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This paper proposes a novel framework for multi-label image recognition without any training images, namely
image-free framework, which uses knowledge of pre-trained Large Language Model (LLM) to learn prompts to
adapt a pre-trained Vision-Language Model (VLM) like Contrastive Language-Image Pre-training (CLIP) to multi-
label classification. Through asking LLM well-designed questions, we acquire comprehensive knowledge about
the characteristics and contexts of objects, which provides valuable text descriptions for learning prompts. Then,
we propose a hierarchical prompt learning method by taking the multi-label dependency into consideration,
wherein a subset of category-specific prompt tokens is shared when the corresponding objects exhibit similar
attributes or are more likely to co-occur. Benefiting from the remarkable alignment between visual and linguistic
semantics of CLIP, the hierarchical prompts learned from text descriptions are applied to perform classification
of images during inference. Our framework presents a new way to explore the synergies between multiple pre-
trained models for novel category recognition. Extensive experiments on three public datasets, i.e., Microsoft
Common Objects in Context (MS-COCO), Visual Object Classes 2007 (VOC2007), and National University of
Singapore Web Image Database (NUS-WIDE), demonstrate that our method achieves better results than the

state-of-the-art methods.

1. Introduction

Image recognition, a core problem in computer vision, aims to au-
tomatically identify and categorize visual objects within images. Over
the past decades, it has evolved into a cornerstone technology with
wide-ranging applications in various domains, including medical imag-
ing for disease diagnosis, autonomous driving for scene understanding,
remote sensing for environmental monitoring, and industrial inspection
for quality control. These diverse applications demonstrate the impor-
tance and versatility of image recognition systems in addressing real-
world challenges.

Within this field, multi-label image recognition aims to recognize all
objects present in an image. This task is challenging due to the emer-
gence of novel objects and scenes [1] during inference in real-world
scenarios, as shown in Fig. 1(a). Recent large-scale pre-trained Vision-
Language Models (VLMs) like CLIP [2] spawn the training-free zero-shot
methods [3], which can handle new categories by calculating similar-
ities between images and texts in a well-aligned embedding space. To
further effectively adapt VLMs to enhance the performance of novel cat-
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egories, several methods have been proposed to learn adapters [4] or
prompts [5] using sufficient annotated images, as shown in Fig. 1(b).
However, the performance of these prompt learning methods may be
limited when it is infeasible to collect sufficient fully annotated images.

To address this issue, Sun et al. [5] propose dual context optimiza-
tion to quickly adapt CLIP to multi-label recognition using partially la-
beled images, where only a few categories for each training image are
annotated, significantly reducing the annotation burden. Guo et al. [6]
propose texts as images in prompt tuning to adapt CLIP, where the text
descriptions are human-written image captions from existing datasets
and serve as alternatives to images. This method presents a more practi-
cal and efficient way for prompting, as text descriptions are more easily
accessible than images. And their following work [7] further learn a
pseudo-visual prompt for each category and then adopts a co-learning
strategy with a dual-adapter module to transfer visual knowledge from
pseudo-visual prompt to text prompt.

In this paper, we propose an image-free framework for multi-label
image recognition without any annotated images or image captions for
training. It leverages knowledge of objects from a pre-trained Large
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Fig. 1. Illustration of different ways to handle novel categories. (a) Traditional methods train on base categories but fail on novel categories. (b) Recent prompting
methods successfully adapt VLM to novel categories but need annotated images for prompt tuning. (c) Our image-free framework only performs prompt tuning to

adapt VLM to novel categories by LLM.

Language Model (LLM) to adapt CLIP to multi-label classification by
textual prompt tuning, as shown in Fig. 1(c). Specifically, we propose
to collect comprehensive information of objects by designing different
types of questions posed to LLM. Starting with asking LLM category-
agnostic questions like [object lists], please summarize 90 attributes that
may be common to the above 80 words to acquire common attributes, such
as shape, color, and material, shared by all categories, similarly we then
acquire particular attributes for each category by category-specific ques-
tions like please summarize 30 attributes of [object]. Finally, we acquire
text descriptions of the attributes by category-description questions like
please help me generate 100 different sentences about [category] from the
angle of the [attribute]. Moreover, we design scene-related questions like
generate ten sentences to describe different scenes involving [category1] and
[category2] to acquire text descriptions of contextual relationships be-
tween multiple object categories in real-world scenes, namely relation-
ship knowledge.

Along with category labels, the acquired text descriptions of at-
tribute and relationship knowledge from LLM are used as images for
prompt tuning CLIP to multi-label recognition. To incorporate the re-
lationship information between multiple objects into prompt learning
to further improve the performance, we propose a hierarchical prompt
learning method, which categorizes the prompt tokens into three types:
(1) shared tokens shared by all object categories; (2) partial-shared
tokens shared by the object categories of the same subgroups with a
co-occurrence relationship or similar attributes; (3) category-specific
tokens specific to each individual object category. Through design-
ing these hierarchical tokens, we learn prompts that absorb both task-
specific knowledge and object-specific knowledge, as well as the rela-
tionship knowledge between objects. Benefiting from the remarkable
alignment between visual and linguistic semantics of CLIP, the hierar-
chical prompts learned from text description are applied to perform clas-
sification of images during inference.

In summary, the contributions of our work are as follows:

¢ We propose an image-free framework for multi-label image recogni-
tion without any annotated image or image captions, which lever-
ages rich knowledge in LLM to prompt tune CLIP. Our framework
introduces a promising avenue for handling new objects in visual
recognition, relying solely on pre-trained models, and also paves an
effective way to explore the synergies between multiple pre-trained
models.

e We propose a hierarchical prompt learning method to adapt CLIP by
using the acquired knowledge of objects from LLM. It incorporates
relationships between different categories into learnable prompts,
thus further improving the multi-label recognition performance.

e We propose to collect comprehensive information about object at-
tributes and relationships from LLM by designing different types of
questions.

Extensive experiments on three public datasets, such as the MS-
COCO dataset, the VOC2007 dataset, and the NUS-WIDE dataset,
demonstrate that our method achieves better results than the ex-
isting methods. This paper is an updated version of our pre-
vious arXiv paper [8], in which we refine the term “data-
free” to the more precise “image-free” and incorporate addi-
tional experimental results for comparison with more recent works.
The code is publicly available at https://github.com/shuoyang129/
image-free-multi-label-image-recognition.

