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Introduction
• Background

• Problems
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• Objectives

• Contribution



Background

• The recent advances in Vision and Language Models (VLMs)

Llava[10]/ MiniGPT4[11]/ InstructBLIP[12]/ GPT-4V[13]

• Visual reasoning

(i) Deeper and more complex inference based on visual information

(ii) Subtasks

Visual Question Answering[2]/ Visual Commonsense Reasoning[7]/ Compositional 

Visual Reasoning[3]/ Visual Abductive Reasoning[1]

• Analyzing the reasoning capabilities of VLMs

Excellent performance in standard visual tasks

Performs strongly in zero-shot tasks
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Problems

• Inductive Reasoning

generalize a group of finite observations to induce general rules in a bottom-up fashion

• Limited exploration of generation tasks for learning inductive reasoning rules 

from images and presenting them into human language
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Objectives

• Evaluate the performance of VLMs in visual inductive reasoning

• Project Approach:

(i) Create a task/dataset for visual inductive reasoning

(ii) Explore three approaches to evaluate existing VLMs on the created task
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Contribution

• Find-the-Common benchmark creation

• Evaluating inductive reasoning ability of state-of-the-art VLMs via 
several approaches and showing that IVLMs are struggle to solve the 
FTC task with strong visual hallucination
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Benchmark Creation
• Find-The-Common Task

• Data Generation
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• Dataset Quality and Statistic



Find-The-Common Task
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• Input

(i) 3D Scenes

Four unique scenes S1, S2, S3, S4

(ii) Choices

Four choices C describing possible 

regularities in S1, S2, S3, S4.

• Output

A rule r ∈ C that holds true for all the given 

scenes S1, S2, S3, S4.



Data Generation

• Generating rule choices

• Employing Answer Set 
Programming(ASP) [15] for rule 
encoding

• Designing decoy choices.
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3 of 4 images

r_CL_POS_SH(green, 

cone, far_right)

Not 

r_SH_POS_CL(cube,far

_left_red)

Not r_all_CL(blue)

Not 

r_CL_POS_SH(purple, 

sphere, blue)

1 of 4 images

r_CL_POS_SH(green, 

cone,far_right)

r_SH_POS_CL(cube,far

_left_red)

Not r_all_CL(blue)

Not 

r_CL_POS_SH(purple, 

sphere, blue)

Example of decoy choices setting



Dataset Quality and Statistic

• Conduct Human baseline

Randomly sampled 100 instances 2 graduate 
students

• Results

Cohen‘s Kappa value of 0.92

• Observation

The evaluator mislead by decoy options

• Statistics:

356 instances

4 scenes

2-6 objects

4 attributes

10



Approaches
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Three approaches examine different face of visual inductive reasoning



Image-Based
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• Test the reasoning ability based on image information



Text-Based
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• Test the reasoning ability based on text



Image-Text Based

• Test the reasoning ability based on  integrated visual and textual information.
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Experiment
• Experiment Setting

• Result
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• Analysis – Manual Analysis

• Analysis - Ground Truth Extra Experiment 



Experiment Setting
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• Models

(i) InstructBLIP [3], a smaller IVLM

(ii) LLAVA which combines a vision encoder 

with Large Language Models [11]

(iii)GPT4V(vision) , an extremely large VLM. 

• Accuracy for evaluation

• Chain-of-Thought[14] outputs reasoning steps

Step1:

(Image)

Please analyze the provided image with 4 scenes of 

objects on a flat surface. Divide each scene's edge 

into 10 equal parts to create a grid and describe 

each object's position, color, shape, and relative 

size(from 1 to 4) using JSON format. The bottom 

left corner should be considered the origin (0,0), 

and the z-axis value is always 0. Format the 

description as a JSON object with keys for 'color', 

'pos' (as an array), 'shape', and 'size’.

Step2:

"There are four scenes describing the same common 

rule. " + question & options +" The scenes 

information is below:\n" + Json(from Step1)

Prompt of Image-Based Approach Prompt of Text-Based Approach 



Result

• All models perform far from human

• GPT-4V shows greater capabilities on all 
approaches

• The current way of visual instruction fine-
tuning does not provide a strong zero-shot 
generalization ability

• CoT does not enhance the accuracy
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Accuracy of the FTC

Impact of Chain of Thought (CoT)



Analysis – Manual Analysis
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Examples of object hallucination made by GPT-4V

• Visual hallucination

• Regardless of hallucination, 

GPT-4V’s inductive reasoning 

over each scene’s description 

is accurate



Analysis - Ground Truth Experiment 
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• Ground truth experiment design

Scene descriptions generated by IVLMs are 

substituted with scene descriptions derived from 

ASP

• Analysis

Adding ground-truth scene description to the 

Image-Text reasoning approach greatly improves 

the model’s accuracy

GPT4-V performance with ground truth

scene description



Conclusion & Future Work
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Conclusion

• Even advanced models like GPT-4V that have made progress in visual tasks still face significant 
challenges in object detection and scene interpretation compared to human benchmarks.

• Smaller models like InstructBLIP and LLaVA show deficiencies in handling complex reasoning 
tasks
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Future Work

• Dataset Improvement

Refining the dataset with a well-designed hierarchy complexity

• Better Training Regimes

Training regimes that emphasize precise visual reasoning over textual inference
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