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Abstract

Memorization in machine learning models enables high per-
formance on rare in-distribution samples by capturing their
atypical patterns. However, it also causes harmful retention
of noise and outliers, degrading generalization. While mem-
orization has been extensively studied in both supervised
and self-supervised learning in the vision domain, it remains
unexplored in multi-modal contrastive learning. We address
this gap by introducing MultiMem, the first metric designed
to quantify memorization in multi-modal contrastive learn-
ing. Through our systematic analysis, we demonstrate that
cross-modal semantic misalignment has the strongest influ-
ence on memorization, with text being the dominant modality
driving memorization, followed by video, image, and au-
dio. We show that targeted augmentations applied across
all modalities effectively reduce memorization as measured
by our MultiMem metric and improve model performance.
Overall, this work establishes the first framework for measur-
ing and mitigating memorization in multi-modal contrastive
learning, preventing harmful data retention and contributing
to higher-performing models.

1. Introduction

Multi-modal contrastive learning aims to jointly process
and align data from diverse modalities such as images, text,
audio, and video. This paradigm has demonstrated high per-
formance across a wide range of tasks, including image cap-
tioning [11, 17, 37], visual question answering [25, 29, 33],
zero-shot classification [19, 22, 36], and cross-modal re-
trieval [1, 2, 30]. These successes underscore the benefits
of integrating heterogeneous modalities, which lead to im-
proved generalization and more robust semantic represen-
tations. However, it remains unclear to what extent memo-
rization contributes to the observed improvements, motivat-
ing the need to better understand the role of memorization
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in multi-modal contrastive learning. Previous studies have
shown that in both supervised learning (SL) [5, 6] and self-
supervised learning (SSL) [26], model’s memorization of
training data points is essential for generalization. In the
vision domain, it has been observed that models tend to
memorize outliers in the training set, which correspond to
mislabeled samples in SL [3, 5] and atypical examples in
SSL [27]. A similar study of memorization in multi-modal
contrastive learning is lacking.

Multi-modal learning introduces unique challenges not
seen in uni-modal settings [13–15], such as inconsistencies
between modalities, varying noise levels, and the lack of
explicit modality-alignment. These factors limit the direct
transfer of insights from uni-modal studies to multi-modal
learning. Importantly, most existing definitions of memo-
rization are designed for specific modalities and tasks, for
example, based on label prediction in SL [5] or augmen-
tation matching in SSL [27] for the vision domain. Such
definitions do not generalize well to the multi-modal set-
ting: Measuring memorization within individual modalities
or among a limited subset of all the modalities used to train a
given multi-modal model, fails to capture multi-modal mem-
orization faithfully. Therefore, a new definition tailored to
multi-modal contrastive learning is needed.

There are only two studies on measuring memorization
for the bi-modal image-text models like CLIP [22], namely
déjà vu memorization [12] and CLIPMem [28]. The déjà vu
method measures memorization by masking one modality
and testing whether the model can recover the other, while
CLIPMem measures memorization by comparing alignment
between model pairs trained with or without a given sample
(i.e., an image-text pair). However, these methods are not
directly applicable to multi-modal contrastive learning which
involves additional modalities, such as video and audio.

To address these limitations, we propose MultiMem: a
general-purpose metric for measuring memorization in
multi-modal contrastive learning, which is designed for
any number and type of modalities involved. Specifically,
MultiMem builds on the leave-one-out framework [5, 27, 34]
for measuring memorization and compares the outputs of a
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pair of multi-modal models trained with and without a given
multi-modal sample on this particular sample.

Through our extensive empirical study on multiple
contrastively trained multi-modal models such as Audio-
CLIP [10] (including Audio, Image, and Text modalities),
AVT-CLIP (a custom-built tri-modal model with Audio,
Video, and Text modalities, introduced in Section 4.1),
and AVIT-CLIP (a custom-built quad-modal model with
Audio, Video, Image, and Text modalities, introduced in
Section 4.1), we observe that: (1) Global memorization, mea-
sured across all modalities, behaves differently from mem-
orization observed within any subset of modalities and to
capture the full extent of a model’s memorization, we need to
assess memorization jointly across all its modalities. (2) The
most memorized samples are not simply mis-captioned, as
reported for the most memorized samples in text-image mod-
els [28], but semantically misaligned across all modalities:
the information provided by different modalities not only
contradict each other but is mostly semantically not related.
(3) Multi-modal models increasingly memorize cross-modal
patterns, rather than primarily text as observed in bi-modal
models [28]. This suggests that multi-modal models’ mem-
orization behavior is closer aligned with the one of SSL
models [27] which were shown to memorize pattern, rather
than SL models which memorize labels [5].

Based on the above observations, we explore different
strategies to mitigate memorization and improve general-
ization in multi-modal models. In-training: we actively
measure memorization during multi-modal training to iden-
tify the top-memorized samples. At a given stage of training,
we re-group the top-memorized samples into new batches
and continuously apply noise-based augmentations (only)
to them in subsequent training steps. Post-training: we
identify highly memorized samples post-training and then
fine-tune the model on the remaining training samples. Our
experiments show that both approaches substantially reduce
memorization by up to 20%, while increasing model perfor-
mance up to 8% for retrieval, 10% for zero-shot, and 4%
for downstream classification tasks. In summary:

• We propose MultiMem, a metric that measures memoriza-
tion by comparing the outputs of a pair of multi-modal
models trained with and without a given multi-modal sam-
ple on this particular sample

• Our analysis with MultiMem demonstrates the key differ-
ences between multi-modal models with more than two
modalities and previously studied bi-modal or uni-modal
models, including distinct memorization patterns, a shift
from label-driven to pattern-driven memorization behavior,
and a stronger influence of cross-modal semantic inconsis-
tency on memorization.

• Based on our findings, we propose two approaches to mit-
igate memorization and improve generalization in multi-

modal models: either during training or after training. Our
extensive experiments show that both methods effectively
reduce the model’s memorization level and lead to sub-
stantial improvements in performance.

2. Background and Related Work
Multi-Modal Contrastive Learning. Contrastive
Language-Image Pretraining (CLIP) [22] proposed a
joint training framework for image and text modalities,
where text and image representations are aligned using
the InfoNCE loss [20]. CLIP enables strong zero-shot
image classification by using language prompts as class
representations, and supports accurate image-text retrieval
through a shared representation space. VideoCLIP [31]
extends CLIP to the video domain by substituting the
original image encoder with a transformer-based video
encoder. The video is first uniformly sampled into a
fixed number of frames, which are individually processed
by a frozen convolutional neural network (CNN) with a
trainable multi-layer perceptron (MLP) to obtain frame-level
representations. These frame-level representations are
then encoded as tokens by a transformer and aggregated
by applying average pooling to obtain the representation
for the entire video. This modification enables the model
to process temporal-visual information while retaining a
contrastive training framework. VideoCLIP shows strong
performance in zero-shot video understanding tasks, such
as action recognition and video-text retrieval, without
task-specific supervision. AudioCLIP [10] extends CLIP
to the audio domain by introducing an additional audio
encoder based on an ESResNeXt convolutional network [9].
The audio input is first converted into a log-mel spectrogram
and then projected into a shared representation space,
where it is aligned with image and text representations.
The model is trained using the same contrastive objective
as CLIP, encouraging alignment between semantically
related audio, image, and text samples, while pushing apart
mismatched pairs. As the model incorporates one more
modality than CLIP, the training loss is computed as the
sum of the pairwise InfoNCE losses (i.e., Audio-Image,
Audio-Text, and Image-Text). AudioCLIP performs
well in zero-shot audio classification and cross-modal
retrieval tasks, outperforming previous methods that rely on
task-specific supervision.

