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Foundational vision-language models like CLIP are emerging CoOp x v
as a promising paradigm in vision due to their excellent gen- Prompt learning ~ CoCoOp X 4
eralization. However, adapting these models for downstream methods g:f‘)g: i ; j
tasks while maintaining their generalization remains chal- TCP X v/
lengipg. In literaturg, one branch of methods .adapts CLIP by DCLIP % X
learning prompts using images. While effective, these meth- Prompt ensembling ~ WaffleCLIP-Concept v/ X
ods often rely on image-label data, which is not always prac- methods (LLM) ~ CuPL v X
tical, and struggle to generalize to new datasets due to over- ProText (Ours) v v

fitting on few-shot source data. Another approach explores
training-free methods by generating class captions from large
language models (LLMs) and performing prompt ensem-
bling, but these methods often produce static, class-specific
prompts that cannot be transferred to new classes and in-
cur additional costs by generating LLLM descriptions for each
class separately. In this work, we aim to combine the strengths
of both approaches by learning prompts using only text data
derived from LLMs. As supervised training of prompts in the
image-free setup is non-trivial, we develop a language-only
efficient training approach that enables prompts to distill rich
contextual knowledge from LLM data. Furthermore, by map-
ping the LLM contextual text data within the learned prompts,
our approach enables zero-shot transfer of prompts to new
classes and datasets, potentially reducing the LLM prompt
engineering cost. To the best of our knowledge, this is the first
work that learns generalized and transferable prompts for im-
age tasks using only text data. We perform evaluations on 4
benchmarks, where ProText improves over ensembling meth-
ods while being competitive with those using labeled images.

Code — https://github.com/muzairkhattak/ProText

Introduction

Foundational Vision-Language models (Radford et al. 2021;
Jia et al. 2021; Yu et al. 2022; Lai et al. 2023), which are
large DNNs pre-trained on web-scale data have started to
become increasingly popular in the vision community due
to their wide scale applicability and generalization abilities.
Among these, Vision-Language models (VLMs) such as
CLIP (Radford et al. 2021) stand out as the latest highlights
which leverage contrastive pre-training on massive image-
text pairs from the internet. During pre-training, CLIP learns
to align image-text samples in a shared feature space. This
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Table 1: Existing methods improve CLIP’s generalization
by learning prompts with image supervision or using non-
transferable prompt ensembling with LLM knowledge. In
contrast, our approach aims to learn prompts with text-only
data which are transferable to new datasets and classes.

allows CLIP to encode open-vocabulary concepts and gen-
eralize to zero-shot tasks such as image recognition (Kim
et al. 2022), object detection (Feng et al. 2022), and image
segmentation (Liiddecke and Ecker 2022).

CLIP consists of two encoders to encode image and
text inputs respectively. For zero-shot classification, a hand-
crafted prompt such as ‘a photo of a CLS’ is used as the
text input. Text features of classes are compared with visual
feature and class with highest similarity is assigned as pre-
dicted label. Improving the quality of text templates such
as adding attributes (An et al. 2023), or class-specific de-
tails (Pratt et al. 2023; Jin et al. 2021) has shown to im-
prove CLIP performance. However, designing high-quality
prompts (also known as textual-prompt enhancement) that
can best describe test image remains a key challenge, as im-
age content is not known in advance.

In literature, numerous techniques have been proposed to
adapt CLIP for recognition tasks. One branch of methods
(Zhou et al. 2022a,b; Chen et al. 2022; Huang, Chu, and Wei
2022; Shu et al. 2022; Lu et al. 2022) treat text prompts as
learnable vectors and optimize them using task-specific ob-
jectives such as cross-entropy. As prompts are learned in the
embedding space, this allows them to be used with classes
and datasets beyond those on which they were trained on.
While effective over the baseline CLIP, most of these meth-
ods require annotated image labels to optimize the prompts
which is often impractical, especially in real-world scenarios
such as medical imaging, remote sensing, security, surveil-
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Figure 1: Without using any images for training, ProText us-
ing text-only data improves over CLIP, CuPL, and prior 16-
shot image-supervised methods in challenging cross-dataset
transfer settings. Prompt ensembling-based CuPL (training-
free) performs same as CLIP as it cannot transfer class-
specific LLM templates to cross-datasets.

lance, etc. Moreover, these methods tend to overfit on few-
shot source samples and struggle to retain CLIP’s general-
ization, especially in cross-dataset settings.

