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Abstract

The data appetite for Vision-Language Models (VLMs)
has continuously scaled up from the early millions to bil-
lions today, which faces an untenable trade-off with data
quality and inevitably introduces Noisy Correspondence
(NC) samples. Undoubtedly, such semantically unrelated
data significantly impairs the performance of VLMs. Previ-
ous efforts mainly address this challenge by estimating re-
fined alignment for more precise guidance. However, such
resource-intensive pipelines that train VLMs from scratch
struggle to meet realistic data demands. In this paper,
we present a brand new perspective that seeks to directly
eliminate the harmful effects of NC in pre-trained VLMs.
Specifically, we propose NCU, a Noisy Correspondence
Unlearning fine-tuning framework that efficiently enhances
VLMs’ robustness by forgetting learned noisy knowledge.
The key to NCU is learning the hardest negative informa-
tion, which can provide explicit unlearning direction for
both false positives and false negatives. Such twin goals
unlearning process can be formalized into one unified op-
timal transport objective for fast fine-tuning. We validate
our approach with the prevailing CLIP model over vari-
ous downstream tasks. Remarkably, NCU surpasses the
robust pre-trained method on zero-shot transfer while with
lower computational overhead. The code is available at
https://github.com/hhc1997/NCU .

1. Introduction
The pursuit of general intelligence has driven progress in

multimodal learning, which seeks to integrate and under-

stand multiple sensory modalities like humans. Large-scale

vision-language training, exemplified by CLIP [37], is seen

as a key milestone in multimodal learning due to its remark-

able transfer capabilities in real-world applications, such as

image-text retrieval [13, 22, 34] and robotics control [41].

However, much of their success can be attributed to

scaling laws enabled by massive training data. As every

coin has two sides, the insatiable demand for data forces a
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Figure 1. Illustration on the core concept of NCU. The twin

goals unlearning process is guided by the learned hardest negative

information. For the FP, tNeg
i directly pulls vi away from the mis-

matched ti. While for the FN, tNeg
i acts as a distance upper bound

to facilitate modeling many-to-many relations.

difficult trade-off between quantity and quality, which in-

evitably introduces noisy correspondence into the training

set. Taking the CC3M dataset [39] as an example, despite

being filtered from 500 million images, it still contains at

least 3% [20] unrelated image-text pairs, i.e., false positive.

To make matters worse, training on massive data necessi-

tates larger batch sizes (32K used in CLIP), which increases

the likelihood of unpaired samples sharing semantic simi-

larities, i.e., false negative. Undoubtedly, such two-aspects

noisy correspondence can significantly impair the perfor-

mance of vision-language models.

To endow robustness against NC, one natural direction

is to revise the pre-training paradigm [1, 3, 11, 12, 21] that

supervises VLMs with refined alignment. However, exist-

ing methods require training from scratch and may rely on

guidance from external large models [3, 11]. Such resource-

intensive pipelines obviously struggle to face the realistic

demand, especially with today’s billion-scale datasets [38].

Hence, it is necessary to address the NC problem in vision-

language training with a cost-effective method.

In this paper, we think outside the box of robust pre-

training and pose an important question: Can we directly
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eliminate the harmful effects of NC in pre-trained VLMs?
To answer this question, we resort to machine unlearning

[2] and present NCU, a Noisy Correspondence Unlearning

fine-tuning framework that improves the robustness of CLIP

by erasing learned noisy knowledge. Machine unlearning is

a reversed learning process that aims to delete the influence

of specific training samples from trained models. Despite

its promise in widespread tasks [7, 9], unlearning the NC

in VLMs remains unexplored due to a key challenge: the

ambiguous forgetting direction would corrupt the learned

semantic structure in the feature space. To address this,

we propose to learn the hardest negative information that

can provide explicit unlearning direction. As illustrated in

Fig. 1, on the one hand, the negative information would di-

rectly serve as reliable supervision for forgetting false posi-

tives. On the other hand, it would facilitate the modeling of

many-to-many relationships among unpaired data for for-

getting false negatives. Then, we show that such twin goals

unlearning process can be formalized as one unified opti-

mal transport problem, which efficiently fine-tunes CLIP to

resist both FP and FN.

Our main contributions are highlighted below:

• To the best of our knowledge, this work could be the first

study to eliminate the harmful effects of noisy correspon-

dence from pre-trained CLIP.

• We propose the NCU framework, which efficiently un-

learns FP and FN with explicit direction derived from the

hardest negative information.

• We demonstrate that NCU achieves significant improve-

ments over CLIP on several downstream tasks and sur-

passes the previous robust pre-training method with lower

computational overhead.