Memorization in SL & SSL. Although memorization has
been associated with potential risks of sensitive information
leakage, multiple studies [5, 23, 27] in supervised learning
(SL) and self-supervised learning (SSL) suggest that mem-
orization also plays an important role in the generalization
of models. They also show that both SL and SSL models
tend to memorize atypical samples during training, while
the nature of these atypical samples varies. For example, in
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SL, memorization often correlates with mislabeled or noisy
samples, while in SSL, it tends to occur on images with rare
or distinctive visual patterns [18, 26].

A common definition of label memorization in SL is the
leave-one-out style definition by [6]:

Mem (A, S, i) = Pr
f←A(S)

[f (xi) = yi]

− Pr
g←A(S\i)

[g (xi) = yi] ,
(1)

where A is a training algorithm (here for models f and g)
and S\i represents train set S without the data point (xi, yi).
In this definition, a data point is considered memorized if
the model’s prediction of the point’s ground truth training
label changes significantly based on whether the point was
or was not used to train the model.

For SSL, where no labels are available, [27] proposed a
new metric:

SSLMem(S,Aug, i) = E
g∼A(S\i)

xi
′,xi

′′∼Aug(xi)

[d (g (xi
′) , g (xi

′′))]

− E
f∼A(S)

xi
′,xi

′′∼Aug(xi)

[d (f (xi
′) , f (xi

′′))] ,

(2)

where d(·, ·) represents a distance function, commonly the
ℓ2 distance, and Aug(·) is the augmentation sets used during
training. Here, the expectation captures the alignment of
the respective models as the expected Euclidean distance
between their representations of two augmentations of the
same sample. Then, SSLMem is computed as the alignment
difference between the model pairs trained with and without
that sample. Both metrics are limited to uni-modal models,
making them unsuitable for evaluating memorization effects
in multi-modal settings.

Memorization in Bi-modal Contrastive Models. [12]
proposed a retrieval-based evaluation protocol to detect
déjà vu memorization in vision-language models. Their
method assesses whether a model trained on one data sub-
set can retrieve objects that appeared only in a different,
held-out subset, thereby indicating unintended memoriza-
tion across disjoint training sets. However, these approaches
only offer qualitative evaluations of whether memorization
occurs, without providing a quantitative measurement of
how strongly a model memorizes specific data points across
all modalities.

The only existing method for quantifying memorization
across the text and vision modalities is CLIPMem [28]. It
computes the difference in alignment scores between a pair
of CLIP-style models, trained with and without this data
point. Formally, CLIPMem is defined as:

CLIPMem(I, T ) = Aalign(f, I, T )−Aalign(g, I, T ),
(3)

where f and g are CLIP models trained on datasets with
and without a data point (I, T ), consisting of an Image and
Text (caption). The alignment score Aalign is computed as
the cosine similarity between image and text representations,
corrected by subtracting similarities to unrelated text and
image samples (i, t) that were not used in training f or g.

Aalign(f, I, T ) = E
(I′,T ′)∼Aug(I,T )

[sim(fimg(I
′), ftxt(T

′))]

−E
t
[sim(fimg(I), ftxt(t))]− E

i
[sim(fimg(i), ftxt(T ))] ,

(4)

where (i, t) is a set of randomly chosen image and text test-
ing samples that were not used in training f or g. CLIPMem
indicates that samples where caption and corresponding im-
age do not align well (so-called mis-captioned samples) are
most memorized. While CLIPMem is limited to measuring
bi-modal memorization between Image and Text modalities,
our MultiMem metric generalizes it to capture memorization
among many more diverse modalities.

3. Our MultiMem Metric
The memorization metrics discussed in the previous section
are tailored to uni-modal or bi-modal models and do not
account for global interactions among all modalities in a
multi-modal setting. We demonstrate empirically in Figure 1
that these approaches are insufficient for faithfully capturing
memorization in multi-modal models. Therefore, we intro-
duce our MultiMem metric, which is specifically designed
to quantify global memorization across all modalities.

We build MultiMem on the leave-one-out framework [5,
27, 28] to measure memorization with respect to a pair of
models, f and g. Here, model f is trained on the full training
set S, while model g is trained on the subset S\i where the
multi-modal sample xi was removed.

Given the complex interactions among modalities in
multi-modal contrastive learning, we first require a proxy
that quantifies the quality of the model’s representations
of an input data point xi which can be compared between
models. Since the learning objective in multi-modal con-
trastive learning is to make the representations returned by
the model on the different modalities of the same sample as
consistent as possible, and the representations of unrelated
examples as far as possible, we consider cross-modal consis-
tency (CMC) on the sample itself vs. on unrelated samples
as a proxy. We calculate the cross-modal consistency as fol-
lows: Given a model with n different modalities, we define
the representation space Φ as:

Φxi =


ϕ̂1

ϕ̂2

...
ϕ̂n

 ∈ Rn×d, (5)
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where ϕj ∈ Rd is the representation of xi in the j-th modal-
ity, and ϕ̂j denotes its ℓ2-normalized version.

Then we define cross-modal consistency CMC(i,H) on
data point xi (with respect to a held-out set H) as:

CMC(i,H) =
1

2
E

(·)′∼Aug
1⊤n

(
Φx

′
i
Φ⊤

x
′
i

)
1n

−1

2
E
h∈H

(·)′∼Aug

1⊤n

(
Φx

′
i
Φ⊤h′

)
1n,

(6)

where 1n denotes an all-ones vector of length n and (·)′ ∼
Aug indicates that we compute an expectation over repre-
sentations computed on different random augmentations of
the samples, increasing stability of the metric. The held-out
set are randomly picked from non-trained samples in the
validation set of training datasets.

The first term of the score captures the similarities across
all modality pairs within the representation space of xi. The
second term measures the distribution differences across all
modality pairs between the representation space of xi and
held-out samples h ∈ H . Subtracting these terms yields
a score that is high when the modalities of xi are strongly
aligned with each other, and weakly aligned with unrelated
examples, modeling the model’s intended objective.

