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About Me

• FFiinnaall  yyeeaarr  CCSS  PPhhDD  ssttuuddeenntt at University of Maryland with DDrr..  SSoohheeiill  FFeeiizzii

• CCuurrrreenntt  RReesseeaarrcchh  IInntteerreessttss: Multimodal /Vision/Language Models with an emphasis on 
controlling them via Interpretability
• DiffQuickFix, LocoEdit: Light-weight Model Editing for Text-to-Image Models 
• CompAlign - Interpreting arbitrary ViT components (e.g., attention heads) with text

• Zero-shot segmentation
• Spurious Correlation Mitigation



Motivation



Multimodal LLMs are Widely Used in VQA

QQuueessttiioonn: Where does this dish come from? 

MMooddeell  AAnnsswweerr: Ethiopia

IInnppuutt  IImmaaggee

But we llaacckk  sscciieennttiiffiicc  understanding on:

((ii)) HHooww  tthheeyy  iinntteerrnnaallllyy  pprroocceessss  
iinnffoorrmmaattiioonn

((iiii)) HHooww  ccaann  wwee  ccoonnttrrooll  tthheemm  ffoorr  ttaasskkss  
lliikkee  mmooddeell  eeddiittiinngg  ttoo  ffiixx  ffaaiilluurree  
mmooddeess  //  iinnttrroodduuccee  rraarree  ccoonncceeppttss

Fig 1: Representative VQA task 



We study how 
MLLMs process and 
transfer information 
in a factual VQA task 
using a constraint-
based formulation

We study LLaVA and multi-modal 
Phi-2

Visual Prompt Language PromptProjection Family 
Models

(i) Which layers ‘causally’ 
write information into 
residual stream?

(ii) How does information 
from visual tokens reach 
the ‘causal’ layers?

CCaauussaall  LLaayyeerr  : A layer or a small set of layers which 
control the output of the model conditioned on an input



Designing a Probe Dataset



Introducing 
Constraint Based 
Formulation for 
Interpreting MLLMs

CCoonnssttrraaiinntt  bbaasseedd  VVQQAA  QQuueessttiioonnss

What city is this building in?

Name a movie directed by this director in 1989?

Visual constraint

Visual constraint
Text constraint

VVQQAA--CCoonnssttrraaiinnttss  DDaattaasseett::  9.7k VQA questions annotated with constraints

OK-VQA
Multimodal Known

Multimodal Movies

Single Constraint 
Questions

Multi-
Constraint 
Questions



Introducing 
Constraint Based 
Formulation for 
Interpreting MLLMs

CCoonnssttrraaiinntt  bbaasseedd  VVQQAA  QQuueessttiioonnss

What city is this building in?

Name a movie directed by this director in 1989?

Visual constraint

Visual constraint

Text constraint

VViissuuaall  CCoonnssttrraaiinntt::  A set of tokens in the question which relates to a visual 
entity in an image (e.g., this building à Space Needle in Image)

TTeexxtt  CCoonnssttrraaiinntt: A set of tokens in the question which reduces the space of 
the possible answers. Often used in conjunction with visual constraints.

Single Constraint 
Questions

Multi-
Constraint 
Questions



Tracing Method for Knowledge Storage



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

Using Causal Trace Designed for Language Models

Clean Model

Where is tthhiiss  bbuuiillddiinngg  located?

Embedding of constraint 
‘this building’

PP((SSeeaattttllee))  ==  00..9922

Corrupted Model

Where is tthhiiss  bbuuiillddiinngg  located?

Apply Gaussian Noise to the 
embedding of the constraint 
and visual tokens

PP((SSeeaattttllee))  ==  00..0022



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

Using Causal Trace Designed for Language Models

Clean Model

Where is tthhiiss  bbuuiillddiinngg  located?

Embedding of constraint 
‘this building’

PP((SSeeaattttllee))  ==  00..9922

Corrupted à 
Restored Model

Where is tthhiiss  bbuuiillddiinngg  located?