Alternatively, several methods (Pratt et al. 2023; Menon
and Vondrick 2023; Roth et al. 2023) have proposed
training-free variants of prompt ensembling by using Large
Language Models (LLMs). Instead of using hand-crafted
templates, these methods obtain dataset or class-specific de-
scriptors and captions from LLMs to enhance text features.
These enriched features aim to better represent content that
could occur in test images, leading to improvements over the
baseline CLIP. Although these methods do not require im-
ages, the knowledge acquired from LLMs is mostly specific
to each class and not directly transferable to unseen classes
and datasets as no optimization is performed. Additionally,
generating LLM descriptions for each concept separately in-
curs additional LLM serving and prompt engineering costs.

In this work, we present a new paradigm to improve
CLIP’s generalization. Our motivation comes from combin-
ing the strengths of prompt learning and prompt ensem-
bling approaches while effectively addressing their limita-
tions. To this end, we introduce ProText: Prompt Learning
with Text-Only Supervision. In contrast to previous meth-
ods, our approach instead proposes to learn prompts using
text only data obtained from LLMs. As supervised train-
ing of prompts is not trivial due to image-free setting, we
develop a novel training framework that allows prompts to
learn and extract rich contextual knowledge from LLM data.
Moreover, as LLM contextual knowledge is mapped within
the learned prompts, it enables zero-shot transfer of prompts
to new classes and datasets, potentially leading to a substan-
tial reduction in LLM serving and prompt engineering cost.

As shown in Tab. 1, ProText adopts a text-only approach
to learn prompts, and in addition the adapted CLIP trans-
fers well to unseen classes and datasets, therefore address-
ing the transferability limitations of LLM-based prompt en-
sembling methods. We demonstrate the effectiveness of Pro-
Text by performing extensive evaluations on 4 benchmarks.
On challenging cross-dataset transfer setting, ProText with-
out using any visual information achieves an average gain
of +2.08% over CLIP while surpassing the performance
of previous best image-supervised prompt learning method
MaPLe (Khattak et al. 2023a) by +0.93% (Fig. 1). Fur-
ther, ProText with text-only supervision performs competi-
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tively against prior methods in domain generalization, base-
to-novel class, and text-only supervised setting. Our main
contributions are summarized as follows:

* Our work explores the task of prompt learning in CLIP
using text-only data. Our method harmonically combines
the strengths of prompt learning and prompt ensembling
methods to improve CLIP’s generalization.

* To optimize prompts with text-only data, we develop a
training approach that allows prompts to learn a mapping
function by distilling rich contextual information derived
from LLM textual data.

* As LLM contextual knowledge is mapped within the
learned prompts, this enables prompts to be directly used
with new classes and datasets potentially reducing the ad-
ditional LLM serving and prompt engineering cost.

* We validate the effectiveness of our method through ex-
tensive experiments on four benchmarks. Our ProText
approach improves the generalization of CLIP across var-
ious settings and fares competitive to approaches that ex-
plicitly use labeled image samples during training.

Related Work

Foundational Vision-Language models (VLMs). VLMs
(Radford et al. 2021; Jia et al. 2021; Yu et al. 2022; Yuan
et al. 2021; Yao et al. 2021; Naeem et al. 2023b) leverage
joint image-text pretraining using internet-scale data in a
self-supervised fashion. Using the contrastive learning ob-
jective, VLMs learn rich multi-modal features by attracting
together the features of paired images and texts while re-
pelling un-paired image-text features in a joint feature space.
The resulting model learns open-vocabulary concepts inter-
pretable through natural language suitable for downstream
discriminative vision tasks such as open-vocabulary image
classification (Khattak et al. 2023a; Lu et al. 2022; Chen
et al. 2022; Zhou et al. 2022b; Naeem et al. 2022, 2023a),
detection (Du et al. 2022; Zhou et al. 2022c; Minderer et al.
2022; Liu et al. 2023; Bangalath et al. 2022), and segmenta-
tion (Ghiasi et al. 2022; Li et al. 2022; Liang et al. 2023). Al-
though promising, adapting VLMs effectively while main-
taining their original generalization remains a challenge. In
this work, we propose a novel method to adapt CLIP with
transferable prompt learning through text modality supervi-
sion to improve its performance on vision modality tasks.

Prompt Learning for VLMs. Prompt Learning (Chen et al.
2022; Zhou et al. 2022a,b; Lu et al. 2022; Derakhshani
et al. 2023; Shu et al. 2022; Yao, Zhang, and Xu 2024; Zhu
et al. 2023) has emerged as an effective fine-tuning strat-
egy to adapt large-scale models. This approach adds a small
number of learnable embeddings along with model inputs
which are optimized during training while the rest of the
model is kept frozen. As the pre-trained model remains un-
changed, this technique has become particularly effective for
VLMs such as CLIP, where maintaining the model’s orig-
inal generalizability is crucial. CoOp (Zhou et al. 2022b)
is the pioneering prompt learning method for CLIP which
learns text prompts to fine-tune CLIP. CoCoOp (Zhou et al.
2022a) improves CoOp’s generalization by conditioning text
prompts on visual features. MaPLe (Khattak et al. 2023a)