2. Related work
2.1. Multi-label image recognition

Early approaches to multi-label image recognition, such as HCP [9],
regarded this task as training multiple independent binary classi-
fiers (e.g., Binary Relevance [10] and Human Reporting Bias Mod-
elling [11]). Although straightforward, these methods neglected la-
bel correlations. To address this, subsequent work explicitly modeled
label dependencies—for example, NUS-WIDE [12] and ML-GCN [13]
employed graph-based reasoning with category co-occurrence graphs,
while RLS-DNet [14] and Orderless RNN [15] adopted sequence mod-
eling strategies to capture label ordering. Attention-driven methods, in-
cluding MCAR [16] and ADGNN [17], enhanced focus on discriminative
image regions. Loss reweighting schemes, such as the Asymmetric Loss
(ASL) [18], further improved performance by mitigating label imbal-
ance and emphasizing hard positive predictions.

Despite significant progress, these approaches rely heavily on large-
scale annotated images, limiting their scalability in data-scarce regimes.
Recent research has therefore explored few-shot and zero-shot recog-
nition, for example by Shared Multi-Attention [19], Semantic Diver-
sity Learning (SDL) [1], and language-driven cross-modal models [20].
In parallel, methods for partial-label learning such as PL-MCL [21],
SARB [22], SST [23], and G%NetPL [24] alleviate annotation sparsity.
By exploring the synergies between LLM and VLM, we take a signifi-
cant step forward in multi-label image recognition by introducing an
image-free framework where no annotated images or image captions
are provided.

2.2. Adapting CLIP to visual tasks

Vision-Language Models (VLMs) have demonstrated impressive ca-
pabilities in learning generic representations, such as CLIP [2]. In order
to adapt VLMs to specific downstream tasks, many prompt-tuning meth-
ods have been proposed to learn task-specific prompts while keeping
most parameters frozen. Representative examples include Visual Prompt
Tuning (VPT) [25], which prepends learnable visual tokens to the input
sequence, ProGrad [26], which regularizes gradients to balance adapted
and zero-shot performance, AD-CLIP [27], which adapts prompts across
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domains, and VPT-Deep [28], which inserts prompts at deeper trans-
former layers for stronger adaptation. These approaches attract signif-
icant attention for their combination of high accuracy and parameter
efficiency. To further bridge the domain gap between the pre-training
data of VLMs and specific target tasks, dedicated adapter-based strate-
gies have been designed and integrated into CLIP. Notable examples
include Tip-Adapter [29], which stores training features in a key-value
cache for fast retrieval, ProbVLM [30], which introduces probabilistic
adapters to model uncertainty in predictions, and CLIP-Driven Unsu-
pervised Learning(CDUL) [4], which exploits unsupervised contrastive
learning to adjust CLIP to specialized domains, all of which avoid full
model fine-tuning.

The works most relevant to ours are DualCoOp [5], DualCoOp + +
[31], Tal-DPT [6], and Tal+ + [7]. DualCoOp learns a pair of dif-
ferentiable prompts to provide positive and negative contexts for the
target class using partial-annotated images, and DualCoOp + + further
learns evidential prompts to serve as guidance to aggregate positive and
negative contexts from the spatial domain of the image. Tal-DPT uses
image captioning collected from existing datasets as images to learn
text prompts for each class, and Tal+ + further learns pseudo-visual
prompts and then adopts a co-learning strategy with a dual-adapter
module to transfer visual knowledge from pseudo-visual prompts to text
prompts, and it also adopts a simple strategy to query LLM to generate
pseudo-texts for training. In contrast, our method inquires LLMs to ac-
quire comprehensive knowledge of object categories and scene-related
relationship knowledge as text descriptions for prompt learning. More-
over, our method learns relationship-aware hierarchical prompts that
define a multi-level token architecture — shared tokens (global task pri-
ors), partial-shared tokens (attributes or scenes common to specific cate-
gory subgroups), and category-specific tokens (fine-grained discrimina-
tive cues). This structure allows the prompts to capture both intra-class
details and inter-class dependencies, which is especially beneficial for
multi-label recognition scenarios.

2.3. LLM-enhanced visual understanding

Large Language Models (LLMs) have increasingly been used to aug-
ment visual understanding tasks owing to their emergent abilities to rea-
son from in-context examples [32,33]. By converting visual content into
textual descriptions, methods such as GPT-3 for KB-VQA [34] and Visual
Programming [35] leverage LLMs to perform compositional visual rea-
soning without additional task-specific training. LLM-based grounding
systems, including LLM-Grounder [36], achieve open-vocabulary 3D vi-
sual grounding by treating the LLM as an agent, while ChatGPT-powered
Comparison Tree [37] enhances CLIP’s zero-shot classification through
structured semantic comparisons.

In contrast to these approaches, our method positions the LLM not
as an auxiliary reasoner, but as a textual knowledge generator, querying
it with carefully designed attribute and scene-relation questions. This
produces structured, multi-granularity descriptions that empower the
hierarchical prompt tuning of CLIP for multi-label recognition in an en-
tirely image-free setting.

3. Our method
3.1. Overview

We propose an image-free framework for multi-label image recog-
nition without any annotated images or image captions. A large lan-
guage model, i.e., ChatGLM, is employed as a repository of encyclopedic
knowledge due to its open-source nature and strong bilingual (Chinese—
English) reasoning capabilities. We leverage it to acquire comprehensive
knowledge of object categories by formulating diverse question types
specifically designed for knowledge extraction. This is motivated by
the fact that we can effectively identify an object in a picture if provided
with a linguistic description. Then, a pre-trained vision-language model,
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ie., CLIP, is prompt-tuned using the acquired knowledge to enhance
multi-label classification, based on the robust cross-modal alignment
between images and text. We propose a hierarchical prompt learning
method to incorporate relationships between objects into the learnable
prompts. Fig. 2 shows an overview of our framework.

