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Overview

❖ Introducing recent our works on inherently interpretable models 

based on pre-trained vision-language models

▻ Solving challenges of concept bottleneck models (CBMs) in expressiveness, 

training-cost, and task-constraint

XBM (AAAI’25)

Can we provide natural language 

explanations beyond concepts?

Z-CBM (ICME’26) RBM (On-going)

Can we build CBMs w/o ANY target 

datasets and training?

Can we build inherently interpretable

models available for ANY tasks?
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Outline

❖Background: Inherently Interpretable Models

▻ Concept Bottleneck Models (CBMs)

▻ Vision-Language Models and CBMs

▻ Challenges and Research Questions

❖Toward Next-gen. Inherently Interpretable Models

▻ Explanation Bottleneck Models (XBMs, AAAI 2025)

▻ Zero-shot Concept Bottleneck Models (Z-CBMs, ICME 2026)

▻ Relational Bottleneck Models (RBMs, On-going)

❖Conclusion & Future Work
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Background:

Inherently Interpretable Models
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Motivation | Interpretability for Deep Models

❖High performance but less interpretable

▻ Naïve DNNs cannot tell us why the predictions are made

DNN

Final Prediction ො𝑦 

“Lion”

It’s wrong.

Why?

Input 𝑥 

(Ground Truth: “Lynx”)
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Improving Interpretability of DNNs

❖ Explanation via Visual Attribution Map (e.g., GradCAM [1])

▻ Visualizing contributions to final prediction in input spaces

▻ It hardly provides semantic meanings of the regions

Input 𝑥 

DNN

Final Prediction ො𝑦 

“Lion”

Attribution Map

w.r.t. ො𝑦

It’s much 

better, but 

why wrong?

[1] Selvaraju, Ramprasaath R., et al. "Grad-cam: Visual explanations from 

deep netw orks via gradient-based localization." ICCV 2017
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Concept Bottleneck Models (CBMs)

❖ Inherently interpretable models via intermediate concept prediction [2]

▻ Concept := Ingredient of data (provided by annotations)

▻ Ensuring interpretability by input-to-concept & concept-to-output predictions

▻ It provides more semantic explanation by pre-defined concepts (noun phrases)

[2] Koh, Pang Wei, et al . "Concept bottleneck models." International  conference on machine learning . PMLR, 2020.

Input 𝑥 

Vision

Encoder

ℎ𝜓 ො𝑦 

“Lion”

Concepts ො𝒄

ෝ𝑐1 = “feline” (+0.8)

ෝ𝑐2 = “large arms” (+0.4)

ෝ𝑐3 = “savanna” (+0.5)

…

OK, now

 I can guess 

the reason
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CBMs and Vision-Language Models

❖Recent CBMs are built upon foundation VLMs like CLIP encoders

▻ Enabling learning input-to-concept mapping w/o manual concept annotations 

by embedding LLM-generated concepts on the multi-modal text encoder

Label-free CBMs (ICLR’23, [3]) DN-CBMs (ECCV’24, [4])

[3] Oikarinen, Tuomas, et al. "Label-free concept bottleneck  models.” ICLR 2023. [4] Rao, Sukrut, et al. "Discover-then-name: Task-agnostic concept bottlenecks via automated concept discovery."  ECCV 2024.
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Remaining Challenges and Research Questions

Challenges Research Question

① Limited Expressiveness of Explanation ① Toward Informative Explanation

CBMs rely on pre-defined to represent the 

explanations for output → limited vocabulary

Can we provide natural language 

explanations beyond concepts?

② Additional Training Cost ② Toward Training-free CBMs

CBMs require training with labeled datasets 

→ data collection and GPU computation cost

Can we build CBMs w/o ANY target 

datasets and training?

