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Abstract

The rapid advancements in Transformers and the avail-
ability of high-quality multimodal datasets have enabled
deep neural networks to achieve remarkable performance
in vision and language tasks. However, catastrophic for-
getting and the long-tailed distribution of real-world data
make it non-trivial to apply these advances in real-world
applications. We propose to explore the internal struc-
ture of the neural network for modeling and utilizing re-
lationships between multimodal samples. Specifically, we
introduce RetFormer, which incorporates a retrieval cross-
fusion module connected to an external knowledge base.
RetFormer establishes a robust relationship between image
and text modalities by integrating information from external
knowledge bases into the model’s decision-making process,
thus overcoming the limitations of traditional approaches
on fine-tuning paradigm and datasets. Our experiments
demonstrate the benefits of integrating large-scale image-
text datasets into vision tasks and exemplify the importance
of modeling the relationship between image and text modal-
ities. We have evaluated our approach on long-tailed recog-
nition and learning with noisy labels and have shown that
it achieves state-of-the-art accuracies.

1. Introduction
The conjunction of large-scale Transformers with exten-
sive pre-trained datasets has met with significant success
in both vision and NLP domains. Large language mod-
els such as GPT series [29] and LLaMA series [40], along
with multimodal large language models like Gemini [38],
and Claude 3 [1], have demonstrated state-of-the-art per-
formance across various downstream tasks, owing to their
robust capabilities in understanding, reasoning, and gener-
ation. According to the scaling law [17], extensive multi-
modal and multilingual datasets such as LAION [33] and
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DataComp [10] are as important as large Transformers.
However, this approach relies on high-quality training sam-
ples and a large number of model parameters, while catas-
trophic forgetting further complicates its deployment in
real-world scenarios.

In the training of large-scale Transformers, world knowl-
edge is implicitly encoded within the vast number of model
parameters, which can exacerbate certain challenges in-
herent in the current machine-learning paradigm. These
challenges include catastrophic forgetting, difficulties in
model updating, limited interpretability, and scalability is-
sues. Furthermore, real-world data often features a long-
tailed distribution along with noisy labels. These issues
often occur simultaneously, complicating the estimation of
the true distribution of the dataset. While previous re-
search [44, 51] efforts aimed at addressing these challenges
have made significant contributions, most of them have
been limited to image-centered solutions [43], and the inte-
gration of retrieval-augmented into the field of vision recog-
nition also remains an underexplored area. It remains a
formidable challenge to devise a unified, flexible, and po-
tent approach that can model the relationships among sam-
ples for robust representation learning without resorting to
the simplistic strategy of merely increasing the number of
model parameters.

As illustrated in Figure 1 (c-e), we apply k-NN search
to a query image in the external knowledge base. For
samples of the same class in the search results, the im-
age modality presents concrete low-level invariant features
(e.g., shape, color, texture), and the textual modality usually
contains much high-level and abstractly relevant informa-
tion. Even samples from different classes may share trans-
ferable knowledge with the query image across both image
and text modalities. There may also be optional semantic
information in the textual modality for noisy labels. In ad-
dition, textual descriptions are a priori knowledge that can
be summarized by experts, which may be useful when there
are not enough images to learn a general class representa-
tion for recognition.
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Figure 1. Compare previous methods with ours and the knowledge contained in the different retrieved content. (a) Previous methods
focus only on image modalities and have a large number of model parameters, while (b) our method retrieves multimodal information from
the knowledge base. (c) and (d) give intuitive explanations for the correlations and differences between the image and text modalities. (e)
describes useful knowledge that can be retrieved from the knowledge base.

We propose an alternative perspective based on the above
insights. As shown in Figure 1 (b), instead of statically
compiling world knowledge into model weights, we con-
struct an external image-text pair knowledge base for stor-
ing world knowledge and then utilize a retrieval module
to identify and obtain relevant knowledge from a prede-
fined knowledge base, modeling the effective relationships
between image and text modalities, which is then used
to enhance the model’s predictive power. We overcome
the limitations of traditional methods on fine-tuning-based
paradigm and training datasets by seamlessly integrat-
ing information from external databases into the model’s
decision-making process. This semi-parametric approach
enables the model to incorporate external knowledge to im-
prove its understanding and predictive capabilities.

