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Abstract

Contrastive Language-Image Pre-training (CLIP) models
as a milestone of modern multimodal intelligence, its gener-
alization mechanism grasped massive research interests in
the community. While existing studies limited in the scope
of pre-training knowledge, hardly underpinned its general-
ization to countless open-world concepts absent from the
pre-training regime. This paper dives into such Out-of-Pre-
training (OOP) generalization problem from a holistic per-
spective. We propose LAION-Beyond benchmark to isolate
the evaluation of OOP concepts from pre-training knowl-
edge, with regards to OpenCLIP and its reproducible vari-
ants derived from LAION datasets. Empirical analysis ev-
idences that despite image features of OOP concepts born
with significant category margins, their zero-shot transfer
significantly fails due to the poor image-text alignment. To
this, we elaborate the “name-tuning” methodology with its
theoretical merits in terms of OOP generalization, then pro-
pose few-shot name learning (FSNL) and zero-shot name
learning (ZSNL) algorithms to achieve OOP generaliza-
tion in a data-efficient manner. LAION-Beyond dataset and
codes: http://m-huangx.github.io/laion beyond/.

1. Introduction

In recent years, pre-training vision models with language
supervision by contrastive learning schemes becomes a fo-
cal point of interest [12, 23, 25]. The so-called CLIPs and
its variants, forging a synergy between images and natu-
ral language, are pre-trained by aligning visual and textual
information with a vast trove of image-text pairs using cou-
pled encoders. The success of image-text matching is quan-
tified by classifying images into the classes with their names
in a vocabulary, which are fed into the text encoder with its
prompt template (e.g., “a photo of a fclassg”) to generate
their classification weights. Constructing Softmax classi-
fier by the cosine similarity between normalized image fea-
tures and weights, CLIP exhibits stellar few-shot / zero-shot

*indicate corresponding author; yindicates the equal contribution.

Figure 1. Comparison between IP and OOP generalization. The
former evaluate OpenCLIP’s generalization with visual concepts
seen in pre-training phases, whereas the latter justifies its general-
ization through the concepts absent during pre-training.

learning on behave of its out-of-distribution (OOD) gener-
alizability [10, 11, 41] .

Leading studies investigated the CLIP family from di-
verse aspects of OOD generalization, while visual concepts
employed in their evaluations were almost expected to have
been encountered during pre-training (Fig.1.a). In contrast
of these In-Pre-training (IP) concepts, Out-of-Pre-training
(OOP) concepts never shown previously yet might predom-
inant in the majority of open-world cases, remain question-
able (Fig.1.b). This limitation stems from the scarcity of
available evaluation data: existing benchmarks mainly con-
sist of visual concepts well-represented in large-scale pre-
training datasets such as LAION [26]. This category over-
lap between evaluation and pre-training distributions poten-
tially masks the CLIP’s true OOD generalization evaluation
beyond commonly encountered concepts.

To demystify the underlying capability of CLIP in OOP
concepts, we propose LAION-Beyond benchmark with the
counterpart classes absent in LAION datasets used to build
OpenCLIP, the reproducible variants of CLIP. It derives
LAION-Beyond’s construction with 324 IP and 674 OOP
classes under the rubric of 9 domains, which are tractably
crawled from web to prevent the category-set contamina-
tion from the vocabulary of LAION. Combining LAION
series and their OpenCLIP-derived models helps rigorously
identify whether a concept joined contrastive pre-training.

14701

http://m-huangx.github.io/laion_beyond/


It facilitates the fair comparison between the IP and OOP
concepts given their images recognized by OpenCLIP.

Remarkable insights are found in the image features ex-
tracted from OOP concepts by the OpenCLIP encoder, illus-
trating significant clustering margins across arbitrary IP and
OOP classes through visualization and clustering indexes.
This phenomenon suggests that visual concepts are poten-
tially categorized regardless of whether they were included
in the pre-training dataset. However, in contrast with previ-
ous observations in IP classes, the zero-shot learning perfor-
mance of OpenCLIP exhibits a tremendous deficit in OOP
classes. It showcases the cross-modal alignment failure of
the text encoder when OOP concepts appear in images.