Given an input image x, multi-label image recognition aims to iden-
tify all object categories in it, formulated as S = fg, y(x), Where fg,y de-
notes the recognition model, ® denotes ChatGLM [38], ¥ denotes CLIP,
including a text encoding module ¥, and an image encoding module
¥,, and S € RY is the predicted probability scores for all N categories
Y ={Y), ., Yy}

3.2. Knowledge acquirement

To describe an object, it is crucial to have detailed information about

its color, shape, texture, and other attributes. To obtain this information,
we engage with ChatGLM, a highly knowledgeable language model that
functions as a chatbot and responds to carefully crafted questions. Its
extensive encyclopedic knowledge allows us to extract the necessary
details for adequate object description.
Coarse Attribute Description. To capture diverse aspects of objects,
we begin by extracting common attributes shared by all categories us-
ing category-agnostic questions and particular attributions for individ-
ual categories using category-specific questions, formulated as

(A, Ay) = I, (Y)) @

where II; (-) denotes the common and category-specific questions like
[object lists], please summarize 90 attributes that may be common to the
above 80 words. A, = {a,,,a, } denotes n; common attributes of all
categories. A; = {A;;,--,A; v} denotes the category-specific attribute
sets, where Ay; = {a,,~-,q;,,} denotes n, attributes of the i-th cate-
gory.

Then we obtain the text descriptions of each category by asking ad-
ditional questions. Note that these text descriptions of attributes may
contain noise, and we call them coarse attribute descriptions. This pro-
cess is formulated by

DS = ®(I,(A, U A, . Y)) 2

where I1,(-) denotes the questions about describing the attributes of ob-
jects, like please help me generate 100 different sentences about [category]
from the angle of the [attribute], and D¢ denotes the coarse attribution de-
scriptions of the i-th category. Let D¢ = {D¢, ---, D?V} denote the coarse
attribute description sets. Here, the union operation “u” denotes a set-
theoretic merge between the common attribute set A, and the category-
specific attribute set A; for the i-th category. A, contains general at-
tributes shared by all categories, while A; contains attributes unique
to that category. The merged set provides a richer and more complete
attribute pool, which helps generate textual descriptions that capture
both inter-category commonalities and intra-category distinctions.
Fine-grained Attribute Description. We design several questions to
remove the noisy attributes that are irrelevant to the specific category,
resulting in a fine-grained attribute set for each category. We similar
inquire ChatGLM to acquire the fine-grained attribute descriptions D/ =
{le e D{V} by asking questions. This process is formulated by

D/ = (I13(Df. Y,) 3)

where I1;(-) denotes the questions about how to remove irrelevant at-
tributes, like [attribute list], please delete the above attribute words given
that are not very relevant to [category]. Finally, 70 attribute words remain.
No explicit relevance rules are provided. The LLM autonomously selects
attributes it considers most representative based on its knowledge. This
rule-free approach enables an extensible pipeline capable of handling
newly emerging object categories without additional human interven-
tion.

Relationship Description. In multi-label image recognition, the co-
occurrence relationships between different categories contribute signif-
icantly to the performance [13,39]. To simulate this scenario, we first
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Fig. 2. Overview of our framework.

split all categories into multiple scene-related subgroups by ChatGLM:
G ={G;}2, = OI1,(Y)) “)

where I1,(-) denotes questions about how to divide categories into sub-
groups based on their relationships, like [category list], categorize the
above words according to possible common occurrences in a scene, and nj is
the number of subgroups. For each subgroup, two categories are selected
to formulate scene-related questions Ils(-), like generate 100 different de-
scriptive sentences for a scene containing [category1] and [category2], and
fed into ChatGLM to obtain relationship descriptions:

D} = ®(I15(G))) (5)

where D! denotes the fine-grained attribute descriptions of the i-th cate-
groy. Let D" = {D1, ---, D, } denote the fine-grained attribute description
sets.

Fig. 3 illustrates an example of the designed questions and their cor-
responding answers from ChatGLM.
Discussion. Our description generation relies on LLMs (e.g., ChatGLM),
which are known to occasionally produce hallucinations and noisy out-
puts. This could be problematic in specialized domains where training
data of LLMs is scarce (e.g., medical data), potentially leading to un-
reliable generations. However, in common scenarios, LLMs generally
perform well, and while some noise exists, the majority of generated
data remains useful, especially as training data for downstream tasks.
Although a small fraction of the automatically generated descriptions
may contain noise, this has minimal impact on the downstream net-
work training. The large-scale dataset ensures that most samples are
accurate, and deep models are generally robust to low-level description
noise. Thus, our focus is on maintaining overall quality rather than elim-
inating every noisy instance.

3.3. Hierarchical prompt learning

Based on the previous generated text descriptions D = DX k €

{c, f,r}, we propose hierarchical prompt learning to adapt CLIP to multi-
label recognition. This approach designs hierarchical prompts to model
the complex relationships between categories, introducing multi-level
prompt learning to grasp the discriminability of features.
Hierarchical Prompts. A learnable prompt usually consists of several
learnable tokens and a placeholder to put the category label, denoted
asp; = [t té t;w Y;]", where M is the number of learnable tokens,
and Y; is the i-th category label. For different categories, there are two
common prompt types: shared prompts, where tokens are shared across
all categories, and category-specific prompts, where tokens are distinct
for each category. Both types of prompts have been demonstrated to be
effective in recent works [26,40], but they neglect the rich, structured
relationships between categories, leading to sub-optimal performance.

To capture the complex inter-category relationships, we propose hi-
erarchical prompts P” that are structured into four distinct levels, mov-
ing from general to specific. The learnable tokens for each category are
a composite of:

(1) Shared Tokens (t,): These tokens are shared across all cate-
gories, learning global, universal context (e.g., “a photo of a ...”).

(2) Coarse-grained Partial-Shared Tokens (tcg): These tokens are
shared by categories belonging to the same pre-defined super-category.
For instance, based on dataset annotations, categories like “bicycle,”
“car,” and “bus” all belong to the “vehicle” super-category and would
share a specific token t., yepicle at this position, which is different from
the token t., gymiture Shared by “sofa” and “chair”.