Finally, we define the MultiMem of data point xi as the
CMC difference between model f and model g:

MultiMem(i,H, f) = CMC
f∼S

(i,H)− CMC
g∼S\i

(i,H). (7)

Unlike prior approaches that focus on pairwise similari-
ties between modalities, this resulting metric leverages the
entire distribution of representations across all modalities.
This provides a principled way to evaluate global memoriza-
tion in multi-modal models, capturing interactions beyond
single modality pairs.

4. Evaluating Multi-Modal Memorization
We first describe the setup for our experiments and then
analyze memorization in multi-modal contrastive learning
using our MultiMem.

4.1. Experimental Setup

Models and Datasets. We run our experiments on the
following models: OpenCLIP [4], AudioCLIP [10], Video-
CLIP [31], and our custom-built AVT-CLIP (Audio + Video
+ Text) and AVIT-CLIP (Audio + Video + Image + Text).
The detailed encoder architectures and training datasets used
are shown in Table 1 while other training details and hyper-
parameters are presented in Table 8 in Section A.2.

Dataset Splitting. Following [27], we divide each training
dataset into three subsets: (1) a candidate set SC , which is

used only for training model f and whose memorization we
want to measure; (2) an independent set SI , which is used
only for training model g; and (3) a shared set SS , which
is used for training both f and g. SC and SI have an equal
number of training samples to ensure that f and g are trained
with the same number of data points. Detailed splits are
provided in Table 7 in Section A.2. We report the average
MultiMem score on SC as the memorization for model f .
Next, we discuss evaluation metrics.

Evaluation Metrics. In prior work, retrieval tasks typi-
cally refer to settings where one modality is used to retrieve
another, which we refer to as the uni-to-uni retrieval setting.
To enable the measurement of models’ performance on more
than two modalities, we introduce a multi-to-uni retrieval
task for evaluation. In this task, representations from mul-
tiple source modalities are combined to retrieve data points
from a target modality. Specifically, we compute a retrieval
score by summing the pairwise cosine similarities between
the target modality representation and each source modality
representation. A higher retrieval score shows better seman-
tic alignment between target and input modalities. A retrieval
is considered successful if the ground-truth target sample
appears among the top N retrieved samples with the highest
retrieval scores; otherwise, it is considered a failure. The
overall retrieval success rate on the test set is used to evalu-
ate the model’s performance. In the following experiments,
we set N = 5 for both uni-to-uni and multi-to-uni retrieval
tasks. The final retrieval accuracy is reported using TOP@5
(T@5). Note that retrieval tasks are deterministic with no
randomness in inference, so we only report the results once
instead of an average with standard deviation. We further
rely on linear probing and zero-shot classification tasks to
assess model performance under our mitigations. For the
zero-shot classification, we follow the settings introduced in
the CLIP paper [22], where classification is performed by
computing the similarity between label embeddings and the
representations of the target modality.

4.2. Measuring Multi-modal Memorization

Memorization Distribution. We study the memorization
distribution of training samples on three multi-modal mod-
els: AudioCLIP, AVT-CLIP, and AVIT-CLIP. For Audio-
CLIP, we quantify the memorization level with three metrics:
(1) tri-modal MultiMem with all three modalities, (2) the
CLIPMem (based on Image-Text pair), and (3) bi-modal
MultiMem restricted to the remaining modality pairs (Audio-
Image and Audio-Text). We present our results in Figure 1.
Overall, MultiMem in Figure 1a is able to measure the high-
est level of memorization on SC when compared with the
baselines on the same AudioCLIP model. Additionally, it
separates the scores for SC and SS significantly better, in-
dicating a more sensitive measurement of memorization.
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Model Modality Encoder Training Set

CLIP Image + Text ViT + Transformer COCO [16]
VideoCLIP Video + Text (CNN + Transformer) + Transformer MSR-VTT [32]
AudioCLIP Audio + Image + Text ESResNeXt + ViT + Transformer UrbanSound8K [24]+ Spectrogram

AVT-CLIP Audio + Video + Text ESResNeXt + (CNN + Transformer) + Transformer MSR-VTT
AVIT-CLIP Audio + Video + Image + Text ESResNeXt + (CNN + Transformer) + ViT + Transformer MSR-VTT + Frame-image

ImageBind-AVIT Audio + Video + Image + Text ESResNeXt + (CNN + Transformer) + ViT + Transformer MSR-VTT + Frame-image

Table 1. The encoder architecture and datasets used by the models in this paper.
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Figure 1. Memorization should be measured on all modalities instead of only on modality pairs. (a) Our MultiMem scores across all
three modalities (AIT: Audio, Image, and Text) for AudioCLIP. We quantify pairwise memorization on all modality pairs: (b) Audio-Image
and (c) Audio-Text (with MultiMem), and (d) Image-Text (with CLIPMem).
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Figure 2. Our MultiMem is robust to hyperparameters H .
(a) We varied the composition of H from 128 randomly chosen
samples (used in metric) to 128 samples with class balance and
128 OoD samples from the AudioSet dataset [7]. (b) We varied the
number of samples in H .

We observe the same trends for AVT-CLIP and AVIT-CLIP,
as we show in Figure 7, Figure 8, and Figure 10 in Sec-
tion A.3. These findings suggest that in multi-modal models
with more than two modalities, a memorization metric that
jointly considers all modalities is necessary for a more accu-
rate assessment of memorization.

Robustness to Held-out Set. To examine the sensitivity
of our MultiMem metric to the choice of held-out set H , we
evaluate the metric using several selection strategies for H:
(1) randomly sampled data points, (2) data points chosen to
achieve balanced class representation, and (3) samples drawn
from an entirely different dataset within the same domain.
Furthermore, we investigate the robustness of the metric to
the size of H by varying the number of data points included
in the set. The results in Figure 2 show that our MultiMem
is robust to the choice of H in both size and composition.

Size of |SC | 500 1000 1500 2000

Avg. MultiMem 0.405 0.408 0.409 0.408

Table 2. Our MultiMem is robust to dataset splitting ratio.

Robustness to Dataset Splitting Ratio To validate
whether our Multimem is robust to dataset splitting ratio (i.e.
SS/SC ratio), we added additional experiments on AVT-
CLIP with different dataset splitting ratios on the MSRVTT
dataset. We use SC = SI ∈ {500, 1500, 2000} in addition
to the baseline setting of SC = SI = 1000 reported in
the main paper, while keeping SS fixed at 6000 throughout.
Our results in Table 2 highlight that reported memorization
remains the same over all setups.

Highly Memorized Samples. We examine the highly
memorized samples in VideoCLIP and AVT-CLIP to gain
deeper insights into the underlying causes of strong memo-
rization. For VideoCLIP, we find that, similar to the results
reported in the work of [28], videos with misaligned cap-
tions and visual content (i.e., mis-captioned videos) tend to
experience a higher level of memorization. However, in AVT-
CLIP, we find that highly memorized samples are typically
those with semantic misalignment across multiple modali-
ties. These findings highlight the importance of evaluating
cross-modal consistency rather than focusing only on text
quality. Examples of the most memorized samples for Video-
CLIP and AVT-CLIP are shown in Figure 11 in Section A.3
and a complete list of the top 10 most memorized samples
(including their audio and video content and full captions) is
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provided in the supplementary material.

