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• This talk won’t be about mechanistic interpretability 

• Although I will address it 
• I did work on it (before it was cool)
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• This talk won’t be about mechanistic interpretability 

• Although I will address it 
• I did work on it (before it was cool) 
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NeurIPS 2026 (under submission)



Language Models Learn All Sorts of Useful Features

Pretraining 
documents

Language Model

Learning to predict the next word



Features learned from  
pretraining:

Language Model

happy, 
joy, 
awesome

bad, 
stupid, 
upset

Positive Negative

France → Paris 
China → Beijing 
Rhode Island → Providence

Facts:

Language Models Learn All Sorts of Useful Features



Language Models learn ‘linear’ features of these concepts

Meaning the the presence/intensity 
of the concept can be modulated 
through a linear or affine 
transformation

Language Model

happy, 
joy, 
awesome

bad, 
stupid, 
upset

Positive Negative

France → Paris 
China → Beijing 
Rhode Island → Providence

Facts:



Language Models learn ‘linear’ features of these concepts

Linear features are easily 
interpretable and support 
interventions:

Language Model

happy, 
joy, 
awesome

bad, 
stupid, 
upset

Positive Negative

“OK”

Tigges et al., 2023

“How was your day?”



Language Models learn ‘linear’ features of these concepts

Linear features are easily 
interpretable and support 
interventions:

Language Model

happy, 
joy, 
awesome

bad, 
stupid, 
upset

Positive Negative

“How was your day?” “Awesome!!”

+v
Sentiment vector, add to 
next token prediction

Tigges et al., 2023



Language Models learn ‘linear’ features of these concepts

Linear features are easily 
interpretable and support 
interventions:

Language Model

happy, 
joy, 
awesome

bad, 
stupid, 
upset

Positive Negative

“Terrible :(”

-v

Tigges et al., 2023

Sentiment vector, subtract 
from next token prediction

“How was your day?”



Language Models learn ‘linear’ features of these concepts

Language Model

Facts:

France → Paris 
China → Beijing 
Rhode Island → Providence

Facts:



Subject-Relation-Object triplets

headquarters_in(Oracle) = Texas

“Oracle’s headquarters is in Texas”

relation(subject) = object



Subject-Relation-Object triplets

relation(subject) = object

s1 

s2 

s3

o1 

o2 

o3

This relation is robustly linear when the same transform 
maps from every subject to every object



Linear Relational Embeddings (LREs)

● Paccanaro and Hinton, 2001 
 
For a binary relation, represent the subject as a vector s, the object as vector o, and the 
relation as an nxn matrix W, such that: 

Ws = o 

for all s and o in the relation. 
E.g., capital_of(France) = Paris where subject=France, object=Paris



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

trumpet

Miles 

Davis 

plays 

the

Language Model

s

o

Layers

Language models implement LREs:

Approximate the 
computation “plays the” 
does as matrix W such 
that: 
Ws = o 
on new data



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Miles 

Davis 

plays 

the

Language Model

s

o trumpet

Layers

Approximate the 
computation “plays the” 
does as matrix W such 
that: 
Ws = o 
on new data

Language models implement LREs:



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Miles 

Davis 

plays 

the

Language Model

s

o trumpet

Layers

Language models implement LREs:

s
s

s

o
o

o

W= Jacobian matrix mapping 
from avg. S to avg. O 

n=8



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Cat 

Stevens 

plays 

the

Language Model

s

o guitar

Layers

Language models implement LREs:

Approximate the 
computation “plays the” 
does as matrix W such 
that: 
Ws = o 
on new data



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Metrics: How do we measure “linearity” of a relation?



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Metrics: How do we measure “linearity” of a relation?

Causality: If the representation space is structured, 
we should be able to edit LM predictions with W

Miles Davis 

Cat Stevens

trumpet 

guitar

W

Goal: get LM to predict “Miles Davis plays the Guitar” 
by editing the Miles Davis hidden state



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Metrics: How do we measure “linearity” of a relation?



Linear Features of Relations  
(LREs: Hernandez et al., 2024)

Metrics: How do we measure “linearity” of a relation?