To evaluate our approach, we focus on long-tailed recog-
nition and learning with noisy labels, which are challenging
and meaningful tasks. We conduct extensive experiments
on five datasets: CIFAR-100-LT [4], ImageNet-LT [23],
Places-LT [23], iNaturalist 2018[41], and a real-world noisy
dataset WebVision [21].

In conclusion, our primary contributions are fourfold:
(1) We analyze and highlight the interplay and distinc-

tions between image and text modalities within the con-
text of retrieval augmentation in vision, noting that the text
modality can complement retrieval content, which aids in
long-tailed recognition and learning with noisy labels.

(2) We introduce a new image-text retrieval-augmented
framework called RetFormer, which utilizes an external
knowledge base to model the relationship between text and
image knowledge, thereby enhancing the performance of
the model without incurring significant computational over-
head.

(3) We validate RetFormer through extensive experimen-

tation on CIFAR-100-LT, ImageNet-LT, Places-LT, iNatu-
ralist 2018 and WebVision, demonstrating its superior per-
formance over existing state-of-the-art methods.

(4) We provide an intuitive explanation for the effective-
ness of this approach from a theoretical perspective based
on gradient propagation.

2. Related Work
Data Scarcity Learning. Learning with imperfect train-
ing data has proven to be a very challenging task and has
been explored in a variety of data-scarce tasks. Long-tailed
recognition is one of the key problems. Most of the so-
lutions are variants of the core idea of “adjustment” (e.g.,
re-weighting [3, 12]). Learning with noisy labels is another
important task. The main methods revolve around filtering
noisy labels, including but not limited to representation cal-
ibration [51] and Dynamic Loss [15]. Some methods com-
bine multiple techniques (e.g., Sel-CL+ [20]).

Sample Relationship. There are diverse and tight re-
lationships between different samples, and these relation-
ships are widely used through various types of strategies.
Mixup [50] introduces prior knowledge to the model by
performing simple linear mixing between training samples.
Some approaches via investigating sample/class relation-
ships to conduct transductive inference (e.g., meta embed-
ding [53]). BatchFormer [13] applied a vanilla Transformer
encoder into the batch dimension of each mini-batch to im-
plicitly explore sample relationships during training.

Retrieval augmented in vision. Recent approaches in
computer vision perform various tasks by retrieving from
external memory[22, 31, 32, 46, 49, 52]. [28] store feature
maps from the training set in the memory, and perform k-
NN for classification. RDM [2] retrieves nearest neighbors
from a memory for generative vision models. RAC [24]

2705



?

k-NN
Search

Image
Encoder

Text
Encoder

Image
Encoder

��

��

��

��

��

��

��

��

��

��

��

��

Linear

FC

class

Query Image

FC
A photo of indigo bunting.

A goldfish with red scaled. 

A bald eagle standing on  branch.

...

...

Knowledge Base

...

Dot Product

Element-wise Add

Image Embedding

Text Embedding

M
LP

Figure 2. Overall architecture of RetFormer First, the image encoder maps the query image to an embedding. The image embedding will
go through two branches, in the first branch the embedding goes through a simple MLP, in the second branch the image embedding first
retrieves the relevant information from the knowledge base and then the contribution of each part is calculated by the retrieval cross-fusion
module. The outputs of both branches are merged and trained by the same loss function.

uses only the training dataset itself as an external source of
information and extracts embeddings of relevant text seg-
ments with the pre-trained CLIP model. MAM [14] consid-
ers texts to be of different importance from each other and
introduces an additional dataset.

Our work is different in that we consider that both image
and text modalities possess exploitable knowledge. There-
fore, we propose to make the neural network itself capa-
ble of learning multimodal sample relationships based on
the maximum inner product search algorithm. Experiments
show better robustness of our novel framework across mul-
tiple tasks.

3. Method

3.1. Preliminaries
We consider a supervised classification problem. The model
has access to an imbalanced set of N training samples S =
(xi, yi)

N
i=1, where N is the sample size, xi denotes the i-

th instance and its label yi ∈ RC , where C is the number
of classes. Let the number of training data belonging to
k-th class be nk. Without loss of generality, we assume
that the classes are sorted in decreasing order, based on the
number of training data in each class, i.e., n1 ≥ ... ≥ nC .
Afterward, all classes can be divided into two parts: head
classes (referred to as Gh) and tail classes (referred to as
Gt).

