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Abstract

Vision Language Models (VLMs) excel in zero-shot image classification by pairing
images with textual category names. The expanding variety of Pre-Trained VLMs
enhances the likelihood of identifying a suitable VLM for specific tasks. To
better reuse the VLM resource and fully leverage its potential on different zero-
shot image classification tasks, a promising strategy is selecting appropriate Pre-
Trained VLMs from the VLM Zoo, relying solely on the text data of the target
dataset without access to the dataset’s images. In this paper, we analyze two
inherent challenges in assessing the ability of a VLM in this Language-Only VLM
selection: the “Modality Gap”—the disparity in VLM’s embeddings across two
different modalities, making text a less reliable substitute for images; and the
“Capability Gap”— the discrepancy between the VLM’s overall ranking and its
ranking for target dataset, hindering direct prediction of a model’s dataset-specific
performance from its general performance. We propose VLM Selection With
gAp Bridging (SWAB) to mitigate the negative impact of two gaps. SWAB first
adopts optimal transport to capture the relevance between open-source and target
datasets with a transportation matrix. It then uses this matrix to transfer useful
statistics of VLMs from open-source datasets to the target dataset for bridging two
gaps. By bridging two gaps to obtain better substitutes for test images, SWAB can
accurately predict the performance ranking of different VLMs on the target task
without the need for the dataset’s images. Experiments across various VLMs and
image classification datasets validate SWAB’s effectiveness. Code is available at:
https://github.com/YCaigogogo/SWAB.

1 Introduction

Vision-Language Models (VLMs) [46, 22, 48, 68] have demonstrated impressive image-text matching
ability. One notable application of VLMs is zero-shot image classification [46, 40, 14, 37], where
VLMs are leveraged to generate image classifiers using only class names directly. This zero-shot
approach has shown considerable success in scenarios with scarce or no training images [35, 18].

Despite the success of VLM in image classification, the performance of a VLM may vary substantially
according to the datasets and domains [11], making it challenging to use a single model to handle
all tasks. Fortunately, many open-source VLMs are available [21], and these VLMs form a vast
VLM Zoo. With different architectures, pre-training datasets, or training methods, these VLMs have
different strengths. The diverse pre-trained VLMs increase the likelihood of pinpointing at least one
VLM that excels in a given target dataset in most cases.! To more effectively reuse the VLM Zoo
across diverse target tasks and unlock its full potential, we need a model selection method to choose
suitable VLMs from the VLM Zoo for the target task. However, in scenarios such as zero-shot image

'"Throughout this paper, the term “VLM” specifically refers to a pre-trained VLM.
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Figure 1:Paradigm of Language-Only VLM Selection (LOVM). Users describe the details of

their target tasks in text form, such as class names and image domains. Then, LOVM utilizes this
information to generate class-related labeled texts through ChatGPT. These texts serve as substitutes
for image samples in subsequent model selection algorithms. The model selection algorithm uses
two types of data, including the open-source datasets (which have image and text data) and the text
data from the target dataset, to predict the VLM's absolute or relative performance on a target dataset.
It then selects the most appropriate VLM based on the predicted performance.

classi cation, many users might not have labeled images for their target tasks, especially those who
are not Machine Learning researchers. They prefer to describe their needs in text and use a Model
Search Engine to nd the most suitable model. So one solutiateistifying the most suitable VLMs

in the zoo for a target dataset without access to the dataset's imddps VLM selection is termed

as “Language-Only VLM Selection” (LOVM) [73], and the paradigm is illustrated in Figure 1.

Two key types of information are available for LOVM. One is the target dataset's textidata,
names of the target classes and class-related labeled texts generated by LLMs (Details described
in Section B.1). The other is the open-source datasets, collected in the form of images with their
corresponding class names. Based on these data, the goal is to estimate a VLM's zero-shot image
classi cation capability ranking among the VLM zoo on the target dataset. LOVM encounters two
challenges stemming from the inherent heterogeneity in models and datasets. The rst challenge is
theModality Gap across different modal features extracted by a VLM. Since the visual and textual
features extracted by VLMs tend to cluster into two distinct groups and have gap vectors between
them 1], using text data as image proxies to rank VLMs is inaccurate. The second challenge is the
Capability Gap between the VLM's overall ranking and its ranking in the speci ¢ dataset. Owing

to the VLM's performance variation across different datasets, the VLM's average performance on
open-source datasets is hard to re ect its performance on a speci c target dataset. Thus, selecting a
VLM based solely on its general strength may prove to be a less effective strategy.

In this paper, we propose VLMelectionWith gAp Bridging (SwaB) to address both gaps. The

key idea is to reuse VLMSs' statistics from open-source datasets to estimate their statistics on the
target dataset, which mitigates the negative impact of these two gaps. In partewar, rst uses

optimal transport to calculate the transport matrix based on textual similarity between class names of
open-source and target datasets. After applying VLMs on open-source datasets to calculate VLMs'
statisticsj.e., the class-speci ¢ modality gap vectors and performance rankings of different VLMs,
SwaAB utilizes these statistics to estimate the same type of statistics on the target dataset. After that,
SWAB uses the estimated gap vectors to align the features of texts with the features of images from
the corresponding category, which bridges the modality gap. Meanv@vileg's estimated VLMs'
ranking also improves the prediction of their rankings on the target task, bridging the capability gap.
The related work is in the appendix C. The main contributions are:

» We analyze two key challenges in LOVM — theodality gapacross VLM's modal features and
the capability gapbetween the VLM's overall ranking and its ranking on the target dataset.

» We proposeSwAB, which utilizes optimal transport to transform useful statistics of VLMs on
open-source datasets to the target dataset to bridge two gaps.

» Experimental results on a LOVM benchmark composed of a wide range of VLMs and image
classi cation datasets demonstrate the effectivenesswafeS

2



2 Preliminary

We formally introduce the LOVM setting, a baseline method for LOVM, and analyze the two kinds
of gaps in LOVM. We usé& K to represent the Euclidean norm of a vector unless otherwise de ned.

2.1 Selecting VLMs from a Model Zoo

Zero-Shot Image Classi cation of VLM. Assume there is a pre-trained VLM = (f';fT)
consisting of an image encoder and a text encoddr’ . Given an image classi cation dataset
with kt class name€t = fc] ; c{[ 0, we input the class nam&s (probably with templates

like “A photo of {class}") into the VLM's text encodef T to get the image classi erfsf‘ gJ I, . Then,
given a test image;, we use the image encode'r to extract its featuret;. Finally, we predict
the label via the cosine similarity between the image featur@nd image classi er"sf‘j 9}(11 . The
class with the highest cosine similarity to the image is selected as the predicteg}; cl&gen
Ri = f1(x;); fj = £7(¢f), Equation 1 describes this zero-shot image classi cation process:

= f(xj;Cr)=ar max& (1)
bt chz[CT]kk‘k K k'

VLM Zoo. In recent years, a large number of (pre-trained) VLMs have emerged. Assume a

collection ofM VLMs constitute a VLM ZooM = fp,, = fl;fT :'1 _, - The capability of ,

is determined by three key factors: the model archlteckmgz (Transformer $7], ConvNeXt [34]),

the pre-trained datases.), LAION-400M [47], MS-COCO B2]), and the training methodk(g,
contrastive loss46], caption loss§7]). Combinations of these factors result in “good and diverse”
VLMs in M . Given a dataset , it is probable to nd a suitable VLM from the VLM zoo with high
zero-shot image classi cation performancedn

