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Abstract. Visual prompts represent a lightweight approach that adapts
pre-trained models to downstream tasks without modifying the model
parameters. They strategically transform the input and output through
prompt engineering and label mapping, respectively. Yet, existing method-
ologies often overlook the synergy between these components, leaving the
intricate relationship between them underexplored. To address this, we
propose an Optimal Transport-based Label Mapping strategy (OTLM)
that effectively reduces distribution migration and lessens the modifica-
tions required by the visual prompts. Specifically, we reconceptualize
label mapping as a partial optimal transport problem, and introduce a
novel transport cost matrix. Through the optimal transport framework,
we establish a connection between output-side label mapping and input-
side visual prompting. Additionally, we analyze frequency-based label
mapping methods within this framework. We also offer an analysis of
frequency-based label mapping techniques and demonstrate the superi-
ority of our OTLM method. Our experiments across multiple datasets
and various model architectures demonstrate significant performance im-
provements, which prove the effectiveness of the proposed method.
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1 Introduction

As the amount of data and computational resources increases, large models
trained on extensive datasets are able to effectively capture general features [10,
18], which present impressive generalization ability on adapting to other datasets.
Following this, the ‘pretraining and finetuning’ paradigm—finetuning a pre-
trained model on unseen datasets— has achieved notable success and been with
widespread application [5]. However, this approach encounters certain limita-
tions in practical applications. As pre-trained models are often typically large
(e.g. 632 million parameters in ViT-Huge), there is nearly no chance to deploy
several models fine-tuned on different datasets for a variety of scenarios, which
would involve unacceptable memory requirement for storing these models with
⋆ Corresponding author
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large volume. Moreover, fully finetuning them for each task incurs extensive
computational costs, expanding to a broader range of downstream tasks [39].

Drawing inspiration from the outstanding performance of prompting in the
NLP domain, Visual Prompting (VP) is proposed to solve this problem [3]. VP
reinterprets the problem of adapting a frozen, pre-trained model to an unseen
dataset as a data-space adaptation by transforming both the input and the out-
put. Specifically, a small amount of learnable perturbations is introduced into the
input. On the output side, label mapping provides a function to map source labels
to target labels. This strategy introduces two significant advantages. Firstly, VP
considerably reduces the number of parameters requiring tuning. More impor-
tantly, it maintains the pre-trained model unchanged, enabling various scenarios
to share the same pre-trained model identically. Consequently, this leads to a
substantial reduction in both memory requirements and computational expenses.

In visual prompting, only a limited number of learnable parameters are in-
troduced, in the form of prompts that are incorporated with images before the
first layer. Therefore, how to efficiently utilize the adaptation capability pro-
vided by prompts is a research topic worth exploring. Some approaches aim to
enhance the adaptation capability of prompts through input transformation. For
instance, DAM-VP [25] offers unique prompts for each subset rather than a uni-
versal prompt for all images, aiming to address the challenges posed by highly
diverse downstream datasets. Nonetheless, this method necessitates additional
training data for clustering and leads to an increase in the number of parameters.

While significant attention has been dedicated to innovations at the input, the
transformation applied to the output plays an equally pivotal role within the VP
framework. Often referred to as label mapping, this transformation is crucial for
aligning the pre-trained model’s source domain labels with the target domain’s
labels. Label mapping serves to correlate the model’s source domain classification
outcomes with meaningful labels of the target domain. Several methodologies for
label mapping have been explored. For example, random-based label mapping is
employed in Prom-PATE [32]. Hard-coded label mapping is utilized in the out-
put transformation of VP [3], simply hard-coding the first n outputs of the model
layer directly to the task data categories. Apparently, random-based methods do
not consider the rationality of the mapping at all. Such random methods com-
pletely discard the information of labels. Another kind of label mapping method
is frequency-based label mapping [9, 11, 44], which relies on the source model’s
prediction frequencies for target data points. Furthermore, ILM [9] incorporates
the relationships of label mapping as trainable parameters into its training pro-
cess, aiming to discover interpretable label mapping results. These methods just
heuristically rely on the voting of samples to produce mapping results.

