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Background

Canonical DL Scheme of Image Classification

Represent an input image as an instance-level embedding 
vector by a stack of non-linear layers (e.g., Conv, MHSA)

Compute inner-product similarities between the instance-
level embedding and category-level embeddings (FC)

Perceive low-level patterns & high-level semantics

Computing procedure of visual representations

Learned category-specific embeddings
Opaque to humans



Motivation

Compute graph similarities between the instance IR-Graph 
and  category-level IR-Atlas

Represent an input image as a relation graph of the 
semantics (i.e., instance-level IR-Graph)

Semantic Extraction

Schema Inference

Interpretable Inference



The pipeline of our method

Method



Method

IR-Graph

Feat2Vertex
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Feat2Edge
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Graph Matcher

Optimization Target
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L = Lce + �vLv + �eLe

Sparsity constrains of IR-Atlas

Feat2Graph
Discretization
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Ingredient(x) = argmin
i2{1,...,M}

kx� !ik2
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!i 2 ⌦ (from k-means clustering)

Attention to CLS token Count of occurrences

Pair-wise attention Adjacency



An example of how an instance IR-Graph is matched to the class imagination

Method



Method
Interpretability of the graph matcher

Theorem 1

Corollary 1

<latexit sha1_base64="L1fp7twYwJzR1ijSOC7qP9uKUu0="></latexit>

For a shallow GCN module, graph similarity can be approximated by
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>
.

Particularly, if LG = 0 and ↵1 = 0, our method is equivalent to BoVW with a
linear classifier.

<latexit sha1_base64="KRy3UJ6H5vo38pNhT0AgCVMJYjI="></latexit>

su,v is significant if ṄĜ(u) and ṄG(v) have shared vertices, relative large

edge weight product êu,iev,j, and vertex weight product �̂u�v, which means u
and v have similar local structure, particularly in the case that u and v are
the same vertex.



Experiments



Comparison results on ImageNet

Experiments

Adversarial attack results

Extending SchemaNet to unseen tasks on Caltech-101



Experiments

Time costing (ms) of the components in SchemaNet with input batch size of 64

Ablation study and sensitivity analysis on Caltech-101

Visual vocabulary size GCN layers GCN layers



• We propose a novel inference paradigm, named schema inference towards resembling 
human deductive reasoning of associating the abstract concept image with the specific 
sense impression.

• The graph vertices are visual semantics represented by common feature vectors from DNN's 
intermediate layer and the edges indicate the vertex interactions characterized by semantic 
similarity and spatial adjacency, which facilitate capturing the compositional contributions to 
the predictions.

• Theoretical analysis and experimental results on several benchmarks demonstrate the 
superiority and interpretability of schema inference.

Conclusion



Thank You!

Schema Inference for Interpretable Image 
Classification