In the realm of open-vocabulary classification in LAION
-Beyond, the alignment failure can be solved via fine-tuning
the name embeddings of OOP concepts. We analyze the
OOP generalization from a principled view, verifying the
merit of fine-tuning OOP name embeddings and the po-
tential risk when we take prompt-tuning or adapter in this
problem. Derived from this, we propose few-shot name
learning (FSNL) algorithm, then extend it to suit the sit-
uations without image-text pairs available in OOP con-
cepts, which leads to zero-shot name learning (ZSNL) algo-
rithm. FSNL fine-tunes name embedding of OOP concepts
by shuffling contexts across similar concept pairs; ZSNL
combines the name-tuning with bipartite graph matching
algorithms to align proper OOP-class image-cluster cen-
ters. They are evaluated via LAION-Beyond in the com-
parison with prevalent prompt-tuning and adapter baselines,
which justify our theoretical claims and the superiority of
our methodology.

2. Related Work

Vision-Language Models (VLMs). VisualBERT is a pio-
neer in pre-trained VLMs, adapting BERT for multimodal
inputs that shed a light to the follow-up pre-training mod-
els and techniques [3, 13, 14, 27, 29]. CLIP [9, 24] and its
variants [4, 28, 42] revolutionized multimodal learning by
pre-training to align large-scale images and texts in a uni-
form embedding space. The paradigm shift owes the broad
employment of their pre-trained image encoders in most
existing visual large language models (vLLMs) [1, 2, 37],
which capably fast adapts to new visual concepts without
extensively re-training their image-encoding pipelines. It is
hardly coordinated with the existing CLIP-based emprical
studies without the concerns of clarifying the concepts in or
beyond the scope of pre-training.
Generalization mechanism in VLM. Impressed by CLIP’s
capability, attentions were gradually paid to unveil its gen-
eralization mechanism behind. Some work are interested in
its robustness [20, 30, 38] and its adaptation to long-tailed
distribution bias [34, 49], while others examine train-test
similarity [17] and compositionality understanding [40].

While Udandarao et al [31] reveal that CLIP requires ex-
ponentially more data for linear performance gains, these
studies leave unexplored a critical question: how does CLIP
handle cross-modal alignment for concepts absent from pre-
training? Our work propose LAION-beyond benchmark to
formally investigate this OOP generalization problem.
Data-Efficient Fine-tuning of VLM. Remarked by the ex-
traordinary generalization, CLIP-based VLMs are primar-
ily evaluated through open-vocabulary prediction with tex-
tual input as task-oriented prompt templates. Many stud-
ies aim for data-efficient fine-tuning CLIP to adapt down-
stream tasks. [8, 43] prefer a adapter layer inserted between
CLIP’s pre-training pipeline and the output, then fine-tuned
to encourage the downstream-task adaptation. More re-
cently, prompt-tuning approaches [15, 46–48] directly seek
for optimizing the embedding parts behind task-specific
context templates. The methodology is more flexible and
broadly adopted in CLIP-based research. Distinct from
conventional zero-shot learning settings [6, 7, 18], CLIP
have observed large-scale vision-language pairs during pre-
training so its zero-shot transfer inference heavily relies on
the extensive supervision available in pretraining. How do
the concepts unseen in pre-training influcence CLIP’s fine-
tuning strategies? It remains a mystery.

3. Preliminary
As a reproducible variant of CLIP, OpenCLIP [4] consists
of an image encoder f and a text encoder g jointly pre-
trained with massive image-text pairs fIi;T igNi=1 drawn
from open-source pre-training sets LAION [26], where nor-
malized features f(I(j)), g(T (j)) are extracted to train the
encoders via closing their consine similarity gap with In-
foNCE [21]. Well-trained encoders serve the prompt-based
open-vocabulary classification principle:

P
(f;g)
V (yjI) =

exp
� sim(f(I);g(T (y)))




�P
yi2V exp

� sim(f(I);g(T (yi))



� ; (1)

where T (y) indicates a text with the class name y. It is also
well-known as prompt if T (�) takes a task-specific template,
e.g., T ( ) =“a photo of [ ] ” for few-shot/zero-shot learning
paradigm. V denotes the vocabulary to identify the range of
predicted classes.