The selection of label mapping strategies significantly impacts the effective-
ness of visual prompting. We argue that the ideal selection strategy for label
mapping should aim to minimize the necessary adjustments a model must make
to align its outputs with the target labels, thereby enhancing the efficiency and
performance of prompt optimization. A carefully designed label mapping can
significantly reduce the alterations required to adjust the output distribution to
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Fig. 1: Overview of OTLM: (a) VP pipeline entails transforming input by incorporating
prompts with images and transforming output by mapping source labels to target
labels; (b) Label mapping within the Partial Optimal Transportation (POT) framework
involves computing the transportation cost as the sum of the pointwise multiplication
between the mapping matrix and the cost matrix; (C) The design of the cost matrix
involves obtaining predictions of the entire target dataset and then aggregating them by
class through grouped summation. In FLM/ILM, the cost at each position is defined by
transporting the intra-class distribution into the selected position, while OTLM defines
it by transporting the inter-class distribution outside the selected position.

match the target labels. Less modification implies a more efficient utilization of
prompt optimization capabilities, leading to improved outcomes. Existing label
mapping methods have not enhanced the effectiveness from this perspective.

In this paper, we introduce the concept of minimal transfer load for prompt
design and define label mapping as a type of partial optimal transport problem,
where the transfer load is delineated through distribution migration. To solve
this optimal transport problem, we propose a novel cost matrix that defines
the mapping cost between labels from the perspective of transfer load. Then,
we derive a label mapping strategy OTLM (Optimal Transport-based Label
Mapping) that minimizes the transfer load of output distribution (shown in Fig-
ure 1). Moreover, we analyze the existing frequency-based label mapping method
from the optimal transport perspective, providing insights into the advantages of
our approach. The results of the experiment, conducted across multiple datasets
and model architectures, showcase the substantial performance improvements
brought about by the OTLM. Additionally, we conduct interpretative experi-
ments to understand the effectiveness of the proposed method.

2 Related Work

Natural language prompting and visual prompting. Prompt-based learn-
ing in natural language processing is a new paradigm that adapting frozen, pre-
trained language models to diverse downstream scenarios [34,36]. Inspired by the
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purpose of prompting that adapting a frozen pre-trained model by modifying the
data space, Visual Prompting [3] designs a specific prompt for each task and ap-
plies it to the input. In addition, Visual-Prompting Tuning [26] are specially
proposed for Transformer pre-trained model, adding learnable parameters into
Transformer’s first or every input layer. The new paradigm "prompting-based
learning" in natural language processing and vision enables pre-trained mod-
els to be easily applied to various downstream tasks while consuming minimal
memory space and computational resources [42,43].
Label mapping for visual prompting. Label mapping (LM) are applied in
various machine learning tasks such as transfer learning [41, 48], domain adap-
tation [30, 31, 49], and instance segmentation [24]. Unlike the aforementioned
tasks where LM is integrated into the model, trainable parameters are only
present in the input, and the entire pre-trained model is inaccessible in visual
prompting [3]. Consequently, LM has to independently assign source labels to
target labels. The existing label mapping methods in visual prompting are not
yet mature. Firstly, random-based label mapping strategies are employed in vi-
sual prompt methods [3,25,32]. In addition, frequency-based mapping [9,11,44]
maps target labels to source labels by the prediction frequencies of pre-trained
model on the target dataset. These methods overlook the potential to alleviate
the training burden on input prompts during label mapping. In contrast, our
proposed method minimizes the cost when mapping labels.
Optimal transport in machine learning. Optimal Transport (OT) is a math-
ematical framework of seeking the most cost-efficient way to transport mass from
one distribution to another [46]. After the emergence of new methods address-
ing high computational cost issues [4, 6], OT has found extensive application
across various domains in machine learning, such like Generative Adversarial
Networks [2,28,40], diffusion models [20,33], and domain adaptation [14–16,21].
WGAN [2] replaces the KL divergence in traditional GANs with the Wasser-
stein distance. To the best of our knowledge, Optimal Transport has not yet
been employed to tackle the Visual Prompting challenge.