(3) Fine-grained Partial-Shared Tokens (t r¢): This level captures
functional or contextual co-occurrence patterns. We first construct a
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Color, Size, Shape, Taste, ...

Version: ChatGLM2-6B

I1,: Generate sentences to describe
orange from the angle of the color

Top_p: 0.8

I15: [attributes words], Delete the
attributes from above that are not ==
relevant to [category], 70 remain.

System Prompt:

I14: Categorize the [category
words] according to occurrences in ==
a scene

Temperature: 0.95

"You are a helpful and

professional assistant. Please

Orange: Oranges are a beautiful
—p shade of vibrant red and yellow.

Repetition Penalty: 1.1
Max Length: 2048 tokens

Car: Shape, Size, ...
—_— Orange: Color, Taste, ...

Kitchenware: microwave, oven,
—_— knife, wine glass, ...

follow the user's instructions

I15: Generate sentences for a
kitchenware scene containing knife ==
and oven

carefully."

Kitchenware: The person is
holding a large, sharp knife in the
hand, standing in front of an oven.

Fig. 3. An example of the designed questions and their corresponding answers from ChatGLM. We also provide the configuration details for the ChatGLM model

used. More detailed examples can be found in the supplementary materials.
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ts,l e tcg,fum,l fg,bl

Fig. 4. Anillustration of the proposed four-level hierarchical prompts. Different
shapes are used to conceptually represent the distinct token types: t, (circles)
denotes global shared tokens; t,, (rectangles) denotes coarse-grained partial-
shared tokens shared by super-categories (e.g., ‘vehicle’); t ¢ (pentagons) de-
notes fine-grained partial-shared tokens shared by co-occurrence cliques (e.g.,
‘sofa’, ‘lamp’); and t, (hexagons) denotes the final category-specific tokens.

category co-occurrence graph G = (V, E) based on sentence-level statis-
tics from the training set, where V' is the set of all categories. An undi-
rected edge (Y;,Y;) is added if their co-occurrence frequency exceeds a
certain threshold z. We then identify all maximal cliques in G. A maxi-
mal clique is a subset of categories where every category co-occurs fre-
quently with every other category in the subset, and this subset is not
part of a larger clique. Each identified maximal clique is defined as a
fine-grained co-occurrence group and is assigned a unique learnable to-
ken t;, , shared only by its members.

(4) Category-specific Tokens (t.): These tokens are unique to each
individual category, capturing its most distinct and granular features.

This hierarchical structure can be represented as an illustrative ma-
trix P, Each row represents the prompt for a specific category, com-
posed of blocks of tokens from each hierarchical level:

s oo veh,1> trear, v o Y, (car)
ts,l ) o tcg,veh,l ) tfg.a,l ) tc,2,l ) Y2 (bllS)
pr=|t o bgamas 779" EREEE N 0 Y; (sofa)
tx,h tcg,furn,l’ t/g,b,l* tc.4,1~ Y4 (lamp)
t 1, t Y5 (oven)

cgfurnds reets o tests

Here, the matrix illustrates that each hierarchical level consists of mul-
tiple tokens (indicated by ‘---’). For example, the shared block con-
tains tokens t;,...,t;; which are shared by all categories. In the
coarse-grained block, Y; (car) and Y, (bus) share the “vehicle” to-
kens (t.gven1s--- > tegveh, L ), while Y; (sofa), Y, (lamp), and Y5 (oven)
share the “furniture” tokens (t.g fym, 15 -+« » teg furn, ch). Similarly, in the
fine-grained block, categories within a clique share tokens. Y, and Y,
are shown to be in clique “a” (sharing t;, 51, ... trear,,)s while Y3
and Y, are in clique “b” (sharing t;, ... trebir,, ). Y5 (oven), be-
longing to a different clique “c”, has its own set of fine-grained to-
kens (tyc1s--5trgc, Lfg)' Finally, each category i has its own block of
unique, category-specific tokens (t; ;. ..., t; ). This multi-level struc-
ture allows the model to learn features at global, super-category, co-
occurrence, and instance-specific levels simultaneously. We present an
illustration of this concept in Fig. 4.

Global Learning. Global learning aims to learn global hierarchical
prompts to grasp the discriminative ability of global features. Let Ph

be the global hierarchical prompts of the i-th category. We initialize P”

randomly and then feed it to the text encoder ¥, of CLIP to generate the
global category embedding G; € R?:

G =¥,®). i€(12- N} ©

where d = 512 denotes the embedding dimension. Meanwhile, for each
text description r € D, we extract its global feature T® € R?:

C=9,(r)+¢, %)

where ¢ is a Gaussian noise adding to the text features to simulate the
alignment inconsistency between images and texts, which enhances in-
ference performance when inputting images. The cosine similarity be-
tween the global feature of text description and the global category em-
bedding, denoted as Sl.G, is calculated by

“=(T°G,), iefl,~,N} (€)

Local Learning. Local learning aims to learn local hierarchical prompts
to grasp the discriminative ability of fine-grained features. Let Pl’fi be
the local hierarchical prompts of the i-th category, whose structure is
identical to global prompts but with different parameters. We initialize
P;’J. randomly and feed it to the encoder ¥, of CLIP to generate the local
category embedding L; € R¢:

L=%®!), i€(l2.N) ©
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For the text description r € D, we extract its local features TX € RN~
by a modified text encoder ¥,:

T =F,(r) + ¢, (10)

where ¢ is a Gaussian noise, N, is the number of tokens in r, ¥, denotes
that we preserve the sequential token features of the entire sentence
instead of only the ( EOS) token features (global features). The category-
aware similarity between the sequential local features of text description
and the local category embedding is calculated in a weighted manner:

S = N, exp(s,‘ij) s

, o i€f{l,-,N} an
j=1 Z;’z’lexp(s,-,j)

i.j0

where s; ; = <L,-,Tj’.~> is the similarity between the i-th local class em-
bedding and j-th token (column) of local features.

3.4. Training objectives

For the global similarity S =[S, -, S¢]T and local similarity S* =
[SIL, RO S]I;]]T of each text description, we adopt two loss functions to
optimize the corresponding learnable prompts.