Causality is the proportion of time the edited object output is 
predicted as more likely than the original output

Miles Davis   plays the____  p(guitar) > p(trumpet)



Linear Features of Relations  

OLMo implements LREs:

Many relations well 
approximated by this 
transformation. 

Not true for every 
relation. Why?



What now?



What now?
Mech 
Interp



What causes linear features to form?

1.) What factors of the pretraining data lead to the formation of linear features of 
some but not all relations in LMs? 
 
2.)When do linear features emerge in pretraining?

Language 
Model

s

o

Approximate the relation matrix W such that: 
Ws = o on new data



What do we look for in the pretraining data?

What factors of the pretraining data lead to the formation of linear features of 
relations in LMs?



What do we look for in the pretraining data?

What factors of the pretraining data lead to the formation of linear features of 
relations in LMs? 

 Hypothesis: More subjects and object co-occurrences = better linear  
features (proxy for fact mentions, Elsahar et al., 2018).



What do we look for in the pretraining data?

What factors of the pretraining data lead to the formation of linear features of 
relations in LMs? 

 Hypothesis: More subjects and object co-occurrences = better linear  
features (proxy for fact mentions, Elsahar et al., 2018). 

“Paris is the capital of France”,    …,     “Meanwhile in Paris, France” 

“In June, Oracle will move their headquarters to Austin, Texas”



How do we count these Co-Occurrences?

Training Time

Count(France) = 53MCount(France) = ???

Problem: 

● We have term frequency counts from What’s in My Big Data 
(WIMBD), but only for the final checkpoints (full dataset) 



How do we count these Co-Occurrences?

Training Time

Count(France) = 53MCount(France) = ???

Problem: 

● We have term frequency counts from What’s in My Big Data 
(WIMBD), but only for the final checkpoints (full dataset) 

● How do we count what a checkpoint has seen?

Checkpoints



Batch Search

Counting terms in Training batches for any training step 

1. Reconstruct all of the training batches for OLMo 
2. Count each term in every sequence 

10k+ terms, and 2T tokens



Counting (Co-)Occurrences Throughout Training

Batch 
Dimension

Sequence Dimension

tok1

tok2



Counting (Co-)Occurrences Throughout Training

Batch 
Dimension

Sequence Dimension

tok1

tok2

Not a  
Co-occurrence



Counting (Co-)Occurrences Throughout Training

Batch 
Dimension

Sequence Dimension

tok1 tok2

Is a  
Co-occurrence



● Count subject-object occs. for the full dataset 
 

● Plot against causality performance



Methods

Data: 25 factual recall relations, like “Oracle’s headquarters is in Texas” 
 
10k+ unique subjects and objects

GPT-J



Causality vs Co-Occurrences (Avg. per Relation)

Country-Language

Person-Mother



Causality vs Accuracy(Avg. per Relation)

Country-Language

Person-Mother

Country-Language

Person-Mother



Linear Features and Training Frequency

So far: 
● Presence of linear features is highly correlated with high subj/obj co-

occurrence statistics   
○ Similar to accuracy+frequency 

 
 
When do these emerge in pretraining?



OLMo Checkpoints

10k steps 
25k  
50k 
100k 
150k 
200k 
250k 
550k (final)

8 Checkpoints



RED: step 10k 

PINK: Final Checkpoint

LRE Development: Company HQ relation



LRE Development



2,980

Threshold for Linear Features



Avg Causality above 
and below threshold 

>8 <=8

GPTJ 94 59
OLMo 91 56

This threshold of ~3k holds for GPT-J as well

Linear features are more correlated with frequency rather than training time

Threshold for Linear Features



The   Frequency←-> LRE   Relationship

Frequency Linear Features

So far: 
Frequency info predicts formation of 
linear features after some threshold



The   Frequency←→ LRE   Relationship

Merullo et al., ICLR 2025



Interpretability Research

• “Revealing the content of the neural black box” 
[#e 1st BlackboxNLP workshop, EMNLP 2018] 

• Mechanistic Interpretability focuses on “how?” 
• “Works at the level of intermediate representations” 

[Saphra and Wiegre$e, BlackboxNLP 2024] 

• Data Interpretability focuses on “why?” 
• “Quantifying the e$ect [of data abstraction] on model behavior”



Interpretability Research

Dataset OutputModel
!