2. Related Work
Noisy Correspondence Learning. Noisy correspon-

dence refers to the alignment error presented in multimodal

data. The false positive is a typical NC problem, where ir-

relevant multimodal pairs are wrongly treated as matched.

To alleviate this, several techniques have been developed in

various multimodal applications, including cross-modal re-

trieval [16, 18, 20, 36], video temporal learning [17, 30],

multimodal person re-identification [35, 47], question an-

swering [23], and image captioning [10, 24]. In more com-

plex scenarios, e.g., vision-language pre-training [19, 21],

models also suffer from false negatives caused by the train-

ing paradigm [12], where similar unpaired samples are

forced to be distant. Considering the computational burden

of large VLMs, this work presents a low-carbon solution to

directly improve the robustness of pre-trained VLMs.

Contrastive Vision Language Models. Contrastive vi-

sion language models (VLMs) [8, 13, 14, 33, 44, 48] aim

to learn visual representations by the corresponding textual

supervision, which have attracted significant attention due

to their simplicity and powerful representation capability.

Pioneering works CLIP [37] and ALIGN [22] have shown

great success via learning from massive image-text pairs.

However, such web-crawled data are noisy [38, 42] and in-

evitably harm the efficacy of existing VLMs. To tackle this

issue, a series of works attempted to train the VLM with re-

fined soft image-text alignments by label smoothing [12],

knowledge distillation [1], fine-grained intra-modal guid-

ance [11], text rewriting [3], or positive-negative contrastive

loss [21]. Besides, OT-based methods[40, 46] have also

emerged as they naturally model such matching problems.

Despite the success, previous works focus on training ro-

bust VLMs from scratch, which overlooks readily available

pre-trained models and incurs unnecessary computational

costs. To this end, this paper pioneers an efficient approach

to enhance model robustness by unlearning noisy informa-

tion from pre-trained models.

Machine Unlearning. Recent advances in MU mainly fo-

cus on practical approximate unlearning, which seeks to

mimic the behavior of a model re-trained from scratch.

Driven by privacy concerns, existing MU works [7, 9, 32] in

computer vision focus on image classification that attempts

to forget specific classes. In parallel, MU has also become a

popular topic in large language models due to its capability

to eliminate harmful responses [31, 50]. However, multi-

modal forgetting remains under-explored in the literature.

Pioneering works [26, 27] studied data-free class removal

for CLIP’s downstream image classification. To date, none

of the existing MU methods has explored the unlearning of

noisy concepts from VLMs.

3. Preliminaries

3.1. Contrastive Language-Image Pre-training

CLIP is a vision-language model trained on millions of

web-harvested image-text pairs. We consider a batch of

N image-text pairs {vi, ti}Ni=1 sampled from a cross-modal

dataset�, where vi and ti represent the raw image and cor-

responding text, respectively. The goal of CLIP is to train

two modality-specific encoders that bring matched pairs

closer while pushing unmatched ones apart. Specifically,

image embedding vi ∈ R
d and text embedding ti ∈ R

d are

obtained by passing vi and ti through the image encoder

fv and text encoder ft, respectively, where d is the embed-

ding dimension. The encoded l2 normalized embeddings

are then aligned in the feature space by minimizing the con-

trastive objective, i.e., InfoNCE loss:

LCL
v→t = − 1

N

N∑
i=1

log
exp (〈vi, ti〉/τ)∑N
j=1 exp (〈vi, tj〉/τ)

, (1)
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where 〈·〉 represents the inner product and τ is a trainable

temperature parameter. As InfoNCE loss is symmetric, we

can define LCL
t→v similarly. The complete CLIP training ob-

jective is formulated as: LCLIP = LCL
v→t + LCL

t→v .

Despite its promising performance, the standard con-

trastive learning can suffer from the noisy correspondence

problem in two aspects. First, the web-collected pairs in-

evitably contain an unknown portion of mismatched data,

i.e., false positives. Second, hard target alignment neglects

the potential semantic similarity among unpaired samples,

i.e., false negatives, especially under large batch settings.

3.2. Machine Unlearning
Given a CLIP model (also named reference model) {fv, ft}
that is already trained on a cross-modal dataset D, machine

unlearning aims to fine-tune the model to forget a specific

subset �FG ⊆ � while maintaining effectiveness on the

retained set �RT = � \ �FG. Ideally, the model should

behave as if it were trained without any sample from�FG.

In principle, re-training the model from scratch on �RT

would serve as the gold standard. However, since CLIP

is trained on massive-scale data, it is unrealistic to obtain

a forget set that includes all noisy information, especially

when some data are not publicly accessible. Therefore,

we focus on an approximate unlearning approach in which

� = �FG ∪ �RT does not need to contain all train-

ing pairs, making the unlearning process more practical for

real-world scenarios.