③ Task Dependency ③ Toward Task-agnostic Interpretability

CBMs’ applicability is restricted to their learned

tasks → limited transferability to unseen tasks

Can we build inherently interpretable 

models available for ANY tasks?
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Explanation Bottleneck Models

(XBMs, AAAI 2025)

SY, and Kosuke Nishida. "Explanation bottleneck models."
Proceedings of the AAAI Conference on Artif icial Intelligence. Vol. 39. No. 20. 2025.
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Challenge | Limited Expressiveness of Explanation

❖Dependency on Pre-defined Concepts

▻ Vocabulary for rationale explanation is limited

▻ The number of concepts is hard to increase

- Increasing pre-defined concepts makes training difficult [5]

- Providing too many concepts is less interpretable [5]

Concepts are hard to be learned Human prefers concepts ≤ 16

[5] Ramaswamy, Vikram V., et al. "Overlooked factors in concept-based explanations: Dataset choice, concept learnability, and human capability." CVPR 2023
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Proposed Method | XBM

❖ Explanation Bottleneck Models (XBMs)

▻ Key Idea: Providing explanations in natural language

- Generating text explanations from input → predicting final labels

- Leveraging strong pre-trained vision-language encoder-decoder like BLIP [6]

[6] Li, Junnan, et a l. "Blip: Bootstrapping language-image pre-training for unified vision-language understanding and generation." ICML 2022.
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Training of XBMs

❖Optimizing encoder ℎ𝜓, decoder 𝑔𝜙 , classifier 𝑓𝜃 via target task 

(classification) and explanation distillation

Vision
Encoder

ℎ

Input �

“A large cat in 
a snow field”

Generating
e.g., beam search

Explanation Distillation Loss
ℛ ( � , � )

Classification Loss
ℒ ( � , � , � )

Reference �

“A large feline 
sitting in a 
snow field 
with grass”

Gumbel-softmax
Sampling

Generated Explanation	�

Classifier
�

Explanation 
Decoder

�

Pre-trained
Text Decoder

� Initialize

min
𝜃,𝜙,𝜓

ℒcls 𝜃, 𝜙, 𝜓 + 𝜆ℛint 𝜙, 𝜓

ℒcls 𝜃, 𝜙, 𝜓 =

𝔼 𝑥,𝑦 ∈𝒟ℓCE(𝑓𝜃 𝑔𝜙 ℎ𝜓 𝑥 , 𝑦)

ℛint 𝜙, 𝜓  : For Maintaining 

                     text quality

Objective Function
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Explanation Distillation

❖ Challenge of naïve optimization only with ℒcls

▻ Text decoder 𝑔𝜙 ignores structures of natural language

→ Output texts become broken and meaningless

❖ Our Idea: Penalizing model distribution 𝑝𝜙(𝒆) by pre-trained model’s one 𝑞 𝒆

▻ To avoid back prop via all sampling process, approximate it by sequence-level knowledge 

distillation [7]

ℛint 𝜙, 𝜓 = 𝐷KL 𝑞 ∥ 𝑝𝜙 = ෍

𝒆∈ℰ

𝑞 𝒆 𝑥  log
𝑞 𝒆 𝑥

𝑝𝜙 𝒆 𝑥
= 𝔼𝒆∼𝑞(𝒆|𝑥) log

𝑞 𝒆 𝑥

𝑝𝜙 𝒆 𝑥
 

ℛint 𝜙, 𝜓 ≈ − ෍

𝒆∈ℰ

𝕀𝒆=𝒆p
 log 𝑝𝜙 𝒆 𝑥  = −log 𝑝𝜙(𝒆 = 𝒆p|𝑥) 

[7] Kim, Yoon, and Alexander M. Rush. "Sequence-level knowledge di stillation." EMNLP 2016.
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XBM’s Explanation Styles

❖XBMs provide three-styles of explanations

▻ Explanation Text ො𝒆 → Output of decoder 𝑔𝜙

▻ Concept Phrase 𝒄 → Generated from ො𝒆 by an NLP parser

▻ Cross-Attn. Map → Visualizing cross-attn. in classifier 𝑓𝜃
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Quantitative Evaluation

❖XBMs outperformed Label-free CBMs in Acc. and Interpretability

▻ It also improves Frozen-BLIP → Optimization is valuable

▻ Ablation Study → ℛint helps to avoid explanation collapse

Test Acc. (↑)
CLIP-Score (↑) 

(Image-Concept Similarity)

GPT-2 Perplexity (↓)

(Naturalness of Explanation)

Performance Evaluation on Target Dataset: Bird (CUB)
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Qualitative Evaluation

❖XBMs focus on more detailed information on classifying labels

▻ Penalizing by ℛint plays crucial role to ensure the sanity of outputTable 2: Qualitat ive evaluat ion of explanat ion outputs.

