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The�Evolution�of�Foundation�Models

• Foundation models, particularly vision㏁
language models, have demonstrated their 
capabilities across diverse domains, from 
general tasks to specialized fields.
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• Trustworthiness and reliability of large 
vision㏁language models ㏛LVLMs㏜ have not 
been adequately investigated despite the 
widespread adoption of them.
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• To bridge the gap, we

1. Evaluate and compare the OoDD capabilities of LVLMs

• Develop a framework for evaluating the OoDD capabilities of LVLMs

2. Propose a two㏁stage self㏁guided prompting approach called Reflexive Guidance 

㏛ReGuide㏜ to enhance the OoD detectability of LVLMs

• From the results of our study, we can draw the following insights:

Despite the strong visual interpretation capabilities of LVLMs, which enable them to predict fine㏁
grained classes of objects effectively, these models tend to avoid generating responses that fall 
outside the given prompt categories.

Contributions
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OoDD�in�LVLMs
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Problem�Definition

• Given the vast amount and broad domain coverage of data used to train LVLMs, this conventional 
definition faces challenges in its direct application to LVLMs.

• To address this, we extend the zero㏁shot OoDD framework of CLIP to generative LVLMs:
the scenario where an in㏁distribution ㏛ID㏜ class words set does not contain the ground㏁
truth label of an input image.

LVLM
Your task is to classify the given image 
into one of these classes: 
airplane, bird, cat, none of these classes

Prediction: airplane

Confidence:
   ㏝ airplane: 92.2, bird: 0.6, cat: 0.0, 
      none of these classes: 0.4 ㏞

Prediction: None of these classes

Confidence:
   ㏝ airplane: 0.0, bird: 1.1, cat: 3.1, 
      none of these classes: 95.8 ㏞
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Prompt�Design

• Our prompt consists of four components: a task description, an explanation of the rejection 
class, guidelines, and examples for the response format.

Figure 3: A simplified format of designed prompt for OoDD evaluation on LVLMs
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Prompt�Design

• The task description provides a basic instruction, such as defining the model㑆s objective.

Figure 3: A simplified format of designed prompt for OoDD evaluation on LVLMs
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Prompt�Design

• To mitigate failure cases, we enhance the prompt by adding the following components: an 
explanation of the rejection class, guidelines, and examples for the response format.

Figure 3: A simplified format of designed prompt for OoDD evaluation on LVLMs
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OoD�Score�Design

• We use the maximum confidence score among the ID classes as the OoD score.
• The softmax function is applied to all confidence values to normalize them, including that of the 

rejection class.

Figure 3: A simplified format of designed prompt for OoDD evaluation on LVLMs
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Experimental�Results

• Proprietary models outperform the open㏁source models in most cases, with reasonable valid 
response rates.

• Some open㏁source models including LLaVa㏁v1.6 ㏛Mistral㏁7B㏜ and GLM㏁4v㏁9B exhibit low OoDD 
performance despite achieving decent results on popular VLM benchmarks.

🙂

😞

Table 1: The comparison on the ImageNet200 benchmark

※ The results of QWEN㏁VL㏁Chat are omitted due to its exceptionally low ability to follow instructions, with a valid response rate 
of less than 1㚡. You can find QWEN㏁VL㏁Chat results on Table B.2.1 in Appendix B.2.
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Experimental�Results

• All compared models have more difficulty in detecting near㏁OoD than far㏁OoD.

🙂😞



OoDD�in�LVLMs
Experimental�Results

• The proprietary models generally perform on par with or better than the single㏁modal SOTA 
OoDD models.

Table 1: The comparison on the ImageNet200 benchmark

※ The results of QWEN㏁VL㏁Chat are omitted due to its exceptionally low ability to follow instructions, with a valid response rate 
of less than 1㚡. You can find QWEN㏁VL㏁Chat results on Table B.2.1 in Appendix B.2. 11



OoDD�in�LVLMs
Experimental�Results

• The open㏁source models generally perform worse than the single㏁modal SOTA OoDD models.

Table 1: The comparison on the ImageNet200 benchmark

※ The results of QWEN㏁VL㏁Chat are omitted due to its exceptionally low ability to follow instructions, with a valid response rate 
of less than 1㚡. You can find QWEN㏁VL㏁Chat results on Table B.2.1 in Appendix B.2. 12



OoDD�in�LVLMs
Experimental�Results:�Further�Analysis

• Scalability with image resolution
• Sec. 3.6, Appx. B.2

• The trends of confidence scores
• Sec. 3.6, Appx. B.2

• Reasoning for their response
• Sec. 3.6, Appx. B.6

• Confidence scores on ID
• Sec. 3.6

• Scaling law in terms of model size
• Sec. 3.6

• Class order in the prompt
• Sec. 3.6, Appx. B.4

• Response failure
• Sec. 3.6, Appx. B.5 
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• Leveraging the LVLM itself to obtain guidance for OoDD from its powerful zero㏁shot visual 
recognition capabilities

• A two㏁stage simple and model㏁agnostic prompting strategy

Framework

Figure 5: Framework of the proposed Reflexive Guidance for OoDD
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• The LVLM is asked to suggest 𝟐𝑵 class names derived from the given image.
• If the input image is OoD, the suggested 2𝑁 class names can offer potential ground㏁truth label 

or class names closely related to the ground㏁truth label.