The most straightforward method to unlearn is gradient
ascent or its variants, which optimizes the negative pre-

diction loss over the forget set. Another typical approach

is performing forget loss that encourages the model to re-

learn the modified form of undesired data. For example,

we can update CLIP by minimizing InfoNCE loss in pair

{vi, t̃i} ∼ �FG to forget the relation between vi and ti,
where t̃i �= ti could be random or hand-crafted text to re-

place the original. Based on these, existing MU methods

have shown promising progress in class forgetting and LLM

privacy protection. However, applying these strategies to

CLIP unlearning poses a key challenge: the ambiguous for-

getting direction would corrupt the learned semantic struc-

ture in the feature space. In other words, the model forgets

the undesired data by learning other meaningless patterns.

4. Methodology
To tackle the above issues, we introduce the Noisy Corre-

spondence Unlearning (NCU) framework. In the following,

we first introduce the division of forget and retained sets in

Sec 4.1. Subsequently, we elaborate on learning the hardest

negative information in Sec 4.2 and explain how to formal-

ize the twin goals unlearning process into an optimal trans-

port object for efficiently fine-tuning in Sec 2. The overall

training pseudo-code is shown in Supplementary A.

4.1. Identifying the Forget Set
Unlike standard MU tasks with a predefined forget set, we

need to manually identify mismatched samples from CLIP’s

training data to construct it. As pre-trained CLIP has shown

strong representation capability, we propose using the basic

similarity score to obtain�FG and�RT , i.e.,

ωi =
1

2

[
exp (

〈
vi, ti

〉
/τ)∑N

j=1 exp (
〈
vi, tj

〉
/τ)

+
exp (

〈
ti,vi

〉
/τ)∑N

j=1 exp (
〈
ti,vj

〉
/τ)

]
.

(2)

By comparing (vi, ti) with other cross-modal samples in the

batch, ωi serves as a clean confidence that measures the ex-

tent of semantic match. Then, we select pairs with the low-

est P% of ωi within the batch as false positives to construct

the forget set �FG, while treating the remaining in-batch

pairs as the retained set�RT .

Note that �FG and �RT are dynamically selected at

each batch, which enjoys two merits: 1) CLIP could be effi-

ciently updated with one intra-batch optimization; 2) The

forget-retain ratio could be flexibly adjusted through the

predefined parameter P .

4.2. Learning Hardest Negative Semantics
To guide CLIP with an explicit unlearning direction, we aim

to learn the hardest negative semantics as supervision. In-

tuitionally, for an irrelevant pair (vi, ti) that misleads the

model with ‘vi and ti are matched’, we encourage the

model to forget this information by relearning that ‘vi and
ti are not matched’. From a data utilization viewpoint, this

paradigm is similar to negative learning[25] that supervises

the model with complementary information [18], i.e., push-

ing the candidate away from other unpaired samples. Dif-

ferently, our method seeks the hardest negative information

to avoid uncertain optimization directions.

To achieve this, we incorporate a set of learnable vec-

tors to represent the textual negative semantics inspired by

prompt learning [51]. Specifically, for any training pair

(vi, ti), the token features of ti are combined with m shared

prompt vectors to present the corresponding negative se-

mantics tNeg
i in the feature space. While such prompt-

driven semantic negation of CLIP has demonstrated success

in out-of-distribution detection [29, 43], existing methods

are confined to closed-set downstream tasks with limited

category concepts. In contrast, our challenge lies in ex-

tending the semantic opposite operation into the open-set

knowledge that CLIP pre-trained.

Intuitively, the hardest negative satisfies two constraints

in the feature space: 1) tNeg
i needs to maximize its distance

from vi and ti; 2) tNeg
i should maintain certain similarity to

those unpaired images, as it is not a wrong description [43]

despite being semantically irrelevant to vj . Furthermore, we

only use�RT to learn the prompt tokens to avoid overfitting

caused by noisy correspondence. For notation simplicity,
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(a). Maximize -distance (b). Similarity Bound (c). Relation Opposite

Figure 2. Illustration of the optimization objective to learn the hardest negative semantics. (a) Previous attempts that directly maximize

the L2 distance prevent tNeg
i from providing certain guidance for unpaired images, e.g., vk. (b) We bound the similarity with margins for

a more relaxed semantic separation, but it may lead to uncertain targets, e.g., tNeg
i and tNeg′

i . (c) We further preserve relation structures

for precise objectives. The intuition is that the opposite text should also maintain semantic relationships, e.g., 〈ti, tNeg
j 〉 ≈ 〈tj , tNeg

i 〉.

we denote Ñ as the size of RT within each batch. Based

on the above insights, we propose the following intra-modal

and cross-modal training objectives.