Motivation. Given classes with respect to a vocabulary
V , we may fine-tune a lightweight adaptation layer [8] or
the context embedding of prompt [45] to classify their im-
ages. In this case, OOD generalization is measured via the
performance balance between the classes in V or beyond.
But no matter which, the success rises from vision-language
alignment achieved during pre-training phase. Instead of
constructing classifiers with pre-training words and phrases,
the vocabulary V in this work also permits the class names
beyond the textual scope of fT igNi=1.
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Figure 2. The statistics of OOP and IP concepts and their images
in LAION-Beyond (400M),(2B), and (5B).

4. Unveiling OpenCLIP by Out-of-Pretraining
(OOP) Concepts

As discussed, our study needs to examine the performances
of OpenCLIP when evaluating visual concepts absent in the
pre-training dataset fIi;T igNi=1, whereas to the best of our
knowledge, there is no proper identification of OOP con-
cepts in existing benchmarks. Towards this end, we propose
a evaluation benchmark LAION-Beyond.

4.1. LAION-Beyond Benchmark
Construction and statistic. LAION-Beyond consists of
106,052 images in 674 OOP concepts and 51,330 images in
324 IP concepts in terms of words and phrases in LAION-
400M, distributed across 9 domains, i.e., Plants Fungi, In-
sects Spiders, Animals, Pokemon, FolkArt, Landmark, At-
tire, Food, and Architecture. Each domain represented as
a categorical ancient branches in a hierarchy, simultane-
ously contains OOP concepts and IP concepts under the
rubic of its categorical branch. The IP-class names are
found in LAION-400M while the OOP-class names stays
beyond the lexical scope of LAION-400M vocabulary. Im-
ages with texts associated with the OOP concepts are di-
vided into train, val, test sets to faciliate our OOP gener-
alization experiments (Sec.6), instead, IP concepts solely
contain their images to evaluate the generalization of Open-
CLIP. Our construction promises both OOP and IP concepts
visually perceptible and long-tail distributed, to ensure their
fair comparison.

Scaling OOP concepts beyond LAION-2B and 5B.
Despite LAION-Beyond drawn from concepts beyond
LAION-400M, we further derive subsets to identify OOP
concepts out of the scopes of LAION-2B and 5B, respec-
tively. Specifically, we construct the word-and-phrase list
of LAION-2B and 5B, as what was done previously, then
screen the OOP concepts in LAION-Beyond (400M) to
generate the image-text subsets drawn from OOP concepts

Table 1. The normalized clustering accuracy across features ex-
tracted from OOP-class test images and IP-class test images across
9 domains, respectively.

A
ni

m

A
rc

h

A
tti

Fo
lk

Fo
od

In
se

ct

La
dm

k

P
la

nt

Po
ke

m

Avg

IP classes 40.27 91.04 82.09 78.02 81.72 50.44 93.01 55.71 34.07 68.15

OOP classes 37.27 81.06 68.92 76.60 80.65 48.30 86.39 53.17 35.80 63.13

IP-OOP gap 3.00 10.02 13.83 1.42 1.07 2.14 6.62 2.54 1.73 5.02

Figure 3. The t-SNE visualization for (a).image features from 20
OOP classes drawn from Plants Fungi; (b).image features from
10 OOP classes and 10 IP classes. Colors indicate the image fea-
tures extracted from corresponding OOP classes. The gray spots in
(b) indicate the image features extracted from arbitrary IP classes.

excluded by LAION-2B and 5B. LAION-Beyond with
400M, 2B, and 5B splits, enable comprehensive evaluation
of CLIP models pre-trained on their corresponding LAION
datasets. This stratification encourages OOP-concept exam-
ination based upon the CLIP-based neural scaling law.