3 Preliminaries

Visual Prompting (VP) Framework. We formally introduce the concepts of
Visual Prompting (VP) and Label Mapping (LM), which lay the foundational
framework for our proposed methodology.

Visual prompting employs a pre-trained model M, with parameters θs, ini-
tially trained on a source dataset DS with labels YS ⊆ Rns , where ns is the
number of class of source dataset. VP aims to adaptM to a target task defined
by a new dataset DT with labels YT , without modifying θs. This is achieved
through the introduction of the learnable prompt θp, which is optimized to ma-
nipulate the input data that satisfies the target task performance. Given a target
data point xt ∈ DT , the prompted input x′((θp)) is generated as:

x′(θp) = h(xt, θp), (1)
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where h(·, θp) represents the transformation function incorporating the prompt
θp into the target input xt. The objective is to optimize θp such thatM(x′) aligns
with the target labels yt ∈ YT , effectively reprogrammingM for the target task.

Label mapping is a critical component of VP, facilitating the translation of
model predictions from the source label space YS to the target label space YT .
The LM progress is to find a mapping function FLM : YS → YT based on spe-
cific principles. With the help of label mapping function FLM , the optimization
paradigm can be established. The optimization objective can be expressed as:

min
θp

E{xt,yt∈DT }[L (FLM (M(h(xt, θp))), yt)], (2)

where L(·) denotes a loss function measuring the discrepancy between the mapped
predictions FLM (M(x′(θp))) and the true target labels yt ∈ YT . This optimiza-
tion is performed only on the prompt parameters θp, leaving the original model
parameters θs ∈M untouched.

4 Method

The optimization burden hinges critically on the disparity between the initial
and final states of the feature distributions influenced by visual prompts. It is
imperative to recognize that the initial state of these features is solely deter-
mined by the intrinsic characteristics of the data and the model architecture.
Consequently, for a given target data distribution, the magnitude of the opti-
mization burden is directly influenced by the final state to which the system
aspires. As delineated in the preceding sections, this final state is fundamentally
contingent upon the label mapping function FLM , which governs the transition
of prompted output distributions f̂i towards the desired targets yi.

Given the pivotal role of FLM in determining the optimization burden, it is
logical to explore methodologies for selecting or designing an appropriate map-
ping function that can significantly alleviate this burden. To this end, we propose
an approach grounded in the principles of optimal transport to conceptualize la-
bel mapping.

4.1 Label Mapping from an Optimal Transport Perspective

Our objective is to devise a label mapping strategy, denoted as FLM , aimed at
substantially minimizing the necessity for feature transfer. In this framework, a
prompt θp is meticulously optimized to adjust fi =M(x′

i(θp)) ∈ Rns , ensuring
fi closely mirrors the target feature f̂i ∈ Rnt , i.e., the one-hot representation
of label yi ∈ YT . The selection of a label mapping strategy introduces variable
levels of operational challenge for the prompt, emphasizing that the optimal
label mapping is one that requires the least deviation in feature distribution
between the source and target. To achieve this, we encapsulate the concept of
label mapping within an optimal transport, setting the stage for a strategic
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transformation that aligns with our goal of efficiency and precision in feature
adaptation.

Considering that label mapping facilitates the transition from the source
label distribution p with ns classes to the target label distribution q with nt

classes. ns > nt is introduced as a hypothesis. We leverage empirical sampling
from input examples x′ to define these distributions as (p,q) ∈ Σns

× Σnt
:

p =

ns∑
j=1

pjδf,j , q =

nt∑
j=1

qjδf̂,j , (3)

where δf,j is the Dirac function at location f,j ∈ RN , with N being the total num-
ber of samples in the target dataset DT and fi,j signifying the j-th component
of feature fi ∈ Rns . Σns

and Σnt
correspond to histograms with ns and nt bins,

respectively. pj and qj are the probability mass associated to the j-th element
of feature fi. In the VP-LM scenario, each target label correlates with a spe-
cific source label, disregarding the non-selected source labels. For sample-balance
tasks, we adopt pj = qj = 1

ns
, which leads that

∑
j pj = 1 and

∑
j qj = nt

ns
. As

a result, label mapping can be defined as a Partial Optimal Transport (POT),
which extends the classical Optimal Transport (OT) concept to accommodate
for the transfer of mass between distributions of differing total masses [12], aptly
suiting the label mapping context.