Ranking Loss. We utilize the ranking loss to assess the disparity be-
tween classification scores and ground-truth labels. Specifically, the

ranking loss for global and local learning is calculated separately:

£rank = l:glabal + [’Iacal
G G

Loiobal = Liey+ jey-max(0,m — 87 + 87) 12)
L L

Ligeas = Diev+ jey-max(0,m — S+ 57)

where m =1 is the margin controlling how much higher the similarity
score with the positive classes Y* is than with the negative classes Y.
Order Loss. Due to the potential noise introduced by text generated
from ChatGLM, which could mislead the optimization process, we in-
troduce an anchor to the learned prompts. Specifically, we anchor the
learned prompts using hand-crafted prompts, such as a photo of [cat-
egory]. The rationale behind this is that human-defined prompts have
demonstrated mediocre zero-shot performance; thus, the resulting or-
der of all categories for a given image can be considered reasonable to
some extent. We posit that maintaining this order in the learned prompts
helps mitigate the impact of noisy inputs, thereby enhancing the overall
effectiveness of the model.

Specifically, for learnable global and local prompts and hand-crafted
prompts, denoted as G, L, H, we extract their category embedding us-
ing Eq. (6), denoted by G,k € {G, L, H}, followed by similarity cal-
culation between different categories: D* = G x GZ, ke {G,L,H}. The
order loss is then calculated by the Kullback-Leibler (KL) divergence:

L4 = KLDY, DH) + KL(DL, D) 13)
Finally, the overall loss is given by
L= Erank + )“I : Eorder 14

3.5. Inference

Thanks to the large-scale image-text contrastive pre-training of CLIP,
text features have been well-aligned to the image features of the same
semantic meanings. As a result, our prompts learned from text descrip-
tions can be applied to images during inference.

Specifically, with the learned hierarchical prompts, we extract the
global and local class embeddings using Eq. (6) and Eq. (9), respec-
tively, denoted as T¢ = [TY, .. ,T]G\,]T and Tt = [TE, .-, TL]T. For an
input image x, we extract the global and local image features by

C=v,xeR!, I'=Y,x)ecRrNr @5)

where I€ is the global image feature, I” is the local image feature, ‘f’,- is
the modified image encoder of CLIP that keeps the dense image features
as output, and N is the length of flatted dense image features. Finally,
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we calculate the similarities between category embeddings and image
features by

S=4-8+(1-1,) -8 (16)

where 4, is a parameter to weigh how much contribution of the global
prompts and local prompts. S = [(I¢,T¢), -, (19, T$ )17 is the global
similarity. 8¢ = [SE, -, ij,]-r is the local similarity, where

LN, eXp(si;/7)

i j=1aN; .,
2 exp(s,, /o)

Sij

ands; ; = <TijL is the cosine similarity between the i-th local cate-

gory embedding and the j-th token (column) of local image features.
For multi-label prediction, we select the top-k categories with the
highest similarity scores in S as the predicted labels for each image.

4. Experiments
4.1. Datasets and evaluation metrics

Datasets. We conduct experiments on the MS-COCO [41],
VOC2007 [42] and NUS-WIDE [12] datasets for evaluation. For
all three datasets, no training data is used, and the testing is performed
on the testing or validation sets. MS-COCO is a widely used multi-label
dataset for image recognition, which contains 80 categories with
82,081 training images and 40,504 validation images. VOC2007
contains 20 object categories with a total of 5011 images for training
and validation, and 4952 images for testing. NUS-WIDE contains 81
categories with 161,789 images for training and 107,859 images for
testing.

Metrics. We use the conventional evaluation metrics, including the
mean of class-average precision (mAP) and the overall F1 score at Top-3
predictions.

4.2. Implementation details

ChatGLM Query Setup. We queried ChatGLM via a locally deployed in-
stance based on the official GitHub implementation from THUDM/Chat-
GLM, using default parameters of ChatGLM2-6B without modification.
No explicit stop criteria were applied during generation; instead, the
number of required responses was specified within the prompt, and text
generation naturally terminated after those responses were produced.
All interactions were performed offline to ensure consistency and repro-
ducibility.

CLIP Model Setup. Our model is built upon the official CLIP imple-
mentation using a ResNet-50 as the vision encoder, with a fixed input
image resolution of 224 x 224. ResNet-50 is the default and most widely
used option in CLIP, offering a strong balance between representation
quality and computational efficiency. Using ResNet-50 also facilitates
direct comparison with prior prompt learning approaches (e.g., Dual-
CoOp [5], Tal-DPT [6]) that share the same setup. Crucially, during the
entire prompt tuning process, both the vision and text encoders of the
pre-trained CLIP model are kept completely frozen. No modifications
are made to their architectures. The only trainable parameters in our
framework are the hierarchical prompt embeddings.

Hierarchical Prompt Tuning. The local and global hierarchical
prompts are composed of 32 learnable context tokens each. Both sets
of prompt embeddings are randomly initialized. During training, these
learnable prompts are optimized to align with CLIP’s rich feature space.
The local prompt embeddings are specifically trained to match the local
features produced by the frozen text encoder, guided by the £, ., loss
component. Concurrently, the global prompt embeddings are aligned
with the global features from the text encoder via the £, loss. At
inference time, the optimized local and global prompt embeddings are
used to compute similarity scores against the corresponding local and
global visual features extracted by the frozen vision encoder. These two
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Table 1

Results of different text descriptions on MS-COCO, VOC2007, and NUS-WIDE.
+ means that results are from Tal-DPT [6]. Note that the hand-crafted prompts
used in this paper are designed specifically for each category.

. MS-COCO VOC2007 NUS-WIDE

Knowledge Training

F1 mAP F1 mAP F1 mAP
Hand-crafted prompts® X - 49.7 - 77.3 - 37.4
Hand-crafted prompts X 45.4 67.7 52.1 88.4 30.4 43.3
Image Captions v 46.4 71.4 46.6 84.7 43.4 44.1
Coarse Attributes v 48.2 68.3 52.3 89.5 36.6 46.0
Fine-grained Attributes v/ 48.8 68.9 52.4 89.7 36.8 46.1
Ours v 56.4 72.1 58.5 90.4  40.0 47.0

sets of scores are then integrated via a weighted sum, with the parameter
A, in Eq. (16) set to 0.65, to produce the final prediction.