proposes multi-modal prompts to adapt both vision and lan-
guage branches of CLIP. UPL (Huang, Chu, and Wei 2022)
adopts an unsupervised prompt learning approach to fine-
tune CLIP. PromptSRC (Khattak et al. 2023b) improves
prompt learning from a regularization perspective by using
additional loss functions during training. While these meth-
ods improve baseline CLIP performance, most of them re-
quire labeled image samples, which is less practical, and
generating pseudo-labels is often less effective. In contrast,
we present a novel prompt learning approach that improves
CLIP generalization without relying on any visual samples
during training.

Training-Free Text Prompt Enhancement. With the emer-
gence of LLMs like GPT-3 (Brown et al. 2020), several
approaches (Menon and Vondrick 2023; Roth et al. 2023;
Pratt et al. 2023) have explored their potential for improv-
ing zero-shot generalization of CLIP. Instead of using hand-
crafted templates for generating class features, these meth-
ods use LLMs to generate high-level concepts, class cap-
tions, and/or attributes which are used in one form or an-
other to enrich text features. DCLIP (Menon and Vondrick
2023) generates fine-grained per-class language descriptors
and ensemble its similarity with image to produce clas-
sification scores. WaffleCLIP (Roth et al. 2023) matches
DCLIP performance with random descriptors and show fur-
ther gains by data-specific concepts generated via LLMs.
CuPL (Pratt et al. 2023) query LLMs to generate class-
specific prompt descriptions for prompt ensembling. While
effective, most of these approaches generate class-specific
text from LLMs which are not directly transferable to un-
seen classes and new datasets since no training is performed.
Our work aims to leverage the same LLM data via a novel
text-only prompt learning technique that allows the transfer
of learned prompts to unseen classes and new datasets.
Text-only Supervision for VLMs. Recently, several meth-
ods (Nukrai, Mokady, and Globerson 2022; Zhang et al.
2023; Cho et al. 2023; Gu, Clark, and Kembhavi 2023) have
been proposed to adapt VLMs with text-only supervision.
DrML (Zhang et al. 2023) trains a classifier on text features
and transfers it to image features at inference for the er-
ror slice discovery problem. PromptStyler (Cho et al. 2023)
adopts a similar approach for domain generalization tasks
and learns a fixed-head classifier on different style prompts,
where the style prompts are learned separately before train-
ing the classifier. While these methods perform text-only
training similar to ours, they adopt the cross-modal transfer
principle (e.g., transferring a text classifier to images). Sec-
ondly, they struggle to transfer to new classes due to the fixed
head classifier network. On the other hand, our approach
is motivated from the direction of text-prompt enhancement
and it transfers well to unseen classes.

Method

Given the language interpretable nature of VLMs such as
CLIP (Radford et al. 2021), they are naturally suited for
zero-shot recognition tasks. However, to achieve full poten-
tial of CLIP’s generalization for downstream tasks, adapta-
tion still appears to be necessary. One line of methods adopts
prompt learning (Lu et al. 2022; Khattak et al. 2023a; Zhou
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et al. 2022a,b) to re-purpose CLIP features for downstream
data. These methods often require image samples with la-
bels to learn the prompts. Another line of methods adopts
training-free prompt ensembling (Pratt et al. 2023; Menon
and Vondrick 2023; Roth et al. 2023) using LLMs. Although
prompt ensembling do not require image information, these
methods mostly generate class-specific LLM prompts that
are not directly transferable to new classes and datasets.

In this work, we explore a new paradigm for learning
transferable prompts for VLMs using text-only supervi-
sion. Our adaptation framework, ProText: Prompt Learn-
ing with Text only supervision aims to learn transferable
prompts without utilizing images, aiming to combine the
text-only and transferability characteristics from training-
free and image-based prompt learning methods respectively.
Fig. 2 shows our overall framework. First, we curate text-
only LLM caption data using class names of a given dataset
and a LLM such as GPT-3 (Brown et al. 2020). As a text-
supervised approach, ProText only requires CLIP text en-
coders during training. Specifically, we employ one frozen
encoder with learnable prompts and a second frozen encoder
without learnable prompts. Learnable prompts with class-
name templates are input to the prompted text encoder to
obtain the class-name template feature, and a frozen text
encoder generates LLM template feature from its descrip-
tion obtained from LLM data. Next, we employ a contextual
mapping training objective which maps class-name template
feature to the LLM template feature. Contextual mapping
allows the prompts to learn a generalized mapping func-
tion that embeds rich contextual knowledge from LLM data
within the prompt vectors. As prompts are learned in the em-
bedding space, they are directly compatible with new classes
and datasets. At inference, the learned prompts are used with
CLIP model for standard zero-shot CLIP inference.