Memorization and Generalization. To investigate the
relationship between generalization and memorization in
multi-modal models, we introduce Gaussian noise with
different strengths into the representations of all modal-
ities during training as augmentations to control the
model’s memorization level, as proven successful by
previous works [21, 28, 35]. The models’ generaliza-
tion is evaluated by the T@5 retrieval task introduced
in Section 4.1. More specifically, we implement the
experiments on VideoCLIP (bi-modal), AudioCLIP (tri-
modal) and AVIT-CLIP (quad-modal) by injecting Gaus-
sian noise with mean µ = 0 and standard deviations σ =
[0.025, 0.050, 0.075, 0.100, 0.125, 0.150, 0.175, 0.200].

In Figure 3a, when the noise strength is lower than 0.1,
we observe that a higher Video-Text MultiMem results in a
worse downstream performance, and vice versa. This aligns
with the results reported by [28] for bi-modal memorization
in CLIP models. Moreover, our results in Figure 3b and
Figure 3c show that AudioCLIP’s generalization (trained on
three modalities) is negatively correlated with the tri-modal
MultiMem. In contrast, there is no consistent correlation
between generalization and memorization when applying
CLIPMem or the bi-modal version of MultiMem, highlight-
ing again the need to take all modalities into account when
assessing multi-modal memorization. We also observe simi-
lar trends in AVIT-CLIP for Figure 3d. Together, these re-
sults suggest that partial-modal memorization is insufficient
to explain how memorization contributes to generalization
in multi-modal models and highlight again the benefits of a
truly multi-modal metric.

Finally, when the noise strength exceeds 0.1, the perfor-
mance of both AudioCLIP and VideoCLIP begins to decline,
while global memorization increases. This occurs because
excessive noise destroy the semantic consistency between
modalities. As a result, learning across modalities becomes
more difficult, leading to increased global memorization and
weakening the model’s generalization.

Impact of Augmentations. We further study how ap-
plying augmentations (injecting noise) to different modality
configurations (e.g., single modality, a subset of all modali-
ties, and all modalities) during training influences the gener-
alization of multi-modal models. We adopt SSLMem from
[27] to measure memorization for single modality and use
MultiMem for multi-modal memorization. The results in
Table 3 on AudioCLIP suggest that applying augmentations
to a single modality slightly increases the SSLMem of all
modalities and enhances the model’s global generalization.
However, it also leads to increased memorization in modality
pairs that do not involve the augmented modality, which in
turn degrades the performance of retrieval tasks based on that

modality pair (as indicated by the underlined values in the
tables). Moreover, applying augmentations to a subset of the
modalities reduces both global and pairwise memorization,
resulting in improved performance over all retrieval tasks.
Notably, applying augmentations to all modalities always
yields the best performance and the lowest memorization
(as reflected by the bolded values in the tables), which pro-
vides a foundation for the MultiMem-based memorization
mitigation strategies that we introduce in Section 5.

Memorization with ImageBind. We train an additional
AVIT model using the ImageBind-loss [8]. Unlike our setup,
which performs pairwise alignment of all modalities, the
ImageBind-loss takes the image representation from a pre-
trained image encoder as a reference and aligns all other
modalities exclusively to this representation. During train-
ing, the image encoder remains frozen. Our results show that
training with the ImageBind loss leads to increased global
memorization (0.571 versus 0.488 achieved with our origi-
nal AVIT) and reduced performance in retrieval task (36.5%
versus 48.2% our AVIT model). These results suggest that
training with a pairwise alignment across all modalities is
beneficial as it reduces memorization and improves gener-
alization. In Section A.4, we present further details and an
additional results on how the integration of more modalities
during training improves generalization.

Balancing Per-Modality Memorization. Given the dif-
ferences in how each modality contributes to the overall
memorization (see for example Table 3 for AudioCLIP), we
further show that enforcing a balanced memorization dis-
tribution among modalities during training leads to a lower
overall memorization and improved model performance. We
apply ℓ1-normalized weights of [0.332, 0.324, 0.344], which
are negatively correlated to their memorization contribu-
tion [0.222, 0.227, 0.214], to the three modality pairs (I-T,
A–T, A–I) for AudioCLIP training. The new trained model
achieves a lower MultiMem of 0.290 (compare to 0.332 of
baseline model), a 3.2% improvement in retrieval task per-
formance and a more balanced bi-modal MultiMem level
of [0.192, 0.195, 0.193] for three modality pairs (I-T, A–T,
A–I). We present the full setup in Section A.4.

Memorization Behavior in Multi-modal, SSL and SL.
We apply UnitMem [26] to analyze where inside the models
memorization happens. We compare AudioCLIP (tri-modal),
and compare it with CLIP (bi-modal), SL, and SSL mod-
els (uni-modal). All these models are trained with Urban-
Sound8K dataset + spectrogram images. A higher average
UnitMem at a given layer indicates a greater contribution of
that layer to the model’s global memorization.

We observe that, compared to CLIP, the vision encoder
in AudioCLIP aligns more with SSL, rather than falling
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Figure 3. Generalization of multi-modal models is negatively correlated with the models’ global memorization. (a) MultiMem (VT)
vs. generalization in VideoCLIP. (b) tri-modal MultiMem (AIT) vs. generalization in AudioCLIP. (c) bi-modal MultiMem (AI, AT, IT) vs.
generalization in AudioCLIP. (d) Quad-modal MultiMem (AVIT) and tri-modal MultiMem (AVT, AIT) vs. generalization in AVIT-CLIP.

Augmented modality
IT

MultiMem
AT

MultiMem
AI

MultiMem
AIT

MultiMem
A

SSLMem
I

SSLMem
T

SSLMem
T@5(%)

I-T
T@5(%)

A-T
T@5(%)

A-I
T@5(%)

AI-T

None 0.222 0.227 0.214 0.332 0.188 0.191 0.210 33.1 30.8 26.5 36.9

Audio 0.235 0.201 0.204 0.320 0.199 0.196 0.214 32.2 31.3 27.1 38.2
Image 0.201 0.235 0.188 0.312 0.194 0.210 0.217 33.8 30.0 28.3 39.0
Text 0.181 0.191 0.216 0.294 0.196 0.201 0.235 34.4 32.1 26.3 39.8

Audio + Image 0.200 0.199 0.199 0.299 0.207 0.219 0.233 33.9 31.8 27.5 39.4
Audio + Text 0.187 0.187 0.192 0.283 0.228 0.211 0.244 34.9 32.6 28.0 40.7
Image + Text 0.180 0.189 0.174 0.271 0.211 0.240 0.251 35.4 32.3 29.1 42.1

Audio + Image + Text 0.177 0.184 0.169 0.264 0.236 0.262 0.269 35.7 33.0 29.5 43.1

Table 3. Adding augmentations to different modalities in AudioCLIP. We add random Gaussian noise with µ = 0, σ = 0.1 to the
representations as augmentations. A: Audio, I: Image, and T: Text.
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Figure 4. UnitMem: AudioCLIP is more aligned with SSL.

between SSL and SL as CLIP. This suggests that the intro-
duction of the audio modality partially reduces the dom-
inance of the text modality (e.g., with labels or captions)

during training. Thereby, the memorization behaviors of
the vision encoder shifts from being label-driven (in SL) or
caption-driven (in CLIP), to pattern-driven as in SSL [27].
We hypothesize that this is because the learning signals in
multi-modal models no longer come from a single super-
vision source (e.g., labels or captions). Instead, the model
focuses more on the shared or similar semantic patterns
across modalities such as audio, vision, and text. There-
fore, the pattern underlying this shift is the strong semantic
interdependence across modalities in multi-modal models.