"



Data Interpretability

• Why models learn or don’t learn? 

• Given a model’s behavior, how to explain it?? 

• Can we develop a general theory???



Data Interpretability

• Convenient & e&cienient 

• Abstraction 

• Extraction 

• Causal hypothesis testing

Two Components



Data Interpretability

• Convenient & e&cienient 

• Abstraction 

• Extraction 

• Causal hypothesis testing

Two Components

Rusty Dawg

Merrill et al., EMNLP 2024Elazar et al., ICLR 2024

What’s In My Big Data? BatchSearch

Merullo et al., ICLR 2025



Data Interpretability

• Convenient & e&cienient 

• Abstraction 

• Extraction 

• Causal hypothesis testing

Two Components



Memorization & Generalization



Memorization & Generalization

• Would a single (CSAM) instance be reproduced? 

• Would two? 

• Would three? 

• … 

• But also, 
What if we were to remove all of the CSAM? 

• Images of children and adult content would still remain

{
{



Imitation

Yanai Elazar

✅

❌

Leonardo DiCaprio



Imitation

Yanai Elazar

Spot the dierence

Leonardo DiCaprio



Imitation !reshold?



Imitation !reshold?



Imitation !reshold?



Imitation Threshold?

N=?

❌

Imitation !reshold?

✅



Imitation - Why Should You Care?

• Copyrights



Imitation - Why Should You Care?

• Copyrights



Imitation - Why Should You Care?

• Copyrights 
• Privacy

Yanai Elazar

Private individual

Celebrity

Leonardo DiCaprio



Finding the Imitation !reshold

TMLR 2025



Question Formulation

LAION-5B’

Count: 100

LAION-5B

Count: 80K
P(Imitation |do(count(Leo) = x))

Would the model imitate a concept (e.g., Leo)  
if it was trained on X of his images instead?



Solutions

1. Counterfactual model



Solutions
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Solutions
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Embedding similarity + tricks
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Solutions
LAION-5B
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Solution #1

10 100K10K100 1K 1M1

Leo-80K

Leo-0

LAION-5BLAION-5B’: The Leos



10 100K10K100 1K 1M1

Solution #1

Leo-0 Leo-1 Leo-4
Leo-8

Leo-1K
Leo-80K… … Leo-1M

LAION-5BLAION-5B’: The Leos
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Solution #1

Leo-0 Leo-1 Leo-4
Leo-8

Leo-1K
Leo-80K… … Leo-1M

Leo-512

…

LAION-5BLAION-5B’: The Leos



10 100K10K100 1K 1M1

Solution #1

Leo-0 Leo-1 Leo-4
Leo-8

Leo-1K
Leo-80K… … Leo-1M

Leo-512

…

LAION-5B

Imitation Threshold

LAION-5B’: The Leos



10 100K10K100 1K 1M1

Solution #1

Imitation Threshold

LAION-5BLAION-5B’: The Leos

Leo-0 Leo-1 Leo-4
Leo-8

Leo-1K
Leo-80K… … Leo-1M

Leo-512

…



Solutions

1. Counterfactual model ❌



Solutions

1. Counterfactual model 
2. Observational approach

❌



10 100K10K100 1K 1M1

Solution #2



10 100K10K100 1K 1M1

Solution #2



10 100K10K100 1K 1M1

Solution #2

Imitation ThresholdImitation Threshold

Using some assumptions: 

• Distribution invariance 

• Lack of confounders 

• Equal contribution
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Under review as a conference paper at ICLR 2025

A IMITATION THRESHOLD FOR THE LATENT DIFFUSION MODEL TRAINED ON
LAION-400M

Table 4: Imitation Thresholds for human face and art style imitation for the different text-to-image models and
pretraining datasets we experiment with. We have added the imitation thresholds for the Latent Diffusion model
that is trained on LAION-400M dataset.