The set of partial transportation plans Π(p,q) between two discrete proba-
bility measures p and q is,

Π(p,q) = {T ∈ Rns×nt
+ |T1nt ≤ p,T⊤

1ns = q}, (4)

where 1d is a d-dimensional vector of ones, and T = (Tij)i,j is the transportation
plan matrix with an entry Tij represents the fraction of mass transported from
class i ∈ YS to class j ∈ YT , which is the label mapping strategy.

The total transportation cost and the optimal transportation plan [8] (Fig-
ure 1(b)) can be defined as,

POT(p,q) = min
T∈Π(p,q)

⟨C,T⟩F = min
T∈Π(p,q)

ns∑
i=1

nt∑
j=1

CijTij , (5)

where Cij is the cost of transporting unit mass from class i ∈ p to class j ∈ q,
C ∈ Rns×nt is the cost matrix, and ⟨·, ·⟩F is the Frobenius dot product.

4.2 Cost Matrix Definition

As defined by Eq.(5), solving for the optimal transport plan T necessitates a
clear definition of the cost matrix C. As mentioned above, the matrix element
Cij quantifies the necessary adjustments to transition a label i to a label j
in the source and target domain respectively. An effective mapping strategy
aims to minimize the overall feature disparity throughout the data distribution,
significantly reducing the prompt’s workload. This diminished feature variation
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facilitates the prompt’s task of tailoring the output distribution to match the
target labels more efficiently. Therefore, a suitable transportation cost matrix is
of paramount importance. Next, we start with an intuitive approach to define the
cost of transport within samples. By analyzing the limitations of this method,
we further develop the inter-sample transport cost matrix proposed in this work.
Inter-sample Cost Definition. In traditional classification tasks, aligning a
feature vector fi ∈ Rns

+ with its label typically uses Kullback-Leibler (KL) di-
vergence as the loss function to measure disparities. In this study, we instead
apply Earth Mover’s Distance (EMD) to assess the discrepancy between fi and
the one-hot label vector ht, denoted by EMD(fi, ht), where ht ∈ Rnsrepresents
the ns-dimensional one-hot vector for label t.

To articulate the dimensions of the feature, we adopt the Earth Mover’s
Distance, derived from optimal transport theory, to quantify the "transport"
needed to adjust fi to ht. Therefore, for a normalized feature fi, we have:

EMD(fi, ht) =
∑
j ̸=t

fi,j = 1− fi,t, (6)

where fi,j denotes the j-th component of feature vector fi, implying that the
transport required for feature-to-label alignment equates to the sum necessary
to transition all feature components, barring the one associated with label t, to
that specific label’s position. In our ensuing discussion, we will illustrate that
methodologies based on frequency (such as FLM, ILM [9]) potentially offer an
approximative resolution to this theoretical framework.
Intra-sample Cost Definition. As mentioned, label mapping essentially con-
stitutes a partial optimal transport problem. This characterizes a scenario where
the target domain necessitates fewer features than those generated by the source
domain. As a result, the alignment of selected features with their corresponding
labels does not require the repositioning of all unassociated feature values to
the designated label’s position. Instead, it specifically entails the reallocation of
chosen feature values to align with the label. Accordingly, we can reformulate
the transport cost as:

D̂T(fi, ht) = EMD(fiT, htT). (7)

This revised definition of transport cost selectively incorporates the nt features
chosen from the source domain labels, while disregarding the rest set of ns fea-
tures. An issue emerges from this definition because the transformation T isolates
nt features out of ns from the source domain, resulting in the aggregated sum of
fiT diverging from unity. In practical applications, the alignment of the trans-
formed feature vector fiT with the target label t involves reallocating the feature
values from non-target positions to the target label’s position. This procedure
entails setting the feature values at non-target positions to zero while ensuring
that the feature value at the target position remains positive, reflecting the ac-
tivation state of the target label. Consequently, this allows us to reformulate the
loss function as,