As shown in Figure 1 (a), in previous approaches, the
model uses a vision encoder to map the input image xi to a
d-dimensional vector zi. The vector zi is usually converted
to the class logits by a classifier h. The output of the model

can be defined as:

f(xi) = h(εvis(xi)) = h(zi), (1)

The model parameters are trained by minimizing supervised
loss function, such as cross-entropy, or LACE [3] loss when
the training data is imbalanced.

3.2. RetFormer
Retrieving from an external knowledge base enables Ret-
Former to incorporate external knowledge to enhance its
performance. We describe the retrieval augmented classi-
fication and each of RetFormer’s components in detail in
this section.

3.2.1. Retrieval augmented classification
Typically, a classification model is trained in a downstream
task to make predictions considering only the image xi in
the dataset. The image xi is passed through the vision en-
coder to produce image representations and ultimately out-
put class logits by the classifier.

Retrieval augmented classification aims to train more ro-
bust and accurate models by utilizing relevant information
from the external knowledge base. We introduce an addi-
tional knowledge base D = {(Ii, Ti)}Li=1, consisting of im-
ages Ii and corresponding text descriptions Ti in the dataset.
More specifically, in addition to xi, the model’s predic-
tion now depends on D. Note that D is independent of
S, which means that D is a database containing additional
world knowledge, so we do not assume that D contains the
class labels of S.
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For predicting the logits of a given image xi, we con-
struct a subset of D that is most relevant to xi for improving
the performance of the network. Then, two frozen encoders
εI and εT act on the image and text in D to convert them
into embeddings as shown in Eq. (2), where εI is the vision
encoder and εT is the text encoder:

EI
i = εI(Ii), E

T
i = εT (Ti), (2)

Let VD = {(EI
i , E

T
i )}Li=1 be the set of feature embeddings

of each pair of instances in D. We compute the cosine sim-
ilarity between zi and each embedding EI ∈ VD to find
the k-nearest neighbors. The top-k ranked embeddings and
query image embedding are then used for the output logits:

f(xi) =
τ

2
(LI + LR)

=
τ

2
(MLP (zi) + h(r(zi, VNN(zi;VD)))),

(3)

Here, LI and LR are the logits based on the query image
and retrieval module, respectively. MLP (·) denotes two
linear layers with a ReLU in the middle. r(·, ·) is a retrieval
module and will be discussed in Section 3.2.2. VNN(zi;VD)

denotes top-k ranked embeddings of zi from VD, τ serves as
a balancing coefficient to control the relative contributions
of the backbone and retrieval branches.

3.2.2. Retrieval cross-fusion module

The vectors in VNN are multi-classes and multi-modal, so it
is important to model the relationship between each vector
in the VNN and the query vector. We propose to compute
the attentional weights between the query vector zi and the
retrieved VNN to model these relationships. These vectors
are mapped from the CLIP encoders into the same feature
space to learn the contribution of each vector in the VNN .

First, we concatenate the vector zi with the vectors in
the VNN to get image embeddings EI

NN ∈ RP×D and text
embeddings ET

NN ∈ RP×D (note that the text embedding
corresponding to zi is replaced with a 0 vector to prevent
data leakage). The image embeddings EI

NN are mapped to
three image matrices: query matrix QI , key matrix KI and
value matrix VI by three linear transformations. The text
embeddings ET

NN are mapped to three text matrices: query
matrix QT , key matrix KT and value matrix VT by three
linear transformations:

QI = EI
NNWQ1,KI = EI

NNWK1, VI = EI
NNWV 1,

QT = ET
NNWQ2,KT = ET

NNWK2, VT = ET
NNWV 2,

(4)
where WQ1, WQ2, WK1, WK2, WV 1 and WV 2 ∈ RD×D.

The outputs of retrieval cross-fusion module are repre-

sented as follows:

Att(Q,K, V ) = σ(
QKT

√
d

)V,

r(zi, VNN(zi;VD)) =[Att(QT ,KI , VI) + EI
NN ,

Att(QI ,KT , VT ) + ET
NN ],

(5)

where σ(·) denotes Softmax function. 1√
d

is the scaling
factor for appropriate normalization to prevent extremely
small gradients.

