, the statement holds for t = 2.

Assume that for some k ≥ 2, Col(Z̄<k) = Col([Z1,Z2, . . . ,Zk−1]). Then, consider the inductive
Step (t = k + 1). By definition, Z̄<k+1 = Z̄<k + Z̃k. From the inductive hypothesis, Col(Z̄<k) =

span{Z1,Z2, . . . ,Zk−1}. Since Z̃k = 1
nk

ZkZ
⊤
k , its column space is span{Zk}. The column space

of Z̄<k+1 is the sum of the column spaces of Z̄<k and Z̃k, which is:

Col(Z̄<k+1) = Col(Z̄<k) + Col(Z̃k) = span{Z1,Z2, . . . ,Zk−1}+ span{Zk} = span{Z1,Z2, . . . ,Zk}
(83)

The column space of [Z1,Z2, . . . ,Zk] is also span{Z1,Z2, . . . ,Zk}. Therefore, Col(Z̄<k+1) =
Col([Z1,Z2, . . . ,Zk]), and the statement holds for t = k + 1.

Due to the same column space, we can use the feature covariance to compute the projection matrix
to save the computational cost.

C Technical Lemmas

Lemma 1 (Four properties of pseudo-inverse matrix). If A† is the pseudo-inverse matrix of A, then
it satisfies:

AA†A = A, A†AA† = A†, (AA†)⊤ = AA†, (A†A)⊤ = A†A. (84)

Lemma 2 (Idempotent property). For the matrix P = I−UU⊤, where {U,Λ,U} = SVD(A), it
satisfies P2 = P.

Proof.

P2 = (I−UU⊤)(I−UU⊤) = I+UU⊤UU⊤︸ ︷︷ ︸
UU⊤

−UU⊤ −UU⊤ = I−UU⊤ = P (85)

Lemma 3 (Symmetry property). For the matrix P = I −UU⊤, where {U,Λ,U} = SVD(A), it
satisfies P⊤ = P.
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Proof. P⊤ = I⊤ − (UU⊤)⊤ = I−UU⊤ = P.

Lemma 4 (Eigenvalues of idempotent matrix). For an idempotent matrix P, satisfies P2 = P, its
eigenvalues λ ∈ {0, 1}.

Proof. If Pv = λv for the nonzero vector v, then apply P again to both sides of the equation:

P2v = P(Pv) = P(λv) = λPv = λ2v (86)
= Pv = λv. (87)

Thus, we have λ2v = λv, which indicates λ ∈ {1, 0} since v ̸= 0.

Lemma 5. A matrix A is positive semi-definite if and only if all its eigenvalues are non-negative.
Lemma 6. If the Hessian matrix H of f(·) is positive semidefinite (PSD) for all x in the domain,
then f(·) is a convex function.
Lemma 7 (Solving AXB = C [57]). A necessary and sufficient condition for the equation
AXB = C to have a solution is

AA†XB†B = C, (88)

in which case the general solution is

X = A†CB†︸ ︷︷ ︸
particular

+Y −A†AYBB†︸ ︷︷ ︸
homogeneous

, (89)

where Y is arbitrary.
Lemma 8 (Solving AX−YB = C [58]). Let A ∈ Rm×k, B ∈ Rl×n and C ∈ Rm×n. For

AX−YB = C, (90)

the equation has a solution X ∈ Rk×n,Y ∈ Rm×l if and only if

(I−AA†)C(I−B†B) = 0. (91)

If this is the case, the general solution of (90) has the form{
X = A†C+A†NB+ (I−A†A)M,

Y = −(I−AA†)CB† +N− (I−AA†)NBB†.
(92)

with M ∈ Rk×n and N ∈ Rm×l being arbitrary.
Lemma 9 (Solving AX+YB = C). AX+YB = C has a solution if and only if

(I−AA†)C(I−B†B) = 0. (93)

If this is the case, the general solution is:{
X = A†C+A†NB+ (I−A†A)M,

Y = (I−AA†)CB† −N+ (I−AA†)NBB†.
(94)

Lemma 10. If (I−AA†)P′A = 0 where P′ is a projection matrix, then AA†P′A = P′A.