D̂T(fi, ht) =
∑
j ̸=t

(fiT)j . (8)
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The preceding Eq.(8) redefines the cost for the alignment of the feature vector
fi with its corresponding label, in the context of label mapping. It quantifies
the cost involved in adjusting the feature values at positions not specified by the
label to zero, within the subset of nt selected features from the source domain.
With this framework in mind, we proceed to define Cij , the cost associated with
mapping a feature at index i from the source to a corresponding label at index
j in the target domain. According to our refined definition, the loss incurred by
choosing the source feature at index i for mapping to target label j is indirectly
determined by the selection of the other nt − 1 indices, which make a direct
calculation of Cij complicated. Cij essentially represents the mapping of feature
f,i to class j. For fk,i, where k ∈ Cj and Cj = {k|yk = j} denotes the set of
sample indices labeled j, the transport cost for fk,i according to our definition
is null, while the transport cost for fk′,i, with k′ /∈ Cj , accumulates to

∑
k′ fk′,i.

(see Figure 1(c)) Therefore, Cij can be expressed as,

Cij =
∑
k′

fk′,i, ∀k′ /∈ Cj . (9)

For computational simplicity, we adopt a normalized formulation:

Cij =

∑
k′ fk′,i∑N
n=1 fn,i

, ∀k′ /∈ Cj → Cij = 1−
∑

k fk,i∑N
n=1 fn,i

, ∀k ∈ Cj , (10)

where N represents the total number of samples, offering a clear and computa-
tionally efficient approach to calculating the mapping cost between source and
target label indices.

4.3 Solution of the Optimal Transport Plan

With a well-defined cost matrix C, we can establish the label mapping strategy
for our method by resolving the partial optimal transport plan. The objective
defined in Eq.(5) is to minimize this cost, leading us to the formulation:

T0 ← argmin
T∈Π(p,q)

⟨T,C⟩F . (11)

Given the task constraint that ∀i, j, pi = qj , each target label is uniquely mapped
to one source label. In such cases, the optimal transport plan T0 materializes as
a permutation matrix, i.e., a binary matrix with solely 0 and 1, where each row
and column contains no more than one entry of 1. The partial optimal transport
problem is equivalent to an assignment problem. Concurrently, this specification
is also perfectly suited for label mapping in visual prompting contexts.

As a result, the label mapping function can be formulated as FLM (fi) = fiT.
In practice, this calculation can be bypassed. We maintain an indices vector
I ∈ Rnt , where Ii represents the index of the source feature corresponding to
the ith label, determined by Ii = Find(T,i, 1). This approach directly maps each
target label to its source index efficiently, leveraging the optimal transport plan
without the computational overhead.
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This assignment problem can be solved via linear programming algorithms,
with a computational complexity of O((ns+nt)nsnt log(ns+nt)) [1]. Considering
practical scenarios where ns and nt are small enough (less than 105), this algo-
rithm’s computational demand is trivial compared to the extensive calculations
required for deep model’s forward and backward progress. Consequently, its im-
pact on the overall training speed is marginal, ensuring the method’s feasibility
even in computationally intensive scenarios.

4.4 Analysis

Within the Optimal Transport (OT) framework, we examine Iterative Label
Mapping (ILM) and Frequency-based Label Mapping (FLM), considering ILM
as an extension of FLM. This approach hinges on a frequency-based voting
mechanism that selects for each category the most frequently occurring maxi-
mum value positions across samples, prioritizing these positions in a descending
order of frequency.

We introduce a frequency matrix A ∈ Rnt×ns
+ , where Aij reflects the number

of times the maximum value index for samples of target category i is j in the
source domain. The transport costs are inversely related to these frequencies,
simplified as max(A) − A to derive costs, and finalizing the cost matrix as
Cf = (max(A) −A)T . Traditional FLM and ILM methods then use a greedy
algorithm to compute the transport plan T.