5. Our Mitigation Strategies
Our findings from the previous section highlight that mit-
igating cross-modal memorization over all modalities can
improve the generalization of multi-modal models. Based on

7



this motivation, we design two methods built on MultiMem
to mitigate high memorization, either during or post training.

In-Training Mitigation. Instead of applying noise to the
entire dataset, which harms overall performance and incurs
additional computational overhead, we selectively add Gaus-
sian noise (µ = 0, σ = 0.1) as augmentation only to the
representations of the most memorized samples during train-
ing to mitigate memorization. Specifically, at every 10-epoch
interval (i.e., epochs 10, 20, ..., 90), we use MultiMem to
measure memorization for all training samples and select
the top 5% most memorized samples. The 5% ratio is se-
lected based on our experiments in Figure 13 in Section A.4,
which show that this ratio yields the highest model perfor-
mance and the lowest memorization level. We then aggregate
these samples into new mini-batches and apply noise-based
augmentations to their representations during the following
training steps while keeping training unaltered for all other
mini-batches.

In our experiment, we train AudioCLIP on the Urban-
Sound8K + Spectrogram dataset for 100 epochs with our
mitigation in place and report performance on the retrieval
task in Figure 5a, the classification task on UrbanSound8K
in Figure 5b, and the zero-shot classification task on Au-
dioSet [7] in Figure 5c.

The results yield two main findings. First, applying our
mitigation strategy at any training stage effectively reduces
global memorization and improves overall performance
across all three tasks. Second, model performance in all
three tasks follows a trend of initial improvement, followed
by a plateau, then further improvement, with a slight decline
observed at epoch 90. We attribute this pattern to the timing
of memorization mitigation. Applying mitigation too early
in training may fail to accurately capture the most memo-
rized samples, as the model is far from convergence. As a
result, highly memorized examples that are not identified
in the early stages may continue to increase the model’s
memorization in later epochs, thereby harming generaliza-
tion. Applying memorization mitigation too close to the end
of training may lead to insufficient decoupling of modality
correlation for highly memorized samples. This is the reason
why the performance drop is observed at epoch 90 compared
to epoch 80. These results indicate that applying noise-based
augmentation near the end of training (e.g., at 80%) to a
selected ratio of most memorized samples according to Mul-
tiMem can effectively reduce memorization and enhance
generalization. In Section A.4, we provide further insights
into this strategy. (1) We compare the mitigation effects be-
tween using noise-based augmentation and gradient clipping
(which is widely used in Differential Privacy area) for most
memorized samples. (2) We compare it with an alternative
approach that directly removes a fixed proportion of the most
memorized samples during training. The results show that

our strategy yields better performance improvements. (1)
We also examine the effect of repeatedly applying this strat-
egy at multiple stages of training. The findings indicate that
repeated application leads to additional gains compared to
single use. However, the improvement becomes marginal
when applied more than twice.

Post-Training Mitigation. Post-training, we first train the
model and then use MultiMem to identify the most memo-
rized samples. Then, we remove these samples from training
and fine-tune the model for some additional steps on the
remaining data. In our experiments, we train an AudioCLIP
model on the UrbanSound8K dataset for 100 epochs, then,
we use MultiMem to identify the most memorized samples
and remove the top [50, 100, 150, 200, 300, 500, 700] of
them. Finally, we fine-tune the model with the remaining
dataset for an additional 25 epochs. For comparison, we
additionally employ three alternative strategies for selecting
samples to remove as baselines: using CLIPMem, comput-
ing the sum of cosine similarities across modality pairs, and
randomly selecting samples.

We show the results in Figure 5 (lower row) for retrieval,
classification on UrbanSound8K, and zero-shot tasks accu-
racy on AudioSet. We observe that regardless of the method
used to mitigate the model’s memorization (apart from ran-
dom), the model’s performance improves to varying degrees
when fewer than 500 samples are removed on all three tasks.
Among them, MultiMem yields the best performance im-
provement, followed by the cosine similarity and CLIPMem.
In contrast, the baseline of removing random samples does
not show a clear trend of performance improvement. This
highlights the effectiveness of MultiMem in post-training
memorization mitigation and improving generalization.

Regularization vs Memorization Mitigation. Prior work
has shown that Gaussian noise may act as a regularizer that
independently improves performance rather than genuinely
mitigating memorization [5, 6, 35]. To verify that the ob-
served performance improvements and memorization mit-
igation are actually from our proposed mitigation strategy
rather than the generic regularization effect of noise, we con-
ducted new experiments where we add the same amount of
noise to different types of samples. 1) most memorized sam-
ples and least memorized samples identified by MultiMem,
2) samples with highest gradients or loss, 3) randomly se-
lected samples. We report the performance gains on retrieval,
linear probing, and zero-shot tasks, and MultiMem. If the
improvements were only due to generic regularization rather
than memorization mitigation, we would observe similar
results over all setups. However, the results in the Table 4
show discrepancies: 1) adding noise to random samples does
not change performance significantly. 2) Adding noise to
least memorized samples slightly degrades performance. 3)
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Figure 5. Mitigation Strategies. The first row shows the impact of in-training memorization mitigation at different training epochs,
evaluated on (a) retrieval, (b) linear probing, and (c) zero-shot classification tasks. The second row presents the effect of post-training
mitigation with increasing number of most memorized samples removed, analogously for (d) retrieval, (e) linear probing, and (f) zero-shot
classification tasks.
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(b) Post-training Mitigation

Figure 6. Average modality representation distance for 1% most memorized samples versus averagae modality gap for all training
samples before and after mitigation

Our MultiMem approach has much higher performance
gains compared to loss-based and gradient-based meth-
ods and also achieves the best memorization mitigation.
This shows that our reported improvements indeed stem from
memorization removal and not general regularization.

Insights into Mitigation. We further compared the aver-
age modality distance between the representations of each
modality for the most memorized samples, as well as the
average modality gap [15] across all samples in the training
set, before and after mitigation. Results in Figure 6 show
that: (1) The model struggles to align semantic misaligned
samples through generalization, thereby memorizes those
datapoints so that results in an extremely low average sample
modality distance. This shows that semantic misalignment
is the key driver of memorization in multi-modal models.