Text Relation Opposite. It encourages semantic sepa-

ration between the embeddings of negative text and its

original. Most previous works [29, 43] typically reduce

the per-instance similarity gap among textual pairs, e.g.,

‖ti−tNeg
i ‖2 → 2 [43] to directly maximize its L2 distance.

However, such rigid constraint incurs a crucial limitation in

the open-set semantic space—enforcing maximal distance

pushes tNeg
i away from unpaired images (Fig. 2(a)), which

is contrary to our objective. To this end, we propose a re-

laxed similarity bound to constrain the semantic separation:

Lsep =
1

Ñ

Ñ∑
i=1

(
[α−〈ti, tNeg

i 〉]++[〈ti, tNeg
i 〉−β]+

)
, (3)

where α < 0 and β < 0 are the margin parameters to lo-

cate 〈ti, tNeg
i 〉 ∈ [α, β], and [x]+ = max(x, 0) is the hinge

function. As illustrated in Fig. 2(b), although minimizing

Eq.(3) enables tNeg
i to be distant from ti while remaining

relatively similar to unpaired images, the broad range of

variations makes training convergence difficult. To address

this issue, we propose to perform semantic opposite at the

relation level instead of the instance level, which is achieved

by preserving the geometrical structures among all negative

and original text within the batch:

Lrel =
1

Ñ

Ñ∑
i=1

Ñ∑
j=1

(〈ti, tNeg
j 〉 − 〈tj , tNeg

i 〉)2. (4)

As shown in Fig. 2(c), regularizing the negative-original re-

lation consistency can guide tNeg
i toward a precise location

in the feature space.

Image-text Matching Opposite. It aims to model the

alignment between the embeddings of negative text and im-

ages. As discussed, tNeg
i provides positive supervision to

unpaired images while separating from its paired image,

which presents opposite matching patterns to the normal

contrastive objective. To achieve this, we take inspiration

from Sigmoid loss [49] that efficiently supports such multi-

positive alignment. Specifically, it guides per cross-modal

pair independently by the binary matching target:

Litm =
1

Ñ

Ñ∑
i=1

Ñ∑
j=1

(
log

1

1 + exp(mij(−〈ti,vj〉/τ))

+ log
1

1 + exp(−mij(−〈tNeg
i ,vj〉/τ))

)
,

(5)

where mij equals 1 for i = j and −1 for i �= j. In Eq.(5),

the first part follows the standard one-to-one matching to

retain the original CLIP knowledge, while the second part

utilizes the opposite binary target, i.e., −mij , to bring tNeg
i

closer to multiple images.

With the visual encoder frozen, the overall loss for learn-

ing the hardest negative semantics is balanced by a scaling

factor λ and given by:

LHN = λ(Lsep + Lrel) + Litm. (6)

4.3. Hardest-Negative Guided Noise Unlearning
The hardest negative semantics serve dual purposes in eras-

ing the learned noisy correspondence: 1) guide CLIP to

unlearn the false positive pair (vi, ti) by matching vi with

tNeg
i . 2) While for the well-matched pair (vi, ti), t

Neg
i as-

sists in inferring the soft alignment among unpaired data to

unlearn the false negative pattern. To efficiently fine-tune

CLIP, we formalize such twin goals unlearning process into

one unified Optimal Transport problem.

Optimal Transport. OT seeks to establish a flexible

alignment between images and captions by computing a
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Figure 3. Overview of the Noisy Correspondence Unlearning process. With the learned negative prompt frozen, we formulate an

optimal transport problem guided by the hardest negative and then use the solved transport plan to robustly fine-tune the model ft and fv .

minimal-cost transport plan, where the cost refers to the

expense of transporting mass from source to target distri-

bution and is generally set to a distance measure [15]. Let

C ∈ R
N×N
+ denotes the cost matrix for the mini-batch,

where [C]i,j = 1− 〈vi, tj〉 is the cosine distance of vi and

tj . Γ ∈ R
N×N
+ denotes the corresponding transport plan

that [Γ]i,j represents the alignment probability between vi
and tj . Formally, the objective of OT is defined as follows:

min
Γ∈Π(μ,ν)

〈Γ,C〉 − εH(Γ)

s.t. Π(μ,ν)={Γ∈R
N×N
+ |Γ N = μ,Γ�

N = ν},
(7)

where N denotes a N -dimensional all-one vector, μ,ν ∈
R

N are probability measures representing the relative im-

portance of each image and caption. Without prior knowl-

edge, μ = 1
N N and ν = 1

N N are considered to be uni-

formly distributed since each pair is sampled independently.