Language-Only VLM Selection (LOVM). Rather than using images from the target dataset, LOVM

focuses on the zero-shot scenario where only the target dataset's text data, such as its class names

Cr, are available for VLM selection. Besides, we can obtain some open-source image classi -

cation dataset§. The set of class names #is Cs = fcf; ;cZ_ g, and theDg denote the

labelled images in these classes. Given a targetftaske VLM selectlon methotl estlmates the

zero-shot classi cation ability of ,, based orCt, Cs, andD' viarl = h(fn j Cr;Cs; S)

wherem 2 [1; ;M]. Al is the predicted ranking of thm-th VLM f, onT. The higher

the ranking, the more probabfg, achieves higher zero-shot image classi cation performance

on T. Assuming we can obtain the test image Bét of the target datasét with jD! j im-

ages then we gan calculate the zero-shot image classi cation acqufraaf/f , is calculated by

pl = ]D1| j [(yi = fm (Xi;C1)). fm (Xi;Cr) represents the predicted class with the
(xiyi)2D}

same manner as Equationl1 ) is the indicator function, which outputs 1 if the condition is satis ed,

and 0 otherwise. Based ép/,g¥_, , we obtain the true ranking ® VLMs rT =[r];:::;r] ]

by assigning higher ranking to models with higher accuragy However, in the zero- shot sce-

nario, we can't obtain the testimages Bdt in advance. Therefore, the goal of LOVM is to make

the predicted ranking‘T =[*]; ;f,]1be an accurate estimation of the ground truth ranking

rT =[r];:::;r], 150 that the best VLM can be selected.

Evaluation of LOVM Methods. We measure the performance of the LOVM algorithm by comparing
the ranking similarity between™ andr™ . Speci cally, we calculate the Top-5 Rec#l (ranges
from 0 to 1) and Kendall's Rank Correlation(ranges from -1 to 1). The larger the better.

2.2 Possible Paradigms for LOVM

Non-Learning-based LOVM. There are three main paradigms for LOVhe rst paradigm s to
neglect the visual encoder and select VLM solely on texts. In detail, we can utilize ChadGR® |
generate auxiliary text®+ based on class nam€s of T. More details are described in Section
B.1. These class-speci ¢ texts act as “image proxies”. Then, whether a #Ms T could be
measured by transferability metriesg, H-Score B] and LogME [B5], between the VLM's text
encoderf I and generated text datag®t . The second paradigmelies on the general performance



of a certain VLMf ,,. We use open-source datasets to measure a VLM's general performahge. If
achieves high zero-shot classi cation performance over open-source datasets, then it is expected to be
competitive onl . These methods assume that a VLM's ranking is relatively consistent across tasks.

Learning-based LOVM. The third paradigmis based on the learning process. In detail, the ability of
a VLM could be predicted based on a ranker mdgel The input off r is a vectors] , depicting the
dataset-speci ¢ representationfqf onT , while the output of r is the relative/absolute performance
pl 2 Roff, onT. Thefr could belearnedon open-source dataseds[70, 73]. Due to the
availability of both class nameSs and image® in the open-source datasgsuch as ImageNe8],

we can calculate each VLM's representatfa, gh ™y . _, and true zero-shot image classi cation

accuracyf pl, gy .n=1 - HereN refers to the number of datasetsSnAfter constructing the train
set, the ranker modék is learned based on ttis?, ; pf, gy n=1 -

Mo
min “(fr(sm)iPm): (2)
' m=1n=1

" is a loss function that measures the discrepancy between the prediction and the ground truth,
which can be Mean Squared Error Loss and Huber Loss, among others. [Gitlea learned g
is able to predict the performané@l g¥_; overfs' gM_, viapl = fr(sl). Finally, we can
get the predicted VLMs' ranking based orf p!. gM_, . This approach has similarities with meta-
learning L2, 3]. Meta-learning attempts to use data from multiple datasets to learn a model adaptable
to the target task, while Learning-based LOVM employs data from multiple datasets to learn a ranker
model for selecting the suitable model from a VLM Zoo for the target task. The represerstitisn
one of the keys in this paradigm, and ModelGR3][calculates values/, via the capability of a
VLM's text encoderf | .

ModelGPT uses generated text ddda as substitutes for images to calculate some metrics, which
measures the zero-shot abilityfgf on unseen images by the classi cation abilityfgf onDt :

T

Smi = Metric; fn;D7 3)

HereMetric; indicates the-th metrics function such as Top-1 Accuracy and F1-Score. For example,
the Top-1 Accuracys! ., could be calculated in a similar manner as Equation 1, with the only
difference being that the test samples were replaced with text satjhesead of image samples:

1
st , =
mt jDT]

L(yi = fm(ti;Cr)): (4)
(tizyi)2Dr

Besides, ModelGPT uses some metrics for assessing the features' quality extracted by the VLM's text
encoderf T . More details are in the Section B.2. Moreover, the zero-shot classi cation performance
of f ,, on ImageNet is also included 8}, as a general ability measurefof . ModelGPT implements

fr as a simple linear model.

2.3 Analysis of the Two Gaps in LOVM

There are two main challenges that limit the application of the aforementioned paradigms in LOVM.
The rstis the modality gap across different modalities' features in VLM's feature space, and the
second is the capability gap between VLM's overall performance and dataset-speci ¢ performance.
Modality Gap. As described in Section 2.2, methods like H-Score, LogME, and ModelGPT utilize
the ChatGPT generated auxiliary teRts as image proxies to calculate metrics that measure the zero-
shot accuracy on the target dataetin other words, the zero-shot classi cation ability across text
and image modalities is estimated by the intra-modality classi cation ability. The latent assumption
is that the generated texts and their corresponding images are closely aligned in VLM's feature space.
However, this assumption is dif cult to mee3]], and instances' features are more likely to cluster
according to their modalities. In particular, we de ne the modality gap vegtoetween the features

of an image-text paifx;ti) asgmi = 1 (xi) f[l(ti). Values in the gap vector are generally not
close to zero. We name this phenomenoMaslality Gapin LOVM, which makes the scores @it

hard to reveal the true zero-shot image classi cation capability of a VLM on a given dataset.



Figure 2:Validation Experiments on the Modality Gap and Capability Gap. (a) Predicted VLMs'
zero-shot image classi cation accuracy based on generated text data vs. VLM's true accuracy based
on test images. Each point in the graph represents a model. From the result, we can nd that the
predicted accuracy poorly aligns with the true accuracy, indicating these text data are ineffective
substitutes for image data. (b) We calculate the zero-shot image classi cation performance rankings
of 43 VLMs across 23 datasets. We compute the average standard deviations and the mean value of
differences between each VLM's maximum and minimum ranking. The result shows the performance
of a VLM varies greatly across different datasets.

We conduct a validation experiment on ImageNet with 43 VLMs. We rst generate 50 auxiliary texts
per class a1 and then calculate the predicted Top-1 accuracy via Equation 4. Next, we use test
images to calculate the VLM's true Top-1 accuracy. The consistency between the predicted Top-1
accuracy and true zero-shot image classi cation accupacy is measured by the Kendall Rank
Correlation (, higher is better) and Mean Absolute Error (MAE, lower is better). It can be observed
from the left part of Figure 2 that the predicted accuracy derived from auxiliary Bextdoes not
closely match the true accuracy, indicating that these generated auxiliary tExsane not effective
proxies for images.