Details of construction and statistic of (400M), (2B), and
(5B) versions in LAION-Beyond refer to our Appendix.A.

4.2. Generalization of CLIP: IP v.s. OOP Concepts
Providing LAION-Beyond with concepts beyond LAION-
400M, we evaluate OpenCLIP across the OOP and IP con-
cepts, with the same categorical ancients for a fair compar-
ison. It results in remarkable insights to better understand
CLIP-derived systems in the realm of open-world concepts.

Finding 1: clustering margins of OOP concepts. We
first investigate the OOP image features through their t-SNE
embeddings [32]. The features in Fig.3.a are illustrated with
significant clustering gaps across different OOP categories
and what’s more, these clusters would not be overlapped
by category clusters with respect to IP concepts (Fig.3.b)
(Full t-SNE-based observations across 9 domains can be
found in Appendix.A and corroborate our finding). The
report of clustering accuracy across different OOP and IP
classes (Table.1) further confirm this finding. In particular,
we observe both IP and OOP classes with high normalized
clustering accuracy in 7 domains, and the performance gaps
in 6 domains less than 3%. The digits coincide with the
illustration in Fig.3, which jointly implies that image fea-
tures extracted by the vision encoder of CLIP conceive the
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Figure 4. The zero-shot inference performances of OpenCLIP and EvaCLIP on OOP and IP classes in LAION-Beyond (400M), (2B),
and (5B), respectively. IP (cls-balance) and OOP (cls-balance) indicate the class-balanced accuracy ACCcls�bal: Suppose that Nc

IP,Nc
OOP

denote the number of IP, OOP classes, then ACCcls�bal(x) =
Nc

IPACC(x)

Nc
IP

+Nc
OOP

if x2DIP;ACCcls�bal(x) =
Nc

OOPACC(x)

Nc
IP

+Nc
OOP

if x2DOOP. The
class-balanced accuracy debiases the performances with different numbers between IP and OOP classes for a fair evaluation.

discriminability across arbitrary classes, even if they have
never shown the names in pre-training.

Finding 2: image-text alignment failure. Though
OpenCLIP born with the promising discriminability in OOP
concepts with its image encoder, the text encoder fails to
achieve the cross-modal alignment. To justify this, we com-
pare zero-shot learning performances on IP and OOP con-
cepts with neural scaling law. As illustrated in Fig.4, com-
pared with the accuracy in IP classes, OOP-class zero-shot
learning results drop with huge gaps in LAION-Beyond
(400M), while the gaps are narrower while considering the
class-balance accuracy between the images in OOP and IP
classes, which demonstrates the class imbalance also con-
tributes the gap. In the cases in LAION-Beyond (2B), IP
and OOP results are close, however, balancing the classes
leads to a larger gap. To this, the image-text misalign-
ment in LAION-Beyond (2B) become more serious. In
LAION-Beyond (5B), no matter class balance or not, OOP-
class zero-shot learning significantly outperforms IP-class
zero-shot learning. Summarize them and we found, despite
OpenCLIP pre-trained with more image-text pairs (LAION-
400M v.s. LAION-5B), as long as the concepts absent from
pre-training, there is no promise to solve the image-text
misalignment by neural scaling law.

Opposed with image features, the disaster performances
across OOP domains in OpenCLIP may owe to the text en-
coder fails to generate OOP classification weights. It stems
from the absence of alignment between prompts with OOP
concepts and their corresponding visual features, because
of token embeddings of OOP concepts not initialized with
any image-text alignment in pre-training. Since OOP con-
cepts typically refer to rare classes, optimizing their embed-
dings in an efficient manner is supposed to be the key that
achieves OOP image-text alignment.

5. Methodology
In this section, we first elaborate fine-tuning the name em-
beddings of OOP concepts along with its theoretical merits,
then propose the derived algorithms in the open-vocabulary

few-shot and zero-shot learning setups, respectively.

