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Abstract

Vision-Language Models (VLMs) have demonstrated re-
markable capabilities in visual classification tasks. Existing
methods for enhancing VLMs on this task often rely heav-
ily on direct category-to-image matching, which limits gen-
eralization and results in suboptimal performance. In addi-
tion, these methods provide no understanding of why a spe-
cific category is chosen. To address these limitations, we in-
troduce a new deliberative visual classification task that de-
composes the classification process into multiple deliberative
steps and leverages Large Language Models (LLMs) to per-
form explicit reasoning before the final decision. Specifically,
we propose a Retrieval-driven Reasoning model (RdR) with
two components, i.e., retrieval database construction and de-
liberative category prediction. The first component leverages
LLMs to extract category-relevant descriptors and constructs
a retrieval database for effective image–descriptor matching.
The second component facilitates multiple deliberative steps
and performs explicit reasoning based on the retrieved de-
scriptors to augment the category prediction. Extensive ex-
periments on multiple datasets demonstrate that RdR consis-
tently outperforms strong baselines, highlighting its robust-
ness and generalization ability.

Introduction
Vision-Language Models (VLMs) have demonstrated re-
markable capabilities across a wide range of visual recogni-
tion tasks (Chen et al. 2024; Zhang et al. 2024). By pretrain-
ing on large-scale image-text pairs using contrastive learn-
ing objectives, VLMs achieve strong zero-shot and few-
shot generalization, enabling them to tackle various down-
stream tasks, including visual classification (Chandra and
Bedi 2021; Conti et al. 2023). However, VLMs still face
challenges in adapting to visual classification due to their
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reliance on large-scale pretraining without task-specific su-
pervision (Evain et al. 2021; Yuan et al. 2022).

Existing methods to enhance the performance of VLMs
on visual classification can be broadly categorized into
two main approaches: manual prompt-based approaches
and prompt learning approaches. Manual prompt-based ap-
proaches involve manually designing textual prompts, such
as “a photo of a [class]” to guide the model’s behavior for
specific tasks, often requiring fine-tuning of model param-
eters (Wen et al. 2023). However, this approach is labor-
intensive and highly sensitive to slight prompt modifica-
tions. For instance, adding or removing a single word in
the prompt can lead to significant fluctuations in accuracy,
as demonstrated in CoOp (Zhou et al. 2022b). Inspired by
prompt learning in natural language processing (Hirschberg
and Manning 2015; Chowdhary and Chowdhary 2020), re-
cent works (Zhou et al. 2022b,a) utilize prompt learning to
improve VLMs on visual classification tasks. These methods
treat prompts as learnable parameters, keep the VLM back-
bone frozen, and optimize prompts to minimize the distance
between visual and textual features. This approach reduces
the need for manual tuning. However, these methods still
face two core challenges: CH1: Limited generalization
due to over-reliance on direct category-to-image match-
ing. Most of these methods directly match image represen-
tations with category-specific prompts. This often results in
poor generalization to unseen or rare categories, particularly
in few-shot learning scenarios (Wang et al. 2020; Kang and
Cho 2022). Moreover, relying solely on category names fails
to capture the comprehensive visual and contextual infor-
mation required for accurate recognition. CH2: Lack of ex-
plainable reasoning for the predicted category. Both man-
ual and learnable prompt-based methods make predictions
based on visual-textual similarity and provide no interme-
diate understanding of why a specific category is chosen,
resulting in limited interpretability.

To address the aforementioned issues, we propose a new
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Reason: The image contains a 
four-legged animal with fur, a 
short snout, and a wagging tail. 
These characteristics are 
commonly associated with dogs.

predicting

multiple 
deliberative steps

Category: dog

Category: dog

vs

Figure 1: Comparison of conventional visual classification
with deliberative visual classification.

Deliberative Visual Classification task. This task aims to de-
compose the classification process into multiple deliberative
steps and perform explicit reasoning before making a final
prediction. As illustrated in Figure 1, instead of making a
direct prediction, the classifier generates a step-by-step rea-
soning process and leverages it to guide its final decision. A
key to this formulation is identifying the category-relevant
information associated with the input image, which serves
as a foundation for the reasoning process.