(2) Both of our mitigation methods increase the average
modality distance of the most memorized samples thereby
reducing the memorization level of the model. However,
in-training mitigation performs better than post-training mit-
igation, and therefore yields a greater improvement in the
generalization of the model. At the same time, in-training
mitigation preserves the original average modality gap better.
This is consistent with the conclusion in [15], that preserving
the original modality gap tends to yield better model per-
formance. These results show that our mitigation methods
address the fundamental cause of memorization in multi-
modal models, i.e., controlling the average modality distance
for semantic misaligned samples.

Impact of Noise Injection vs. Augmentation. Prior
work [21, 28, 35] has shown that Gaussian noise can indeed
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Post-training In-training

Mitigation Retrieval↑ Linear Prob.↑ Zero-Shot↑ Mem.↓ Retrieval↑ Linear Prob.↑ Zero-Shot↑ Mem.↓
None 36.9% 76.7% 25.4% 0.332 36.9% 76.7% 25.4% 0.332
Random 37.1% 76.8% 25.5% 0.330 37.2% 76.9% 25.5% 0.329
MultiMem (least) 36.6% 76.6% 25.2% 0.336 36.1% 76.1% 25.0% 0.338
Gradient 38.1% 77.8% 29.4% 0.307 40.4% 78.8% 31.1% 0.281
Loss 38.4% 77.9% 29.6% 0.308 39.9% 78.9% 30.9% 0.280
MultiMem (most) 39.3% 78.6% 30.5% 0.282 43.3% 80.8% 35.1% 0.262

Table 4. Regulation verification by comparing MultiMem with other mitigation strategy.

Post-training In-training

Mitigation Retrieval↑ Linear Prob.↑ Zero-Shot↑ Mem.↓ Retrieval↑ Linear Prob.↑ Zero-Shot↑ Mem.↓
None 36.9% 76.7% 25.4% 0.332 36.9% 76.7% 25.4% 0.332
Noise 39.3% 78.6% 30.5% 0.282 43.3% 80.8% 35.1% 0.262
Augmentation 38.8% 78.4% 30.0% 0.288 42.5% 80.1% 34.0% 0.269

Table 5. Modality-specific augmentation vs. noise injection.

serve as a generic augmentation strategy across modalities.
This, however, raises the concern of whether such noise
genuinely achieves an effect comparable to that of modality-
specific augmentations, and whether it yields a similar level
of memorization mitigation. To address this concern, we con-
duct an additional control experiment on AudioCLIP. Specif-
ically, we replace noise injection with modality-specific aug-
mentations: Gaussian blur (sigma=(0.1, 2.0)) combined with
random color jitter (transforms.ColorJitter(0.4, 0.4, 0.4, 0.1))
for the image modality, synonym substitution (p=0.2) for
captions, and time shifting (+10%) for audio. As shown in
Table 5, mitigation guided by these modality-specific aug-
mentations remains effective, achieving performance com-
parable to that of noise injection. This indicates that the
mitigation effect arises from the underlying mechanism it-
self rather than from the generic regularization properties of
noise.

6. Conclusions

We propose MultiMem, a novel metric for measuring and
characterizing memorization in multi-modal contrastive
learning with arbitrary modality configurations. Our results
show clear differences compared to commonly studied bi-
modal models like CLIP. We find that training with multiple
modalities not only mitigates the single-modality dominance
in global memorization observed in bi-modal models, but
also makes the contrastive models’ memorization behavior
more similar to that of self-supervised learning. Specif-
ically, text modality, which has been viewed in previous
work [28] as similar to labels, is no longer the only reason
for high memorization when it does not align with other

modalities. Inconsistency in semantic information between
multiple modality pairs is instead the leading cause of high
memorization. Finally, we show that our proposed Mul-
tiMem metric can be used to inform mitigations against
memorization, either during training or after training, that
improve generalization more efficiently than other metrics.

Acknowledgments
This research was funded by the Deutsche Forschungsge-
meinschaft (DFG, German Research Foundation), Project
number 550224287. Franziska Boenisch received funding
from the European Research Council (ERC) under the Eu-
ropean Union’s Horizon Europe research and innovation
programme (grant agreement No 101220235). We would
like to acknowledge our sponsors, who support our research
with financial and in-kind contributions: OpenAI and G-
Research. We also thank members of the SprintML group
for their feedback.

References
[1] Alberto Baldrati, Marco Bertini, Tiberio Uricchio, and Al-

berto Del Bimbo. Conditioned and composed image retrieval
combining and partially fine-tuning clip-based features. In
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, pages 4959–4968, 2022. 1

[2] Alberto Baldrati, Marco Bertini, Tiberio Uricchio, and Al-
berto Del Bimbo. Effective conditioned and composed image
retrieval combining clip-based features. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 21466–21474, 2022. 1

[3] Peter L Bartlett, Philip M Long, Gábor Lugosi, and Alexander
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A. Appendix
A.1. Hardware Usage & Calculation Overhead

Two devices are used for all experiments mentioned in this
paper: a cloud server with four A100 GPUs and a local
workstation with Intel 13700k CPU, Nvidia 4090 graphics
card, a total of 10Tb storage space and 64GB of RAM.

Applying In-training mitigation strategy once during train-
ing will bring 0.70% (2.6 min out of 372 min) overhead
in total time usage, without requiring any additional mem-
ory. Applying Post-training mitigation strategy will bring
0.55% (2.1 min out of 372 min) overhead in total time us-
age for memorization measurement, without requiring any
additional memory.

Measuring MultiMem for all samples in candidate set SC

averagely brings 0.48% overhead in total time usage, without
requiring any additional memory. Since the computational
complexities of our MultiMem on both the number of modal-
ities and the number of training samples are O(n2), which
matching the complexity of multi-modal contrastive learn-
ing. Therefore, the relative overhead remains essentially
unchanged as modalities or data scale up.

A.2. Extended Experiment Setup

Glossary. For the reader’s convenience, we provide a glos-
sary with all important notation used in the main paper in
Table 6.

Dataset Split. Table 7 provides a detailed summary of the
splitting SC , SI , and SS discussed in main paper.

Training Setup. Table 8 provide a detailed summary of
the training configurations for all models used in our experi-
ments. As stated in the main paper, all settings for existing
models follow the default configurations of their respective
original implementations.

AVT-CLIP and AVIT-CLIP. For AVT-CLIP, the video
and text modalities are first pre-trained for 20 epochs, after
which the audio modality is introduced. The model is then
trained jointly on all three modalities for an additional 100
epochs. For AVIT-CLIP, the image and text modalities are
first pre-trained for 20 epochs, after which the video and
audio modalities are introduced and trained jointly on all
four modalities for an additional 200 epochs.