5.1. Fine-Tuning Names of OOP Concepts
Distinct from pretraining and prompt-tuning, name-tuning
only optimizes the token embedding with regards to words
and phrases of OOP concepts, while keeps the rest words’
embeddings as usual. Suppose that we have OOP image-
text pairs

nD
Î(y); T̂ (e(y))

Eo
, where y indicates a word

or a phrase with respect to a specific concept drawn from an
OOP list Y OOP;

D
Î(y); T̂ (e(y))

E
presents as a image-

text pair with the concept y and its name tokenized into the
embedding e(y), is included by caption T̂ (e(y)). To this,
tuning embeddings of OOP concepts is formulated

min
e(y)2e(Y OOP)

R̂Y OOP
= LInfoNCE

�

Î(y); T̂ (e(y))

��
;

(2)
where LInfoNCE denotes the optimization derived from In-
foNCE whereas the image and text encoders are frozen to
tune OOP word or phrase embeddings ahead of the text en-
coder input. R̂Y OOP

denotes the empirical risk minimiza-
tion (ERM) with respect to the list of OOP concepts.

OOP Generalization analysis. To show the necessity of
name-tuning, we consider the population risk R(f�;g�)

Y IP[Y OOP

that denotes the ideal pre-training with f , g and word em-
beddings in lists of IP and OOP concepts, and the practi-

cal pre-training ERM R̂(f̂ ;ĝ)
Y IP

only with IP concepts 1. Ob-

viously, minimizing R(f̂ ;ĝ)
Y IP[Y OOP

is perfect yet impossible
since we are unable to go through the countless samples

and the concepts newly up-coming, but combing R̂(f̂ ;ĝ)
Y IP

and
R̂Y OOP

leads to the generalization bound below

Proposition 1. (Informal)Suppose that R̂Y OOP
denotes the

ERM of fine-tuning the name embeddings of OOP concepts
on top of frozen f̂ ,ĝ, which are pre-trained along with the

1The definition of f ,g in our analysis are apart from the word embed-
ding of OOP concepts that follow the tokenization. This reconfiguration
helps to isolate the OOP name-tuning from existing studies.
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name embeddings of IP concepts. Suppose DIP, DOOP as
the distributions with IP and OOP concepts, respectively;
and NIP and NOOP denote the number of samples drawn
from DIP, DOOP for pre-training and fine-tuning, respec-
tively. 8 �>0, it holds the probability 1-� with

R(f�;g�)
Y IP[Y OOP

� R̂(f̂ ;ĝ)
Y IP

+ R̂Y OOP +
1

2

(DIP; DOOP)

+dp(f̂ ; f�)+dp(ĝ; g�) + RDIP (F ;G; EIP) + RDOOP (EOOP)

+
3

2

r
ln(4=�)

2NIP
+

3

2

r
ln(4=�)

2NOOP
+

1

2

r
ln(4=�)

2

�
1

NIP
+

1

NOOP

�
;

(3)
where 
(DIP; DOOP) indicates the distribution gap, dp(�; �)
indicates the approximation error via a p-norm (entry-wise)
to measure the difference between functions, RDIP and
RDOOP denote the Rademacher complexity for pre-training
and fine-tuning, with F ,G,EIP and EOOP denote the func-
tional spaces of f , g, e(Y IP), e(Y OOP).

The insight of Eq.3 is that despite Y OOP has never seen
before, as long as some semantic connected between Y IP

and Y OOP hold in 
(DIP; DOOP), tuning the name embed-

dings of OOP concepts after pre-training with R̂(f̂ ;ĝ)
Y IP

can

control the ideal population riskR(f�;g�)
Y IP[Y OOP

.
But why not prompt-tuning or adapter approaches? The

following result unveils that the arbitrary initialization of
OOP embeddings may lead to the risk of non-identification
between IP and OOP concepts, regardless of what prompts
or adapters used in open-vocabulary prediction in Eq.1:

Proposition 2. (Informal) 8y1 2 Y IP and 8y2 2 Y OOP,
if the embeddings e(Y OOP) can be arbitrarily initialized,
then given 8� > 0 and an image I with label y2, for any
prompt-tuning and adapter layer of CLIP behind f and g,
it holds dp

�
logP

(f;g)
V (y1jI); logP

(f;g)
V (y2jI)

�
��.

