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Compositionality in Vision Language Models

➢ Image-to-text retrieval between a positive and one (or more) negative captions

➢ The candidate captions contain all the same words (in a different order) or differ by a few words

➢ CLIP models performs poorly in compositional tasks [1]

➢ Generative image captioning approaches could solve this issue [2]

[1] Mert Yuksekgonul et al. When and why vision-language models behave like bags-of-words, and what to do about it? ICLR 2023
[2] Michael Tschannen et al. Image captioners are scalable vision learners too. NeurIPS 2023



Motivations

➢ Standard image captioning could be ambiguous: the model must predict “brown” before

knowing that this adjective refers to “bird”

➢ A dependency tree shows how words in a sentence depend on one another

➢ A causal graphical model shows how one variable cause another

➢ We can see dependency relations as cause-and-effect links

➢ We propose to use dependency relations between words to determine the order of token
prediction

   

         

             

    

     

    

                  

   

 

    

     

     

    

    

   

   

 

    

      

    

    

    

     

       

       



Causally-Ordered Generative Training (COGT)

We call our approach Causally Ordered Generative Training (COGT):

1. Build Dependency Tree using a dependency parser to determine the order of token prediction

and syntactic label for each token

2. Build Causal Graphical Model to connect each word to its syntactic type, ancestors in the

dependency tree, and all visual features
3. Train a decoder maximizing: ,

               

                          

             

  

               

                 

                



Ablations

➢ Five compositional benchmarks: ARO, SugarCrepe, VL-CheckList and ColorSwap and an

additional benchmark FG-OVD which we adapt for compositional tasks

➢ Training Set: COCO

➢ Dependency Parser: Deep Biaffine + RoBERTa [1] achieves the best performance, consistent with

top Penn Tree Bank rankings
➢ Mask Tokens: Category-specific masked tokens yield a +2.69 accuracy

➢ Layers: Using both the final and penultimate visual features from the frozen visual backbone yield

a +4.75 accuracy compared to using only the last layer

➢ Visual Backbone: CLIP, ViT B/32 [2]

[1] Timothy et al. Deep biaffine attention for neural dependency parsing. arXiv 2016.
[2] Alec Radford et al. Learning transferable visual models from natural language supervision. ICML 2021



COGT-CLIP

➢ Visual backbone: CLIP, ViT B/32 [1]

➢ COGT-CLIP is trained on COCO

➢ COGT-CLIP+ trained on CC3M + COCO + Visual Genome

[1] Alec Radford et al. Learning transferable visual models from natural language supervision. ICML 2021



COGT-XVLM

[1] Yan Zeng et al. Multi-grained vision language pre-training: Aligning texts with visual concepts. ICML 2022.

➢ Visual backbone: XVLM (12M), Swin Transformer [1]

➢ COGT-XVLM is trained on COCO

➢ COGT-XVLM+ is trained on CC3M + COCO + Visual Genome



COGT-InstructBLIP

[1] Wenliang Dai et al. InstructBLIP: Towards general-purpose vision-language models with instruction tuning. NeurIPS, 2023.

➢ Visual backbone: InstructBLIP-flan-t5-xl, ViT g/14 + q-former [1]

➢ COGT-InstructBLIP is trained on COCO

➢ COGT-InstructBLIP+ trained on CC3M + COCO + Visual Genome



FG-OVD

➢ FG-OVD [1] was originally proposed to evaluate the ability of open-vocabulary object

detectors to discern fine-grained object properties

➢ In FG-OVD Negative captions are created starting from the object-specific captions by

replacing attributes referring to the object’s color, material, texture, etc.

[1] Lorenzo Bianchi et al. The devil is in the fine-grained details: Evaluating open-vocabulary object detectors for fine-grained understanding. CVPR 2024
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Conclusions

COGT introduces a compositional method using semi-parallel training.

➢ It leverages an off-the-shelf dependency parser to establish causal relations between words.

➢ These relations are encoded in a Causal Graphical Model (CGM), which reduces spurious
associations in the joint probability distribution.

➢ This structure enhances data efficiency, making better use of training data and reducing

overfitting.

➢ Experimental results demonstrate that COGT significantly outperforms previous compositional

approaches, even those trained on larger datasets

Code is available at https://github.com/aimagelab/COGT

https://github.com/aimagelab/COGT
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