To make the auxiliary texts act as better image proxies, one intuitive idea is to estimate the gap
vectorg for each image-text pair. Then we can add it to the featjréi;) of the textt; to eliminate

the modality gap, which may lead to more accurate scsﬁ;g—zsin Equation 3. However, the gap
vector cannot be calculated directly without the target dataset's images. Furthermore, gap vectors for
different classes are diverse, so using a shared vector across all datasets may not be a good choice.

Capability Gap. To select one VLM from the model zoo given a target dataset, one direct approach

is to select the VLM that performs the best on average across multiple datasets. For example, we
may rst estimate the VLM's zero-shot classi cation ability on open-source datasets and then select
the VLM with the highest performance. The key question is whether a VLM's average ranking on
the open-source datasets can reveal its true ranking on the target dataset. Our empirical analyses
indicate that there exists a discrepancy between the VLM's overall ranking and its ranking on a
speci ¢ dataset. We name the discrepancy between the VLM's average ability and its speci ¢ ability

as theCapability Gap which results from the fact that a VLM's performance uctuates signi cantly
across various datasets.

To verify the claim, we test 43 VLMs on 23 target datasets providedBlygdnd obtain the rankings

of each VLM across these datasets. Based on these ranking results, we calculate the average standard
deviation and the mean value of the difference between each VLM's maximum and minimum ranking.
The experiment process is illustrated in the right part of Figure 2. We nd that the mean difference
between one VLM's maximum and the minimum ranking is 38.86. Since the total number of VLMs

is 43, such a difference demonstrates that the top-performing VLM in one dataset could likely be
among the worst in another.

One solution to bridge such a capability gap is to consider the VLMs' ranking on a related dataset. In
other words, the ranking of VLMs on datasets from open-source datasets collections that are relevant
to the target task may provide more useful insights than a general performance ranking across all
tasks. The main challenge is to gure out which open-source datasets are similar to the target dataset
and transform the VLM's ranking on these datasets to the target dataset.



Figure 3:The work ow of SWAB. SWAB rst constructs a transport matrix 2 RXs k1 using

optimal transport, based on textual semantic similarity between classes in the open-source datasets
Cs = fc3; ;c,fS g and the target dataset's class®s = fcl ; ;c{T g. Using this matrix SWAB
estimates VLMf ,,'s class-speci ¢ gap vectorbgL; 11 g on the target datasdt from the gap

vectorsG S 2 Rks 9 in the open-source datasets. These estimated gap vectors help modify text data
to act as more effective substitutes for image data. The modi ed text data will then be input into the

Ranker Modef g, which predicts VLM's performancB{L;(l) on the target dataset. Besid&syAB
also uses the transport matrix to predict VLM's performance ranking on the target dataset based
on VLM's class-speci ¢ rankings > 2 R*s on open-source datasets. FinaflyyaAB combines these

two ranking predictionﬁ%;(l) andr\lq;(z) to determine the VLM's nal ranking prediction.

Summary. We emphasize two kinds of gaps in LOVif., themodality gapacross features of
different modalities generated by a VLM, and ttegpability gapbetween a VLM's overall ranking

and its ranking given a speci ¢ target dataset. Both two gaps pose obstacles to previous model
selection methods, such as LogME and ModelGPT, and degrade their abilities in VLM selection.
Moreover, those intuitive approaches to bridge the gaps still face challenges.

3 VLM Selection with Gap Bridging

To mitigate the impact of both gaps on LOVM and integrate non-learning-based and learning-based
LOVM methods, we propose VLNelectionWith gAp Bridging (SwaB). The key idea oSwAB is

to bridge modality and capability gaps by utilizing class-level statistics of VLMs from open-source
datasets. By measuring the textual similarity between the target dataset's class names and those in
open-source datasets, we construct a bridge matrix. Based on it, we estimate the gap vectors between
image and text modalities, which recti es the text-derived scores in ModelGPT. In addition, we
predict the VLM's performance ranking for the target dataset based on the bridge matrix and VLM's
ranking on the open-source dataset. Both estimated statistics will be used to obtain a more accurate
language-only VLM selection. The work ow of\@aB is illustrated in Figure 3.

3.1 Construct the Bridge Matrix Using Optimal Transport

Bene ting from the open-source datasets, some useful class-level statistics, such as modality gap
vectors and zero-shot classi cation accuracy of a certain VLM, could be calculated, which can help
the performance ranking estimation of a VLM on the target dataset. To better utilize these class-level
statistics for predicting the corresponding statistics of a VLM on the target task, we introduce semantic
relevance information between open-source datasets' classes and target dataset's classes into the
statistics reusing process, which is automatically generated through Optimal Transport [7, 45].

Recall that the sets of class names of the open-source datasets and the target d@tasetfaa®gks,

andCr = fcl g:(:Tl , respectively. The semantic relevance between two classes could be measured

by the textual similarity between their class names. In detail, we use a pre-trained text encoder
(e.g, MPNet §49)), which extracts text features for these class nainesf (cf); ((:ES )g



S\> T
andf (c); (c[T )g. Then, we can calculate the cosine similarﬂ% between
the text feature of theth class in the open-source datasefs®) and that of thg -th class in the
target d«'altaset(q-T ). The larger the cosine similarity, the more similar the two classes are. After that,
(c?)” (¢)
K (ckk (k"
exponentiate each elementdast 2 Rks0 kT using the base to amplify its differences. We then
solve the optimal transport problem with the constructed cost matrix to get the transport matrix
Since optimal transport aims to obtain a transport matrix that minimizes the transmission cost, the
transport matrix ~ will reuse more information between semantically similar classes:
X
= argmin ij costj ; st l=wu; Tl=v; 35 O 5)
2RS KT

we construct the cost matrix in optimal transport e@st; = 1 In practice, we

The cost matrix quanti es the expense of moving elements between all class pairs, angks kr

is the transport matrix. OT minimizes the cost indicated by the mat$tand moves elements
from one distributioru to anothew. In SwAB, we de neu andv as uniformly distributed vector

u = 1=ks 2 R*s andv = 1=k 2 R*T. This indicates that we treat all classes as equally important.
We may also incorporate prior knowledge of class importance to de aadv.

The solution  of the OT problem in Equation 5 could be solved ef cienthd], and acts as a

bridge matrix between open-source datasets' classes and target dataset's classes. Usually, the smaller
cost; is, the larger the corresponding elemey)t obtained by OT, indicating statistics of theh

class of open-source datasets may help more when we estimate the statistigstbf tdwget class.

3.2 Bridge the Modality Gap and Capability Gap

Bridge the Modality Gap. Given them-th VLM f, in the model zoo, we want to estimate the
modality gapg;;j between the extracted image and text features for {theclass in the target
datasefl to bridge the modality gap. However, in the zero-shot scenario, we can't get the target
dataset's images in advance, so we can't directly calculate the gap vectors using image-text pairs.
To solve this problemSwaAB estimates the target dataset's gap vectors based on the open-source
datasets' gap vectors with . Given thek-th open-source clasg, we can get the set of images

D§, = (Xi;¥i)j(xi;yi) 2 Dg; yi = ¢ from the open-source datasgy, j is the number of
images inD'Sk. Then, the modality gap vectgﬁ];k for classc; and modef , can be calculated

1 P t(xi) )

S —
throughgg = DL ] KL (xi)k ki (cf)k

SkJ . |
(xi;yi)2D Sk

the normalized class text prototype embedding and all nhormalized image embeddings from the

classcg . In a similar manner, the gap vectors of all open-source clatsgﬁg%; ;gr?q;k ;gcanbe

obtained giveri ,,. We use a matriG S 2 Rks dn to represent thoses gap vectors for then-th
VLM in the VLM Zoo, anddy, is the dimensionality of features extractedfhy.