Training Hyperparameters. Similar to DualCoOp [5] and TaI-DPT [6],
We train the model for 10 epochs using a learning rate of 0.002. A learn-
ing rate decay of 0.1 is applied at the 2nd and 5th epochs. The balancing
parameter A; in our training loss function Eq. (14) is set to 0.2.

4.3. Ablation studies

Effectiveness of different text descriptions. To evaluate the acquired
text descriptions from ChatGLM by our method, we employ different in-
quiry strategies to obtain different text descriptions for comparison, in-
cluding: (1) “Hand-crafted prompts”: the inference is directly performed
using hand-crafted prompts without prompt tuning; (2) “Image Cap-
tions”: the human-written image captions from existing datasets are used
for prompt tuning; (3) “Coarse Attributes”: the text descriptions of object
attributes with noise are used for prompt tuning, generated by Eq. (1);
(4) “Fine-grained Attributes”: the text descriptions of filtered object at-
tributes are used for prompt tuning, generated by Eq. (3).

Table 1 shows the results of different text descriptions on the MS-
COCO, VOC2007, and NUS-WIDE datasets. We have the following ob-
servations: (1) Our method achieves substantial improvements over
“Hand-crafted prompts”, with Fl-score increases of 11.0, 6.4, and 9.6
percentage points on the three datasets, respectively. This clearly
demonstrates the significant contribution of knowledge extracted from
ChatGLM in enhancing the zero-shot performance of CLIP for multi-label
image recognition. (2) Our method yields absolute gains in F1-score of
7.6, 6.1, and 3.2 percentage points over the “Fine-grained Attributes”
descriptions on the three datasets, respectively. This superiority empha-
sizes that considering the relationships between objects captures more
discriminative information to enhance multi-label recognition; (3) Our
method performs better than “Image Captions” on most metrics, sug-
gesting that ChatGLM provides more comprehensive knowledge than
human-written image captions; We observe that the “Image Captions”
baseline achieves a higher F1 score as its conservative label predictions
lead to increased precision at the evaluation threshold. Conversely, our
LLM-based semantic attribute generation expands semantic coverage,
thereby enhancing recall while causing a slight decrease in precision;
(4) The performance of “Coarse Attributes” is lower than that of “Fine-
grained Attributes”, confirming that the presence of noise within the
coarse attributes of objects degrades the performance.

Effectiveness of different prompts. To evaluate the proposed hierar-
chical prompts, we employ different types of prompts for comparison,
including: (1) “Hand-crafted prompts”: these prompts are initialized us-
ing a basic template, “The image contains [category]”. They then undergo
an iterative, manual refinement process. Specifically, for categories that
perform below a set Average Precision (AP) threshold 0.5, we augment
the prompts with fine-grained descriptions based on the objects’ distinct
visual features. This tuning is performed iteratively for up to 10 rounds,
and the final prompt selected for each category is the one that achieves
its peak AP score during this process. (2) “Category-specific prompts”: the
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Table 2

Results of different prompts on MS-COCO.
Prompts F1 mAP
Hand-crafted prompts 45.4 67.7
Category-specific prompts 53.9 71.1
Shared prompts 54.4 71.8

Hierarchical prompts (Ours) 56.4 72.1

Table 3
Results of different components on MS-COCO.

Local learning ~ Order loss ~ F1 mAP
X X 56.2 69.8
4 X 55.1 71.7
X v 56.4 70.2
v v 56.4 72.1
Table 4
Results of generating training
data using different LLMs on
MS-COCO.
LLM F1 mAP
Llama2 55.3 71.7
ChatGLM 56.4 72.1
Table 5

Results of different numbers of different token
types in hierarchical prompts on MS-COCO. S:
shared token; P-S #1: partial-shared token over
more categories (within coarse subgroups); P-S
#2: partial-shared token over fewer categories
(within more fined subgroups); C-S: category-
specific token.

S P-S #1 P-S #2 CS F1 mAP
8 8 8 8 55.6 72.0
12 8 6 6 55.4 72.0
16 8 4 4 56.4 72.1
20 4 4 4 55.7 72.0
20 6 4 2 54.7 71.9

learnable tokens of prompts are specific for each category; (3) “Shared
prompts”: the learnable tokens of prompts are shared across all cate-
gories.

Table 2 shows the results of different types of prompts on MS-
COCO. Our hierarchical prompts outperform all other methods, demon-
strating the effectiveness of incorporating inter-category relationships
into prompts. Moreover, compared to hand-crafted prompts, learn-
able prompts (i.e., category-specific, shared, and hierarchical prompts)
achieve much better results. Interestingly, “Shared prompts” outper-
forms “Category-specific prompts”, indicating the better generalization
ability of shared prompts.

Effectiveness of order loss. To evaluate the effectiveness of the order
loss in Eq. (13), we remove it for comparison. The results on MS-COCO
are shown in Table 3, verifying the advantage of the order loss in miti-
gating the noise of text descriptions acquired from ChatGLM.
Effectiveness of local learning. To evaluate the effectiveness of the
local learning of hierarchical prompts, we remove it for comparison. The
results on MS-COCO are shown in Table 3, highlighting the significant
impact of focusing on image sub-regions in multi-label recognition.
Effectiveness of different LLMs. To evaluate the effectiveness of
the data generation using different LLMs, we replace ChatGLM with
Llama2 [43], a 7B version with similar parameters of ChatGLM, and
the results on the MS-COCO dataset are shown in Table 4. We observe
similar performance when using the different LLMs, demonstrating the
generalities of the proposed knowledge acquirement approach.



Pattern Recognition 174 (2026) 112986

72.1
72.0
719
71.8

& o717

é 716
715
714
713

71.2
10K 20K 40K 80K 120K 160K 200K 240K 280K 320K

(b) Number of generated text descriptions
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Fig. 6. Analysis of the effect of loss weights between global and local prompts,
i.e. 4, of Eq. (16), on MS-COCO.