To tackle this task, we propose a Retrieval-driven Rea-
soning model (RdR) for solving the deliberative visual clas-
sification task. To mitigate the reliance on direct category-
to-image matching (solving CH1) and provide explainable
reasoning for the predicted category (solving CH2), we uti-
lize two main components in RdR, i.e., retrieval database
construction and deliberative category prediction. Retrieval
database construction aims to solve CH1 by leveraging
MLLMs to obtain descriptors for category-relevant infor-
mation (visual information and contextual information) and
construct a database to support effective image-descriptor
matching. Deliberative category prediction aims to solve
CH2 by decomposing the classification process into mul-
tiple deliberative steps (descriptors retrieval, descriptors
deliberation, and deliberative reasoning) and performing
thoughtful reasoning to guide the final prediction. By com-
bining these two components, we can achieve more accurate
visual classification while maintaining a transparent and in-
terpretable decision-making process that explains how and
why a specific category is chosen, as illustrated in Figure 2.
We first construct the retrieval database offline. Then, for a
given target image, we retrieve the most relevant descriptors
from the database and refine them. Finally, we perform ex-
plicit reasoning guided by these refined descriptors to aug-
ment the classification for better performance.

The key contributions of our work are summarized as fol-
lows: (1) We propose RdR, a novel retrieval-driven reason-
ing method for deliberative visual classification by decom-
posing the visual classification into multiple distinct delib-
erative steps and performing explicit reasoning to augment
classification. (2) We clearly decompose image content into
visual information and contextual information, and leverage
an MLLM to generate precise descriptors for this informa-
tion and construct a database to facilitate effective image-
descriptor matching. (3) We novelly propose deliberative
category prediction, which provides a transparent and inter-

pretable decision-making process from feature matching to
final classification. By generating a reasoning chain along
with the final category prediction, RdR offers clear insights
into how and why a specific category is chosen, significantly
enhancing the model’s interpretability. (4) Extensive exper-
iments demonstrate that RdR outperforms strong baselines
across various datasets and settings, highlighting its robust-
ness and generalization capability.

Related Work
Large Language Models. The progress in LLMs can be
largely attributed to the transformer architecture (Vaswani
et al. 2017). Based on this foundation, models such as
BART (Lewis et al. 2019) and Chinchilla (Hoffmann et al.
2022) have demonstrated remarkable capabilities. To im-
prove alignment between outputs and user intent, Instruct-
GPT (Ouyang et al. 2022) incorporates reinforcement learn-
ing from human feedback (Christiano et al. 2017), while
GPT-4o (Islam and Moushi 2024) extends multimodal capa-
bilities. The open-source community further drives progress
with models such as Llama2 (Touvron et al. 2023), and
Llama3 (Grattafiori et al. 2024).
Vision-Language Models. VLMs have garnered increasing
attention for their remarkable capabilities in cross-modal
understanding (Li et al. 2020). For example, CLIP (Rad-
ford et al. 2021) and ALIGN (Jia et al. 2021) demon-
strated the effectiveness of contrastive learning frameworks
for vision-language pretraining. Other models, such as
SimVLM (Wang et al. 2021), and FLAVA (Singh et al.
2022), adopt masked reconstruction techniques to enhance
multimodal integration.
Prompt Learning for Visual Classification. Prompt learn-
ing (Liu et al. 2023) has emerged as an efficient approach
to fine-tuning CLIP in visual classification. CoOp (Zhou
et al. 2022b) is the first to introduce learnable prompts into
VLMs for few-shot classification. Building upon this, Co-
CoOp (Zhou et al. 2022a) improves generalization to un-
seen categories by incorporating instance-level image fea-
tures. To mitigate overfitting in prompt learning, Prompt-
SRC (Khattak et al. 2023) proposes a self-regularization
framework. PromptKD (Li et al. 2024) extends this line of
work by applying domain-specific knowledge distillation.

Methodology
In this section, we will introduce the details of our proposed
method RdR. First, we describe the notations and problem
definition. Suppose we have a pretrained VLM C consist-
ing of a visual encoder V (·) and a text encoder T (·), along
with a dataset D ⊂ X × Y , where each sample consists of
an image x and its corresponding category label y. Given
an image x from D, our goal is to classify it into one of
the visual categories y. Instead of directly predicting y, our
approach leverages an LLM L to first generate a reasoning
chain R that identifies and explains the visual and contextual
evidence supporting the category prediction. Based on R, L
then determines the final category, ensuring that the decision
is interpretable and grounded in explicit reasoning.
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Figure 2: The framework of our proposed RdR model.