Lemma 11. If AA†P′A = P′A, where P is an orthogonal projection matrix, then A†P′A is a
projection matrix as well.

Proof. If P′ is an orthogonal projection matrix, it satisfies P′2 = P′, since (A
†
P′A)2 =

A†P′AA†P′A = A†P′P′A = A†P′A, A†P′A is a projection matrix.

D Related Literature

We review the topics of multimodal contrastive learning and continual learning, which are highly
related to this work.
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D.1 Multimodal Contrastive Learning

Multimodal learning endows the model with the capability to understand and generate multiple
modalities [59, 60, 61, 62, 63, 64, 65]. Multimodal contrastive learning builds upon the princi-
ples of cross-modal contrastive learning and has demonstrated remarkable success across various
tasks [66, 9, 67, 68]. The fundamental philosophy of contrastive learning is to align different views
of the same instance while distinguishing between distinct instances. In unimodal contrastive learn-
ing, an instance is augmented into two different views and brought closer in the feature space,
following the paradigm of self-supervised learning [6, 69]. This concept extends naturally to cross-
modal scenarios, as exemplified by models such as CLIP [10], ALIGN [27], VideoCLIP [26], and
CLAP [25]. Recently, there has been growing interest in multimodal contrastive learning, which
incorporates a broader range of modalities, e.g., AudioCLIP [70] and WAV2CLIP [71]. Besides,
ImageBind [11] introduces a vision-centric approach by leveraging large-scale multimodal data.
Similarly, LanguageBind [15] and PointBind [72] shift the focus toward text and point cloud modal-
ities, respectively. Other methods either enhance these frameworks (e.g., FreeBind [14]) or explore
alternative center-free strategies (e.g., OmniBind [73] and UniBind [13]).

Multimodal contrastive learning empowers models to learn rich and informative latent representa-
tions across different modalities. This enhances AI’s ability to comprehend inter-modal relation-
ships, which is necessitated for many real-world tasks (e.g., multimodal search [74, 75], multimodal
generation [76, 77, 78], and recent multimodal AI-assistant [79, 20, 12, 80]). Furthermore, the ex-
ploration of modality uniqueness and commonness (i.e., invariance) contributes to advancing the
foundational research on machine learning and deep learning [81, 82, 83].

Despite the significance, the innate data-intensiveness raises questions on how to learn it efficiently.
Large-scale multimodal datasets are difficult to acquire in a single collection process, and training
models on such diverse data from scratch incurs substantial computational costs. A more practical
and scalable way is to incrementally integrate emerging data into existing modality-aligned models.
Motivated by this, we systematically investigate this research problem and propose a novel method
with rigorous theoretical analysis and guarantees.

D.2 Continual Learning

Continual learning, also referred to as incremental learning, aims to enable models to learn from new
data effectively in a streaming way while retaining previously acquired knowledge [84, 85, 86, 87].
The primary challenge lies in integrating new information without causing catastrophic forgetting.
Among existing approaches, replay-based methods have showcased superior performance through a
buffer memory [88]. This buffer typically stores the previous samples, which are then leveraged in
the subsequent training steps under additional constraints (e.g., meta-experience replay (MER) [89],
gradient episodic memory (GEM) [38], and dark-experience replay (DER) [39]). Another promi-
nent category, regularization-based methods, mainly focuses on stabilizing network updates. These
methods either constrain the variance of network parameters (weight regularization [90, 40, 91, 92])
or regulate the model’s output space (function regularization [93, 94]) to mitigate forgetting. In
contrast, parameter isolation methods dynamically allocate distinct subsets of model parameters
to different tasks, thereby preventing interference and reducing forgetting [95, 96, 97]. Existing
continual learning works mainly focus on two settings of task-incremental learning (TIL) [98]
and class-incremental learning (CIL) [99]. Recent advancements have extended continual learn-
ing to multimodal scenarios, giving rise to multimodal continual learning (MMCL) [2]. Beyond
conventional CL methods, MMCL incorporates prompt-based approaches as a specialized adapta-
tion [100, 101, 102]. These methods introduce learnable prompt parameters as part of the input,
enabling the model to differentiate tasks based on the learned prompts.