The theory is formalized in Appendix.B along with the
further empirical study for better understanding. The afore-
mentioned analysis motivates learning OOP name embed-
ding in the data-efficient manner.

5.2. Few-Shot Name Learning
In the few-shot learning setup, we have the access of image-
text pairs in OOP concepts, whereas the amount is very lim-
ited. Our first trick to address the training-data eager is to
initialize OOP-class name embedding using language mod-
els. Our implementation inherits the tokenized input ahead
of BERT [6] to initialize the OOP word embeddings. Given
OOP phrases composed of old words, their embeddings are
independently learnt by deploying the new tokens without
the disturbance to IP word embeddings.

Augmentation by contexts of similar concepts. Given
each OOP image-text pair

D
Î(y); T̂ (e(y))

E
, we further

augment few-shot image-text matching by simply shuffling

context T̂ with arbitrary contexts presented in the other
pairs with the similar OOP concepts (e.g., under the same
categorical ancient). For instance, given a caption T̂ (e(y))
= “A women in a cheongsam”, the augmentation may switch
the context “A women in a [ ]” by “People are dressed in [ ]”
rather than “This animal is [ ]”, etc. It derives to the formu-
lation:

min
e(y);8y�Y OOP

X
T̂ j�PCS

LInfoNCE

� X
T̂ j�PCS



Î(y); T̂j(e(y))

��
;

(4)
where PCS denote the prompts generated with the shuf-
fled contexts, then Eq.4 and Eq.2 are jointly optimized to
fine-tune the OOP-name embedding. Similar with com-
positional prompts [19, 40] that we are inspired from, the
augmentation may lead to noisy contexts with inevitable
incorrect fine-grained information. While under the same
umbrella of categorical ancient, our strategy promises the
semantic is convincing in open-vocabulary prediction tasks.

5.3. Zero-Shot Name Learning
Few-shot learning permits an access of image-text pair for
OOP concepts. To take a step further, we prescribe that the
image set

n
Î(y)

o
does not have the text set

n
T̂ (e(y))

o
in

OOP concepts to align with, which literally refers to a zero-
shot learning setup since images in

n
Î(y)

o
were never la-

beled by any concept names. To classify them into Y OOP,
we propose a bipartite-graph matching strategy to estimate
the names of image in

n
Î(y)

o
with regards to Y OOP, then

learning to classify them by name-tuning the label.
Cluster initialization by novel-class discovery. As dis-

cussed previously, despite images in OOP class not aligned
with their names, those in the same OOP class tend to con-
verge into a cluster. However, unsupervised clustering al-
ways suffer from the ambiguity in cluster granularity due
to no explicit category information provided. To this, we
follow the spirit of novel class discovery (NCD) [5], which
guides the clustering of OOP-class images by the supervi-
sion from the images in IP classes, thus, obtained by low
cost. In our methodology, we limit the training scope of the
NCD model to the classification head while its backbone is
frozen by the image encoder f(�). This strategy inject the
OpenCLIP’s pre-training knowledge to ensure the perfor-
mance transfer from IP classes to OOP classes.

Image-text bipartite-graph matching. With category-
aware image clusters obtained in OOP classes, we attempt
to find the optimal bipartite-graph matching across the clus-
ter centers and prompt embedding with the names in OOP
classes. Specifically, we obtained the normalized average of
each cluster to represent the OOP-class centers, then com-
pute their cosine similarities with the prompt embedding
representing each concept in OOP classes. Given this, we
have a bipartite graph between the image-cluster centers and
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