: Ok is the average difference between

The gap vectorf;g;; n g;;k , gfor the target dataset could be estimated based 06 thand

the transport matrix . If two classes are semantically similar, then we can reuse the gap vector from
the similar class. We set the predicted gap vector foy thietarget clasg%;j as a weighted sum of

G and the weight comes from , whichis@y = jCrj( .;)” G5, . ., isthej-th column of

We use scaling factoj€r j to ensure that for each target class, the sum pfequals 1. This scale
operation has also been used in previous wétk §3]. After that, we modify the step of ModelGPT

in Equation 3, where the metrics over the generated auxiliary Eéxtare calculated. We add the
gap vectong;;j to the embeddings of the auxiliary tex@. from thej -th class in the target dataset:

T = fm(ti)+ Omg ; 8t 2 DY (6)

The modi ed text embeddingi,; Serves as better image proxies. In other words, classi cation
metrics onf | (t;) only reveal the discerning ability of the text encodef gf, which is far from

the (cross-modal) zero-shot classi cation ability due to the modality gap. By bridging such a
gap with modi ed text embedding, classi cation metrics gn; are closer to the classi cation
metrics on images with textual classi.eiTherefore, we uséty,.1; g in Equation 6 as better



inputs to calculats], in Equation 3. The updated score vectsfs are then input to the ranker
modelf g, which is able to get more accurate VLM's performance predicihn Based on the

performance predictiohp, g™ _, , we can obtain the VLMs' ranking™ ‘@ = [4] . r‘,\T,I Wy =
Ranking pl; ;py - Ranking ) transforms the accuracies into models' ranking.

Bridge the Capability Gap. Whether then-th VLM f,, ts the target taskl could also be estimated
by the performance df,, on the open-source datasets related tdMe rst calculate the VLM's
class-level performance ranking over the whole open-source datasets. Giketihtbpen-source
classcg and the corresponding set of imagiegk , we calculate the zero-shot classi cation accuracy

pﬁ;k via Equation 1. We then determine each VLM's ranking onkké open-source clagg using
Equation 7. We calculate VLMs' ranking for other open-source classes in the same way.

TE = [rf;k; ;ra;k ] = Ranking pik; ;pf/l;k : (1)

Next, we estimate the ranking of a certain VL] on the target datas@&t. By re-organizing the
ranking values in Equation 7, the performance ranking vectbg,obn allks open-source classes
isrg =[ras o roxl2 Z%s _If f,, ranks high on certain open-source classes related to the
classes in the target dataset, the performance rankihg oh the target dataset may also be high.
Thus, we perform a weighted sum of ranking valuesJnand assign larger weights to those classes
related to the target dataset. This can be done by using

Pl=rS (8)

Elements imT 2 RXT are the predicted ranking of the m-th VLM, for ky target classes. Since
we only need the relative order of ranks, there is no additional scale factor in Equation 8. After

that, we average class-speci c ranking value€\[n and use“I{(z) = Mean i\l to denote the
estimated ranking df,,, on the target datasét. In summary, we predict the ranking of models

on each class in the target dataset based on their rankings in classes of the open-source datasets,
guided by the semantic relevance between the classes. We predict the ranking of models on each
category in the target dataset based on their rankings in categories of the open-source dataset, guided
by the semantic relevance between the categories. Bene ting from the models' consistently aligned
classi cation performance ranking across similar classes, this approach bridges the capability gap in
VLM selection.

3.3 Summary of SNVAB

As is described in Section 3.2, given a target datésatd a VLMf ,, we denote the two performance

ranking predictions obtained by bridging the modality gap and capability gab:(éé andrn’@ |

respectivelyr‘l];(l) is predicted based on ModelGPT with our modi ed embeddings of the generated
auxiliary texts forT . A @ s predicted by the weighted sum of VLM's class-speci ¢ ranking values
on the open-source datasets. These two predictions, respectively, originate from learning-based and

non-learning-based LOVM methods. We ensemble two predictions together and achieve a more
accurate model ranking estimation. We utilize the weighted Borda Count to aggregate two rankings:

pres= AL @ ) @ 9)

We set = 0:5. Ultimately, SwAaB determines the nal predicted ranking of the VLMs in the VLM
Zoo based om ", The pseudo-code ofv@B is listed in Algorithm 1.

4 Experiments

4.1 Evaluation on LOVM Benchmark

Setups. We follow LOVM [73] to use its provided VLM Zoo. In addition, to further enhance

the diversity of the VLM Zoo, we add some representative VLMs such as BX3Pand BEiT-

3 [59] to expand the VLM Zoo. The nal VLM Zoo contains a total of 43 models, which differ in
aspects such as model architecture, pre-training datasets, and training methods. In the appendix, we
also provide experimental results of different model selection methods on the 35 models originally
offered by LOVM. We evaluate different methods on 23 datasetdmageNet §], Aircraft [36],



Table 1:Results on LOVM Benchmark. We evaluate our method across 23 datasets and 43 pre-
trained VLMs. The results are averaged over all datasets S@B achieves the best results across

all metrics. For methods that involve adding random noise to data features, we report the standard
deviation of metrics across 10 experiments to mitigate the impact of randomness on result reliability.

Methods | H-Score NCE LEEP LogME| INB  Avg Rank || ModelGPT SVAB

Rs(") 0.174 0.235 0.161 0.191) 0.443 0.443 0.446 0.004 0.504 0.000
™ 0.000 -0.014 0.014 -0.014| 0.267 0.246 0.270 0:009  0.318 o0.002

Rs+ (") | 0174 0221 0175 0.77] 0710  0.689 | 0.716 o011 0.822 0.002

CIFAR100 6] and so on. We obtain VLM's ground truth ranking based on VLM's Top-1 Accuracy
calculated on the target dataset's test image set.

Baseline.We select representative methods for each of the three paradigms mentioned in Section 2.2
as our baselines. For the rst paradigm, we use four classic model selection methods: H2Rcore [
NCE [55], LEEP [56] and LogME [B5]. For the second paradigm, we use the VLM's ranking on
ImageNet (INB) and VLM's average ranking (Avg Rank) on classes of the open-source datasets in
the LOVM Benchmark. For the third paradigm, we compare our method with ModelGPT [73].

Evaluations. We use Top-5 Recall and Kendall's Rank Correlation to measure the similarity between
the predicted and the ground truth model rankings to evaluate the LOVM method's performance. We
also calculate the sum of these two metrics to consider the method's comprehensive capability.

Implementation Details. For a fair comparisorGwas follow ModelGPT [73] to sequentially extract

a target dataset from each of the 23 datasets in the LOVM Benchmark and treat the remaining datasets
as open-source datasets. Besid®sas adopts ModelGPT's approach of adding Gaussian noise to
corrupt the target dataset's generated text embeddings. Since LOVM does not provide the speci ¢
image data for the 23 datasets, we download these datasets ourselves and adopt their standard data
splits. Using the templates provided by LOVM, we construct classi ers and recalculate each VLM's
zero-shot image classi cation accuracy on these datasets. Additionally, we utilize the code provided
by LOVM to generate class-related text data using ChatGPT. For H-Score, NCE, LEEP, LogME,
INB, and Avg Rank, we follow the practices of previous work and do not add noise to the model's
inputs. To ensure reliable results, we conduct ten repeated experiments using random seeds from 1
to 10 and report the mean value and standard deviation of ModelGPT's performanSe/and
performance in Table 1.