Preliminaries

Contrastive Language-Image Pre-training (CLIP). CLIP
consist of an image encoder f and a text encoder g which
maps image and text input into visual and textual feature re-
spectively. We denote CLIP parameters as Ocrip = {6,604}
where 0 and 0, refer to the image and text encoder pa-
rameters, respectively. Input image X is divided into M
patches which are linearly projected to produce patch to-
kens and a learnable class token CLS is prepended result-
ing in the final sequence as X = {cLs, ey, €2, - ,ent.
The image encoder f encodes the input patches via mul-
tiple transformer blocks to produce a latent visual feature
f = f(X,0;), where f € R% Next, the corresponding
class label y is embedded in a text template, such as ‘a
photo of a [CLASS]’ which can be formulated as ¥ =
{SOS, t1,t2, -+ ,t1,c, EOS}. Here {t;|,} and cy, are
the word embeddings corresponding to the text template and
the label y, respectively while SOS and EOS are the learn-
able start and end token embeddings. The text encoder g
encodes Y via multiple transformer blocks to produce the
latent text feature as g = g(f’, 0,), where g € R?. For
zero-shot inference, text features of text template with class
labels {1,2,--- ,C} are matched with image feature f as
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Figure 2: Overview of ProText. (Left) First, diverse captions are generated for training classes using GPT-3. During training,
CLIP text encoders generate prompted class-name feature (g,,) from class-name templates with learnable prompts and frozen
LLM template feature (g) from LLM generated templates. Next, we employ contextual mapping loss to guide learnable
prompts to learn a mapping from prompted class-name feature to LLM template feature containing more information about
the class. This allows the learned prompts to exploit internal knowledge of text encoder complemented by LLM descriptions.
(Right) At inference, learned prompts are used with class-names and zero-shot CLIP inference protocol is followed. Moreover,
contextual information from LLM descriptions mapped to the learned prompts enables its transfer to new classes and datasets.

exp(sin(g-f)7)

S exp(sim(gi-F))’
larity and 7 is the temperature.
Prompt Learning with CLIP. Being a parameter efficient
tuning method, prompt learning has emerged as a popular
technique to adapt vision-language models like CLIP. Since
most of the model is kept frozen during adaptation, prompt
learning aims to reduce overfitting. Learnable prompts are
appended either at the image side (Bahng et al. 2022), text
encoder side (Zhou et al. 2022a,b), or both sides. In this
work, we learn hierarchical prompts at the text encoder
named Deep Language Prompting (DLP) (Khattak et al.
2023a) formulated as follows.

T learnable language prompts Py = {p},ps,--- ,pi}
are appended with text input tokens, resulting in Y,
{SOS, Py, t1,ts, - ,tr, ci, EOS}. The text encoder pro-
cesses f’p and prompted text feature is obtained as g, =
g(f’p, 6,). We use deep prompting which learns hierarchi-
cal prompts at subsequent transformer blocks of text en-

coder. Visual feature f is obtained without utilizing learn-
able prompts. To adapt CLIP on image classification task on
dataset D, prompts P; are optimized in a supervised fashion
using labeled image samples with cross-entropy loss, Lck.

ey

where sim() denotes the cosine simi-

Lcg = arg rr1131n E(x y)~D C(sim(f, Jp): Y).
t

Prompt Ensembling with LLM Captions. Several meth-
ods adapts CLIP via training-free prompt ensembling tech-
niques for textual-prompt enhancement. These methods use
LLMs to obtain diverse captions, attributes, or high-level
concepts of class names. The corresponding text features are
either averaged (Pratt et al. 2023) or the similarity score of
each attribute with the image is calculated to obtain classifi-
cation scores (Menon and Vondrick 2023). In this work, we
show comparisons with a strong ensembling baseline CuPL
(Pratt et al. 2023). Specifically, a LLM F such as GPT-3
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(Brown et al. 2020) is used to generate class-specific de-
scriptions for class labels {1,2,-- -, C'} using queries such
as ‘How does a CLASS look like’. CLIP text features of the
same class description are averaged together, which serves
as the ensembled text features. Finally, zero-shot inference
is performed with those ensembled text features.

Prompt Learning with Text-Only Supervision

While LLM-based prompt ensembling methods are effective
in adapting CLIP, they face notable challenges as outlined:
LLM Prompts transferability limitation. LLM-based
prompt ensembling approaches like CuPL (Pratt et al. 2023)
generate class-specific LLM descriptions for inference. We
note that a caption generated for class A (seen class) can-
not be directly utilized for class B (unseen class). While
open-source LLMs exhibit lower performance, proprietary
ones such as GPT-3 are required for generating data for new
classes and datasets leading to additional serving costs.