Bird ImageNet

(Yellow Bellied Flycatcher) (Lynx)

Pre-t rained BLIP (Capt ion)
A bird perched on a wire fence with leaves

on the ground and a blurry background.

Cat walking through the grass in

the woods at night with it ’s eyes open.

Label-free CBMs (Top-3 Concept)

olive-colored sides (0.77)

green head (0.55)

a small, green body (0.52)

feline (0.98)

long, sharp claws (0.53)

mau (0.17)

XBMs w/ o R int (Text Explanat ion)
2222222222222

2222222222

when when when when when

when when when when when

XBMs (Text Explanat ion)
A small green and yellow bird perched on

a wire fence with leaves on the side.

Furry feline walking in the woods at night

with its eyes open and one paw on the ground.

1
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Output Transition during Training

❖XBMs gradually focus on detailed features according to optimization
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Summary

❖ Explanation Bottleneck Models (XBMs)

▻ Generating text explanation without pre-defined concepts

▻ Penalizing text decoders by explanation distillation

▻ The optimization may enhance multi-modal understanding

▻ Experimental analysis confirms that XBMs can provide accurate and high-quality 

explanation qualitatively and quantitatively
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Zero-shot Concept Bottleneck Models

(Z-CBMs, ICME 2026)

SY, Kosuke Nishida, Daiki Chijiwa, and Yasutoshi Ida. "Zero-shot Concept Bottleneck 
Models." IEEE International Conference on Multimedia and Expo (ICME). IEEE, 2026
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Challenge | Additional Training Cost 

❖CBMs require target task training with concept annotations

▻ Learning mappings of input-to-concept and concept-to-output with neural 

network parameters

▻We can avoid the manual concept annotations with LLMs/VLMs, but it still 

requires labeled target datasets

Can we build CBMs w/o ANY target datasets and training?
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Proposed Method | Z-CBMs

❖Zero-shot Concept Bottleneck Models (Z-CBMs)

▻ Idea: Combining VLMs and large concept bank for zero-shot inference

▻ Providing input-to-concept and concept-to-label predictions via

- Concept Retrieval: Searching candidates from containing millions concepts

- Concept Regression: Estimating concept contributions via sparse regression
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Z-CBMs | Concept Retrieval

❖Retrieving top-𝐾 concept candidates from input image 

▻ Supported by efficient vector search engine (e.g., faiss)
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Z-CBMs | Concept Regression

❖ Selecting essential concepts and estimating their contributions by 

sparse regression (e.g., lasso) as the coefficients

→ Reducing the redundancy in predicted concepts
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Z-CBMs | Inference Algorithm

❖ Final prediction is done by cosine similarity between label text vectors 

and the weighted sum of concept vectors
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Experiments | Quantitative Evaluation

❖Z-CBMs can predict valid concepts that related to input images

▻ High SigLIP-Score: Z-CBMs can predict more related concepts to input image 

than training-based CBMs

▻ High Concept Recall: Sparse regression is key for providing effective concepts

▻ Sensitivity to Intervention: Z-CBMs are rigorously based on content of concepts

(Image-Concept Similarity) (Coverage of GT Concepts)

Inserting GT concepts 

improve performance

Deleting concepts 

drop performance
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Experiments | Qualitative Evaluation 

❖Z-CBMs focus on various concepts in input images

▻ Sparse regression contributes to the redundancy (e.g., concepts about “coat”)
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Experiments | Classification Performance

❖Z-CBMs achieve competitive performance to training-based CBMs

▻ It stably performs on any backbone VLMs

▻ Choice of concept bank is crucial to achieve better performance
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Summary

❖Zero-shot Concept Bottleneck Models (Z-CBMs)