However, these methods diverge from optimal transport principles, primar-
ily by ignoring the detailed information in soft logits and relying on a greedy
solution, limiting their ability to reduce prompts’ learning effort and enhance
efficiency. Our experiments support this critique, revealing the limitations of
frequency-based mapping in prompt learning efficiency.

5 Experiment

5.1 Setup

Frameworks. To perform vision prompt tuning, researchers have proposed vari-
ous approaches, with two frameworks commonly used: visual prompting (VP) [3]
and visual prompt tuning (VPT) [26].

In our paper, we primarily adhere to the VP framework for conducting our
experiments. Additionally, we modify the VPT-deep framework to be compatible
with label mapping approaches by excluding the learnable task-specific classifi-
cation layer. This enables us to compare our proposed method with the baselines,
further demonstrating its generalizability.

Baselines. Although VP can adapt pretrained models without changing any
model parameters, the hard-coded mapping results in a degradation of perfor-
mance. To achieve better label mapping, FLM and ILM [9] adopt label map-
ping based on prediction frequencies on target data points of the model without



10 M. Zheng et al.

Table 1: Comparison of performance on 10 downstream datasets under the VP frame-
work. The utilized source model is ViT-B pretrained on ImageNet-22K. The highest
performance achieved among prompt-based methods is highlighted in bold.

Fine-tuning Prompt-based
Dataset FF LP VP FLM-VP ILM-VP OTLM

DTD 64.3 63.2 50.0 52.0 48.3 56.2
CUB200 87.3 85.3 32.6 41.4 45.2 56.6
NAbirds 82.7 75.9 8.4 19.0 19.6 33.8
StanfordDogs 89.4 86.2 57.0 58.5 60.3 67.9
Flowers102 98.8 97.9 64.1 64.3 62.6 86.6
Food101 84.9 84.4 55.6 55.0 56.1 61.9
CIFAR100 68.9 63.4 49.4 54.5 54.0 62.1
CIFAR10 97.4 96.3 94.6 94.6 94.7 95.2
GTSRB 97.1 68.0 87.7 84.3 85.2 88.6
SVHN 87.4 36.6 87.0 88.5 88.8 88.7

Average 85.82 75.72 58.60 61.20 61.47 69.77

employing a vision prompt. We compare our proposed method with these com-
petitive label mapping approaches, as well as full fine-tuning (FF) and linear
probing (LP), serving as baselines.

Datasets and models. Following previous works, we utilize source models ViT-
B [18] pretrained on ImageNet-22K and ResNet50 [22] pretrained on ImageNet-
1K under the VP framework. For evaluation, we employ 10 target datasets, in-
cluding DTD [13], CUB200 [47], NABirds [45], StanfordDogs [27], Flowers102 [38],
Food101 [7], CIFAR10/100 [29], GTSRB [23], and SVHN [37]. Under the VPT
framework, we leverage Swin-B [35] models pretrained on ImageNet-22K [17]
and assess their performance on CUB200 [47], NABirds [45], Flowers102 [38],
StanfordDogs [27], and StanfordCars [19].

5.2 Performance Under the VP Framework

Our evaluation begins with experiments conducted under the VP framework [3].
We utilize ten distinct downstream tasks to evaluate the transfer performance.
We train the source model for 100 epochs with SGD optimizer.

We first adopt a ViT-B model pretrained on ImageNet-22K as the source
model and train it with an initial learning rate of 1e4. The results are sum-
marized in Table 1, with results of fine-tuning methods reported in [25]. Based
on the results, it is evident that fine-tuning methods outperform prompt-based
approaches in the majority of cases. Among prompt-based methods, the orig-
inal VP method achieves the worst performance as it only employs a hard-
coded mapping of labels. In contrast, the other three approaches achieve bet-
ter performance. Specifically, our method achieves an average performance of
69.77% across all ten datasets, surpassing FLM and ILM by 8.57% and 8.30%,
respectively. Following previous work [9], we employ a convolutional model, i.e.,
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Table 2: Comparison of performance on 10 downstream datasets under the VP frame-
work. The utilized source model is ResNet50 pretrained on ImageNet-1K. The highest
performance achieved among prompt-based methods is highlighted in bold.