Our work aims to address the aforementioned limitations
within a unified framework. Below we discuss our strategy
for curating text-to-text data using LLMs for training, fol-
lowed by our text-only prompt learning framework.

Text-Only LLM Data for Prompt Learning As dis-
cussed earlier, learning prompts for downstream datasets
typically require image-labels pairs. Orthogonal to this, we
study a text-only approach and leverage LLMs to curate text
data for prompt learning which consists of text inputs and
text outputs. Given a set of classes {c;}$_,, we prepare text
inputs {Liinputs}iczl by wrapping each class name in a stan-
dard hand-written text template,

K3

— ¢ K
inputs — @ Photo of a ¢;’.

Next, text outputs corresponding to the Lispus are pre-
pared. Specifically, we query GPT-3 to generate detailed de-
scriptions for each class name c;. Similar to CuPL (Pratt



et al. 2023), we prompt GPT-3 with different queries () con-
ditioned on class names such as ‘How does a c; look like?’
and ‘How can you identify a c;?” to obtain text outputs,

L, F(Qlei).

outputs =

Similar to (Pratt et al. 2023), we generate M text out-
puts per query () and use N different queries, resulting
in M x N text outputs per class category. We associate
all Lousputs With the corresponding single Linputs for each
class c¢;. As LLMs are pre-trained on internet-scale text cor-
pora, they possess the capability of generating very diverse
and high-quality descriptions and captions for different class
categories which results in high-quality text outputs. Fi-
nally we combine Linputs and Loyiputs to create LLM based
text-to-text data for text only prompt learning, Dprompr =
Y — Outputs}MXN *C We refer the readers to the ap-
pendix section for additional details on the choice of LLM
prompts and examples of Dproppr-
Contextual Mapping with Prompt Learning We utilize
the LLM text-to-text data Dproympr for learning generalized
and transferable prompts using a contextual mapping strat-
egy that effectively learns a mapping function that maps
standard class name templates such as ‘a photo of a ¢;’ to
the text feature generated from a LLM description which
contains more information about the class ¢;. In other words,
contextual mapping allows learnable prompts to map Linputs
t0 Loutputs in the text feature space of CLIP. The mapping
function is realized in the form of learnable prompts. We
study alternatives for mapping functions in ablation studies.

For an iy, training sample from Dpgoypr consisting of
a text-to-text pair {meuts, Loutputs}i, we obtain prompted
class-name feature g, for meuts using learnable prompts

and frozen LLM feature g for LOut ats Without the prompt
vectors within the pre-trained latent space of CLIP text en-
coder. We then impose a contextual mapping constraint be-
tween g, and g text features as follows,

ZIIgp all3.

We utilize MSE loss objective to enforce contextual map-
ping from Lln ats [0 Lout s We study other choices of con-
sistency ob]ectlves in our ablations 0.

Motivation for L.pping: Contextual mapping objective
aims to train a generalized mapping function using learnable
prompts in the text embedding space of CLIP to enhance
text features. These enriched features are aligned with the
LLM descriptions (Lomputs) for a given class. When trained
using all classes together, the mapping function generalizes
well and becomes adaptable for new concepts, effectively
enabling the transferability of class-specific LLM descrip-
tions to unseen classes and datasets. Learned prompts are
used with new classes (as a prefix), by applying the same
mapping and enables its transfer. This protocol is analogous
to pretraining a model on a source dataset for transfer learn-
ing. Consequently, this reduces the per-dataset overhead as-
sociated with LLM serving and prompt engineering.
Inference. Once text prompt vectors are learned in our
framework in the text domain, they are utilized with CLIP

@

mappmg
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for downstream visual domain inference using a standard
zero-shot CLIP inference setup. As shown in Fig. 2 (right),
the learned prompts P; are concatenated with each given
class name to generate prompted text features {gp}<
Subsequently, zero-shot inference is performed using the
prompted text features along with the input image feature
f to generate classification scores for test images.