Results Analysis. From Table 1, we can draw the following conclusions: (1) Metric-based non-
learning model selection methods such as LogME show poor performance on the LOVM Benchmark.
This is primarily because such algorithms rely on the target dataset's images, thus the modality gap
has a greater negative impact on them when using generated text data as a substitute for images.
(2) Using open-source datasets is helpful for LOVM. We nd that using open-source datasets in a
non-learning way€.g.INB, Avg Rank) or a learning waye(g. ModelGPT) all helps LOVM, since

their performance signi cantly surpasses that of methods not utilizing open-source dagegets (
LogME). (3) Despite leveraging more open-source datasets, the performance of Average Rank is
worse than INB. This con rms our analysis of the Capability Gap, which suggests a discrepancy
between the average ranking of a VLM and its ranking on a speci c dataset. (43\ns achieves

the best performance across all evaluation metristably, our nal performance dRs + (0.822)
represents a signi cant improvement of 14.8% over the original SOTA method ModelGPT (0.716).

4.2 Ablation Study
Table 2: Ablation Study of SwAB. SwAB-C,

We conduct an ablation study to demonstrate tHaf/AB-M, and Swas indicates only bridging
bridging the Modality Gap and Capability Gap ard1€ Capability Gap, only bridging the Modality
both essential foBwaB. Table 2 presents our ex>aP, and bridging both gaps im@s.

periment results, from which we can observe thatMethod |
SwAB achieves the best performance across all met-

rics when both gaps are bridged simultaneously>WAB

-C
. . SwAB-M
The ablation study con rms our analysis. SWAB

Rs(") (") Rs+ (")

0.487 0012  0.296 o018 0.783 0.019
0.474 0.006 0.316 0019 0.790 0.017
0.504 0.000 0.318 0.002 0.822 0.002




4.3 In uence of Key Components in SVAB

Will Bridge the Capability Gap Be Bene cial for VLM Selection? We compare the LOVM
performance directly using the VLM's average ranking on each class of open-source datasets and
weighted-sum ranking based on transport matrix The results are shown in Table 3. We can nd
thatutilizing class relevance to bridge the Capability Gap is bene cial for VLM's Model Selection.

Will Bridge the Modality Gap Be Bene cial for VLM Selection? To eliminate the interference of

other factors, we solely utilize the learning-based predicted rankih'é@ in SWAB, and the input to

the ranker moddfl,, only consists of metrics calculated on the generated text@atavhich serves

as substitutes for images. In this way, the method's performance depends solely on the quality of the

generated text datat . From the Table 4, we can nd that the generated text @atabecome better
substitutes for image data after bridging the Modality Gap.

Table 3: Results ofy,® on the LOVM before Table 4: Results of,'® before and after bridg-

and after bridging the Capability Gap. ing the Modality Gap (MG).
Method \ Rs(") ") Rs+ (") Method | Rs(") ") Rs+ ()
Average Rank 0.443 0.246 0.689 Before Bridging MG | 0.216 0.061 0.277
OT Weighted Rank| 0.513 0.217  0.730 After Bridging MG | 0.371 0.080  0.451

Which Kind of Gap Vectors Should We Use?When utilizing the gap vectors from open-source
datasets, we have two options: (1) Use the dataset-level mean gap vector calculated on the whole
dataset's image-text pairs. (2) Use the class-level mean gap vector calculated on the corresponding
class's image-text pairs. We hope that the gap vectors are as close to each other as possible so that
their mean vector can substitute well for the whole set. Based on this idea, we calculate the statistics
of the gap vectors within a dataset and within each class. We calculate three metrics which include:
(1) the standard deviation of these gap vectors' magnitude; (2) the mean cosine similarity between
these gap vectors and their corresponding mean gap vectors; and (3) the standard deviation of these
cosine similarities. These metrics re ect the consistency of the gap vectors. Table 5 shows the results.

Table 5: Results of metrics measuring gap vedable 6: Results oBwas-M on the LOVM
tors' consistency belonging to the same datas®&enchmark using the dataset-level mean gap
or the same class. M: Magnitude, D: Directionvectors and class-level mean gap vectors.

ImageNet Gap Vector | Rs(" ") Rs+ ("
Gap Vector ‘ M-Std# D-Mear(") D-Std(#) p | Rs(") (") s+ (")
Dataset Mean  0.04 068 007 Dataset MearT 0.443 0.304 0.747
Class Mean j 0.03 0.85 0.04 Class Mean | 0.474 0.316 0.790

From the Table 5, we can nd that the class-level gap vectors tend to be more consistent, which
inspires us to use the class-level mean gap vectors. We also compare the reSuwis 6¥1 on the

LOVM Benchmark using the dataset-level mean gap vectors and the class-level mean gap vectors,
respectively. The implementation details are the same as Table 2. Table 6 shows the results, which
veri es that using the class-level mean gap vectors is a better choice.

5 Conclusion

We analyze and address two key challenges in Language-Only VLM Selection (LOVM), which are
VLM's modality gap across different modal features and VLM's Capability gap between its overall
and dataset-speci c rankings. Our key insight is that we can reuse the model's useful statistics on
open-source datasets to help the model selection on the target d&aset.utilizes a transport

matrix between classes of the target dataset and open-source datasets to transfer VLM's class-speci ¢
modality gap vectors and class-speci ¢ rank from open-source datasets to the target dataset, which
mitigates the negative impacts of these two gaps. Experiment results on the LOVM benchmark show
the superiority of our method.
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In the Appendix, we introduce more details about the LOVM Benchmark as well as our extensions to
it. Besides, we introduce ModelGPT's implementation and®wnaB's implementation. We also
provide more experimental results ofv88. The structure of the Appendix is as follows:

* In section A, we introduce the relevant information of the 43 models and 23 datasets used in
our experiments. We also introduce the evaluation metrics used in LOVM Benchigrk [

In section B, we introduce the metrics used in Equation 3.

In section C, we introduce the related work of the paper.

In section D, we provide some details ow&B's implementation.
In section E, we provide more experimental results wh8.

A LOVM Benchmark Details

LOVM Benchmark [/ 3] consists of 35 pre-trained VLMs and 23 datasets, with a totabof23 = 805
evaluations. To further enhance the diversity of the VLM Zoo, we add some representative VLMs
such as BLIP 28] and BEIiT-3 p9] to expand the VLM Zoo. The nal VLM Zoo contains a total

of 43 models, with a total 043 23 = 989 evaluations. For each evaluation, LOVM provides the
VLM's zero-shot image classi cation accuracy on the corresponding dataset. Therefore, we can get
the ground truth performance ranking of 43 VLMs on the 23 datasets.

A.1 VLMs of LOVM Benchmark

To cover as many types of models as possible, the LOVM Benchmark uses OpenCLIP Bfdoy [
getdiverse VLMs. These VLMs differ from each other in terms of the model architecture (RdsiNet [
Transformer $7], ConvNext B4]), the pre-trained dataset (OpenAl's Dat], LAION 2b [47]), the

training method (loss function/hyperparameter/data augmentation) and so on. Table 7 displays the
relevant information of each VLM. We further add BLIP and BEiT-3 to the original VLM Zoo. It
should be noted that in addition to the image-text pair data listed in the Table 7, BEiT-3's pre-training
data also includes unimodal image dataset (ImageNet-21K) and text datasets (English Wikipedia,
BookCorpus, OpenWebText, CC-News, Stories). The diversity of these VLMs ensures that the
experimental results calculated on them can re ect the performance of the VLM model selection
algorithm in real-world situations.