H(Γ) is an additional entropy regularizer controlled by the

smooth parameter ε, which enables the OT objective to be

solved by the rapid Sinkhorn-Knopp algorithm [6].

Boosting OT via Hardest Negatives. To endow the trans-

port plan with dual forgetting purposes, we reformulate

Eq.(7) by imposing guidance from the hardest negative in-

formation. Specifically, for each image vi, we extend its

transport target from {ti}Ni=1 to include its paired negative

text tNeg
i . As shown in Fig. 3, the negative text composes

a new alignable column for the transport objective, which

append the cost matrix C to C̄ ∈ R
N×(N+1)
+ , i.e.,

[C̄]i,N+1 = 1− 〈vi, t
Neg
i 〉, [C̄]i,j = [C]i,j , ∀i, j ∈ [1, N ].

For the two parts FG and RT within each batch, the

hardest negative should impose different guidance for dis-

tinct unlearning goals. To this end, we propose a mask-

base constraint to the corresponding transport plan Γ̄ that

regulates the effect of tNeg
i . Specifically, the mask matrix

M ∈ R
N×(N+1)
+ satisfies that

[M ]i,j =

⎧⎪⎨
⎪⎩

0, if (vi, ti) ∈ FG and j = i,

0, if (vi, ti) ∈ RT and j = N + 1,

1, otherwise.

(8)

For the toy example illustrated in Fig. 3, if the pair is consid-

ered to be mismatched, the transport mass between vi and

ti should be constrained to zero. Conversely, for the well-

matched pair, tNeg
i acts as a lower limit where the transport

mass between vi and tj should be higher than it. Following

the solver from [15], we model the mask constraint as the

Hadamard product form that Γ̂ = M � Γ̄, and the opti-

mal alignment is formulated as (detailed Sinkhorn solution

is presented in Supplementary B):

Γ̂∗ = argmin
Γ̂∈Π(μ,ν̄)

〈Γ̂, C̄〉 − εH(Γ̂), (9)

where ν̄ = 1
N+1 N+1 to satisfy the additional column.

The Unlearning Objective. Although Γ̂∗ provides the

more refined alignment, we suggest further incorporating

an identity-like matrix I for two merits. First, diagonal el-

ements are set as 1 for true positives to retain the initial

alignment. Second, [I]i,N+1 = 1 to enhance the unlearning

for the possible false positive (vi, ti) ∈ FG. Thus, the

overall alignment balanced by the factor γ is defined as:

T = γΓ̂∗ + (1− γ)I. (10)

To fine-tune CLIP with this soft alignment, we use the KL

divergence to optimize the matching distribution. Formally,

we denote the batched similarity matrix as P ∈ R
N×(N+1)

where Pi = [〈vi, t1〉, . . . , 〈vi, tN 〉, 〈vi, t
Neg
i 〉]�. We ob-

tain P v2t
i and P t2v

i by applying row-wise and column-wise

softmax operation to P , respectively. Correspondingly, let

T v2t
i and T t2v

i be the row-wise and column-wise normal-

ized refined alignment for the i-th sample, respectively. The
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OT-guided re-aligning is defined as:

Lotr =
1

N

N∑
i=1

KL(T v2t
i ‖P v2t

i )+
1

N + 1

N+1∑
i=1

KL(T t2v
i ‖P t2v

i ).

(11)

Moreover, we empirically observe that preserving the tex-

tual semantic separation term can make the unlearning more

stable. Thus, the final unlearning objective is defined as:

LUL = Lotr + Lsep. (12)

5. Experiment
In this section, we experimentally analyze the effectiveness

of NCU in unlearning the NC knowledge from CLIP.

5.1. Setup
Datasets. Our experiments are conducted on three vision-

language datasets at different scales and noise: Concep-

tual Captions 3M (CC3M) [39], Conceptual Captions 12M

(CC12M) [4], and YFCC15M-R (provided by [14], an

LLM-recaptioned subset from the YFCC100M [42]). All

datasets are web-crawled and contain an unknown portion

of NC pairs, e.g., CC3M is estimated to include at least

3% false positives. We evaluate NCU on ImageNet and

15 common downstream datasets for classification perfor-

mance and on MSCOCO and Flickr30K for retrieval capa-

bility. Details for datasets are shown in Supplementary C.