▻ Inferring input-to-concept and concept-to-output mapping through concept 

retrieval and concept regression

▻ Pre-trained VLMs, concept bank, sparse regression are keys

▻ This work opens a new problem setting and Z-CBMs can be a good baseline in 

this setting
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Relational Bottleneck Models

(RBMs, On-going)

SY, Kosuke Nishida. ”Relational Bottleneck Models: Inherently Interpretable Decoding 
for Large Vision Language Models.” TBA. 2026
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Remaining Challenges of CBMs

❖ Expressiveness

▻ CBMs use individual concepts and hardly capture complex semantic relations

▻ XBMs represent the rationales by free text, but it’s not structured

❖Generalizability

▻ Applicable tasks are restricted to specific tasks (e.g., classification)

▻ Z-CBMs can alleviate this limitation, but it is still limited to discriminative tasks

Can we build inherently interpretable models 
available for ANY tasks with semantic structured rationales?
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Key | Large Vision Language Models (LVLMs)

❖ LLMs extended to accept input image

▻ Post-trained on diverse vision-language datasets

→ Emerging zero-shot reasoning capability for unseen visual tasks

▻ Reasoning capability can be enhanced by Chain-of-Thought (CoT)

[8] Li, Bo, et al. "Llava-onevision: Easy visual task transfer." arXiv preprint arXiv:2408.03326 (2024)

[9] Mitra, Chancharik, et al. "Compositional chain-of-thought prompting for large multimodal models.” CVPR 2024

LLaVA-OV [8] Multi-modal CoT [9]
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Proposed Method | RBMs

❖Relational Bottleneck Models

▻ Idea: Leveraging LVLMs’ capability to build inherently interpretable models

▻ Key Features:

- Relations as Rationale: directly representing semantic relations of concepts

- Zero-shot Interpretability: rationale-dependent inference for ANY tasks

- Plug-and-Play: converting ANY LVLMs to be interpretable w/o training
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RBMs | Design

❖ Two-stage Inference Strategy

▻ SRG: Generating rationales with subject-predicate-object triplets

▻ RGD: Forming next-token distribution by ensemble of triplet-conditional dists.
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RBMs | Structured Rationale Generation (SRG)

❖ Set of Relational Rationale 𝑅 

▻ 𝑟𝑘 : Instead of isolated concepts (e.g., Cat), RBMs represent rationales by the 

semantic relation between concepts (e.g., (Cat, Stands on, Branch))

▻ 𝑠𝑘 : Relative importance for LVLMs (will be used in decoding)

❖We use a specialized instruction prompt to generate 𝑅

𝑅 ≔ {(𝑟𝑘 , 𝑠𝑘) | 𝑟𝑘 = 𝑐𝑘
s , 𝑒𝑘

p
, 𝑐𝑘

o , 𝑠𝑘 ∈ 0,1 }𝑘=1
𝐾

Relational Triplet 

between Concepts

Self-Verbalized

Importance
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RBMs | Rationale Grounded Decoding (RGD)

❖Deriving a next-token distribution Ƹ𝑝𝜃 based only on 𝐾 triplet rationales

▻  Ƹ𝑝𝜃 is formalized by Power-of-Experts (PoE) of rationale-conditional dists.

- 𝑠𝑘 : Normalized self-verbailized importance 𝑠𝑘

▻ Discarding image inputs from the context ensures the inherently interpretability

▻We compute 𝐾 logits for rationale-conditional distributions by batch parallel

ෞ𝑝𝜃 𝑦𝑖 𝑅, 𝑞 ∝ ෑ

𝑘=1

𝐾

𝑝𝜃 𝑦𝑖 𝒚<𝒊, 𝑟𝑘 , 𝑞 𝑠𝑘
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Experiments | Intervention Analysis

❖RBMs achieve strong causal dependency on the rationale

▻ Better/Worse quality rationales make better/worse performance

→ RBMs is actually based on rationales

- Random intervened rationales do not 

necessarily cause 0 accuracy because there

are “yes/no” questions in GQA, which can be

correctly answered w/o rationales randomly
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Experiments | Qualitative Analysis

❖RBMs can describe accurate logical and semantic relations to output
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Experiments | Zero-shot Performance 