Note that Eq. (5) can be repeated L times, i.e. L layers.
Let EI,(1), ET,(1) = r(zi, VNN(zi;VD)) denote the output of
the first layer. The output after L layers can be computed
as:

EI,(L) = Att(QT
L−1,K

I
L−1, V

I
L−1) + EI,(L−1),

ET,(L) = Att(QI
L−1,K

T
L−1, V

T
L−1) + ET,(L−1),

(6)

In addition, we add Position embedding and class token ref-
erences to ViT’s [8] setting prior to the input. Similar atten-
tion mechanisms are used for different purposes, such as
feature fusion [5]. Our experiments show that this atten-
tion mechanism is a good choice for retrieval augmented,
significantly outperforming other baselines.

3.2.3. Knowledge base
The knowledge base plays a crucial role in the performance
of the retrieval module. In this section, we describe in detail
the datasets used to construct the knowledge base.

Downstream dataset. Building a knowledge base di-
rectly using the downstream dataset is the most straight-
forward option. This guarantees that for each query im-
age, there will exist at least one instance of the same class.
The disadvantage of this choice is that most downstream
datasets are not rich enough in textual descriptions and may
contain only the labels of the images.

DataComp. DataComp [10] is a testbed for dataset ex-
periments centered around a new candidate pool of 12.8 bil-
lion image-text pairs from Common Crawl. We use the sub-
set of DataComp, which is the output of the Image-based
and CLIP score baseline filter at the xlarge scale of Data-
Comp and comprised of 1.4B samples.

All. To integrate world knowledge, we combined all of
the above datasets; after deduplication and filtering, there
are about 1.4 billion image-text pairs in the knowledge base.

Vectorize Knowledge base. To extract features and
compress storage, we initialize the encoder using the
parameters of the CLIP [30] pre-trained on DataComp-
1B [10] and freeze the encoder parameters when vector-
izing the knowledge base prior to training and validation.
This choice saves significant overhead and allows us to ef-
ficiently use in-memory datasets with up to 1B images. We
will calculate the complexity of RetFormer in detail in Sec-
tion 3.2.4.
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Figure 3. Explaining RetFormer in terms of gradient propagation. Blue dashed lines represent new gradient propagation among
samples.

3.2.4. Retrieval complexity
Time complexity. We use the HNSW [27] algorithm
from the Faiss [16] library to perform approximate k-NN
searches in our experiments. It has sub-linear complexity,
which means that for an in-memory dataset of N elements,
it takes O(logN). In fact, the time consumed for querying
in a 1B-element knowledge base is on the order of millisec-
onds. Since the encoder parameters are frozen, the results
of one precomputation can be reused in subsequent training
and validation, which also saves a lot of computation.

Spatial complexity. We use a fixed vision encoder in
our experiments, so we pre-calculated and saved the re-
sults for all k-NN, thus saving storage space. For exam-
ple, ImageNet-LT contains 115.8K images from 1000 cate-
gories. In our experiments, you need about 30GB of extra
space for training.

3.2.5. A Gradient View of RetFormer
To better understand how RetFormer helps representation
learning by exploring sample relationships, we also pro-
vide an intuitive explanation from the perspective of gra-
dient propagation. Intuitively, without the retrieval module,
all losses would only propagate gradients over the corre-
sponding samples and categories, i.e., one-to-one. Whereas,
in our approach, the retrieval module introduces additional
gradient signals conditioned on retrieved neighbors, as
shown in Figure 3. Specifically, given a sample x0 with
a retrieval subset DNN = {(I2i−1, T2i)}ki=1 of size k and
corresponding losses L0, L1, Li, ..., L2×k, we have:

∂L0

∂x0
:=

∂L0

∂x0
+

2k∑
i=1

∂Li

∂x0
. (7)

That is, the retrieval module brings in new gradient terms
∂Li

∂x0
. From the perspective of gradient-based optimiza-

tion, Li also optimizes the network according to samples
(I2i−1, T2i)}ki=1, which is significantly different compared

to the model without the retrieval module. In other words,
(I2i−1, T2i)}ki=1 can be thought of as virtual samples of yi,
where yi is the label of xi. We believe that the retrieval
module can be considered as a data-dependent augmenta-
tion. The retrieval module implicitly extracts virtual sam-
ples and models multimodal inter-sample relationships by
means of samples in their neighborhood distributions. From
this perspective, the retrieval module implicitly adds virtual
samples for each label yi by modeling the relationship be-
tween samples in a k-NN search. Virtual samples are useful
for tail classes because these classes lack samples. Previous
approaches [54] have shown that data augmentation helps
in long-tailed recognition and learning with noisy labels.