Unlearning Details. Following CLIP, we consider two

architectures for the image encoder, i.e., ViT/B16 and

ViT/B32, while the text encoder adopts the transformer ar-

chitecture. We consider a CLIP pre-trained on dataset �,

e.g., CC3M, CC12M, or YFCC15M-R, as our reference

model, then we perform the NC unlearning on � or its

subset to enhance CLIP’s robustness. For all experiments,

we allocate 2 epochs for learning negative semantics and 8

epochs for noise unlearning. All models are trained with a

batch size of 2,048 on 16 NVIDIA V100 GPUs. Detailed

training settings are presented in Supplementary D.

Evaluation Protocol. We evaluate NCU’s transferabil-

ity with Zero-Shot (ZS) classification accuracy and Lin-

ear Probing (LP) accuracy. For ZS classification, we fol-

low CLIP’s [37] prompt templates to compute distances be-

tween class text embeddings and image features. For LP,

we follow the mainstream setting [8, 37] that trains a lin-

ear classifier using L-BFGS on features extracted from the

frozen image encoder. Besides, we evaluate the retrieval

performance with the Recall at rank K (R@K) metric.

5.2. Evaluation on Diverse Downstream Tasks
To verify the generalization of NCU, we compare it with

CLIP on three different types of downstream tasks.

Zero-Shot Transfer. We compare the zero-shot perfor-

mance of CLIP and NCU on 16 popular image classifica-

tion datasets. We follow the prompt templates suggested in

the CLIP paper [37] to form each class name into a nat-

ural sentence. As demonstrated in Tab. 1, our NCU ap-

proach significantly outperforms the baseline CLIP model

on both ImageNet and other downstream datasets. Specif-

ically, across all fine-tuning datasets and all model archi-

tectures, NCU gains in the range of 2.8% ∼ 4.1% in top-1

accuracy on ImageNet and 2.5% ∼ 4.0% on average over

the other downstream datasets. This reveals that NCU can

successfully eliminate the impact of NC on CLIP by robust

fine-tuning with the same dataset.

Image-Text Retrieval. We present the zero-shot cross-

modal retrieval performance on the testing set of Flickr30K

(1K) and MSCOCO (5K) in Tab. 2. Our method consider-

ably outperforms the vanilla CLIP in almost all cases. For

instance, when fine-tuning CLIP (ViT-B/32) pre-trained on

the CC3M dataset, our NCU method achieves a 7.7% im-

provement in average recall scores on Flickr30K and 4.8%
improvement in average recall scores on MSCOCO. This

finding indicates that NCU can remarkably enhance the

alignment of images and text in the embedding space.

Linear Probing. Tab. 3 reports the linear probing perfor-

mance on 4 representative downstream datasets. Our NCU

consistently surpasses CLIP in the vast majority of cases,

suggesting that the visual embeddings learned by our NCU

are more effective and transferable than CLIP.

5.3. Compared to Robust Methods
In this section, we compare NCU with other robust-

designed techniques against NC on zero-shot ImageNet1K

classification task, i.e., gradient ascent (GA), and SoftCLIP

[11]. Specifically, we evaluate GA as a standalone method,

where −LCLIP is performed on �FG for handling FPs

and LCLIP with label smoothing is performed on�RT for

FNs. SoftCLIP is a noise-robust SOTA method that trains

CLIP from scratch by additional intra-modal guided align-

ment, i.e., ROI features. As shown in Tab. 4, although GA

is a naive unlearning strategy, it still achieves observable

performance gains. Meanwhile, SoftCLIP’s self-similarity

modeling fails to excavate supervision from false positives,

which may explain why it performs worse than GA in

some cases, e.g., CC12M with ViT-B/32. By contrast, our

NCU achieves solid improvements by forgetting both false

positives and false negatives, outperforming SoftCLIP by

1.1% ∼ 2.3% without external guidance.

5.4. Ablation Study
To investigate the effectiveness of specific components in

our method, we carry out some ablation studies on Ima-
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Model Architecture: ViT-B/16

CC3M
CLIP 52.3 55.2 24.1 10.9 1.0 50.1 11.9 11.1 6.9 12.9 19.5 25.0 13.5 0.8 81.7 25.1 16.0

NCU 59.1 54.3 28.8 12.3 1.1 50.1 14.1 14.8 7.4 16.3 22.8 32.3 21.7 1.5 86.3 28.2↑3.1 20.0↑4.0
CC12M

CLIP 77.0 66.5 38.3 21.2 2.5 47.7 33.4 51.9 7.3 64.2 39.0 44.7 21.2 25.5 91.4 42.1 40.6

NCU 80.9 79.3 49.1 23.2 2.7 48.0 31.7 52.7 10.1 66.5 41.9 52.6 28.6 29.0 93.2 46.0↑3.9 43.4↑2.8
Model Architecture: ViT-B/32