Research in continual learning has advanced significantly while leaving a blank in continual mul-
timodal contrastive learning (CMCL). Some solutions from continual uni-modal or cross-modal
contrastive learning show potential while overlooking the modality complexity. Existing MMCL
approaches primarily focus on task-specific continual learning scenarios, neglecting fundamental
representation-level challenges, which are task-agnostic. The absence of task boundaries and intro-
duced modality complexity make extending these methods to CMCL highly challenging. To fill this
blank, we take the initiative to investigate CMCL and propose solutions with theoretical analyses.
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We believe our contributions provide a strong foundation for future research, which inspires further
advancements in both academia and industry.

E Supplementary Experimental Settings

In this section, we elaborate on the experimental settings, especially concerning the baseline im-
plementation. For all buffer-required baselines, like GEM and DER, we set the number of buffer
memory to 256. In the following, we list the specialized settings for each baseline. We implement
the Vanilla training with the same settings with DNS, while omitting the specialized one of λmin.
GEM is equipped with a margin of 0.5. For DER, we set the penalty weight to 0.1. Note that DER++
is built upon DER. The additional hyperparameter of DER++, i.e., α, which controls the strength of
ground-truth prediction, is set to 0.1 for the case where LanguageBind is the backbone and 0.001 for
ImageBind and UniBind. For EWC, the regulation for the quadratic constraint term is set to 0.5. For
Co2L, the distillation power is set to 1.0 and the temperature in CL is set to 1. C-FLAT uses AdamW
as the base optimizer which is the default optimizer in our evaluation, and the gradient reduction
method is the mean. The radius ρ is 0.2 for the gradient norm, and the balance hyperparameter of
loss terms is also set to 0.2. For CILA, the balancing distillation coefficient is set to 5.0. All the
experiments are conducted with 4×NVIDIA RTX A5000 GPUs and 256GB memory.

F Additional Experimental Results

We report the detailed experimental results in this section.

F.1 hyperparameter Analysis

We provide the training loss and performance (recall@5 and accuracy) changes in terms of different
hyperparameter settings, including weight decays and minimum eigenvalues in truncated SVD. The
results are illustrated in Figures 7, 8, and 9, corresponding to different modality-binding methods. It
demonstrates that our method, DNS, can achieve superior performance compared to vanilla training
and maintain the performance over time.

F.2 Performance variations across Steps

We also track the training loss and recall variations at each step, as illustrated in Figures 10, 11, and
12. In most cases, DNS exhibits a decreasing training loss and improving performance, particularly
when using ImageBind and UniBind as backbones. Moreover, DNS maintains stable training loss
and performance after completing its designated training step.