4.4. Parameter analysis

Number of different types of tokens. The performances of different
numbers of different token types in hierarchical prompts on MS-COCO
are shown in Fig. 5 (a). We observe that the performance increases as
the token number increases, but a number larger than 32 brings a neg-
ative impact. Moreover, we also analyze the composition of different
types of tokens in Table 5. Note that the partial-shared tokens are split
into two parts: “P-S #1” are coarse parts that tokens are shared over
more categories than those of “P-S #2”. We observe similar mAP scores
for different configurations, indicating that our method is robust to the
numbers of different token types.

Number of generated training text descriptions. To analyze the im-
pact of the amount of generated training text descriptions, we con-
ducted experiments with varied numbers of generated training text
descriptions, and the results are presented in Fig. 5 (b). We ob-
serve that when the number of text descriptions increases, the per-
formance first increases and then gradually decreases, which demon-
strates that more training text descriptions can describe more scenes,
thus improving the performance of image recognition, but also
may bring redundant, noisy information that misleads the prompt
learning.

Weights of global and local prompts. To evaluate the contributions
of the global and local prompts to the final performance, we con-
ducted experiments with varied weights assigned to each branch, as
depicted in Fig. 6. We observe that as the weight allocated to the
global prompts increases, the performance initially rises, peaking at a
weight of 0.65, then gradually declines. This trend demonstrates that
the global branch plays a more critical role, but the local branch is also
necessary.

4.5. Comparison with state-of-the-art methods

To provide a comprehensive understanding of how our image-free
framework compares with existing approaches, we review representa-
tive state-of-the-art methods across different annotation regimes and
briefly outline their core innovations. Under the fully labeled setting,
SRN [44] learns spatial regularization through attention maps to cap-
ture object locations more precisely, ML-GCN [13] utilizes a graph con-
volutional network to explicitly model label co-occurrence dependen-
cies, and ASL [18]) designs an asymmetric loss function that mitigates
label imbalance and enhances hard-positive learning. For partially la-
beled methods, SARB [22] fuses semantic-aware representations from
annotated and unannotated categories, SST [23] propagates structured
semantic relationships via graph-based transfer, DualCoOp [5] pro-
poses dual context prompts to provide positive and negative cues for
CLIP adaptation with limited labels, and DualCoOp + + [31] extends
this idea with evidential prompts and dual adapters to strengthen fea-
ture aggregation. In the more sparse one-labeled scenario, LL-R [45]
introduces a large-loss mechanism to emphasize rare positive labels,
while G’°NetPL. [24] formulates the learning process as a coopera-
tive game for robust label inference under extreme sparsity. Among
unlabeled image methods, LSAN [46] employs spatial attention within
the Inception framework for weakly supervised learning, WAN [47]
leverages geographical priors and presence-only cues for scene-level
reasoning, Curriculum [48] applies curriculum learning to progres-
sively refine predictions from easy to hard samples, and Naive AN [49]
extracts weakly supervised visual patterns to exploit partial anno-
tations. Recently, text-driven approaches such as Tal-DPT [6] and
Tal+ + [7] treat human-written image captions as surrogates for vi-
sual data, with Tal+ + (pseudo) further augmenting training by gener-
ating pseudo-captions via an LLM. In contrast, our *image-free* method
relies solely on LLM-generated descriptions of object attributes and
inter-category relationships. These structured textual representations
are used to perform hierarchical prompt tuning on CLIP, enabling multi-
label image recognition without requiring any annotated images or
captions.

Table 6 shows the comparison results on VOC2007, MS-COCO, and
NUS-WIDE. We have observations as follows: (1) Our method out-
performs all the unsupervised methods using unlabeled training im-
ages, underscoring the superiority of comprehensive knowledge of ob-
jects stored in ChatGLM; (2) Our method exhibits a slight performance
advantage over Tal+ + (label), which is trained on human-written im-
age captions. These results suggest that ChatGLM has the ability to em-
ulate human understanding, further validating the effectiveness of our
method; (3) Our method outperforms the Tal+ + (pseudo), which also
uses the LLM to generate training texts. These results show the supe-
riority of our Knowledge Acquisition strategy and the tailored Hierar-
chical Prompt Learning approach; (4) The performance of our method
significantly drops compared to the fully labeled methods, probably due
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Fig. 7. An illustration of integrating our hierarchical prompts with DualCoOp [5] prompts learned from images. S? and S¥ are scores calculated between the

corresponding prompts and the input image.

o Generated texts
» Image captions

Fig. 8. Feature distributions of LLM-generated text descriptions and the human-
written image captions using t-SNE [50].

Table 6
Comparison results (mAP) with the existing methods on MS-COCO,
VOC2007, and NUS-WIDE.

Method Annotation MS-COCO VOC2007 NUS-WIDE
SRN [44] Fully labeled 77.1 - 62.0
ML-GCN [13] Image 83.0 94.0 -
ASL [18] 86.6 94.6 65.2
SARB [22] 71.2 83.5 -
SST [23] Partially labeled 68.1 81.5 _
DualCoOp [5] Image 78.7 90.3 -
DualCoOp + + [31] 81.4 92.7 -
LL-R [45] One labeled 72.6 90.6 47.4
G2NetPL [24] Image 72.5 89.9 48.5
LSAN [46] 65.5 87.9 41.3
WAN [47] 63.9 86.2 40.1
Curriculum [48] Unlabeled Image 5 83.1 39.4
Naive AN [49] 65.1 86.5 40.8
Tal-DPT [6] Unlabeled Caption  65.1 88.3 46.5
Tal+ + (label) [7] Unlabeled Caption  70.9 89.7 44.3
Tal+ + (pseudo) [7] LLM 70.8 90.0 46.0
Ours LLM 72.1 90.4 47.0

Table 7

Statistical results on MS-COCO. Results are averaged over five in-
dependent runs for our model. p-values are obtained using the
Wilcoxon signed-rank test.

Method F1 (%) mAP (%)
Hand-crafted prompts (Baseline) ~ 45.41 67.70
Hierarchical prompts (Ours) 56.37 + 0.28  72.07 + 0.03
p-value (Wilcoxon) 0.0313 0.0313

to the domain gap between the training data of CLIP and the target data
of the specific task.

