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• Multi-modal Large Language Models (MLLMs) refer to foundational models that 
extract and integrate representations from multi-modal data such as texts, images, and 
videos, perform reasoning through Large Language Models (LLMs), and are fine-tuned 
to adapt to various downstream tasks like Fine-Grained Visual Recognition
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Fine-Grained Visual Recognition 

• Fine-Grained Visual Recognition (FGVR) aims at identifying subordinate-level 
categories, such as specific bird species and aircraft model
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Poor FGVR Performance of MLLMs
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Fail to identify the 
 subordinate-level category

(Ground Truth: B. Groove billed Ani)
✗

• The recognition ability of MLLMs relies heavily on extensive training data. Due to the 
high cost of annotating subordinate-level categories in training data, MLLMs often 
lack FGVR capabilities

Which of these birds is shown in the image?

A. Common Raven
B. Groove billed Ani
C. American Crow
D. Shiny Cowbird

C. American Crow

Fail to identify the 
 subordinate-level category
(Ground Truth: C. 767-400)

✗

Which of these aircrafts is shown in the image?

A. 767-200
B. 767-300
C. 767-400
D. 767-500

B. 767-300Idefics2 Idefics2



Problem Analysis (1/4): Three Quintessential Capabilities 

• We revisit three quintessential capabilities of MLLMs for FGVR
(a) Object Information Extraction: Accurately and fully extracting the necessary 
      information for distinguishing objects
(b) Category Knowledge Reserve: Reserving sufficient knowledge of 
      subordinate-level categories
(c) Object-Category Alignment: Aligning visual objects and category names in the 
      representation space to enhance classification performance
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Problem Analysis (2/4): Object Information Extraction 
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Object features passed through the vision encoder, modality connector, and LLM
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(a) Object information lost exists between Vision Language Models (VLMs) and MLLMs 
but is not the bottleneck 
 



Problem Analysis (3/4): Category Knowledge Reserve
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(b) Category knowledge is sufficient, but category names can’t fully capture semantics 
 



Problem Analysis (4/4): Object-Category Alignment
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Object-category 
dist. of SigLIP
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Object
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(a) Object Information Extraction (b) Category Knowledge Reserve (c) Object-Category Alignment   ✓ ✓ ✗

(c) Misalignment between the visual object and category name leads to underperformance
 



Method (1/4):  The Framework to Build Finedefics

• (a) Attribute Description Construction, which aims to obtain informative attribute 
descriptions of objects. (b) Attribute Augmented Alignment, which aims to use 
constructed attribute descriptions to bind visual objects and category names, thus 
enhancing the model’s FGVR capability via a two-stage training paradigm
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Method (2/4): Attribute Description Construction 

• Extracting useful attribute information that can distinguish different categories
①Useful Attribute Discovery：Obtaining useful attributes for distinguishing          
    subordinate-level categories
②Visual Attribute Extraction：Extracting attribute key-value pairs for the visual 
    object in the image
③Attribute Description Summarization：Summarizing the attribute key-value pairs 
    into detailed attribute descriptions
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Method (3/4): Attribute Augmented Contrastive Learning

• Use Object-Attribute, Attribute-Category, and Category-Category Contrastive loss to 
bind visual objects and categories names in the representation space of LLMs with 
attribute descriptions as an intermediate point
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Method (4/4): Classification-Centered Instruction Tuning

• Formulate FGVR datasets as open-set QA data and closed-set multiple-choice data, 
and finetune the model using this classification-centered instruction tuning data
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What is the species of 
the bird shown in the 
image?

Groove billed Ani

Which of these birds is 
shown in the image?

A. Common Raven
B. Groove billed Ani
C. American Crow
D. Shiny Cowbird

B

open-set QA data closed-set multiple-choice data

the generation loss of classification-
centered instruction tuning data



Experiments (1/3): Main Results

• On six FGVR datasets, the average accuracy of Finedefics reached 76.84%, which is a 
9.43% improvement compared to Qwen-VL-Chat released by Alibaba in January 2024
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Experiments (2/3): Visualization

Distribution Gap Distribution Gap Distribution Gap

①Finetune only ②Incorporate Object-
Category Contrastive loss

③Incorporate Object-Attribute, 
Attribute-Category, Category-

Category Contrastive loss

• With the usage of contrastive learning on object-attribute-category triples, Finedefics 
effectively aligns visual objects and category names, thus boosting FGVR accuracy
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• Compared to Idefics2 released by Hugging Face, Finedefics successfully captures the 
nuance of the object features, setting them apart from visually similar subordinate-
level categories
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Experiments (3/3): Case Study



• We investigate why MLLMs struggle with fine-grained visual recognition (FGVR) and 

position the problem as the misalignment between visual objects and category names

• We propose Attribute Augmented Alignment, designed to use attribute descriptions 

as an intermediate point to bind visual objects and category names

• Based on the aligned representation space, we build Finedefics, a new MLLM adept at 

identifying the subordinate-level category of the visual object. 

• Our experiments conducted on six popular FGVR datasets, demonstrate the 

remarkable performance of Finedefics. 
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Conclusion



Thank you for listening!

• Code and model are available now, welcome to follow our work!
- Paper：https://arxiv.org/abs/2501.15140
- Code：https://github.com/PKU-ICST-MIPL/Finedefics_ICLR2025
- Model：https://huggingface.co/StevenHH2000/Finedefics
- Lab: https://www.wict.pku.edu.cn/mipl

【Paper】 【Code】 【Model】 【Lab】
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