We then introduce the main components of our proposed
RdR, as illustrated in Figure 2. RdR mainly has two com-
ponents, i.e., retrieval database construction and delibera-
tive category prediction. Retrieval database construction is
set to construct a structured retrieval database to mitigate
the reliance on direct category-to-image matching and to fa-
cilitate effective image-descriptor matching that provides a
foundation for subsequent reasoning. Deliberative category
prediction aims to decompose the visual classification into
multiple distinct deliberative steps and enables the LLM to
perform explicit reasoning before determining the final cat-
egory. By incorporating retrieval database construction with
deliberative category prediction, we can achieve more accu-
rate results on visual classification while maintaining trans-
parency and interpretability in decision-making. We will in-
troduce the model details in the following subsections, and
the preliminaries are provided in the Appendix.

Retrieval Database Construction
To address the limitations of existing methods that rely heav-
ily on direct category-to-image matching and to facilitate ef-
fective image-descriptor matching, we construct a structured
retrieval database in our framework. This database system-
atically organizes two distinct feature types (visual informa-
tion and contextual information), enabling comprehensive
utilization of all available category-related information.
Decomposition of Image Information. We decompose im-
age information into two complementary types: visual in-
formation and contextual information. Visual information
refers to distinctive attributes that can be directly extracted
from the image, such as color, shape, and specific object fea-
tures that are characteristic of a given category. For instance,
in an image of a dog, visual attributes such as its shape or
fur type are typically indicative of the “dog” category. Con-
textual information refers to the broader environmental and
semantic context in which the object appears. This includes
contextual relationships such as the setting or interactions

involving the object, which reflect the broader background
knowledge or situational details related to the object. For
example, a “dog” might be associated with the context of
being in a park, as dogs are commonly found in such envi-
ronments. Contextual information provides supplementary
details that complement the visual information. This decom-
position enables RdR to explicitly consider both visual and
contextual information for classification, fully utilizing all
available category-related information.
MLLM-based Descriptor Extraction. We employ an
MLLM for descriptor extraction through In-Context Learn-
ing (ICL) to efficiently generate scalable descriptors for both
visual and contextual information. In this approach, we treat
the MLLM as an implicit knowledge base, leveraging its
extensive pretrained knowledge and strong generative ca-
pabilities to generate typical and representative category-
relevant descriptors based on structured prompts. Instead
of relying solely on category names, we design a struc-
tured prompt that includes multiple sample images and the
category name, enabling the MLLM to better capture the
category’s visual distribution and generate descriptors that
are grounded and less biased. Figure 3 illustrates the de-
signed prompt, which also incorporates explicit examples
to demonstrate the expected response format and content.
By providing the MLLM with category-specific examples,
we ensure that the generated outputs align with our expecta-
tions, accurately capturing both distinctive visual attributes
and relevant contextual information.

Our clear definition and decomposition of image infor-
mation, combined with carefully designed prompts, enable
the MLLM to generate precise descriptors for each visual
category. This effectively addresses the limitations of pre-
vious methods, such as CBD (Menon and Vondrick 2022),
which often produce unrelated features. To further enhance
the quality and reliability of the descriptors, we introduce a
post-processing filtering step based on CLIP image-text sim-
ilarity. For each descriptor, we compute its similarity to sam-
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Description Framework:
1. Visual Information: Describe the distinctive visual 
attributes of an image of a [category]. What are the key 
features that characterize this object?
2. Contextual Information: What common 
environmental settings are associated with a [category]? 
Describe the typical context or background where this 
object is often found.
Example:
Category: Cyclamen
Visual Information: Delicate, nodding flowers in pink, 
white, or purple with marbled leaves.
Contextual Information: Prefers shaded, well-drained 
environments.

Given the following inputs:
[category]: Rose
[images]: [image1], [image2], [image3]
Generate commonly observed visual and contextual 
information of [category], based on the description 
framework and provided examples.

Output:

Figure 3: Prompt for descriptor extraction.

ple images from the category using CLIP’s visual and tex-
tual encoders. Descriptors with low average similarity scores
across sample images are considered inconsistent or halluci-
nated, and are consequently filtered out. This filtering step
ensures the final descriptors are grounded in visual content,
improving both quality and robustness. The details of this
filtering step are provided in the Appendix.
Database Construction. After we obtain the textual de-
scriptors for each category, we encode them with the text en-
coder T (·) to derive the corresponding text features. These
text features, along with their associated descriptors, are
stored in two distinct sets: a visual information set and a
contextual information set. The visual information set cap-
tures features that directly describe object attributes, ensur-
ing category-level identification, while the contextual infor-
mation set provides supplementary details that enhance vi-
sual understanding. By structuring the retrieval database in
this dual-feature manner, our approach enables fine-grained
and context-aware retrieval during classification.
Offline Construction. To minimize runtime latency, we
construct the retrieval database entirely offline. In this
pipeline, descriptors are pre-extracted, and their embeddings
are precomputed. Once constructed, this database supports
efficient and scalable retrieval during both subsequent train-
ing and inference, significantly reducing runtime overhead.