A.2 Datasets of LOVM Benchmark

To cover as wide a distribution of image classi cation tasks as possible, the LOVM Benchmark
collects 23 diverse datasets. These datasets differ from each other in terms of the number of categories,
category semantics, image domains, and so on. Table 8 displays the relevant information of each
dataset. The diversity of these tasks ensures that the experimental results calculated on them can
re ect the performance of the VLM model selection method in real-world situations.

A.3 Evaluation Metrics of LOVM Benchmark

In LOVM, our aim is to maximize the rank similarity between the prediction of VLMs' ranking

rr = fAL gM_, and VLMs' ground truth rankingt = frl g¥_; on the target dataset, especially

the rank similarity of the top 5 VLMs iy andr 1. This is because we tend to focus only on whether
those appropriate models can be chosen. To ensure fair comparability, we follow the evaluation
metrics used by LOVMT3] to assess different model selection methods and directly utilize the code
provided by LOVM [73] to calculate these metrics:

» Top-5 Recall Rs) — Top-5 RecalRs measures the model selection algorithm's accuracy
in identifying the true top ve best-performing models within its predicted top ve models.
The calculation method is shown in Equation 11. H&B(2) andIND(r 3 ) indicates
the model indices sets of the top 5 VLMsfin andr 1, respectively. A Top 5 Recall closer

to 1 signi es greater accuracy in the predicted rankings.
F = IND(P2)\ IND(r3): (10)
Rs = %: (11)
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Table 7: The detailed information of 43 models used in the LOVM Benchmark. Some of the

information in the table comes from [73].

D | Model Name | Dataset Name

1 RN50 RN50 openai WIT

2 RN101 RN101 openai WIT

3 RN50x4 RN50x4 openai WIT

4 RN50-16 RN50x16 openai WIT

5 RN50x64 RN50x64 openai WIT

6 ViT-B-32 ViT-B/32 laion400m_e31 L400m

7 ViT-B-32 ViT-B/32 laion400m_e32 L400m

8 ViT-B-32-quickgelu ViT-B/32 laion400m_e32 L400m

9 ViT-B-32 ViT-B/32 openai WIT

10 ViT-B-32 ViT-B/32 laion2b_s34b_b79k L2b-b

11 ViT-B-32 ViT-B/32 laion2b_e16 L2b-c

12 ViT-B-16 ViT-B/16 laion400m_e32 L400m

13 ViT-B-16 ViT-B/16 openai WIT

14 ViT-B-16-240 ViT-B/16-240 laion400m_e32 L400m

15 ViT-L-14 ViT-L/14 laion400m_e31 L400m

16 VIiT-L-14 ViT-L/14 laion400m_e32 L400m

17 ViT-L-14 ViT-L/14 laion2b_s32b_b82k L2b-b

18 ViT-L-14 ViT-L/14 openai WIT

19 ViT-L-14-336 ViT-L/14-336 openai WIT

20 ViT-G-14 ViT-G/14 laion2b_s12b_b42k L2b-a

21 VIT-G-14 VIT-G/14 laion2b_s34b_b88k L2b-a

22 ViT-H-14 ViT-H/14 laion2b_s32b_b79k L2b-b

23 coca_ViT-B-32 CoCa-ViT-B/32 laion2b_s13b_b90k L2b-c

24 coca_ViT-B-32 CoCa-ViT-B/32 mscoco_ netuned_laion2b_s13b_b90k L2b-c + coco
25 coca_ViT-L-14 CoCa-ViT-L/14 laion2b_s13b_b90k L2b-c

26 coca_ViT-L-14 CoCa-ViT-L/14 mscoco_ netuned_laion2b_s13b_b90k L2b-c + coco
27 convnext_base ConvNEXT-B laion400m_s13b_b51k L400m-c
28 convnext_base_w ConvNEXT-BW laion2b_s13b_b82k L2b-d

29 convnext_base_w ConvNEXT-BW laion2b_s13b_b82k_augreg L2b-e

30 convnext_base_w ConvNEXT-BW laion_aesthetic_s13b_b82k L2b-f

31 convnext_base_w_320 ConvNEXT-BW-320 laion_aesthetic_s13b_b82k L2b-f

32 convnext_base_w_320 ConvNEXT-BW-320 laion_aesthetic_s13b_b82k_augreg L2b-g

33 convnext_large_d ConvNEXT-LD laion2b_s26b_b102k_augreg L2b-h

34 convnext_large_d_320 ConvNEXT-LD-320 laion2b_s29b_b131k_ft L2b-i

35 convnext_large_d_320 ConvNEXT-LD-320 laion2b_s29b_b131k_ft_soup L2b-j

36 | BLIP_retrieval_base_coco BLIP_retrieval_base_coco COCO+VG+CC+CC12M+SBU BLIP-Dataset
37 | BLIP_retrieval_base_f30k BLIP_retrieval_base_f30k COCO+VG+CC+CC12M+SBU+Flickr30k BLIP-Dataset-f
38 | BLIP_retrieval_large_coco BLIP_retrieval_large_cogo COCO+VG+CC+CC12M+SBU BLIP-Dataset
39 | BLIP_retrieval_large_f30k BLIP_retrieval_large_f30k COCO+VG+CC+CC12M+SBU+Flickr30k BLIP-Dataset-f
40 | BEIT-3_retrieval_base_coco BEIT-3_retrieval_base_cpco CC12M+CC3M+SBU+COCO+VG BEiT-Dataset
41 | BEIT-3_retrieval_base_f30k  BEIiT-3_retrieval_base_f30kC12M+CC3M+SBU+COCO+VG+Flickr30k  BEiT-Dataset-f
42 | BEIT-3_retrieval_large_coco BEIT-3_retrieval_large_cqco = CC12M+CC3M+SBU+COCO+VG BEiT-Dataset
43 | BEIT-3_retrieval_large_f30k BEIT-3_retrieval_large_f30kCC12M+CC3M+SBU+COCO+VG+Flickr30k  BEiT-Dataset-f

Table 8: Detailed information of 23 tasks used in the LOVM Benchmark. This table comes#8ym [

Dataset | Classes Task Domain
Imagenet [8] 1000 classi cation natural image
SUN397 [60] 397 scene und. natural image

Country211 [46] 211 geolocation natural image
Stanford Cars [25] 196 classi cation natural image
Flowers102 [42] 102 classi cation natural image
CIFAR100 [26] 100 classi cation natural image

DTD [5] 46 classi cation textural image
RESISC45 [4] 45 classi cation  satellite images
GTSRB [50] 43 classi cation natural image

Oxford Pets [44] 37 classi cation natural image
VOC2007 [10] 20 classi cation natural image
STL10 [6] 10 classi cation natural image
EuroSAT [19] 10 classi cation  satellite images
MNIST [27] 10 classi cation hand-writing
SVHN [41] 10 OCR natural image
CLEVR-C [23] 8 object counting  natural image
CLEVR-D [23] 8 distance est. natural image
FER2013 [16] 7 fac. exp. rec. natural image
DMLab [69] 6 distance est. synthetic
Retinopathy [24] 5 classi cation retina scan
KITTI [15] 4 distance est. natural image
PCam [58] 2 classi cation histopathology
Rendered SST2 [46 2 OCR text image
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» Kendall's Rank Correlation ( ) — Kendall's Rank Correlation measures the ranking
consistency between two ranking lists. We follow LOVFS] to focus on the VLMs within
the intersection of the top 5 VLMs ify andrt and use to evaluate a model selection
method's capability.