4. Experiments

4.1. Datasets and Implementation Details

We focus on two different image classification tasks: long-
tailed recognition and learning with noisy labels. We now
describe the datasets we used for each task.

Long-tailed Learning. We use four datasets for Long-
tailed learning: CIFAR-100-LT, ImageNet-LT, iNaturalist
2018 and Places-LT. The CIFAR-100-LT is derived from
the CIFAR-100 [19] with constructed imbalance ratios in-
cluding 10, 50, and 100. ImageNet-LT is created by acquir-
ing a subset of the original ImageNet dataset, so the num-
ber of images per class follows a long-tailed distribution.
Places-LT contains 62.5K images from 365 classes, from a
maximal 4980 to a minimum of 5 images per class. iNat-
uralist 2018 consists of 437.5K images distributed across
8142 species, with the number of images per species vary-
ing from as few as 2 to as many as 1000. In addition to
measuring overall accuracy, we adhere to the evaluation
protocol to report accuracy across three splits of classes:
many-shot (more than 100 images), medium-shot (20-100
images), and few-shot (less than 20 images).

Learning with noisy labels. For learning with noisy la-
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ImageNet-LT Places-LT

Methods Extra Data Backbone Many Med Few Overall Many Med Few Overall

Training from scratch

PaCo [7] × ResNext-101 68.2 58.7 41.0 60.0 36.1 47.9 35.3 41.2
LiVT [48] × ViT-B/16 73.6 56.4 41.0 60.9 48.1 40.6 27.5 40.8

Fine-tuning pre-trained model

TextRefiner [47] × ViT-B/16 81.7 62.4 39.4 66.7 52.7 32.7 22.7 38.0
BALLAD [25] × ViT-B/16 79.1 74.5 69.8 75.7 49.3 50.2 48.4 49.5

LIFT [35] × ViT-B/16 81.3 77.4 73.4 78.3 51.3 52.2 50.5 51.5
VL-LTR [39] ✓ ViT-B/16 84.5 74.6 59.3 77.2 54.2 48.5 42.0 50.1

PEL [34] ✓ ViT-B/16 81.3 77.4 73.4 78.3 51.3 52.2 50.5 51.5
RAC [24] ✓ ViT-B/16 80.9 76.0 67.5 76.7 48.7 48.3 41.8 47.2
MAM [14] ✓ ViT-B/16 80.6 77.5 74.5 78.3 52.4 52.0 48.5 51.4

Ours ✓ ViT-B/16 85.0 80.9 76.8 81.9 52.7 52.1 51.9 52.3

Table 1. Test top-1 accuracy (%) on ImageNet-LT and Places-LT. The best results are in bold for comparison.

bels, following the “mini” setting in [51], we take the first
50 classes of the Google resized image subset. We then test
the trained network on the same 50 classes of the WebVi-
sion and ILSVRC12 validation sets.

Implementation details. To avoid data leakage, we ini-
tialized the vision encoder using the ViT-B/16 parameters
of CLIP pre-trained on DataComp-1B instead of ImageNet-
21K. Unless otherwise stated, training lasted for 25 epochs
with a learning rate of 0.0005 and batch size of 256. The
learning rate followed a 1-epoch warm-up schedule and
then decreased at each epoch using a cosine decay sched-
ule. We use the Adam optimizer [18] with a weight decay
of 0.1. We also use label smoothing [37] and Mixup [50]
during training to prevent overfitting and improve model
generalization. For the attention module, we use L = 4.
We retrieve k = 32 examples from memory unless other-
wise stated.

4.2. Results on CIFAR-100-LT

Table in the appendix of the supplementary materials shows
the results for CIFAR-100-LT. The results clearly show
that RetFormer outperforms other methods including PEL,
LiVT, BALLAD, and various ab initio training methods.
Our method is the best among all methods that use extra
data, demonstrating the potential of retrieval-augmented in
vision tasks. The advantage of our method is more obvi-
ous when the dataset is unbalanced, which is due to the fact
that the retrieval module makes the model focus on the tail
classes appropriately. In addition, we do not compare mod-
els using ViT pre-trained on the ImageNet-21K dataset due
to data leakage that would introduce unfair comparisons.