Experimental Setup for UnitMem. In this experiment,
we use the original UrbanSound8K dataset as the source of
both audio inputs and text labels. Following the evaluation
setup of AudioCLIP, we also use spectrograms of the audio
signals as image inputs. In the SL setting, we employ a ViT
encoder followed by a two-layer MLP classifier, trained with

spectrogram images as inputs and text labels as supervision.
For SSL settings, we employ the ViT-based DINO frame-
work and train the ViT encoder on only spectrogram images.
Both the image augmentation sets and hyperparameters fol-
low the default configurations of their respective original
implementations.

A.3. Extended Experiment Results

Measuring Memorization in AVT-CLIP and AVIT-CLIP.
For AVT-CLIP, we measure the memorization with two met-
rics: 1) tri-modal MultiMem with all three modalities and
2) bi-modal MultiMem of all modality pairs (A-V, A-T, and
V-T). The results are shown in Figure 7, which aligns with
the results for AudioCLIP in the main paper. For AVIT-
CLIP, we also measure the memorization with two metrics:
1) quad-modal MultiMem with all four modalities and 2) tri-
modal MultiMem for VideoCLIP and AVT-CLIP (i.e., AVT
MultiMem and AIT MultiMem). The results are shown in
Figure 8. We can find that when AVT-CLIP or AudioCLIP
is extended to a quad-modal setting, the previously used
tri-modal MultiMem becomes insufficient in capturing both
the distribution of memorized samples and the accurate mea-
surement of memorization levels. This again highlights the
necessity of using all modalities to measure memorization.

Measuring Memorization AVIT-CLIP with synthesized
images. We use Stable Diffusion v1.5 to generate images
from the captions of the MSRVTT dataset to construct a
dataset with true four modalities: (1) audio, (2) video, (3)
image, and (4) text. We adopt this setup based on the assump-
tion that using newly generated images with styles different
from the video frames can mitigate the potential unnecessary
memorization caused by overly similar visual styles between
images and video frames. Note that we synthesize the im-
ages for the MSRVTT dataset because there are no natural
4-modality datasets. A few examples of generated images
are presented in Figure 9.

The results are shown in Figure 10, we find the memo-
rization distribution fully follow the same trend observed in
Figure 8.

Top 10 most memorized samples for VideoCLIP and
AVT-CLIP. Unlike images, videos contain dynamic visual
and audio signals, which cannot be effectively displayed in
the paper. To address this, We provide two examples here
and others are shown in supplementary materials. As shown
in Figure 11a, video3405 is a completely dark-screen video,
providing almost no visual semantic information relevant
to its caption: “a man talking about hydroponic fluid pres-
sure.” As a result, it ranks first in VideoCLIP with a high
MultiMem of 0.529. However, its audio clearly mentions
“hydroponic fluid pressure”, which aligns well with the cap-
tion. Therefore, its MultiMem score in AVT-CLIP is only
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Symbol Explanation

A Audio modality
V Video modality
I Image modality
T Text modality

AVT-CLIP Variant of CLIP with Audio + Video + Text modalities
AVIT-CLIP Variant of CLIP with Audio + Video + Image + Text modalities

H Held-out test set used for MultiMem
Aug Augmentation set for data points

Table 6. We provide an overview on the important notation in main paper.
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(d) MultiMem (VT).

Figure 7. Measuring memorization only on modality pair is insufficient for AVT-CLIP trained on MSRVTT. (a) Measure memorization
across all three modalities (Audio, Video, and Text) of AudioCLIP. (b)-(d) Measure pairwise memorization on all modality pairs (Audio-
Video, Audio-Text, and Video-Text)of AVT-CLIP.

Dataset Total SS SI SC

COCO 123287 65000 5000 5000
MSR-VTT 10000 7000 1000 1000

UrbanSound8K 8732 6000 1000 1000

Table 7. Detailed dataset split used in this paper.

0.561, ranking 36th. Another example is video6659 shown
in Figure 11b, where the visual content features two ani-

mated characters, while the audio contains a conversation
between two male-like voices. The title, “a character hunting
for love”, is poorly related to both the video and audio. All
three modalities are semantically misaligned. As a result,
this sample receives a high MultiMem score of 0.712 in
AVT-CLIP, ranking second among all samples.

A.4. Additional Experiments

ImageBind Experiment Setup We follow the original de-
sign of ImageBind that leverage the image embedding as the
unified anchor space. All other modalities are aligned to this
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SL-ViT DINO CLIP VideoCLIP AudioCLIP AVT-CLIP AVIT-CLIP

Training Epochs 100 300 100 100 100 100 200
Warm-up Epochs 5 20 10 10 10 10 20

Batch Size 1024 1024 512 256 64 64 64
Optimizer AdamW AdamW AdamW Adam Adam Adam Adam

Learning rate 1e-3 2e-3 1e-3 1e-4 1e-4 1e-4 1e-4
Learning rate Schedule Cos. Decay Cos. Decay Cos. Decay Cos. Decay Cos. Decay Cos. Decay Cos. Decay

Table 8. Training Setup and Hyperparameter for all models used in this work.
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(b) MultiMem (AVT).
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(c) MultiMem (AIT).

Figure 8. Measuring memorization only on partial modality is insufficient for AVIT-CLIP. (a) Measure memorization across all four
modalities (Audio, Video, Image, and Text) of AudioCLIP. (b) Measure memorization with AVT MultiMem. (c) Measure memorization
with AIT MultiMem.

space through image-to-modality contrastive supervision.
We keep the audio, video, and text encoders unchanged as
random initialization, but replace the image encoder with
our own pretrained image encoder. The encoder produces
a normalized image representation that serves as the refer-
ence for all contrastive objectives. This design removes all
non-image pairwise losses (e.g., audio–video, audio–text,
and video-text), ensuring that the image modality forms the
central representation space. We use Adam optimizer with a
learning rate of 1e-4 and train for 200 epochs. The batch size
and dataset split follow the implementation of AVIT-CLIP.

Enhancing Generalization by Introducing new Modal-
ities. Our results in Table 9 show that, when extending
VideoCLIP to AVT-CLIP, the accuracy of V-T retrieval task
increases. This is because adding a new modality to Video-
CLIP reduces the text modality’s dominance in memoriza-
tion, yielding a more balanced memorization distribution
across modalities. So that increasing model’s generalization.
This is consistent with our claims in Section 4.2. Similar
trend could be observed in extending AVT-CLIP or Audio-
CLIP to AVIT-CLIP.

Note that the AVIT-CLIP always has the best performance
in all retrieval tasks (as reflected by the boldface values in
the Table 9).

Effects of Augmenting Different Ratios of Most Memo-
rized Samples. In Figure 13, we test the effect of applying
noise-based augmentation to different proportions of the
most memorized samples during training. The results show
that when noise-based augmentation is applied to less than
5% of the most memorized samples, global memorization
decreases rapidly, and overall performance improves signif-
icantly. However, once the proportion exceeds 5%, both
memorization and performance begin to stabilize as more
samples are augmented. This indicates that decoupling the
cross-modal associations of non-highly memorized samples
is not effective in mitigating global memorization or improv-
ing performance. In contrast, applying augmentation only
to the most memorized samples identified by MultiMem
achieves the best results with significantly lower computa-
tional cost.