B ModelGPT Details

ModelGPT is a method proposed by LOVMJ. In this section, we introduce the metrics that
ModelGPT used in Equation 3.

B.1 The Generation Process of Auxiliary Text Samples

ModelGPT [73] utilizes ChatGPT43] to generate auxiliary text data by designing prompts to query
ChatGPT. This extra text data mainly includes the Captions Dataset and the Synonyms Dataset.

Captions Dataset. ModelGPT uses the following prompt to guide LLM to generate realistic and
confusing text data corresponding to the user-provided classes. The reason for requiring ChatGPT to
generate confusing texts is to increase the classi cation dif culty of the text data, thereby enhancing
its ability to distinguish the performance of different models.

Generate long and confusing image captions for the {domain} domain, which
will be used to evaluate a Vision-Language Model's {task} performance.
Generate 50 captions for {classname}:

We show some generated auxiliary text examples. For example, in the category of dog, one of the text
samples generated by ChatGPT is "An adorable dog perfect for cuddles and playtime." ModelGPT
collects the results from this prompt to form the captions dat&s&¥.

Synonyms Dataset. ModelGPT uses synonyms to evaluate VLM's text encoder. For example, we
expect an excellent VLM to extract similar embeddings for the words “chair” and “seat”. The prompt
to guide LLM to generate synonyms is as follows.

Please list the superclasses/synonyms for {classname}. For example:
chair: [furniture, seat, bench, armchair, sofa]
{classname}:

ModelGPT collects the results from this prompt to form the synonyms dafa§¥t,

B.2 Text-Derived Scores

ModelGPT uses six metrics for model selection, which can be dividedlatbClassi cation scores
andDataset Granularity scores Text Classi cation scoresinclude theText top-1 accuracy score
andText f1-score While Granularity scores include theFisher criterion Silhouette scoreClass
Dispersion scor@andSynonym Consistency scokere we focus on introducing the various metrics
included in theGranularity scores. We refer to the relevant content in LOVM.

Fisher Criterion sher. The Fisher score measures the closeness of VLM's text classi er to one
another. Equation 12 shows the calculation process of it wihdsethe text classi er of the-th class
derived using the prompt ensemble strategies proposetbin [( ; ) is a function that calculates the
cosine similarity between two vectors, aiij is the number of classes.
1 X
sher = T~ max; e j (f\l ) f\j) : (12)
ICj i=1
Silhouette Score' 4. The Silhouette Score measures the separation of different-class samples in

the caption datas@& °@P. To calculate it, ModelGPT averages the cosine similarity of captions to the
nearest other class's classi er by:

- " #
1 X

max; | (D1 fi) - (13)

j=1 k=1
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wheref} is the text classi er of thé-th class derived using the prompt ensemble strategies proposed
in [46], (; ) isafunction that calculates the cosine similarity between two vectorgGjns the
number of classe® @] |k representing sampleof class] in the caption datas@& °@. There is a

total of N such samples for each class.

Class Dispersion Score gisp. Class Dispersion Score quanti es the degree of same-class tightness or
data cone radius, which is calculated using the following Equation:
1 KX .
disp = CIN (D il £i): (14)

i=1 k=1
The de nitions of all symbols in Equation 14 are consistent with those in Equation 13.

Synonym Consistency Scoresy,. Synonym consistency allows us to evaluate the degree of content
shift between the VLMs' pre-training and target dataset. The calculation process is shown as follows:
L X

syn jCjN . ( []k I) ( )

The de nitions off}, (; ), jCj andN in Equation 15 are consistent with those in Equation 13.
D ¥Mi]k representing sampleof classi in the synonym datasét Y".

C Related Work

Vision-Language Models.Deep learning has achieved competitive performaB8g74, 30] and

the vision-language model is a new research hotspot of it. Vision-Language Models represent a
class of multimodal models adept at correlating textual and visual information. These VLMs can
comprehend rich semantics and possess strong generalization capabilities. Hence, they are often used
in data-limited scenario$[L, 29. Many VLMs are pre-trained or ne-tuned on extensive text-image
pairs using loss functions such as contrastive loss, endowing them with powerful text-image matching
capability. Prominent VLMs include CLIP4p], ALIGN [22], FLAVA [ 48], Florence $8], and
CoCap7]. These VLMs possess robust zero-shot image classi cation capabifigsfhich enables

its widespread application in tasks characterized by long-tail distributions or those where collecting
substantial training data is challenging, such as medical image analysis. Somel@/@4# has also

shown that by incorporating external knowledge, the zero-shot capabilities of CLIP can be further
enhanced. In recent years, the number of open-source VLMs has been incr@akimygvious

work [73] has pointed out that different VLMs possess varying image classi cation capabilities. This
indicates that the performance of VLMs can vary signi cantly across different tasks and domains.
These models with diverse capabilities constitute a VLM Zoo rich in knowledge. This VLM Zoo
enables us to utilize different VLMs for various classi cation tasks, thereby changing the paradigm
of using a single VLM to complete diverse classi cation tasks. This paper focuses on selecting the
most suitable VLM for the target task from the VLM Zoo.

Model Selection. In recent years, how to select the most suitable model for the target task from
the model zoo has received widespread attention. For example, a series of works on le&Bware [
52, 71, 72, 33, 51, 54] have attempted to solve this problem. The essence of the model selection
problem lies in measuring the transferability of the model to the target task. Previous model selection
methods $5, 56, 65, 66, 9, 20] evaluate the PTM's transferability by performing a forward pass

of the PTM on the target task's data and calculating the metric of transferability based on the
forward pass's result. For example, H-Scogg NCE [55], LEEP [56], LogME [65] estimate
transferred log-likelihood, negative conditional entropy, log expectation, marginalized likelihood to
obtain proxy metric of transferability, respectively. Some new methods, such as TasiPsad [

Model Spider 70|, generate representation vectors for both the models and the tasks and measure
the transferability of the model to the task by calculating the similarity between these vectors.
However, VLMs are typically used in zero-shot or few-shot scenarios, where we are unable to obtain
a large amount of data for the target task in advance, making traditional model selection approaches
unsuitable for VLMs. Additionally, previous methods have mainly focused on single-modal models,
overlooking the characteristics of VLMs. Therefore, in this paper, we concentrate on designing
model selection algorithms that are suitable for scenarios with limited data and take into account the
characteristics of VLMs.
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D Implementation Details of SvAB

In this section, we provide some details on the implementatid®wa{s, which are not mentioned in
the main text due to space constraints.