Human Faces Art Style
Pretraining Dataset Model Celebrities Politicians Classical Modern
LAION-400M LD 648 309 219 282

LAION2B-en SD1.1 364 234 112 198
SD1.5 364 234 112 198

LAION-5B SD2.1 527 369 185 241

Table 4 shows the imitation thresholds for the additional Latent Diffusion model that is trained on the
LAION-400M dataset.

B ADDITIONAL RELATED WORK

Imitation in Text-to-Image Models: Somepalli et al. (2023a); Carlini et al. (2023a) demonstrated
that diffusion models can memorize and imitate duplicate images from their training data (they
use ‘replication’ to refer to this phenomenon). Casper et al. (2023) corroborated the evidence by
showing that these models imitated art styles of 70 artists with high accuracy (as classified by a CLIP
model) when prompted to generated images in their styles (a group of artists also sued Stability AI
claiming that their widely-used text-to-image models imitated their art style, violating copyright laws
Saveri & Butterick (2023)). However, these works did not study how much repetition of a concept’s
images would lead the model to imitate them. Studying this relation is important as it serves to guide
institutions training these models who want to comply with copyright and privacy laws.

Mitigation of Imitation in Text-to-Image Models: Several works proposed to mitigate the
negative impacts of text-to-image models. Shan et al. (2023) proposed GLAZE that adds imperceptible
noise to the art works such that diffusion models are unable to imitate artist styles. A similar approach
was proposed to hinder learning human faces (Shan et al., 2020). Wang et al. (2024) proposed adding
noise to training images, which can be used to detect if a model has been trained on those images. Lu
et al. (2024) propose pushing the generated images away from the distribution of training images to
minimize mitigation. Kumari et al. (2023); Gandikota et al. (2024) proposed algorithms to remove
specific styles, explicit content, and other copyrighted material learned by text-to-image models.
On a related note, Xie et al. (2024) proposed Diffusion-ReTrac that finds training images that most
influenced a generated image, and thereby provide a fair attribution to training data contributors.

C CONSIDERATIONS WHEN USING OUR IMITATION THRESHOLDS

Our work estimates the imitation thresholds under certain assumptions: distributional invariance be-
tween images of different concepts and absence of confounders between the imitation score and
image count of a concept. While these assumptions are reasonable (as we discuss in Section 3 and
empirically demonstrate in Appendix D) and have been also made in several prior works, they might
limit the direct transfer of the imitation thresholds we report to other settings.
Our results also depend on the specific concepts we sampled for each domain, the specific domain
embedder we use, and the specific change detection algorithm we use. Changing any of these might
alter the imitation thresholds we report. We have performed experiments under several changes to
these factors and found our claim to hold. However, we still do not claim our results would generalize
to all model/data pairs. Specifically, these are some of the question to consider using our imitation
thresholds in a different situation:

1. Is the setting being considered uses the same text-to-image model as we use in our experi-
ments?

16

Setup
2 domains x 2 datasets
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Under review as a conference paper at ICLR 2025

A IMITATION THRESHOLD FOR THE LATENT DIFFUSION MODEL TRAINED ON
LAION-400M

Table 4: Imitation Thresholds for human face and art style imitation for the different text-to-image models and
pretraining datasets we experiment with. We have added the imitation thresholds for the Latent Diffusion model
that is trained on LAION-400M dataset.

Human Faces Art Style
Pretraining Dataset Model Celebrities Politicians Classical Modern
LAION-400M LD 648 309 219 282

LAION2B-en SD1.1 364 234 112 198
SD1.5 364 234 112 198

LAION-5B SD2.1 527 369 185 241

Table 4 shows the imitation thresholds for the additional Latent Diffusion model that is trained on the
LAION-400M dataset.

B ADDITIONAL RELATED WORK

Imitation in Text-to-Image Models: Somepalli et al. (2023a); Carlini et al. (2023a) demonstrated
that diffusion models can memorize and imitate duplicate images from their training data (they
use ‘replication’ to refer to this phenomenon). Casper et al. (2023) corroborated the evidence by
showing that these models imitated art styles of 70 artists with high accuracy (as classified by a CLIP
model) when prompted to generated images in their styles (a group of artists also sued Stability AI
claiming that their widely-used text-to-image models imitated their art style, violating copyright laws
Saveri & Butterick (2023)). However, these works did not study how much repetition of a concept’s
images would lead the model to imitate them. Studying this relation is important as it serves to guide
institutions training these models who want to comply with copyright and privacy laws.