Experiments
Evaluation settings

We perform evaluations in 4 benchmark settings. Prompt en-
sembling methods and ProText utilize text-only LLM data
for adapting CLIP while image-supervised prompt learning
methods use image-label pairs for training. Supervised text-
only setting benchmarks are discussed in the appendix.
Baselines. Our experimental setup is text-only, where our
main baselines are LLM-based prompt ensembling meth-
ods. We mainly compare with CuPL (best among prompt
ensembling methods) which uses LLM descriptions. We ad-
ditionally compare results with image-supervised methods
(indirect competitors) for holistic benchmark comparison.
Base-to-Novel Generalization. We evaluate the generaliza-
tion of methods within a dataset. Following previous meth-
ods (Zhou et al. 2022a), we split each dataset into base and
novel classes. Models are trained on base classes and eval-
uated on the test set of base and novel classes. ProText and
CuPL use LLM text data of base classes in training.
Cross-dataset transfer. We evaluate the generalization abil-
ity of models trained on ImageNet-1k (Deng et al. 2009)
source dataset by directly transferring it on cross-datasets.
Domain Generalization This setting evaluates the robust-
ness of methods on out-of-distribution datasets. We train
models on the ImageNet-1k source dataset and evaluate its
performance on four ImageNet variants with domain shifts.
Datasets. For the aforementioned benchmarks, we use
same datasets as followed by previous works (Zhou et al.
2022b,a; Khattak et al. 2023a). For cross-dataset trans-
fer, domain generalization, and base-to-novel generaliza-
tion, we use 11 datasets that cover multiple recognition
tasks. These includes ImageNet (Deng et al. 2009) and Cal-
tech101 (Fei-Fei, Fergus, and Perona 2004) which contains
generic objects; OxfordPets (Parkhi et al. 2012), Stanford-
Cars (Krause et al. 2013), Flowers102 (Nilsback and Zis-
serman 2008), Food101 (Bossard, Guillaumin, and Gool
2014), and FGVCAuircraft (Maji et al. 2013) for fine-grained
classification, SUN397 (Xiao et al. 2010) for scene recog-
nition, UCF101 (Soomro, Zamir, and Shah 2012) for ac-
tion recognition, DTD (Cimpoi et al. 2014) for texture
classification, and EuroSAT (Helber et al. 2019) for satel-
lite images. For domain generalization, we train mod-
els on ImageNet (Deng et al. 2009) as a source dataset
and use ImageNet-A (Hendrycks et al. 2021b), ImageNet-
R (Hendrycks et al. 2021a), ImageNet-S (Wang et al. 2019)
and ImageNetV2 (Recht et al. 2019) for OOD evaluation.
Implementation details. We use pretrained ViT-B/16 CLIP
model from OpenAl (Radford et al. 2021). ProText is with
Deep Language Prompting in the first 9 transformer blocks
of the CLIP text encoder. For cross-dataset transfer and do-



Method ImageNet Acc.
1: CLIP (ICML21) 66.72
2: CLIP-Attribute 67.60
3: CLIP-80 68.32
4: DCLIP (ICLR’23) 68.03
5: Waffle CLIP (ICCV’23) 68.34
6: CuPL (ICCV’23) 69.62
7: ProText-Attribute 68.05
8: ProText-80 68.48
9: ProText-CuPL 70.22

Table 2: Using same text data, learning contextual prompts
with text-only supervision improves CLIP performance in
comparison to the prompt ensembling techniques.

main generalization setting, we train ProText using 7' = 4
and 7" = 16 language prompts with 10 and 200 epochs
respectively. Similar to (Wang et al. 2019), ProText and
zero-shot CLIP use additional concepts where available with
its prompts such as ‘a photo of a CLS, a type of flower’
for OxfordFlowers. For base-to-novel and supervised text-
only settings, ProText uses optimal prompt length and epoch
configuration for each dataset. Optimal training configura-
tion is obtained through hyper-parameter search on valida-
tion split of datasets. We use CuPL LLM text-data and gen-
erate descriptions for datasets not provided by CuPL using
GPT-3 DaVinci-002 model. AdamW optimizer is used with
5 warm-up epochs for training using a 16-GB V100 GPU.

Effectiveness of Text-Only Supervision

We first present an ablation to motivate our approach
of learning prompts with text-only supervision. We train
ProText with 3 types of text data and evaluate on Ima-
geNet. ProText-Attribute uses 46 templates from (An et al.
2023) containing common image attributes such as rota-
tion, blurriness, etc. ProText-80 is trained on standard 80
templates provided by CLIP (Radford et al. 2021) and
ProText-CuPL is trained on class-specific LLM data em-
ployed by our main baseline CuPL (Pratt et al. 2023) for
its ensembling approach. In Tab. 2, we compare ProText
with CLIP and LLM-based ensembling methods. Prompt
ensembling with attribute templates and 80 templates im-
proves over CLIP single template result. Among the LLM-
based ensembling methods, CuPL provide highest result
of 69.62%. In contrast, ProText uses a learning-based ap-
proach and shows competitive performance using same text
data. ProText-Attribute provides gain of 0.45% over CLIP-
Attribute while roughly maintaining its performance against
CLIP-80. When equipped with CuPL LLM text-data, Pro-
Text surpasses CuPL by 0.60% leading to highest perfor-
mance against all methods. These results motivate that in-
stead of prompt ensembling, one can achieve competitive re-
sults by using the same available text data to learn prompts.