Deliberative Category Prediction
After constructing the retrieval database, we will introduce
how deliberative category prediction integrates with it to im-
prove classification accuracy. Deliberative category predic-
tion includes three main steps, i.e., descriptors retrieval, de-
scriptors deliberation, and prediction with deliberative rea-

soning. Descriptors retrieval aims to identify the most rel-
evant descriptors from the retrieval database for a target
image, to support subsequent reasoning. Descriptors delib-
eration is set to fine-tune an expert to refine the retrieved
descriptors. Prediction with deliberative reasoning aims to
fine-tune another expert to generate a deliberative reason-
ing process based on refined descriptors to augment category
predictions. By combining these three steps, our model can
achieve more accurate and interpretable classification deci-
sions through multiple distinct deliberative steps.
Step 1: Descriptors Retrieval. First, we leverage the visual
encoder V (·) to encode the input image x to extract its visual
features u as follows:

u = V (x). (1)

The extracted visual features u are then used to retrieve the
most relevant text features along with their associated de-
scriptors from the retrieval database. Specifically, retrieval is
performed separately from two distinct sets: a visual infor-
mation set and a contextual information set, each retrieving
the top N relevant descriptors. The retrieval process com-
putes the cosine similarity scores:

s =
u · ti

∥u∥∥ti∥
, (2)

where ti denotes the textual feature of the i-th descriptor
stored in the retrieval database. The s are computed and
ranked accordingly to select the most relevant descriptors,
which include the retrieved visual descriptors iv and contex-
tual descriptors ic. Unlike traditional approaches that rely
solely on direct category-to-image matching, our method
explicitly separates the matching process into visual and
contextual information matching. This separation allows the
model to consider not only the visual appearance of objects
but also their semantic and contextual relationships. For in-
stance, in addition to recognizing that an image contains a
“dog”, our framework can retrieve contextual information
such as the dog’s common environments where it might
be found. This matching process significantly enhances the
model’s ability to generalize, particularly in scenarios where
visual features alone may be ambiguous or insufficient.
Step 2: Descriptor Deliberation. After we obtain the re-
trieved descriptors iv and ic, we fine-tune an MLLM-based
expert to refine the retrieved descriptors. The expert takes
as input the retrieved descriptors iv and ic, along with the
original image x, to generate more detailed and accurate de-
scriptors rv and rc. For instance, if the retrieval phase iden-
tifies a “dog” in the image, the MLLM might augment this
information by describing the dog’s posture or the setting
(e.g., a park or a living room), while filtering out or redefin-
ing features unrelated to the image. Specifically, we guide
the expert through the following template:

Template: Please combine the retrieved visual and con-
textual information along with the image to obtain detailed
and precise information about the identified object. Focus
on attributes such as visual details (e.g., skin color, texture)
or contextual details (e.g., common locations). Ensure ac-
curacy and keep the response concise while filtering out or
redefining features unrelated to the image.
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You are an expert vision-language model tasked with classifying an 
image based on both visual and contextual information. You are 
given the following inputs:
Visual information: …
Contextual information: …
A predefined category set: …

Format your response as follows:
1. Visual Analysis: Describe the key visual features and what they

indicate.
2. Contextual Analysis: Incorporate additional contextual details 

to refine the classification.
3. Final Decision: State the most likely category and explain why 

this choice is the most appropriate.
4.   Category: Provide the final predicted category label.
Ensure that your reasoning is logical, transparent, and interpretable.

Your task is to reason step by step and provide a final classification 
label. First, analyze the given visual features and describe what they 
suggest about the object in the image. Then, incorporate contextual 
information to refine your understanding. If multiple categories are 
possible, explain why certain options are more likely than others. 
Finally, conclude with the most probable category and a concise 
explanation for your decision.

Figure 4: Prompt for deliberative category prediction.