4.3. Results on ImageNet-LT
Table 1 illustrates the top-1 accuracy of existing methods
on ImageNet-LT. Note that the pre-training of ViT-B/16 is
different between the methods. RAC and MAM use the
ViT-B/16 vision encoder pre-trained on the JFT-3B [14] and
WebLI [6]. BALLAD, VL-LTR, and PEL use the same ViT-
B/16 pre-trained with CLIP as our method.

Our method achieved the overall highest accuracy due
to the proper focus on the tailed classes. Our method out-
performs other methods that also utilize extra data. RAC
and MAM use retrieval-augmented as well, but they only
consider the relationships between image modalities, which
leads to suboptimal performance.

4.4. Results on Places-LT
Table 1 illustrates the top-1 accuracy of existing methods on
Places-LT. Although our method does not achieve the high-
est accuracy in the Many-shot and Med-shot, it achieves the
highest accuracy in the tail and overall accuracy because
the retrieval module enables the model to appropriately fo-
cus on tail classes without compromising the performance
of other classes. The performance of RetFormer in Places-
LT is not as strong as expected. We believe there are two
main reasons:

(1) Places-LT focuses on scene-oriented classification,
but textual descriptions in large knowledge bases often cen-
ter on objects. This mismatch can reduce the synergy be-
tween retrieved text and scene images.

(2) The retrieval might (in effect) overcorrect for imbal-
ances, slightly hurting the performance of classes already
well-covered.

We tested smaller k (8, 16) for Places-LT. Interestingly,
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iNaturalist 2018

Methods Extra Data Backbone Many Med Few Overall

Training from scratch

RIDE+CR [26] × ResNet-50 71.0 73.8 74.3 73.5
RIDE+OTmix [11] × ResNet-50 71.3 72.8 73.8 73.0

PaCo [7] × ResNet-50 70.4 72.8 73.6 73.2
Proco [9] × ResNet-50 74.0 76.0 76.0 75.8
GML [36] × ResNet-50 - - - 74.5
LiVT [48] × ViT-B/16 78.9 76.5 74.8 76.1

Fine-tuning pre-trained model

Decoder [42] × ViT-B/16 - - - 59.2
LIFT [35] × ViT-B/16 72.4 79.0 81.1 79.1
PEL [34] ✓ ViT-B/16 72.4 79.0 81.1 79.1
RAC [24] ✓ ViT-B/16 75.9 80.5 81.1 80.2

Ours ✓ ViT-B/16 77.8 81.1 82.0 81.1

Table 2. Test top-1 accuracy (%) on iNaturalist 2018. The best results are in bold for comparison.
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Figure 4. Ablation study on ImageNet-LT. Left: We show the effect of different k on RetFormer. Right: We show the impact of building a
knowledge base with different datasets, we set k = 32 in this experiment.

”Many” accuracy did improve marginally (0.3–0.8%),
though ”Few” classes performance dipped.

4.5. Results on iNaturalist 2018
We report the results in Table 2. Overall, our method
achieves the best performance on this challenging dataset,
surpassing RAC, VL-LTR, and LiVT. We acknowledge
that LiVT surpasses us in Many-shot performance, but its
Overall performance is far below RetFormer. Particularly,
among all methods that use extra data, our method achieved
the best performance in all classes.

4.6. Results on WebVision
Table 4 shows the results on WebVision. It can be seen that
our method achieves the best results on the top-1 accura-
cies on both the WebVision validation set and the ImageNet
ILSVRC 12 validation set compared to other state-of-the-

art methods. RCAL+ combines semi-supervised learning
algorithms, resulting in slightly higher top-1 accuracy on
ImageNet than our approach.

4.7. Ablation Study
In this section, we provide an in-depth analysis of Ret-
Former.

Modality ablation. Table 5 demonstrates the results of
the ablation study. The results show that our retrieval mod-
ule can effectively improve the accuracy of the tail class.
This is supported by the performance of CLIP full FT. On
the other hand, retrieving the image alone gives a small
performance improvement, while retrieving both text and
image improves the overall accuracy. The performance of
Ours w/ FE is explained in Section 3.2.5.