4.6. Statistical analysis

To verify the robustness of our improvements, we conducted statis-
tical significance testing on the MS-COCO dataset. Each result of our
model was averaged over five independent runs with different random
seeds. The Wilcoxon signed-rank test was used to compare our hierarchi-
cal prompts with the hand-crafted prompts. As shown in Table 7, both
F1 and mAP improvements are statistically significant (p < .05), indicat-
ing that the performance gain of our method is consistent and not due
to random variation.

4.7. Incorporating with prompt tuning from annotated images

While our prompt tuning relies on text descriptions generated by the
LLM, we extend its capability by incorporating prompt tuning from an-
notated images, thereby enhancing multi-label image recognition. Simi-
lar to Tal-DPT [6], we adopt a late fusion strategy that simply combines
the scores of prompts learned from images with those from our hierar-
chical prompts learned from LLM-generated text descriptions. This inte-
gration is illustrated in Fig. 7. By leveraging the late fusion strategy, our
hierarchical prompts can seamlessly integrate with any existing methods
that learn prompts from annotated images, offering enhanced versatility
and performance.

To evaluate the effectiveness of incorporating our method with
prompt tuning from annotated images, we follow the experiment con-
figurations in previous work [5]. Specifically, we integrate our hierar-
chical prompt tuning method with DualCoOp [5], which utilizes par-
tially labeled training images (only some labels are known). To achieve
this, we reproduce DualCoOp [5] on the MS-COCO dataset, where the
partial-label data is generated by randomly masking out labels of the
fully annotated data during training.
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Fig. 9. Visualization of top-3 predicted categories by different prompts.

From the results in Table 8, consistent improvements can be achieved
when integrating our hierarchical prompt tuning method with Dual-
CoOp [5], which further demonstrates the effectiveness of our method
and its potential applicability within existing frameworks.

4.8. Qualitative analysis

Features Analysis. In Fig. 8, we employ t-distributed Stochastic Neigh-
bor Embedding (t-SNE) [50] to visualize the feature distributions of

10

both LLM-generated text descriptions and human-written image cap-
tions, which reveals a significant overlap between the two types of
text descriptions, suggesting a deep, intrinsic similarity in how both
descriptions characterize images. Such overlap explains why prompt
tuning with LLM-generated text can be effective, as these machine-
generated descriptions share core characteristics with their human-
written counterparts. Moreover, the LLM-generated text descriptions
occupy a broader range of the feature space compared to the image cap-
tions. This indicates that our LLM-generated descriptions are not only
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Table 8
Results of integrating our hierarchical prompts with DualCoOp [5] (demoted as
¢) on partial-label MS-COO dataset, the * means our reproduction.

Method 10% 20% 30% 40% 50% 60% 70% 80% 90% Avg.

¢ [5] 78.7 80.9 817 820 825 827 828 830 831 819
o* [5] 79.1 809 81.5 821 824 827 829 831 834 820
¢ + Ours 79.9 81.5 821 82.1 829 832 833 835 838 825

aligned with human perspectives but also extend beyond them. This
broader coverage may enhance prompt tuning by providing more com-
prehensive descriptions of the visual content.

Cases Analysis. Fig. 9 illustrates the top-3 category predictions of dif-
ferent prompts. Notably, the hierarchical prompts achieve better per-
formance, especially on smaller objects, as shown in (a), (b), and (c).
However, as depicted in (b), an instance of incorrect top-1 prediction
arises in the category labeled “train”, likely due to an excessive empha-
sis on global image features, resembling a train station. Conversely, as
shown in (d), the hand-crafted prompts demonstrate superior perfor-
mance, probably due to the meticulous design of hand-crafted prompts
integrating certain human prior knowledge. For instance, when design-
ing the prompt for the “mouse” category, we use the term “computer
mouse”, aligning more closely with its contextual usage to improve the
performance.

5. Conclusion

We have presented an image-free framework for multi-label im-
age recognition, which leverages enriched text descriptions powered by
Large Language Models (LLMs), such as ChatGLM, to effectively adapt
Vision-Language Models (VLMs) like CLIP through hierarchical prompt
tuning. By first querying ChatGLM with well-designed questions and
then learning hierarchical prompts with contextual relationships be-
tween categories, our method achieves competitive performance with-
out requiring any annotated images or image captions. Specifically, it
outperforms previous text-only baselines by up to 2.0% in mAP on MS-
COCO and 1.0% in mAP on VOC2007, validating the effectiveness of
combining LLM-generated linguistic knowledge and CLIP’s cross-modal
alignment.

Strengths. The proposed framework is (1) data-efficient, requiring no
manually annotated images or captions; (2) generalizable, as evidenced
by consistent performance across datasets and with different LLMs (e.g.,
Llama2); and (3) integrative, enabling seamless combination with exist-
ing prompt-tuning frameworks such as DualCoOp to further boost per-
formance. The results on three public benchmarks demonstrate that the
synergy between LLMs and VLMs offers a scalable and low-cost direction
for visual understanding under data-scarce conditions.

Limitations. Although the proposed framework demonstrates strong
performance, several limitations remain. First, the text descriptions gen-
erated by LLMs may contain noise or hallucinated details, especially
for ambiguous or fine-grained attributes, which can slightly impact
prompt learning. Second, there may be domain shifts between LLM’s
general-world knowledge and the specific visual distributions of the tar-
get classes, potentially reducing recognition accuracy in specialized sce-
narios. Third, while hierarchical prompt tuning improves results, the
reasons why certain prompt structures work better are not fully un-
derstood, leaving the interpretability of prompt effectiveness underex-
plored. Finally, the approach relies on the assumption that CLIP’s visual—
text alignment generalizes well to new domains; significant misalign-
ment could degrade overall performance.

Potential Applications. This framework can serve as a universal so-
lution for visual recognition in low-resource domains such as medi-
cal imaging diagnosis, remote sensing analysis, and industrial inspection,
where labeled visual data are difficult or expensive to obtain but tex-
tual knowledge is abundant. Moreover, its image-free nature provides
a new paradigm for integrating future multimodal large models into

Pattern Recognition 174 (2026) 112986

cross-modal reasoning systems without additional data collection or
fine-tuning.
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