Base to novel class generalization

‘We now compare results in base-to-novel generalization set-
ting where training data for only base classes are available.
For CuPL (Pratt et al. 2023), we use base-class LLM tem-
plates for base classes and zero-shot CLIP results for novel
classes. ProText uses base-class LLM templates for train-

4235

Dataset CLIP CuPL ProText (Ours)

B N HM\ B N HM\ B N HM
ImageNet 724 68.1 70.2|74.3 68.1 71.1|75.0 714 73.1
Caltech101 [96.8 94.0 954|972 94.0 95.6|98.1 95.6 96.8
OxfordPets [91.2 97.3 94.1|94.4 97.3 95.8|94.9 98.0 96.5
StanfordCars | 63.4 74.9 68.763.6 74.9 68.8|64.5 76.1 69.8
Flowers102 |72.1 77.8 74.8|74.4 77.8 76.1|74.4 784 76.4
Food101 90.1 91.2 90.7]89.9 91.2 90.6(90.2 91.9 91.1
Aircraft 27.2 36.3 31.1|30.6 36.3 33.2|30.9 34.1 324
SUN397 69.4 754 722|76.0 754 757762 79.1 77.6
DTD 53.2 59.9 564|629 599 61.3|63.1 61.6 62.3
EuroSAT 56.5 64.1 60.0|59.6 64.1 61.8|59.7 80.9 68.7
UCF101 70.5 77.5 739|753 775 76.4|755 79.5 71.5
Average 69.3 74.2 71.7\7246 74.2 73.4\72.9 76.9 74.9

Table 3: Base-to-novel setting. ProText enables the transfer-
ability of prompts to new classes and improves over CuPL.

ing and transfer the learned prompts for new classes at in-
ference. Results are shown in Tab. 3. CuPL outperforms
zero-shot CLIP on base classes while maintaining its per-
formance on novel classes as LLM prompts for new classes
are not available. ProText shows consistent improvements
over CuPL on base classes for 11 datasets. Furthermore,
with the same LLLM base-class data as CuPL, ProText effec-
tively transfers learned prompts towards novel classes and
improves CLIP and CuPL novel class performance by 2.76%
averaged across 11 datasets. This shows the advantage of
ProText prompts to benefit unseen class performance poten-
tially reducing the LLM prompt serving cost by half.

Cross-dataset transfer

In cross-dataset transfer setting, we compare ProText with
CLIP (Radford et al. 2021), CuPL (Pratt et al. 2023), and
image-supervised prompt learning methods. Since class-
specific ImageNet LLM prompts limit its transfer to other
datasets in CuPL, we assign CLIP results to CuPL for cross-
datasets. Image-supervised methods (Zhou et al. 2022a,b)
are trained with 16-shot ImageNet data. We show our re-
sults in Tab. 4. CuPL improves ImageNet performance of
CLIP by ensembling ImageNet LLM captions, while its
cross-dataset results remain same as CLIP. In contrast, Pro-
Text addresses the transferability challenges of CuPL us-
ing prompts trained with the same ImageNet LLM data.
The learned prompts are directly used with CLIP for cross-
datasets leading to absolute average gains of +2.1% against
CLIP and CuPL. With ProText, one can notably reduce
proprietary LLM serving and prompt engineering costs as
prompts learned on one dataset are effectively transferable to
other datasets. For holistic comparison, we compare ProText
with 16-shot image-supervised methods. Without using any
visual samples, ProText shows effective generalization on
cross-datasets with the highest average accuracy of 67.23%.

Domain generalization experiments

We present the results for domain generalization task in Ta-
ble 5. As the domain shift variants of ImageNet share class
names with ImageNet, CuPL employs prompt ensembling
for each dataset and provides an average gain of +2.84%
over CLIP. In contrast, ProText with learned prompts shows
an additional gain of +0.44% against CuPL averaged over 4
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Methods utilizing labeled visual samples
CoOp 71.51 93.70 89.14 64.51 68.71 85.30 18.47 64.15 4192 4639 66.55 63.88
Co-CoOp 71.02 94.43 90.14 65.32 71.88 86.06 2294 6736 4573 4537 6821 65.74
MaPLe 70.72 93.53 90.49 65.57 72.23 86.20 24.74 67.01 4649 48.06 68.69 66.30
TCP 71.40 93.97 91.25 64.69 71.21 86.69 2345 67.15 4435 5145 68.73 66.29
Zero-shot & Prompt ensembling methods
CLIP 66.72 9298  89.13 65.29 71.30  86.11 2490 6259 4456 47.84 66.83 65.15
CuPL 69.62 9298  89.13 65.29 71.30  86.11 2490 62.59 4456 47.84 66.83 65.15
Prompt learning with text-only supervision
ProText (Ours) 69.80  94.81  91.01 66.00 7235 86.66 24.72 67.34 4793 51.86 69.60 67.23

Table 4: Cross-dataset transfer. CuPL and CLIP perform same for cross-datasets as

CuPL source data cannot transfer to

cross-datasets. Image-based models are trained on 16-shot ImageNet samples. ProText uses same ImageNet text data as CuPL.