Mitigation of Imitation in Text-to-Image Models: Several works proposed to mitigate the
negative impacts of text-to-image models. Shan et al. (2023) proposed GLAZE that adds imperceptible
noise to the art works such that diffusion models are unable to imitate artist styles. A similar approach
was proposed to hinder learning human faces (Shan et al., 2020). Wang et al. (2024) proposed adding
noise to training images, which can be used to detect if a model has been trained on those images. Lu
et al. (2024) propose pushing the generated images away from the distribution of training images to
minimize mitigation. Kumari et al. (2023); Gandikota et al. (2024) proposed algorithms to remove
specific styles, explicit content, and other copyrighted material learned by text-to-image models.
On a related note, Xie et al. (2024) proposed Diffusion-ReTrac that finds training images that most
influenced a generated image, and thereby provide a fair attribution to training data contributors.

C CONSIDERATIONS WHEN USING OUR IMITATION THRESHOLDS

Our work estimates the imitation thresholds under certain assumptions: distributional invariance be-
tween images of different concepts and absence of confounders between the imitation score and
image count of a concept. While these assumptions are reasonable (as we discuss in Section 3 and
empirically demonstrate in Appendix D) and have been also made in several prior works, they might
limit the direct transfer of the imitation thresholds we report to other settings.
Our results also depend on the specific concepts we sampled for each domain, the specific domain
embedder we use, and the specific change detection algorithm we use. Changing any of these might
alter the imitation thresholds we report. We have performed experiments under several changes to
these factors and found our claim to hold. However, we still do not claim our results would generalize
to all model/data pairs. Specifically, these are some of the question to consider using our imitation
thresholds in a different situation:

1. Is the setting being considered uses the same text-to-image model as we use in our experi-
ments?

16

Setup

3 pretraining datasets
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Under review as a conference paper at ICLR 2025

A IMITATION THRESHOLD FOR THE LATENT DIFFUSION MODEL TRAINED ON
LAION-400M

Table 4: Imitation Thresholds for human face and art style imitation for the different text-to-image models and
pretraining datasets we experiment with. We have added the imitation thresholds for the Latent Diffusion model
that is trained on LAION-400M dataset.

Human Faces Art Style
Pretraining Dataset Model Celebrities Politicians Classical Modern
LAION-400M LD 648 309 219 282

LAION2B-en SD1.1 364 234 112 198
SD1.5 364 234 112 198

LAION-5B SD2.1 527 369 185 241

Table 4 shows the imitation thresholds for the additional Latent Diffusion model that is trained on the
LAION-400M dataset.

B ADDITIONAL RELATED WORK

Imitation in Text-to-Image Models: Somepalli et al. (2023a); Carlini et al. (2023a) demonstrated
that diffusion models can memorize and imitate duplicate images from their training data (they
use ‘replication’ to refer to this phenomenon). Casper et al. (2023) corroborated the evidence by
showing that these models imitated art styles of 70 artists with high accuracy (as classified by a CLIP
model) when prompted to generated images in their styles (a group of artists also sued Stability AI
claiming that their widely-used text-to-image models imitated their art style, violating copyright laws
Saveri & Butterick (2023)). However, these works did not study how much repetition of a concept’s
images would lead the model to imitate them. Studying this relation is important as it serves to guide
institutions training these models who want to comply with copyright and privacy laws.

Mitigation of Imitation in Text-to-Image Models: Several works proposed to mitigate the
negative impacts of text-to-image models. Shan et al. (2023) proposed GLAZE that adds imperceptible
noise to the art works such that diffusion models are unable to imitate artist styles. A similar approach
was proposed to hinder learning human faces (Shan et al., 2020). Wang et al. (2024) proposed adding
noise to training images, which can be used to detect if a model has been trained on those images. Lu
et al. (2024) propose pushing the generated images away from the distribution of training images to
minimize mitigation. Kumari et al. (2023); Gandikota et al. (2024) proposed algorithms to remove
specific styles, explicit content, and other copyrighted material learned by text-to-image models.
On a related note, Xie et al. (2024) proposed Diffusion-ReTrac that finds training images that most
influenced a generated image, and thereby provide a fair attribution to training data contributors.