Stage�1:�Image-adaptive�Class�Suggestions

Whippet

STAGE 1

greyhound, saluki, irish wolfhound

umbrella, wristwatch, bicycle

Near㏁OoD

Far㏁OoD
LVLM
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• The suggested 𝟐𝑵 classes are employed as auxiliary OoD classes.
• It is expected that OoD input images can be assigned higher confidence scores for the 

suggested 2𝑁 classes than for ID classes. 
• The rejection class 㐵none of these classes㐶 is retained as a fallback.

Stage�2:�OoDD�with�Suggested�Classes
W

hi
pp

et

LVLM

STAGE 2

airplane, bird, cat,
none of these classes,
greyhound, saluki, basenji, 
umbrella, wristwatch, bicycle

Prediction: none of these classes

Confidence:
㏝ airplane: 0.0, bird: 0.0, cat: 0.4, 
   none of these classes: 48.5,
   greyhound: 31.8, saluki: 11.3, basenji: 7.8 
   umbrella: 0.0, wristwatch: 0.0, bicycle: 0.2㏞



• Same as the Baseline: the maximum confidence score among the ID classes 
• For ID inputs, LVLMs should assign high confidence to one of ID classes.
• For OoD inputs, LVLMs should assign high confidence to the suggested classes, including the 

rejection class.

Reflexive�Guidance�(ReGuide)
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OoD�Score�Design
W
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LVLM

STAGE 2

airplane, bird, cat,
none of these classes,
greyhound, saluki, basenji, 
umbrella, wristwatch, bicycle

Prediction: none of these classes

Confidence:
㏝ airplane: 0.0, bird: 0.0, cat: 0.4, 
   none of these classes: 48.5,
   greyhound: 31.8, saluki: 11.3, basenji: 7.8 
   umbrella: 0.0, wristwatch: 0.0, bicycle: 0.2㏞



• ReGuide significantly improves various aspects of the LVLM㐶s performance.

Reflexive�Guidance�(ReGuide)
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Experimental�Results

Table 4: ReGuide effects on the ImageNet200 benchmark

※ Due to computational and API costs, we evaluate ReGuide with GPT㏁4o and InternVL2㏁26B/㏁76B on a 5㚡 subset of the ImageNet200 
     benchmark.



• The ratio of OoD inputs predicted to non㏁ID classes
• Sec 4.1

• ReGuide results on the shared valid query set
• Appx. C.2

• The analysis of suggested classes
• Sec 4.1, Appx. C.2

• Text㏁adaptive vs. Image㏁adaptive
• Sec. 4.1, Appx. C.2

• The OoD score distributions and misclassified 
inputs
• Sec. 4.1, Appx. C.3

• Inference cost
• Appx. C.6

Reflexive�Guidance�(ReGuide)
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Experimental�Results:�Further�Analysis



• Address the lack of rigorous evaluation and comparison of the OoDD performance of LVLMs.

• Establish a framework to evaluate and compare various proprietary and open㏁source LVLMs.
• Overall, proprietary LVLMs outperform open㏁source LVLMs in both image classification and 

OoDD tasks.
• Open㏁source LVLMs tend to be overconfident in their response, highlighting the need for 

confidence calibration.

• Propose ReGuide, a self㏁guided prompting approach that enhances the OoDD capabilities of 
LVLMs by leveraging self㏁generated, image㏁adaptive concepts.
• ReGuide significantly boosts the OoDD performance of both proprietary and open㏁source 

LVLMs.

• LVLMs tend to avoid generating responses that fall outside the given prompt categories.
Simply leveraging their intrinsic abilities, it can effectively expand their scope of thinking. 

Conclusion
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Thank�you

For�more�results�and�a�detailed�analysis,�please�refer�to�the�paper.

https://github.com/daintlab/ReGuide

https://huggingface.co/datasets/daintlab/reguide

https://openreview.net/forum?id=R4h5PXzUuU

You�can�also�find�the�sampled�dataset�we�used�and�input�prompt-
generated�response�pairs�on�both�Github�and�Huggingface.