❖RBMs achieve higher accuracy than LVLM-CBMs on diverse tasks

▻ However, they inferior to Direct/CoT that use images in decoding

→ Limitation of Bottleneck
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Summary

❖Relational Bottleneck Models (RBMs)

▻ Providing task-agnostic interpretability based on LVLMs

▻ Generating semantic triplets as rationales, and predict answer from the triplets 

▻ Improved interpretability from LVLM-CBMs

❖ Limitations

▻ Accuracy drop from the LVLM baselines using images for final answer

▻ Imperfect causal-dependency on rationales due to non-linear transform
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Conclusion & Future Work
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Summary of Our Work

❖We presented three works going beyond CBMs based on VLMs

▻ XBMs: Providing flexible rationales beyond concepts by natural language

- Fine-tuning encoder-decoder VLMs w/ Explanation Distillation

▻ Z-CBMs: Performing interpretable classification w/o additional training

- Concept retrieval + sparse regression

▻ RBMs: Achieving task-agnostic interpretability with semantic triplet rationales

- Converting LVLMs to be inherently interpretable by plug-and-play decoding
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Remaining Question and Future Work

❖Performance Drop from Black-box Models

▻ Can we achieve better accuracy-interpretability trade-off?

▻ Can we design totally new interpretable models for high-performance?

❖Other Modalities and More

▻ Can we extend existing frameworks to minor or rare modality (e.g., time series)?

▻ Can we build interpretable models accepting ANY modality input?

❖Different Perspectives: LLMs and Agents

▻ Is LLM’s reasoning (e.g., CoT) interpretable?

▻ Can LLM-based agents make a contract with humans?



54Copyright 2026 NTT CORPORATION


	Intro
	Slide 0: Toward Informative, Training-free, and Task-agnostic Inherently Interpretability based  on Pre-trained Vision-Language Models
	Slide 1: Overview
	Slide 2: Outline

	Background
	Slide 3: Background: Inherently Interpretable Models
	Slide 4: Motivation | Interpretability for Deep Models
	Slide 5: Improving Interpretability of DNNs
	Slide 6: Concept Bottleneck Models (CBMs)
	Slide 7: CBMs and Vision-Language Models
	Slide 8: Remaining Challenges and Research Questions

	XBM
	Slide 9: Explanation Bottleneck Models (XBMs, AAAI 2025)
	Slide 10: Challenge | Limited Expressiveness of Explanation
	Slide 11: Proposed Method | XBM
	Slide 12: Training of XBMs
	Slide 13: Explanation Distillation
	Slide 14: XBM’s Explanation Styles
	Slide 15: Quantitative Evaluation
	Slide 16: Qualitative Evaluation
	Slide 17: Output Transition during Training
	Slide 18: Summary

	Z-CBM
	Slide 22: Zero-shot Concept Bottleneck Models (Z-CBMs, ICME 2026)
	Slide 23: Challenge | Additional Training Cost 
	Slide 24: Proposed Method | Z-CBMs
	Slide 25: Z-CBMs | Concept Retrieval
	Slide 26: Z-CBMs | Concept Regression
	Slide 27: Z-CBMs | Inference Algorithm
	Slide 28: Experiments | Quantitative Evaluation
	Slide 29: Experiments | Qualitative Evaluation 
	Slide 30: Experiments | Classification Performance
	Slide 31: Summary

	RBM
	Slide 35: Relational Bottleneck Models (RBMs, On-going)
	Slide 36: Remaining Challenges of CBMs
	Slide 37: Key | Large Vision Language Models (LVLMs)
	Slide 38: Proposed Method | RBMs
	Slide 39: RBMs | Design
	Slide 40: RBMs | Structured Rationale Generation (SRG)
	Slide 41: RBMs | Rationale Grounded Decoding (RGD)
	Slide 42: Experiments | Intervention Analysis
	Slide 43: Experiments | Qualitative Analysis
	Slide 44: Experiments | Zero-shot Performance 
	Slide 45: Summary

	Outro
	Slide 51: Conclusion & Future Work
	Slide 52: Summary of Our Work
	Slide 53: Remaining Question and Future Work
	Slide 54