Fine-tuning Prompt-based
Dataset FF LP VP FLM-VP ILM-VP OTLM

DTD 62.1 64.8 14.2 36.8 38.6 42.7
CUB200 76.5 68.1 1.1 9.7 11.0 12.2
NAbirds 73.7 58.7 5.9 5.9 7.6 8.1
StanfordDogs 75.8 88.5 4.3 51.8 51.9 56.1
Flowers102 88.1 81.0 6.9 11.3 17.1 20.5
Food101 84.0 71.8 7.8 20.6 22.2 21.8
CIFAR100 81.2 71.4 12.2 25.8 30.4 34.8
CIFAR10 95.8 89.9 55.9 61.3 64.7 67.9
GTSRB 95.2 79.4 33.7 39.4 43.2 48.2
SVHN 96.5 45.3 55.2 56.9 61.0 62.7

Average 82.89 71.89 19.71 31.94 34.77 37.48

ResNet50 pretrained on ImageNet-1K, to further evaluate the proposed method.
For this model, we initialize the learning rate to 1e2 and present the results in
Table 2. With this source model, similar relevant accuracy is observed across
each dataset for each method, where fine-tuning methods consistently outper-
form prompt-based approaches, and our proposed OTLM method outperforms
other prompt-based approaches. Nevertheless, the absolute accuracy values are
significantly lower than those achieved by the pretrained ViT-B model, primarily
due to the limited model capacity of the ResNet50 model.

5.3 Performance Under the VPT Framework

We further assess our method under the VPT-deep framework [26], employing
five different datasets. We adapt VPT by removing its learnable head to accom-
modate label mapping methods. The number of added prompt tokens for each
dataset adheres to the original implementation of VPT. Source model is trained
for 100 epochs on each dataset, utilizing a learning rate of 0.1 and a weight de-
cay of 1e−4 with the SGD optimizer. Considering that the original VPT method
necessitates training an extra classification layer for each downstream dataset,
we exclude it from the comparison of label mapping methods.

We utilize Swin-B models pretrained on ImageNet-22K as source model and
train them on downstream datasets. The corresponding results are presented in
Table 3. Once again, fully fine-tuning (FF) achieves the best performance. Orig-
inal VPT enhances performance over LP due to introducing not only trainable
tokens at the input layer but also an extra head for each dataset at the output
layer. On the contrary, applying label mapping to VPT enables it to map source
labels to target labels without an extra classification head, which means less pa-
rameters to optimize. Moreover, our method significantly outperforms the other
two LM methods and achieves the best results on all five datasets. Notably, av-
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Table 3: Comparison of performance on five datasets under the VPT framework using
model Swin-B pretrained on ImageNet-22K. The highest performance achieved among
label mapping methods without additional heads is highlighted in bold.

Fine-tuning Label mapping
Dataset FF LP VPT FLM ILM OTLM

Extra head ✓ ✓ ✓ ✗ ✗ ✗

CUB-200-2011 88.8 87.7 85.4 80.7 81.8 84.7
NABirds 86.3 82.6 81.1 71.3 74.4 77.2
Flowers102 98.8 98.0 98.7 95.8 96.1 98.5
StanfordDogs 84.3 82.7 84.6 79.1 81.1 83.1
StanfordCars 90.4 68.2 80.3 73.4 74.8 78.0

Average 89.72 83.8 86.0 80.1 81.6 84.30

erage metric of our approach even surpasses that of LP and is comparable to the
results of methods with and additional head, except for FF.

5.4 Data Efficiency in Downstream Task Transfer

In many cases, downstream tasks lack sufficient labeled data, making data ef-
ficiency — the ability to achieve proficient performance using limited data —
crucial. To assess the data efficiency of various label mapping methods, we ana-
lyze the effectiveness of different approaches for integrating label mapping into
the VP framework using the prompt-tuned ViT-B model. Specifically, we intro-
duce a metric to measure data scale, defined as the average number of samples
in each class. A higher value indicates a larger dataset scale, while a lower value
suggests a smaller one. We explore the relationship between data scale and the
efficacy of label mapping.