CC3M
CLIP 47.7 54.2 18.0 7.6 1.2 50.1 9.3 9.1 6.0 7.4 16.2 16.0 15.5 0.8 77.7 22.5 11.8

NCU 53.0 56.7 25.9 10.4 1.7 50.1 10.2 10.5 6.5 10.5 19.0 22.2 16.7 1.4 80.1 25.0↑2.5 14.6↑2.8
CC12M

CLIP 76.3 68.2 35.2 16.1 2.8 50.1 29.3 37.6 6.4 54.1 30.1 39.2 22.5 14.8 90.8 38.2 33.8

NCU 80.4 68.5 41.4 19.3 2.6 52.8 28.6 43.4 7.2 62.4 35.7 48.3 31.3 18.1 92.5 42.2↑4.0 36.7↑2.9
YFCC15M-R

CLIP 53.7 67.0 34.4 13.1 1.1 49.3 22.1 18.6 11.0 13.5 20.3 29.3 23.0 1.7 83.7 29.5 17.8

NCU 58.2 69.5 37.8 15.3 1.8 49.9 29.2 23.7 11.2 16.1 23.1 34.0 23.3 1.8 86.7 32.1↑2.6 21.9↑4.1

Table 1. Zero-shot transfer evaluation of different models.

Dataset Architecture Model

Flickr30K 1K Testing MSCOCO 5K Testing

Image-to-Text Text-to-Image
Average

Image-to-Text Text-to-Image
AverageR@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

CC3M
ViT-B/16

CLIP 27.6 54.2 65.8 19.0 40.5 51.3 43.1 12.8 30.9 42.7 9.7 25.4 35.2 26.1

NCU 32.1 60.7 71.9 25.2 49.5 61.0 50.1↑7.0 15.8 36.9 48.4 12.1 29.7 40.1 30.5↑4.4
ViT-B/32

CLIP 14.0 35.2 47.7 11.5 27.9 37.8 29.0 7.0 20.1 28.9 6.0 16.7 24.0 17.1

NCU 21.3 44.5 55.7 15.7 36.3 46.4 36.7↑7.7 10.7 25.7 35.4 8.1 21.3 30.2 21.9↑4.8
CC12M ViT-B/32

CLIP 50.3 77.2 85.9 37.9 64.8 74.2 65.1 26.8 54.0 65.9 20.0 42.4 54.2 43.9

NCU 53.0 77.3 85.0 38.4 66.6 76.7 66.2↑1.1 28.2 54.7 66.7 20.0 42.8 54.3 44.5↑0.6
YFCC15M-R ViT-B/32

CLIP 57.4 81.6 89.1 40.8 66.4 75.4 68.5 35.0 60.9 71.8 22.6 46.0 58.0 49.1

NCU 58.0 83.2 89.7 42.5 69.9 78.8 70.4↑1.9 34.3 62.0 73.5 24.6 49.0 60.8 50.7↑1.6

Table 2. Zero-shot cross-modal retrieval evaluation of different models.

Dataset Architecture Model
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CC3M

ViT-B/16
CLIP 54.38 62.20 54.36 48.13

NCU 55.60 62.85 54.74 49.90

ViT-B/32
CLIP 46.96 52.30 46.96 40.20

NCU 48.20 52.82 46.85 41.49

CC12M

ViT-B/16
CLIP 70.94 82.83 78.99 66.70
NCU 71.36 84.76 79.18 66.65

ViT-B/32
CLIP 66.05 78.41 70.12 59.19

NCU 66.63 78.63 70.76 60.34

YFCC15M-R ViT-B/32
CLIP 60.46 61.90 59.09 51.07

NCU 60.75 62.85 60.46 52.29

Table 3. Linear probing comparison of different models.

geNet1K with models unlearned on CC3M. We first ab-

late the contributions of two key components of NCU, i.e.,

negative prompt and text relation opposite. Specifically, in

the variant V1, we replace the learnable prompt tokens by

prepending some textual negative prefixes to raw captions,

e.g., ‘the image has no’ or ‘this picture lacks’. In the variant

V2, we use maximal L2 distance loss [43] as a substitute for

our text relation opposite. Besides, we validate the impact

of different NC unlearning by intervening with the refined

Dataset Model
Model ImageNet1K

Architecture ZS top-1

CC3M

CLIP

ViT-B/16

16.0

Gradient Ascent 16.7 ↑0.7
SoftCLIP 18.9 ↑2.9
NCU 20.0 ↑4.0

CC3M

CLIP

ViT-B/32

11.8

Gradient Ascent 12.1 ↑0.3
SoftCLIP 13.3 ↑1.5
NCU 14.6 ↑2.8

CC12M

CLIP

ViT-B/16

40.6

Gradient Ascent 41.6 ↑1.0
SoftCLIP 42.1 ↑1.5
NCU 43.4 ↑2.8

CC12M

CLIP

ViT-B/32

33.8

Gradient Ascent 35.1 ↑1.3
SoftCLIP 34.4 ↑0.6
NCU 36.7 ↑2.9

Table 4. Zero-shot top-1 performance on ImageNet1K.

alignment, i.e., V3 and V4. As shown in Tab. 5, we observe

that: 1) Using negative textual prefixes also shows competi-

tive results, demonstrating the generalization of our method.