G Broader Impact Statement

This research aims to contribute positively to the machine learning and multimodal learning fields
by advancing continual multimodal contrastive learning, which enables models to dynamically in-
tegrate and retain knowledge from diverse multimodal data sources over time. Although we believe
our work is unlikely to have direct negative societal impacts, we acknowledge the importance of
considering potential misuse scenarios, such as the exploitation of continuously adapting systems in
unethical surveillance or misinformation campaigns. The broader implication of our study is that it
elevates multimodal models with the capability to seamlessly adapt to evolving multimodal environ-
ments with minimal retraining, which makes them particularly suitable for real-time applications in
adaptive human-computer interaction and autonomous systems. Such advancements could lead to
more versatile, resilient, and context-aware AI applications across various real-world domains.
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Figure 8: Detailed training loss (left), recall@5 (middle), and accuracy (right) results on the data
at the first step. The top figure indicates the results about different λmin, while the bottom is for
different weight decays, with LanguageBind as the backbone. The red line indicates the performance
of the vanilla method in CMCL.
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Figure 9: Detailed training loss (left), recall@5 (middle), and accuracy (right) results on the data
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Figure 10: Detailed experimental results of the training loss (the top three rows) and recall (the last
two rows) over a sequence of modality pair data, with ImageBind as the modality-binding backbone.
Notably, the y-values are normalized for better visualization.

H Reproducibility

We provide comprehensive implementation details, including illustrative algorithm flows and core
pseudo-code. Additionally, source codes are publicly released.

I Limitations

This paper fills in the blank of continual multimodal contrastive learning in the development of both
multimodal learning and continual learning research. Specifically, this paper introduces a method
that projects the gradient onto specialized subspaces, where the incorporation of new data does
not interfere with previously acquired knowledge. Although our work is supported by systematic
theoretical analyses and empirical studies, it does not yet examine the generalization errors [103]
of the proposed method in downstream tasks. We regard addressing the limitation as our future
direction.

J Potential in Scientific Fields

The CMCL framework holds significant potential for applications in complex fields like medicine
and neuroscience, where modalities such as MRI, CT scans, and electrophysiological signals re-
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Figure 11: Detailed experimental results of the training loss (the top three rows) and recall (the
last two rows) over a sequence of modality pair data, with LanguageBind as the modality-binding
backbone. Notably, the y-values are normalized for better visualization.

quire incremental integration. In medical diagnostics, CMCL can incrementally incorporate diverse
imaging modalities. In neuroscience research, our framework can facilitate the progressive under-
standing of neural correlates by continually integrating modalities like functional MRI, EEG, and
MEG, thereby providing richer insights into brain functions and disorders. CMCL presents an excit-
ing avenue for future interdisciplinary research to enhance both interpretability and performance.
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Figure 12: Detailed experimental results of the training loss (the top three rows) and recall (the last
two rows) over a sequence of modality pair data, with UniBind as the modality-binding backbone.
Notably, the y-values are normalized for better visualization.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We elaborate on the contributions and scope in both the abstract and intro-
duction, supported by our theoretical and empirical results.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We state the examination of the generalization errors, as discussed in Ap-
pendix I.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: We provide a complete proof in Appendix B, with assumptions required for
our theoretical results and theoretical lemmas (in Appendix C).
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theo-

rems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide extensive experimental details in the main content (see Sec-
tion 4.1) and appendix (see Appendix A and Appendix E).
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all sub-
missions to provide some reasonable avenue for reproducibility, which may depend
on the nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear

how to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provide the full instructions to access the data and code.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Algorithm flows and pseudo-code are provided in Appendix A as well. Data
statistic is also detailed in Section 4.1 and Appendix A.2.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of

detail that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the experimental results with average performance (mean±std) in
ten independent trials.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer “Yes” if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should prefer-

ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: We provide the implementation details in Appendix E, including the hardware
used for experiments.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We adhere to the NeurIPS Code of Ethics.
Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [Yes]
Justification: We provide the impact statement in Appendix G and highlight the potential
in scientific fields (see Appendix J).
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: This paper involves only publicly available datasets and models. No specific
safeguards were necessary.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We cite the relevant papers and provide links to existing assets.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the pack-
age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [NA]

Justification: This paper does not introduce new assets. Therefore, no documentation is
applicable.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [NA]

Justification: This paper does not involve crowdsourcing or research with human subjects.
Therefore, the inclusion of participant instructions, screenshots, and compensation details
is not applicable.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This paper does not involve research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research
with human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: This paper does not involve LLMs for any important, original, or non-
standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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