D.1 Filtering the Open-Source Tasks' Classes

The statistics of classes unrelated to the target class are generally not valuable for reuse. Meanwhile,
when the number of classgSsj in open-source datasessis large, solving the optimal transport
problem in Equation 5 can be time-consuming (as current optimal transport toolkits generally compute
via CPU). To reduce the runtime of optimal transport, we can rst Iter the clagkgsConsider

that only statistics of classes relevant to the target dataset are helpful. Therefore, we can Iter out
the classes i€s that are irrelevant to the target datasebased on the class-level textual semantic
similarity between the open-source datasets' classes and the target dataset's classes. This process is
shown in the following Equation:

G CI
T @k K (@K 1o
Cs = fc®jmax(S;) > g: jCqj = k&: (17)

Here S;.. refers to thei-th row of the semantic similarity matrix calculated using Equation 16,
which represents the vector formed by the similarity betweei-theelassc® in Cs and each class
Cr =fcl; ;cf gofthe targettask. is athreshold and we set= 0:5. k2 refers to the number
of classes in the Iltered seﬁé. Then we use the lter classés; to calculate the transport matrix

2 Rk k1 and continue with the following steps.

D.2 Using Partial Optimal Transport for Bridging the Capability Gap

Partial optimal transport extends the optimal transport framework, enabling the selective transfer of
elements from a source to a target distribution, rather than moving all elements. Its optimization
problem is de ned as in Equation 18. Hemgass refers to the total amount of mass actually be
transferred. We sehass = 0:9 in our implementation.
X
= argmin ij COSt;
2RS T
st. 1 u; "1 v, oy O
1T T1=mass minfkuky;kvk.g:

(18)

We found that when using Equation 8 to bridge the Capability Gap, the transport mawbtained

using partial optimal transport yields better results than the one obtained using the original optimal
transport via solving the Equation 5. Therefore, in our implementation, we use the transport matrix
derived from partial optimal transport to bridge the capability gap. This also indicates that when

estimating VLM's statistics on the target dataset, different types of statistics have different preferences
for the estimation methods used. This variability is worth further investigation.

D.3 Data Normalization in Bridging the Modality Gap.

When bridging the Modality Gap as described in Section 3.2, we nd that applying z-score normal-
ization to the text and image features used in this process yields better results. Therefore, in our
implementation, we normalize the features of all text and image samples during the modality bridging
process using the following Equation:

X
Z =

(19)

Herex 2 RY represents the image sample's or text sample's feature, wheR® and 2 RY are
calculated using the features of all samples of the same modality within its respective dataset.
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Algorithm 1 SWAB

1: Input: Target dataset’s class names Ct, open-source datasets’ class names Cg, open-source
datasets’ images DY.
2: Use ChatGPT to generate auxiliary text data Dg and Dt based on Cs and Ct .
3: Calculate VLM's class-level zero-shot image classification rankings frs,.;gm—y s and class-
level gap vectors FgS,.;gm—p iy
4: for ks datasets do
5:  Calculate textual similarity between the current dataset’s class names and other open-source
datasets’ class names to construct a cost matrix.
6:  Solve Optimal Transport Problem based on the cost matrix to get transport matrix
7:  Use  and other open-source datasets’ class-level gap vectors to predict the current dataset’s
class-level gap vectors. Add the predicted class-level gap vectors to the corresponding text
data’s feature of Dg to get modified text data.
end for
9: Calculate textual similarity between open-source datasets’ class names Cg and target dataset’s
class names Ct to construct cost matrix.
10: Solve Optimal Transport Problem based on the cost matrix to get transport matrix
11: Use and fgﬁq;igmzzl.'__lks to predict the class-level vectors fg;;igﬂﬂf' i;';lkT of the target
dataset. Add FT ;,gm_1i"
data.
12: Use open-source datasets’ modified text data and VLMs’ ground truth zero-shot image classifica-
tion performance to train the ranker model fy,.

13: Use the ranker model Ty, to predict VLMs’ rankings ff\-rl]-q;(l)gmsz on the target dataset based

on the target dataset’s modified text data.
14: Use  and fra;igmi'l\’.'{'flks to predict the VLMSs’ class-level zero-shot image classification
rankings FAT .gm—117KT of the target dataset.

o]

KT o corresponding text data’s feature of Dt to get modified text

15: Calculate the average prediction rankings across all classes in the target dataset fﬁ%;(z)gng" of
ff“L;igmzm;';lkT for each VLM as the VLM'’s overall prediction ranking on the target dataset.

16: Ensemble Ay Pgm=M and Al @gm=M (o get final predicted rankings FAT eNsgmM=M

D.4 Pseudo Code of SWAB

Algorithm 1 shows the pseudo-code of SWAB.

E More Experiment Results

In this section, we provide more experimental results of SWAB.

E.1 Bridging the Modality Gap Leads to Better Image Proxies

In Section 2.3 and Figure 2, we analyze whether generated text data can act as good image proxies.
Our conclusion is that due to the Modality Gap, text samples cannot directly serve as an effective
substitute for images in model evaluation. To demonstrate that our method SWAB can bridge this
Modality Gap and thereby make text samples a better substitute for images, we conduct the following
experiment.

From the Figure 4, it is evident that the predicted model accuracy calculated using the modified
text samples is closer to the true model accuracy compared to that calculated with the original text
samples. This suggests that bridging the Modality Gap leads to better image proxies.

We use ImageNet as our dataset. First, we employ the method introduced in Section 3.2 to predict
the gap vectors for each class of the target dataset based on gap vectors calculated on open-source
datasets. Then, we add the corresponding class’s predicted gap vectors to the generated text data of
ImageNet to bridge the modality gap. Finally, we calculate the zero-shot classification accuracy of
different models on these modified text data. To measure the consistency between the predicted Top-1
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Figure 4: Comparison of the consistency metrics between the accuracy calculated using text data
before and after bridging the gap and the model’s true accuracy. After bridging the modality gap, the
text data act as better substitutes for image data to evaluate the model’s performance.

accuracy and the true image classification accuracy, we calculate the Kendall Rank Correlation (
higher is better) and Mean Absolute Error (MAE, lower is better). We compare the consistency
metrics of text data and modified text data. It can be observed that the consistency metrics of modified
text data are better, which proves our method can reduce the gap between the generated text data and
the image data.

E.2 Analysis of the Modality Gap in BLIP and BEiT-3

We expand the VLM Zoo provided by LOVM by adding various variants of BLIP and BEiT-3 to
enhance the diversity of the VLM Zoo. We find that the zero-shot image classification performance
of the base models of BLIP and BEiT-3 is poor. Therefore, we use the retrieval version of the
models provided officially. These models are obtained by fine-tuning the base models on COCO
and Flickr30k through contrastive learning, thereby possessing better zero-shot image classification
performance. During the pre-training of BLIP and BEiT-3, they may have used multiple loss functions
in addition to the contrastive loss (BLIP), or perhaps they did not use contrastive loss at all (BEiT-3).
Therefore, the existence of the Modality Gap in the feature spaces of these two models requires
further investigation.

We use image samples from the STL-10 dataset and class-related text samples generated by ChatGPT.
For each modality, we randomly extract 200 samples and calculate image-to-image, text-to-text, and
image-to-text similarities, and plot histograms. We also observe the presence of Modality Gaps in
different models through UMAP visualization [38]. Figure 5 and Figure 6 show the experiment result.
Through our experiments, we verify that the feature spaces of the BLIP and BEiT-3 retrieval models
still exhibit the Modality Gap phenomenon.

(BEIT3", retrieval I_base_coco') (BEIT3:, retrieval I_base_f30k) (BEIT3., retrieval_large_coco’) (BEIT3:, retrieval_large_f30K)

100
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Figure 5: The distribution of image-to-image (i2i) cosine similarity, text-to-text (t2t) cosine similarity,
and image-to-text (i2t) cosine similarity values for different BEiT-3 and BLIP models.
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