Source Target
ImageNet -V2 -S -A -R Avg.
Methods utilizing labeled visual samples
CoOp 71.51 64.20 47.99 49.71 75.21 59.28
CoCoOp 71.02 64.07 18.75 50.63 76.18 59.91
MaPLe 70.72 64.07 49.15 50.90 76.98 60.27
TCP 71.20 64.60 49.50 51.20 76.73 60.51
Zero-shot & Prompt ensembling methods
CLIP 66.72 60.83  46.15 47.77 7396  57.18
CuPL 69.62 63.27  49.02  50.72  77.05 60.01
Prompt learning with text-only supervision
ProText (Ours) 70.22 63.54 4945 5147 7735 6045

Table 5: Domain generalization. Prompt learning methods
are trained on ImageNet and evaluated on OOD datasets.
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Figure 3: Ablation studies: (a) Prompt length. (b) Prompt
depth. (¢) LLM data size vs. performance.

Method ImageNet Topl Method ImageNet Topl
1: ProText-80 templates 68.48 1: ProText-contrastive loss 68.12
2: ProText-Alpaca 67.10 2: ProText- L1 loss 69.96
3: ProText-GPT-3 70.22 3: ProText-MSE loss 70.22

Table 6: Ablation on different Table 7: Ablation: loss for
text data for training. contextual mapping.

datasets. Moreover, ProText fairs competitively with image-
supervised methods by showing consistent improvements
over CoOp, CoCoOp, and MaPLe. ProText aims to serve as
an effective alternative to improve the robustness of VLMs
when no visual information is available for training.

Ablative analysis

Choice of LLM for generating text data. Consistent with
CuPL (Pratt et al. 2023), ProText by default uses GPT-3
(Brown et al. 2020) descriptions. Here we ablate on a recent
open-source Mixtral-8x7B LLM (Jiang et al. 2024) in Tab.
6. ProText improves over CuPL-Mixtral by 4.38% and fares
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competitively to ProText-GPT. Stronger future open LMMs
will further narrow the gap with GPT. Loss metric in con-
textual mapping. We ablate on choice of loss used for the
contextual mapping module in Tab. 7. Distance-based losses
improve over contrastive loss. For contrastive loss, batch-
wise similarity is maximized between {Linputs, Loutputs }
(positive) while it is minimized with unpaired samples (neg-
atives). This causes multiple instances of the same class to
be treated as negatives leading to lower performance. Con-
textual mapping network. While ProText employs prompt
learning to learn contextual mapping from LLM descrip-
tions, here we ablate on other choices. MLP adapters (Gao
et al. 2023) at the output of CLIP encoders perform rela-
tively lower having IN-Acc of 69.36%. ProText using LoRA
(Hu et al. 2021) provides 70.19% IN-Acc., suggesting Pro-
Text compatibility with recent parameter efficient finetun-
ing methods. Prompt length and prompt depth. Fig. 3 (a)
shows the effect of prompt length for training ProText. Set-
ting prompt length to 16 leads to optimal performance. Fig.
3 (b) shows the effect of prompt depth on final performance
where prompt depth of 9 shows optimal results. Training
data size for text-supervision. To assess the effect of LLM
template data size on ProText, we ablate on the number of
descriptions per class in Fig. 3 (c). Increasing descriptions
per each class improves the results suggesting a positive cor-
relation between performance and quantity of training data.

Conclusion

Prompt learning and LLM-based ensembling are effec-
tive techniques to improve CLIP’s generalization. However,
prompt learning often requires labeled images, while LLM
ensembling methods are dominantly class-specific and not
directly transferable to new classes. In this work, we ex-
plore a new direction to adapt CLIP by learning generalized
prompts with text-only supervision, without using visual
data. We formulate a training strategy for prompts to learn
a mapping function that distills contextual knowledge from
LLM text data within the prompts. The context learned by
these prompts transfers well to unseen classes and datasets,
potentially reducing the LLM prompt engineering and serv-
ing cost. We perform evaluations on four benchmarks where
our text-only approach performs competitive to previous
methods, including those utilizing labeled images.
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