Effect of k. The impact of k on model performance can-
not be ignored. This hyperparameter controls the number of
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L Many Med Few Overall

L = 1 84.4 80.3 75.6 81.2
L = 2 84.8 80.4 76.1 81.5
L = 4 85.0 80.9 76.8 81.9
L = 8 84.9 80.9 77.1 82.0

Table 3. Ablation of L on ImageNet-LT.

Train mini-WebVision
Validate WebVision ILSVRC12
Methods Top1 (%) Top1 (%)

RoLT+ [44] 77.64 74.6
NGC [45] 79.16 74.44

RCAL+ [51] 79.56 76.32
Sel-CL+ [20] 79.96 76.84

Dynamic Loss [15] 80.12 74.76
Ours 81.7 77.3

Table 4. Top-1 test accuracy on WebVision and ImageNet valida-
tion sets.

samples retrieved from the knowledge base. As illustrated
in Figure 4 (left), we see that the performance gradually
increases up to k = 32 and stabilizes thereafter. The perfor-
mance of Many-shot decreases instead as k increases, which
may be due to the fact that the sample size of Many-shot is
sufficient for the model to find the decision boundary, and
the noisy labels introduced by too large k reduces the per-
formance instead. The performance on Few-shot is gradu-
ally stabilized as k increases, which is consistent with our
theoretical analysis in Section 3.2.5.

Impact of Knowledge base. We further analyze the im-
pact of selecting different datasets to build a knowledge
base on model performance. Figure 4 (right) shows the
performance of building a knowledge base using different
datasets. In this experiment, we set k = 32. We see that the
performance of the model gradually increases as the size
of the knowledge base increases. Among them, the rise of
the Few-shot accuracy is greater, which is in line with our
theoretical analysis.

Index ablations. We examine the effect of the index
type and recall on RetFormer’s performance and speed in
Table 6. To quantify error induced by an approximate index,
we include the accuracy on the index content itself in addi-
tion to the validation accuracy. We observe that the drop in
accuracy due to use of an approximate (HNSW) instead of
exact k-NN is also minor, but comes with a significant (3×)
speedup on large index’s. In summary, the choice of HNSW
becomes critical to ensure lookup time does not bottleneck
training.

Qualitative examples. We present some of the qualita-

Methods Many Med Few Overall

CLIP zero-shot 69.2 67.6 67.7 68.3
CLIP full FT 84.3 73.1 52.9 74.6

CLIP classifier FT 77.3 73.3 64.2 73.6
Ours w/o text 81.3 74.8 65.9 76.0

Ours w/o image 83.1 76.9 68.4 78.1
Ours w/ FE 79.3 79.0 74.6 78.6

Ours 85.0 80.9 76.8 81.9

Table 5. Comparing top-1 accuracy (%) with baselines on
ImageNet-LT. FT represents fine-tuning. FE represents freezing
the image encoder.

Index Type Recall Many Med Few Overall QT (ms)

Exact 1.00 85.0 80.9 76.8 81.9 23.34
HNSW 0.97 85.1 80.7 76.5 81.8 7.69
HNSW 0.91 84.8 79.9 74.9 81.1 5.29
HNSW 0.82 84.2 79.0 73.1 80.2 3.47
HNSW 0.65 83.1 77.7 69.7 78.7 2.41

Table 6. Index ablations on ImageNet-LT. Recall represents the
recall rate of the approximate k-NN algorithm under different set-
tings. QT indicates Query Time.

tive examples in the appendix of the supplementary materi-
als. We observed that our method assigns higher attention
weights to both relevant images and text in the k-NN list, in-
dicating that RetFormer can capture effective relationships
from two different modalities. We found that even in the ab-
sence of any relevant images, our method still benefits from
related shared knowledge.

Ablation of L on ImageNet-LT. Table 3 shows the ab-
lation of L on ImageNet-LT. L=1/2 yields 0.4–0.7% lower
accuracy, especially for the tail classes. L=4/8 results are
close; going from 4 to 8 layers yields diminishing but still
slightly positive gains (+0.11%).