However, we argue that the learnable prompt is preferable,

except for performance gains, operating to features makes
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Model
ImageNet1K ZS top-1

ViT-B/16 ViT-B/32

NCU 20.0 14.6
V1 (w/o Hardest Negative Prompts) 19.3 ↓0.7 14.4 ↓0.2
V2 (w/o Text Relation Opposite) 18.8 ↓1.2 13.9 ↓0.7
V3 (w only False Negatives Unlearning) 17.7 ↓2.3 13.5 ↓1.1
V4 (w only False Positives Unlearning) 19.2 ↓0.8 14.3 ↓0.3

Table 5. Ablation studies on zero-shot transfer task (ImageNet1K)

of models unlearned on CC3M.

it possible for NCU to extend to modalities beyond text.

2) Simply maximizing the distance between negative and

original text embeddings leads to suboptimal performance,

which aligns with our analysis in Fig. 2. 3) Both types of

NC impair CLIP’s performance, among which the false pos-

itive causes a more severe impact. While NCU achieves the

best performance by forgetting such noisy knowledge.

Figure 4. Effect of NCU with varying fine-tuning dataset sizes on

zero-shot image classification and cross-modal retrieval.

5.5. NC Unlearning with Partial Data

In this section, we conduct an interesting study to verify

whether CLIP can improve robustness by only unlearning

NC with a portion of the pre-trained data. To this end, given

a CLIP pre-trained on CC3M as the reference model, we

evaluate NCU using different data portions ranging from

0.5 million to 3 million image-text pairs. Fig. 4 plots the ZS

top-1 accuracy on ImageNet1K and the average of recalls on

MSCOCO 5K. Remarkably, even when unlearning on less

than 20% of the original data (0.5M), NCU achieves sig-

nificant performance gains while preserving overall knowl-

edge learned in CC3M. With the accessible data increas-

ing, NCU shows consistent improvements on both zero-shot

downstream tasks. This phenomenon indicates NCU’s flex-

ibility in enhancing the robustness of models with limited

data, which is valuable to handling VLMs pre-trained with

partially private or proprietary data.

(a) NCU (b) CLIP

Figure 5. Similarity scores distribution of positive and negative

pairs from CLIP and NCU. Both models are based on ViT/B16

and learning from the CC3M training set.

5.6. Visualization and Analysis
To intuitively show the robust embedding space that is re-

fined by our approach, we plot the distribution of normal-

ized similarity for CLIP and NCU on the validation set of

CC3M. In Fig. 5, we illustrate similarity scores for positive

pairs, mean of negative pairs, and top 5% maximum of neg-

ative pairs. First, we observe that NCU produces a wider

distribution of positive similarity scores, capturing more

fine-grained matching degrees among positive pairs. Sec-

ond, NCU improves the feature discrimination, which leads

to a more significant separation between positive and neg-

ative pairs. Lastly, NCU provides more appropriate mea-

sures for hard negatives, which maintains separation from

both positive and other negative pairs.

6. Limitations and Future Works

Our work still has certain limitations due to the finite com-

puting capability, including 1) This work only uses CLIP

to explore the efficacy of NCU. Further research is needed

to confirm its applicability in other VLMs, such as BLIP-

2 [28], and even larger VLMs like VisionLLM [45] or In-

ternVL [5]. 2) The current experiments are mainly con-

ducted on million-scale data, and we plan to extend it to

larger-scale datasets to verify NCU’s generalization.

7. Conclusion

This work provides a new thinking in robust vision-

language learning. Instead of re-training models from

scratch, we suggest eliminating the harmful effects of noisy

correspondence from pre-trained models. To this end, we

propose NCU, a robust fine-tuning framework that effi-

ciently unlearns noisy correspondence in CLIP. Our key

concept is to learn the hardest negative information that

can provide explicit unlearning direction to resist both FP

and FN. We formalize such twin goals unlearning process

into one unified OT problem for fast fine-tuning. Extensive

experiments are conducted to verify that NCU can endow

CLIP with strong robustness against noisy correspondence.
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