Apply Gaussian Noise to the 
embedding of the constraint 
and visual tokens

PP((SSeeaattttllee))  ==  00..0044
IImmppoorrttaanntt  SStteepp: Copy the layer activations 
from the clean to the corrupted model 

NNoonn--CCaauussaall  LLaayyeerr!!



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

Using Causal Trace Designed for Language Models

Clean Model

Where is tthhiiss  bbuuiillddiinngg  located?

Embedding of constraint 
‘this building’

PP((SSeeaattttllee))  ==  00..9922

Corrupted à 
Restored Model

Where is tthhiiss  bbuuiillddiinngg  located?

Apply Gaussian Noise to the 
embedding of the constraint 
and visual tokens

PP((SSeeaattttllee))  ==  00..8899
IImmppoorrttaanntt  SStteepp: Copy the layer activations 
from the clean to the corrupted model 

CCaauussaall  LLaayyeerr!!



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

No Relevant Causal Layers!

No causal
 states

No causal 
          states

LayersLayers
To

ke
n 

In
de

x

To
ke

n 
In

de
x

Causal Importance of Layers Causal Importance of Layers

PPootteennttiiaall  RReeaassoonn: Corrupted Model is very noisy as noise is applied to a large set of 
tokens (e.g., 576 + number of constraint tokens), whereas in a language model noise is 
only applied to a small set of tokens (e.g., 2-4)

Using Causal Trace Designed for Language Models - RReessuullttss



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

Our Method

CCoorree  IIddeeaa  : Replace the constraint tokens with a set of tokens such 
that the visual tokens are ignored while answering the question

Layers

Causal Importance of Layers

…... …

Visual Tokens

…

…... …

Visual Tokens

…

Replacement of the constraint such that 
visual tokens are ignored

Clean Model (a)

Corrupted Model (b)

Prob(Antarctica)
= 0.86

Prob(Antarctica)
= 0.003

Restored Model 
(c) Copy a layer 
from the clean to 
corrupted model

Early Layers

MLP
Self-Attention

This place: Vinson Massif

Copy Operation

Pr
om

pt
 To

ke
ns

Early MLP layers are 
extracted to be ’causal’

Adapting Causal Trace Designed for Language Models



Tracing Results



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

Single Constraint 
Questions

How does information retrieval from internal layers in MLLMs 
differ from language models?

LLaVA-7B: Multimodal LLM LLaMA (Vicuna)-7B

Causal Importance of LayersCausal Importance of Layers

LayersLayers

Constraint
Token

Very early 
causal sites

Early causal sites

Constraint
Token

Maximum Restored Prob: 0.86

Maximum Restored Prob: 0.39

Image

Layers 1-4 Layers 4-7

Restoring only one layer is 
sufficient

Requires restoring a window of 
layers 

TTaakkeeaawwaayy: MLLMs (under the presence of a visual prompt) retrieve information 
differently than LLMs – although the same language backbone is used



MultimodalCausalTrace:  
Identifying Causal Layers 
in MLLMs

Multi-Constraint 
Questions

Text 
Constraint
Tokens

Text
Constraint
Tokens

Other 
Tokens

Other 
Tokens

Last 
Tokens

Last 
Tokens

Restoring MLPs Restoring Self-Attention

Early-layers
Mid-layers

Early-layers
Mid-layers

LayersLayers

Text-constraint in multi-constraint questions require information to be 
retrieved from early + mid layers with a large window size

TTaakkeeaawwaayy : Multi-constraint VQA questions require more parametric 
memory to answer a question 