C CONSIDERATIONS WHEN USING OUR IMITATION THRESHOLDS

Our work estimates the imitation thresholds under certain assumptions: distributional invariance be-
tween images of different concepts and absence of confounders between the imitation score and
image count of a concept. While these assumptions are reasonable (as we discuss in Section 3 and
empirically demonstrate in Appendix D) and have been also made in several prior works, they might
limit the direct transfer of the imitation thresholds we report to other settings.
Our results also depend on the specific concepts we sampled for each domain, the specific domain
embedder we use, and the specific change detection algorithm we use. Changing any of these might
alter the imitation thresholds we report. We have performed experiments under several changes to
these factors and found our claim to hold. However, we still do not claim our results would generalize
to all model/data pairs. Specifically, these are some of the question to consider using our imitation
thresholds in a different situation:

1. Is the setting being considered uses the same text-to-image model as we use in our experi-
ments?

16

Setup

4 models
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Under review as a conference paper at ICLR 2025

A IMITATION THRESHOLD FOR THE LATENT DIFFUSION MODEL TRAINED ON
LAION-400M

Table 4: Imitation Thresholds for human face and art style imitation for the different text-to-image models and
pretraining datasets we experiment with. We have added the imitation thresholds for the Latent Diffusion model
that is trained on LAION-400M dataset.

Human Faces Art Style
Pretraining Dataset Model Celebrities Politicians Classical Modern
LAION-400M LD 648 309 219 282

LAION2B-en SD1.1 364 234 112 198
SD1.5 364 234 112 198

LAION-5B SD2.1 527 369 185 241

Table 4 shows the imitation thresholds for the additional Latent Diffusion model that is trained on the
LAION-400M dataset.

B ADDITIONAL RELATED WORK

Imitation in Text-to-Image Models: Somepalli et al. (2023a); Carlini et al. (2023a) demonstrated
that diffusion models can memorize and imitate duplicate images from their training data (they
use ‘replication’ to refer to this phenomenon). Casper et al. (2023) corroborated the evidence by
showing that these models imitated art styles of 70 artists with high accuracy (as classified by a CLIP
model) when prompted to generated images in their styles (a group of artists also sued Stability AI
claiming that their widely-used text-to-image models imitated their art style, violating copyright laws
Saveri & Butterick (2023)). However, these works did not study how much repetition of a concept’s
images would lead the model to imitate them. Studying this relation is important as it serves to guide
institutions training these models who want to comply with copyright and privacy laws.

Mitigation of Imitation in Text-to-Image Models: Several works proposed to mitigate the
negative impacts of text-to-image models. Shan et al. (2023) proposed GLAZE that adds imperceptible
noise to the art works such that diffusion models are unable to imitate artist styles. A similar approach
was proposed to hinder learning human faces (Shan et al., 2020). Wang et al. (2024) proposed adding
noise to training images, which can be used to detect if a model has been trained on those images. Lu
et al. (2024) propose pushing the generated images away from the distribution of training images to
minimize mitigation. Kumari et al. (2023); Gandikota et al. (2024) proposed algorithms to remove
specific styles, explicit content, and other copyrighted material learned by text-to-image models.
On a related note, Xie et al. (2024) proposed Diffusion-ReTrac that finds training images that most
influenced a generated image, and thereby provide a fair attribution to training data contributors.