This step can be formally expressed as:

rv, rc = MLLM(x, iv, ic,Template). (3)

Here, rv and rc represent the refined visual and contextual
descriptors. This deliberation step ensures that the descrip-
tors are both relevant and informative, enhancing the re-
trieved descriptors for more accurate classification.
Step 3: Prediction with Deliberative Reasoning. Finally,
we leverage deliberative reasoning combined with the re-
fined descriptors to enhance visual classification. We fine-
tune an LLM-based expert, which is prompted to generate
both a deliberative reasoning process and the final category
prediction. The input to the expert includes the refined de-
scriptors obtained in Step 2, which contain visual and con-
textual information and are ordered based on the relevance
determined in Step 1. It also includes the predefined cate-
gory set from the dataset, as well as a carefully designed
instruction to guide the reasoning process. Figure 4 illus-
trates the prompt for deliberative category prediction, and
further details about the prompt design are provided in the
Appendix. Based on this prompt, the expert constructs a
transparent and deliberative decision-making process that
explains how and why a specific category is chosen. This
reasoning process not only enhances the model’s classifi-
cation performance but also provides transparent insights
into its decisions, thereby improving the interpretability and
trustworthiness of the overall framework. This step can be
formally expressed as:

R, k = LLM(rv, rc, S, P ), (4)

where rv and rc denote the refined descriptors from Step
2, S represents the predefined category set, and P is the in-
struction designed to guide the reasoning process. Here, k is
the final predicted category, and R is the structured reason-

Visual Analysis: The image contains a large, four-legged 
animal with thick gray skin, a long trunk, and prominent tusks. 
These distinctive physical characteristics are commonly 
associated with elephants.
Contextual Analysis: The background appears to resemble a 
savanna or grassland environment, which is a typical natural 
habitat where elephants are commonly found.
Final Decision: Based on the visual and contextual information, 
the object in the image is most likely an elephant.
Category: Elephant.

Figure 5: An example of the structured reasoning output.

ing chain generated by the expert. Figure 5 shows an exam-
ple of the structured reasoning output generated by the ex-
pert, illustrating how visual and contextual information con-
tribute to the final category prediction.
Expert Fine-tuning. To balance performance and effi-
ciency, we leverage the powerful closed-source model (e.g.,
GPT-4o) to guide the fine-tuning of two specialized open-
source experts. Specifically, one expert is trained for Step 2
to refine the retrieved descriptors, while the other is trained
for Step 3 to perform deliberative reasoning. We prompt
the teacher model to generate high-quality outputs, which
serve as supervision signals to train the corresponding stu-
dent experts via supervised fine-tuning (SFT) (Ouyang et al.
2022), implemented using LoRA adapters (Hu et al. 2022).
To mitigate hallucinations, we adopt a generation-then-filter
strategy: the teacher model first generates multiple candidate
outputs, which are then filtered based on relevance and con-
sistency. The selected high-quality outputs are used to su-
pervise student learning through SFT. A detailed description
of this strategy is provided in the Appendix.

Experiments
Setup
We conduct experiments to evaluate our proposed method
RdR on the visual classification task under the in-
distribution (ID) setting. For fair comparison, we assess RdR
against baseline methods using CLIP with different back-
bones (ViT-B/16 (Dosovitskiy et al. 2020), ViT-B/32 (Doso-
vitskiy et al. 2020), and ResNet-50 (He et al. 2016)).
All baselines follow the experimental settings for few-shot
learning evaluation as specified in their respective papers.
Baselines. We compare RdR with four baseline methods:
CLIP (Radford et al. 2021), CoOp (Zhou et al. 2022b),
PromptKD (Li et al. 2024), and CBD (Menon and Von-
drick 2022). The first baseline, zero-shot CLIP, relies on
hand-crafted prompts. CoOp and PromptKD represent re-
cent state-of-the-art prompt learning methods. The most re-
lated work, CBD, performs classification by computing cat-
egory scores with CLIP, based on the similarity between im-
ages and class-conditioned textual prompts.
Datasets and Evaluation Metric. Following (Radford et al.
2021; Zhou et al. 2022b), we evaluate the model’s perfor-
mance on 11 publicly available recognition datasets, includ-
ing ImageNet (Deng et al. 2009), Caltech101 (Fei-Fei, Fer-
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Method ImageNet Caltech101 OxfordPets StanfordCars

ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50

CLIP 64.05 58.46 58.18 86.19 85.43 86.10 81.88 79.94 83.19 55.98 56.43 56.10
CoOp 71.92 66.85 61.91 90.30 89.90 91.99 85.67 85.29 87.02 72.92 73.40 73.60
PromptKD 73.60 68.73 64.25 91.15 90.63 93.02 86.33 86.30 87.76 73.27 74.97 74.58
CBD 68.03 62.97 62.39 85.60 85.57 85.97 86.92 83.46 84.10 58.60 59.57 59.02
RdR 75.05 70.28 68.19 91.96 90.95 93.45 87.03 86.59 87.85 75.15 76.32 75.22

Method Flowers102 Food101 FGVCAircraft SUN397

ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50

CLIP 65.83 66.10 66.15 85.61 79.31 79.07 17.08 17.43 17.16 59.03 59.43 59.92
CoOp 93.60 93.07 94.49 74.93 75.06 74.48 31.34 32.30 31.43 67.65 67.90 68.36
PromptKD 94.07 94.50 95.05 77.32 76.50 77.10 32.83 34.57 33.19 68.72 68.57 69.50
CBD 66.67 68.55 68.32 88.50 83.63 80.65 21.80 21.57 21.62 62.60 62.97 64.10
RdR 94.52 94.80 96.07 90.02 85.76 84.60 33.07 34.89 34.45 70.32 70.53 71.85

Method DTD EuroSAT UCF101 Average

ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50 ViT-B/16 ViT-B/32 RN-50

CLIP 41.78 40.93 41.80 43.36 43.84 43.10 60.69 61.43 61.20 60.13 58.98 59.27
CoOp 62.44 61.58 62.51 82.95 83.17 83.69 74.55 76.05 76.90 73.48 73.14 73.31
PromptKD 63.37 62.37 63.65 83.92 83.77 84.32 76.10 77.83 77.95 74.61 74.43 74.58
CBD 46.59 45.62 46.02 48.82 48.94 47.75 63.50 64.57 64.09 63.42 62.49 62.18
RdR 66.15 64.20 66.79 84.19 84.62 85.06 78.29 79.15 79.60 76.89 76.19 76.65

Table 1: Comparison with state-of-the-art methods across 11 datasets using different backbones.

gus, and Perona 2004), OxfordPets (Parkhi et al. 2012),
StanfordCars (Krause et al. 2013), Flowers102 (Nilsback
and Zisserman 2008), Food101 (Bossard, Guillaumin, and
Van Gool 2014), FGVCAircraft (Maji et al. 2013), SUN397
(Xiao et al. 2010), DTD (Cimpoi et al. 2014), EuroSAT
(Helber et al. 2019), and UCF101 (Soomro, Zamir, and Shah
2012). Consistent with prior works (Radford et al. 2021;
Zhou et al. 2022b; Khattak et al. 2023), we use classifica-
tion accuracy as the evaluation metric.
Implementation Details. To construct the retrieval
database, we employ GPT-4o for descriptor extraction,
with the temperature parameter set to 0 to maintain consis-
tency. For each dataset, we build a corresponding retrieval
database accordingly. We set K = 2 as the number of
retrieved descriptors. For the descriptor deliberation step,
we use GPT-4o as the teacher model and fine-tune Llava-
v1.6-mistral-7B as the expert using the LoRA technique.
For the deliberative reasoning step, we similarly use GPT-4o
as the teacher and fine-tune Llama3-8B as the expert with
LoRA. For the teacher model used in both steps, we set the
temperature to 1 and max tokens to 4096.

Comparison with Baseline Methods
Table 1 presents the performance comparison between CLIP,
CoOp, PromptKD, CBD, and RdR with different back-
bones (ViT-B/16, ViT-B/32, and ResNet-50). RdR consis-
tently outperforms all baselines across 11 publicly avail-
able recognition datasets. Specifically, on the challenging
ImageNet dataset with ViT-B/32 backbone, RdR achieves
an accuracy improvement of 11.82% over CLIP, 3.43%

Method K=1 K=2 K=3 K=4 K=5

ViT-B/16 74.52 75.05 74.39 74.02 73.36
ViT-B/32 69.76 70.28 69.52 69.18 69.05

ResNet-50 66.95 68.19 66.17 64.20 63.09

Table 2: Ablation study on the impact of the number of re-
trieved descriptors on classification performance.

over CoOp, 1.55% over PromptKD, and 7.31% over CBD.
Notably, compared to the most related work, CBD, RdR
demonstrates a significant performance gain. We attribute
the observed performance gains across all comparisons to
two key factors: (1) RdR leverages image-descriptor match-
ing rather than direct category-to-image matching, allowing
for more flexible and robust alignment and thereby improv-
ing the model’s generalization to diverse instance images.
(2) We enhance the visual classification by introducing mul-
tiple deliberative steps and performing explicit reasoning to
augment predictions, leading to more accurate and reliable
final predictions. These results validate the effectiveness and
robustness of our approach in visual classification tasks.