Information Processing for Text-Constraint in Multi-Constraint 
Questions



Information 
Transfer in MLLMs

Visual Tokens to 
Constraint

Tracking Attention Contributions from Visual Tokens to Constraints

CCoonnttrriibbuuttiioonn  ffrroomm  tthhee  ttookkeenn  jj  ttoo  ttookkeenn  ii

VVaalluuee  eemmbbeeddddiinnggss

Attention weight from 
token j to token i

Projection Matrix

WWee  ttrraacckk  LL22  nnoorrmm  ooff  tthhiiss  qquuaannttiittyy

Attention contributions is a general property of transformers and have been previously used in 
Yuksekgonul et al.(2023) 



Insights from 
Information 
Transfer in MLLMs

Visual Tokens to 
Constraint

We compute the aatttteennttiioonn  ccoonnttrriibbuuttiioonnss  from the visual tokens to the 
constraint token

Dataset : Multi-KnownDataset : Movies

Visual Token Index

Ea
rly

 A
tt

en
tio

n 
La

ye
rs

Ea
rly

 A
tt

en
tio

n 
La

ye
rs

Late visual tokens Late visual tokens Dataset : OKVQA Late visual tokens

Visual Token Index Visual Token Index

Ea
rly

 A
tt

en
tio

n 
La

ye
rs

TTaakkeeaawwaayy : Only a subset of visual tokens (after the projection layer) transfer 
information to the constraint token position 

Most of the visual information gets accumulated in the late visual tokens by 
the projection layer



Can we use the interpretability insights 
towards a tangible application?



Can we use the interpretability insights 
towards a tangible application?

- Introducing Rare Concepts
- Fixing Failure Modes



Qualitative Examples of Rare VQA Questions

Sourced from Encyclopedia-VQA



PPrraaccttiiccaall  AApppplliiccaattiioonn  
LLeevveerraaggiinngg  
IInntteerrpprreettaabbiilliittyy  
IInnssiigghhttss: 

Model Editing to 
Incorporate Rare 
Knowledge into 
MLLMs - Method

We edit the eeaarrllyy  MMLLPP  llaayyeerrss  for the best editing performance

W
_proj

Projection Matrix in an early MLP layer

Key Vector Value Vector

Step 1: Obtain key embeddings via forward pass of the visual prompt + question

Step 2: Obtain value embeddings

Language Modeling AR LossValue embeddings

Step 3: Edit Optimization

Does not require caching a Multimodal Wikipedia matrix à Relatively data free

Key embeddings



PPrraaccttiiccaall  AApppplliiccaattiioonn  
LLeevveerraaggiinngg  
IInntteerrpprreettaabbiilliittyy  
IInnssiigghhttss: 

Model Editing to 
Incorporate Rare 
Knowledge into 
MLLMs - Results

EEddiittiinngg  tthhee  eeaarrllyy  llaayyeerrss  wwiitthh  oouurr  oobbjjeeccttiivvee  lleeaaddss  ttoo  iinnccoorrppoorraattiioonn  ooff  rraarree  
kknnoowwlleeddggee  iinnttoo  tthhee  mmooddeell  aanndd  iiss  bbeetttteerr  ((++ffaasstteerr))  tthhaann  ffiinnee--ttuunniinngg  tthhee  llaanngguuaaggee  
mmooddeell

Introducing Long-Tailed KnowledgeFixing Error Cases

Editing Efficacy Generalization Specificity Editing Efficacy Generalization Specificity
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Wrong answers from Multimodal Known Rare VQA questions from Encyclopedia-VQA

MMeettrriiccss:
(i) Editing Efficacy: Effectiveness of the edit (Measured by the probability of the 

correct answer)
(ii) Generalization Efficacy: Effectiveness of the edit under paraphrased questions 

(Measured by the probability of correct answer)
(iii) Specificity:  Editing effect on unrelated VQA questions (measured by VQA-

accuracy on OK-VQA and eval on MMMU)



CCoonncclluussiioonn

Checkout out other interpretability works at:
hhttttppss::////ssaammyyaaddeeeeppbbaassuu..ggiitthhuubb..iioo//