In Figure 2, we present the performance improvement of label mapping meth-
ods relative to the original VP method, arranged in ascending order of data scale.
The figure illustrates that all three approaches exhibit substantial performance
gains with smaller data scales. However, the performance gap compared to VP
diminishes as the scale increases. Notably, our OTLM method consistently out-
performs both FLM and ILM, particularly on small-scale data. This finding
underscores the superior data efficiency of our method, which is significant in
practical applications.

5.5 Scalability

A larger pretrained dataset typically yields a source model with enhanced repre-
sentation extraction capabilities. However, the commonly concomitant increase
in output dimensionality may also complicate the transportation process. To fur-
ther investigate the performance of label mapping methods across source datasets
of varying scales, we utilize Vit-B source models pretrained on both ImageNet-
1K and ImageNet-22K, transferring them to the CUB200 downstream dataset.
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Fig. 2: Data efficiency of variant label mapping approaches. Compared to FLM and
ILM, our method demonstrates significantly higher accuracy gains over VP, particu-
larly evident when the downstream dataset has fewer averaged samples per class. This
highlights exceptional data efficiency of our method.
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Fig. 3: Comparison of different source datasets by employing Vit-B source models
pretrained on either ImageNet-1K or ImageNet-22K. The performance improvement
over VP and average cost under the CUB200 downstream dataset is reported.

Alongside evaluating performance enhancements over the VP method, we em-
ploy the average cost as a metric for comparison. The average cost is computed
by averaging the transportation cost of predictions from the source model into
the target label space over the whole downstream dataset.

The results are depicted in Figure 3. In the left figure, it is evident that
as the dataset scale increases, FLM and ILM show diminished improvement
in downstream performance, while our method demonstrates enhanced perfor-
mance improvement. Upon examining the values of the average cost, we observe
that for each method, the cost value increases with the scale of the source dataset.
This phenomenon arises because the source model pretrained on ImageNet-22K
possesses a larger output dimension, making label mapping to a downstream
task more challenging due to the increased number of possible mapping solu-
tions. However, our partial optimal transportation-based method only considers
a subset of the output dimension, which matches the output dimension of the
downstream dataset.
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This approach mitigates the negative impact of the increasing source dataset,
as evidenced by the lower cost and higher performance improvement of OTLM
compared to FLM and ILM. Furthermore, across each dataset, our OTLM
method consistently outperforms FLM and ILM in terms of performance gain
over VP and average cost, underscoring its superior performance and scalability.

5.6 Ablation Study

We conducted an ablation study to examine the effectiveness of each module
within our proposed OTLM method. The primary enhancements of our method
lie in the cost matrix obtained under the optimal transportation framework and
the utilization of linear programming for solving the label mapping result. We
employ the ImageNet-22K pretrained ViT-B as the source model and adopt the
Flowers102 dataset to investigate the impact of these two modules.

Table 4: Ablation study of various solving algorithms and cost matrix designs.

Algorithm Cost matrix Accuracy

Greedy Frequency 62.56
Linear programming Frequency 64.29
Greedy OT 79.92
Linear programming OT 86.63

The ablation results are presented in Table 4. As shown, the combination of
the greedy solver and the frequency-based cost matrix achieves the worst result,
indicating the limitations of the existing ILM method. Building upon this, inte-
grating either the optimal transportation-based cost matrix or linear program-
ming helps improve performance. Adopting both of these modules, as OTLM
does, yields the best performance, achieving a top-1 accuracy of 86.63%. These
results confirm the effectiveness of each module within our proposed method.

6 Conclusion

This paper focuses on how appropriate label mapping can help alleviate the
burden on input prompts. Specifically, we define a mapping cost matrix and
propose OTLM, a novel label mapping strategy based on optimal transport that
can minimize the necessary adjustments of the model when training prompts.
Additionally, we theoretically analyze why existing frequency-based methods
struggle to achieve this goal. Extensive experimental results prove that the pro-
posed method improves accuracy significantly over all other LM methods on VP
framework on 10 datasets. Furthermore, OTLM can also be easily applied to the
VPT framework and achieves results comparable to VPT with an extra head.
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