UnitMem results on COCO. In this experiment, we use
the original COCO dataset as the source of both image inputs
and text captions. Speeches generated from COCO captions
by open-source Tortoise TTS are used as audio modality. For
SL, the model is trained using a multi-label classification
setting with the cross-entropy loss with COCO dataset. All
other settings for SSL, CLIP and AudioCLIP are similar to
those in the experiments with UrbanSound8K dataset. We
adopt this setup based on the assumption that captions and
the audio generated from them share higher cross-modal
semantic alignment. This helps mitigate the potential impact
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a cat and a monkey 
are playing

Video Frame Caption Diffusion Image

elephants are lying 
down on grassland 

and relaxing

a few horses are 
riding down a track

Figure 9. Samples of images generated by Stable Diffusion v1.5.
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Figure 10. AVIT-CLIP trained with synthesized images follows the same trend with results trained with video-frame images. (a)
Measure memorization across all four modalities (Audio, Video, Image, and Text) of AudioCLIP. (b) Measure memorization with AVT
MultiMem. (c) Measure memorization with AIT MultiMem.

of weak semantic alignment among spectrograms, audio, and
textual labels in the UrbanSound8K dataset. Note that the
synthesized audio for COCO only used as extended evidence
to verify the trend observed on the UrbanSound8K dataset
in main paper.

The results are shown in Figure 12. Despite semantic
alignment across modalities being strengthened, we observe
that the behavior of AudioCLIP’s vision encoder remains
more similar to SSL than to SL. This fully aligns with the
result of that implemented on UrbanSound8K dataset in
main paper.

Mitigating Memorization During Training. In addition
to the experiments presented in Section “In-training Mitiga-
tion”, we implement three additional experiments to further
validate the effectiveness of this approach.

In the first experiment, we compared the different effects
of noise-based augmentation and gradient clipping during
the in-training mitigation process. The results in Figure 14
shows that gradient clipping needs a much larger learning
rate than noise-injection to mitigate the memorization level
of the model. Besides, the best performance of gradient

clipping (41.7% +4.8% to 36.9% baseline) is worse than
noise-injection(43.3% +6.7% to 36.9% baseline)

In the second experiment, we still use MultiMem to mea-
sure the memorization of all training samples at every 10-
epoch interval. However, instead of regrouping the top 5%
most memorized samples into new batches with noise-based
augmentation, we directly remove them from the training
set. As shown in Figure 15, the performance of in-training
removal first increases and then drops. This performance
drop may be due to similar reasons observed in in-training
regrouping,i.e., the learning rate becomes too low in the
later stages of training, and the remaining number of epochs
is insufficient to fully eliminate the negative impact intro-
duced by previously highly memorized samples. Moreover,
we observe that the maximum performance gain achieved
by in-training removal is smaller than that of in-training
regrouping, further demonstrating the effectiveness of our
proposed strategy.

In the third experiment, we further examine that whether
applying the in-training regrouping strategy multiple times
will provide additional memorization mitigation and per-
formance improvement or not. Specifically, we apply the
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Caption: a man describing a hydraulic tube

Audio: ……There is hydro fluid pressure push……
(a) Video3405

Caption: a character hunting for love

Audio: Two male-like voices are speaking.
(b) Video6659

Figure 11. The most memorized samples for VideoCLIP and AVT-CLIP.

Model
VT

MultiMem
AVT

MultiMem
AIT

MultiMem
AVIT

MultiMem
A

SSLMcm
V

SSLMcm
I

SSLMcm
T

SSLMcm
T@5(%)

V-T
T@5(%)

AV-T
T@5(%)

AI-T
T@5(%)
AVI-T

VideoCLIP 0.347 - - - - 0.179 - 0.206 32.7 - - -
AVT-CLIP 0.275 0.408 - - 0.238 0.251 - 0.266 33.9 40.4 - -
AudioCLIP - - 0.332 - 0.188 - 0.191 0.210 - - 36.9 -

Imagebind-AVIT 0.289 0.414 0.339 0.571 0.220 0.231 0.238 0.242 33.0 35.1 32.9 36.5
AVIT-CLIP 0.254 0.366 0.321 0.488 0.244 0.255 0.260 0.267 36.6 41.3 37.0 48.2

Table 9. Introducing a new modality helps reduce the global memorization, and in turn, improves the model’s generalization.

in-training regrouping strategy twice: once at the end of the
warm-up phase (epoch 10) and once near the end of training
(epoch 80). The results in Table 10 show that applying the
in-training regrouping strategy multiple times can further
mitigate model memorization and yield better generalization.
However, using it three times can hardly achieve a significant
performance improvement compared to using it twice, so
using it twice at the beginning and end of the training is the
best choice considering that it does not bring many extra
calculations.

Model Size and Dataset Size. We added additional exper-
iments on CLIP models of varying sizes trained on the same
data, as well as models of the same size trained on different
amount of the training data. The results in Table 11 show
that larger models exhibit higher memorization levels when
trained on the same data, and also reducing the amount of
training data leads to increased memorization for models of
the same size. Both trends are consistent with prior work
(e.g., [Carlini et al., ICLR 2022], [Tirumala et al., NeurIPS
2022], [27]), as larger model capacity provides more room
to retain instance-level details, while sparser data coverage
reduces generalization opportunities and increases reliance
on memorizing individual samples.

17



1 2 3 4 5 6 7 8 9 101112
Layer

0.25
0.30
0.35
0.40
0.45

Av
g.

 U
ni

tM
em CLIP R@5 = 31.2%

AudioCLIP R@5 = 34.0%
SSL
Supervised 

Figure 12. UnitMem: AudioCLIP is more aligned with SSL. We implement an extra experiment on COCO with audios generated from
the captions.
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Figure 13. Effects of noise-based augmentation to the top k% most memorized samples (ranked by MultiMem) during training.

Regrouping epoch MultiMem AI-T retrieval T@5

None 0.332 36.9
10 0.321 38.2
80 0.262 43.3

10 + 80 0.256 43.7
20 + 80 0.252 44.1
10 + 90 0.254 43.8
40 + 50 0.266 42.8

20 + 50 + 80 0.250 44.2
10 + 40 + 70 0.253 43.8

Table 10. Applying the in-training regrouping strategy multiple times further mitigate memorization and improves performance.

Baseline ViT-S + EsResNet-34 ViT-L + EsResNet-101 75% dataset usage 50% dataset usage 25% dataset usage

Avg. MultiMem 0.332 0.308 0.382 0.341 0.360 0.389

Table 11. Memorization v.s. model size and training datapoint usage.
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Figure 14. Performance for AudioCLIP under in-training regrouping when using noise-based augmentation and gradient clipping.
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Figure 15. Performance for AudioCLIP under in-training regrouping vs. in-training removal.
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