5. Conclusion

We introduce RetFormer, a new multimodal retrieval-
augmented vision-language framework for long-tailed
recognition and learning with noisy labels. We emphasize
that the image and text modality of retrieved instances have
implicit intrinsic relationships, and propose to equip deep
neural networks with the ability to model these sample re-
lationships. We propose a simple, but effective, retrieval
cross-fusion module that learns multimodal sample rela-
tionships and computes their contributions. Extensive ex-
periments on a variety of long-tailed recognition and learn-
ing with noisy labels benchmarks validate that our approach
works better than well-designed vision-based methods.

2711



Acknowledgments
This work was partly supported by Ningbo Youth Sci-
ence and Technology Innovation Leading Talent Project
(2024QL044) and Ningbo Key R&D Program (2025Z047).

References
[1] Anthropic. Introducing the next genera-

tion of claude. Accessed 4 March 2021.
https://www.anthropic.com/news/claude-3-family, 2024.
1

[2] Andreas Blattmann, Robin Rombach, Kaan Oktay, Jonas
Müller, and Björn Ommer. Semi-parametric neural image
synthesis. arXiv preprint arXiv:2204.11824, 2022. 2

[3] Kaidi Cao, Colin Wei, Adrien Gaidon, Nikos Arechiga,
and Tengyu Ma. Learning imbalanced datasets with label-
distribution-aware margin loss. Advances in neural informa-
tion processing systems, 32, 2019. 2, 3

[4] Kaidi Cao, Colin Wei, Adrien Gaidon, Nikos Arechiga,
and Tengyu Ma. Learning imbalanced datasets with label-
distribution-aware margin loss. Advances in neural informa-
tion processing systems, 32, 2019. 2

[5] Chun-Fu Richard Chen, Quanfu Fan, and Rameswar Panda.
Crossvit: Cross-attention multi-scale vision transformer for
image classification. In Proceedings of the IEEE/CVF in-
ternational conference on computer vision, pages 357–366,
2021. 4

[6] Xi Chen, Xiao Wang, Soravit Changpinyo, AJ Piergiovanni,
Piotr Padlewski, Daniel Salz, Sebastian Goodman, Adam
Grycner, Basil Mustafa, Lucas Beyer, et al. Pali: A jointly-
scaled multilingual language-image model. arXiv preprint
arXiv:2209.06794, 2022. 6

[7] Jiequan Cui, Zhisheng Zhong, Shu Liu, Bei Yu, and Ji-
aya Jia. Parametric contrastive learning. In Proceedings of
the IEEE/CVF international conference on computer vision,
pages 715–724, 2021. 6, 7

[8] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Trans-
formers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020. 4

[9] Chaoqun Du, Yulin Wang, Shiji Song, and Gao Huang. Prob-
abilistic contrastive learning for long-tailed visual recogni-
tion. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2024. 7

[10] Samir Yitzhak Gadre, Gabriel Ilharco, Alex Fang, Jonathan
Hayase, Georgios Smyrnis, Thao Nguyen, Ryan Marten,
Mitchell Wortsman, Dhruba Ghosh, Jieyu Zhang, et al. Dat-
acomp: In search of the next generation of multimodal
datasets. Advances in Neural Information Processing Sys-
tems, 36, 2024. 1, 4

[11] Jintong Gao, He Zhao, Zhuo Li, and Dandan Guo. En-
hancing minority classes by mixing: An adaptative optimal
transport approach for long-tailed classification. Advances
in Neural Information Processing Systems, 36:60329–60348,
2023. 7

[12] Xiaoxuan He, Siming Fu, Xinpeng Ding, Yuchen Cao, and
Hualiang Wang. Uniformly distributed category prototype-
guided vision-language framework for long-tail recognition.
In Proceedings of the 31st ACM International Conference on
Multimedia, pages 5027–5037, 2023. 2

[13] Zhi Hou, Baosheng Yu, and Dacheng Tao. Batchformer:
Learning to explore sample relationships for robust represen-
tation learning. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 7256–
7266, 2022. 2

[14] Ahmet Iscen, Alireza Fathi, Ahmet Schmid, Cordelia,
Alireza Fathi, and Cordelia Schmid. Improving image recog-
nition by retrieving from web-scale image-text data. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 19295–19304, 2023. 3, 6

[15] Shenwang Jiang, Jianan Li, Jizhou Zhang, Ying Wang, and
Tingfa Xu. Dynamic loss for robust learning. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 2023.
2, 8

[16] Jeff Johnson, Matthijs Douze, and Hervé Jégou. Billion-
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