Ablation Study
Effect of the Number of Retrieved Descriptors. We con-
duct an ablation study to analyze how the number of top-K
retrieved descriptors affects performance. Table 2 presents
the classification accuracy on the challenging ImageNet
dataset, illustrating the impact of different K values. We ob-

11065



K=1 K=2 K=3 K=4 K=5
Number of retrieved descriptors

65

70

75

80
A

cc
ur

ac
y 

(%
)

Average over 11 datasets

RdR
No Decomposition

Figure 6: Ablation study on the effect of image information
decomposition into visual and contextual descriptors.

serve that retrieving too few descriptors (K = 1) provides
limited information, resulting in suboptimal performance.
Additionally, an overly large K introduces significant irrele-
vant information, which weakens the impact of relevant de-
scriptors and causes a noticeable drop in classification ac-
curacy. Our results show that selecting an optimal value for
K ensures the retrieved descriptors are both relevant and in-
formative. Based on our experiments, we set K = 2 as the
default value for all evaluations.
Information Decomposition and Separate Retrieval. To
evaluate the impact of information decomposition, we com-
pare RdR with the baseline (“No Decomposition” in Fig-
ure 6) that stores all descriptors in a unified set without sep-
aration. We adopt ViT-B/16 as the backbone and vary the
number of retrieved descriptors for evaluation. For fairness,
the baseline retrieves the top-2K descriptors, matching the
total number retrieved from both sets. Figure 6 presents the
average classification accuracy across 11 datasets. The re-
sults show that RdR outperforms the No Decomposition
baseline across different K values. This demonstrates that
explicit decomposition combined with separate retrieval im-
proves the quality of retrieved information, thereby enhanc-
ing the classification performance of RdR.
Effect of Descriptor Deliberation. We conduct an abla-
tion study to evaluate the effect of descriptor deliberation,
comparing RdR with and without this step. In the baseline
(w/o descriptor deliberation), descriptors are used directly
for classification. Experiments are conducted with ViT-B/16
under different numbers of retrieved descriptors. Figure 7 re-
ports the average classification accuracy across 11 datasets.
The results show that incorporating descriptor deliberation
consistently improves performance. Without this step, the
retrieved descriptors often include irrelevant or misleading
information due to retrieval noise. These findings highlight
the importance of integrating this step to ensure that the final
descriptors are both relevant and informative, thereby im-
proving classification accuracy and generalization.
Effect of Prediction with Deliberative Reasoning. We as-
sess the contribution of prediction with deliberative reason-
ing by comparing RdR with a baseline that directly predicts
categories from refined descriptors without reasoning. Ex-
periments are conducted with ViT-B/16 under varying num-
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Figure 7: Performance comparison of RdR with and without
the descriptor deliberation.
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Figure 8: Performance comparison of RdR with and without
the reasoning process in category prediction.

bers of retrieved descriptors. Figure 8 presents the aver-
age classification accuracy across 11 datasets, demonstrat-
ing that incorporating the reasoning process consistently en-
hances classification performance. Without reasoning, the
model relies solely on direct feature matching, making it
more prone to errors when categories are visually similar
or overlapping. These findings underscore the importance of
deliberative reasoning in enhancing not only classification
accuracy but also the interpretability of model predictions.

Conclusion
In this work, we address the limitations of existing meth-
ods by introducing a novel deliberative visual classifica-
tion task that decomposes the visual classification into mul-
tiple deliberative steps and performs explicit reasoning to
augment classification. To achieve this task, we propose a
Retrieval-driven Reasoning model (RdR). RdR comprises
two components: retrieval database construction and delib-
erative category prediction. The first component leverages
MLLMs to extract category-relevant descriptors and con-
structs a database for effective image–descriptor matching.
The second component facilitates multiple deliberative steps
and performs reasoning to augment the category prediction.
We also conduct extensive experiments to demonstrate the
superior performance of our proposed RdR model.
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