C CONSIDERATIONS WHEN USING OUR IMITATION THRESHOLDS

Our work estimates the imitation thresholds under certain assumptions: distributional invariance be-
tween images of different concepts and absence of confounders between the imitation score and
image count of a concept. While these assumptions are reasonable (as we discuss in Section 3 and
empirically demonstrate in Appendix D) and have been also made in several prior works, they might
limit the direct transfer of the imitation thresholds we report to other settings.
Our results also depend on the specific concepts we sampled for each domain, the specific domain
embedder we use, and the specific change detection algorithm we use. Changing any of these might
alter the imitation thresholds we report. We have performed experiments under several changes to
these factors and found our claim to hold. However, we still do not claim our results would generalize
to all model/data pairs. Specifically, these are some of the question to consider using our imitation
thresholds in a different situation:

1. Is the setting being considered uses the same text-to-image model as we use in our experi-
ments?
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A IMITATION THRESHOLD FOR THE LATENT DIFFUSION MODEL TRAINED ON
LAION-400M

Table 4: Imitation Thresholds for human face and art style imitation for the different text-to-image models and
pretraining datasets we experiment with. We have added the imitation thresholds for the Latent Diffusion model
that is trained on LAION-400M dataset.

Human Faces Art Style
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SD1.5 364 234 112 198

LAION-5B SD2.1 527 369 185 241
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that diffusion models can memorize and imitate duplicate images from their training data (they
use ‘replication’ to refer to this phenomenon). Casper et al. (2023) corroborated the evidence by
showing that these models imitated art styles of 70 artists with high accuracy (as classified by a CLIP
model) when prompted to generated images in their styles (a group of artists also sued Stability AI
claiming that their widely-used text-to-image models imitated their art style, violating copyright laws
Saveri & Butterick (2023)). However, these works did not study how much repetition of a concept’s
images would lead the model to imitate them. Studying this relation is important as it serves to guide
institutions training these models who want to comply with copyright and privacy laws.

Mitigation of Imitation in Text-to-Image Models: Several works proposed to mitigate the
negative impacts of text-to-image models. Shan et al. (2023) proposed GLAZE that adds imperceptible
noise to the art works such that diffusion models are unable to imitate artist styles. A similar approach
was proposed to hinder learning human faces (Shan et al., 2020). Wang et al. (2024) proposed adding
noise to training images, which can be used to detect if a model has been trained on those images. Lu
et al. (2024) propose pushing the generated images away from the distribution of training images to
minimize mitigation. Kumari et al. (2023); Gandikota et al. (2024) proposed algorithms to remove
specific styles, explicit content, and other copyrighted material learned by text-to-image models.
On a related note, Xie et al. (2024) proposed Diffusion-ReTrac that finds training images that most
influenced a generated image, and thereby provide a fair attribution to training data contributors.

C CONSIDERATIONS WHEN USING OUR IMITATION THRESHOLDS

Our work estimates the imitation thresholds under certain assumptions: distributional invariance be-
tween images of different concepts and absence of confounders between the imitation score and
image count of a concept. While these assumptions are reasonable (as we discuss in Section 3 and
empirically demonstrate in Appendix D) and have been also made in several prior works, they might
limit the direct transfer of the imitation thresholds we report to other settings.
Our results also depend on the specific concepts we sampled for each domain, the specific domain
embedder we use, and the specific change detection algorithm we use. Changing any of these might
alter the imitation thresholds we report. We have performed experiments under several changes to
these factors and found our claim to hold. However, we still do not claim our results would generalize
to all model/data pairs. Specifically, these are some of the question to consider using our imitation
thresholds in a different situation:

1. Is the setting being considered uses the same text-to-image model as we use in our experi-
ments?
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!e Imitation !reshold

• Memorizing distribution requires to observe enough training instance 

• We estimate it to be a few hundreds images 

• Implications on privacy, copyrights, etc.
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Memorization & Generalization

• Would a single (CSAM) instance be reproduced? 

• Would two? 

• Would three? 

• … 

• But also, 
What if we were to remove all of the CSAM? 

• Images of children and adult content would still remain

{
{

No! We need a few hundreds!

Can we categorize  
the composition of 
concepts in the 
training data?



Performance Predictability !eory

Can we predict the 
performance of multi-lingual 
tasks based on the language 
composition in documents?

Kinda!



Data Inference based on Model Weights

Can we recreate the training 
data domain composition  
based on model weights?

Kinda!
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Data Interpretability

• Why models learn or don’t learn? 

• Given a model’s behavior, can we explain it?? 

• Can we develop a general theory???

!e data! (mostly)

!e data! (more o#en than not) 

Not yet! (tbd) 
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