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Lagrangian (Model A)

BART-L

ɸ1ɸ1ɸ1ɸ1

,ɸ2,ɸ3,ɸ1
ɸ1ɸ1

Dμφ₁†Dμφ₁ + 
Dμφ₂†D^μφ₂ + 
½∂μφ₃∂μφ₃ − 

m₁²φ₁†φ₁ − m₂²φ₂†φ₂ 
− ½m₃²φ₃² 

− (λ₁/4)(φ₁†φ₁)² 
− (λ₂/4)(φ₂†φ₂)² 

− (λ₃/4!)φ₃⁴ 
+...
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-(λ₂/4)(φ₂†φ₂)² +...

Input:
φ₁,φ₂

Output:
 𝓛 = Dμφ₁†Dμφ₁ + 

Dμφ₂†D^μφ₂ − m₁²φ₁†φ₁ 
− m₂²φ₂†φ₂ 

− (λ₁/4)(φ₁†φ₁)²
-(λ₂/4)(φ₂†φ₂)² +...

Inference Time Control
No model retraining/finetuning required

BART-L  symbolic output→
Direct verification (easier than LLMs)



  

Prompt:
φ₁(3,2,1/2)
φ₂(3,3,7/2)
φ₃(1,1,0)

[Scalar fields only]
BART-L

RH 
Fermions!

iψ₁†σ̄μDμ  + ψ₁
iψ₂†σ̄μD  + ψ₂
iψ₃†σ̄μ∂μ   ψ₃ −

(m  + ½ ₁ψ₁ψ₁
m  + m  ₂ψ₂ψ₂ ₃ψ₃ψ₃

+ h.c.)

[Fermion only Lagrangian]

Input:
φ₁,φ₂

Output:
 𝓛 = Dμφ₁†Dμφ₁ + 

Dμφ₂†D^μφ₂ − m₁²φ₁†φ₁ 
− m₂²φ₂†φ₂ 

− (λ₁/4)(φ₁†φ₁)²
-(λ₂/4)(φ₂†φ₂)² +...

Input:
ψ₁,ψ2

Output:
iψ₁†σ̄μDμψ₁ 

+iψ₂†σ̄μDμψ₂ +  
½(m₁ψ₁ψ₁ + 

m₂ψ₂ψ₂ + h.c.)

“RH- 
Fermions”

Vector

Contrastive Activation Addition

Subtract contrasting prompt activations 
to isolate a concept.

1. Getting steering vector

Inject the steering vector 
into model activations during generation.

2. Steer!

Rimsky et al 2312.06681

Input:
ψ₁,ψ2

Output:
iψ₁†σ̄μDμψ₁ 

+iψ₂†σ̄μDμψ₂ +  
½(m₁ψ₁ψ₁ + 

m₂ψ₂ψ₂ + h.c.)

Input:
ψ₁,ψ2

Output:
iψ₁†σ̄μDμψ₁ 

+iψ₂†σ̄μDμψ₂ +  
½(m₁ψ₁ψ₁ + 

m₂ψ₂ψ₂ + h.c.)

Input:
ψ₁,ψ2

Output:
iψ₁†σ̄μDμψ₁ 

+iψ₂†σ̄μDμψ₂ +  
½(m₁ψ₁ψ₁ + 

m₂ψ₂ψ₂ + h.c.)

Input:
φ₁,φ₂

Output:
 𝓛 = Dμφ₁†Dμφ₁ + 

Dμφ₂†D^μφ₂ − m₁²φ₁†φ₁ 
− m₂²φ₂†φ₂ 

− (λ₁/4)(φ₁†φ₁)²
-(λ₂/4)(φ₂†φ₂)² +...

Input:
φ₁,φ₂

Output:
 𝓛 = Dμφ₁†Dμφ₁ + 

Dμφ₂†D^μφ₂ − m₁²φ₁†φ₁ 
− m₂²φ₂†φ₂ 

− (λ₁/4)(φ₁†φ₁)²
-(λ₂/4)(φ₂†φ₂)² +...

Input:
φ₁,φ₂

Output:
 𝓛 = Dμφ₁†Dμφ₁ + 

Dμφ₂†D^μφ₂ − m₁²φ₁†φ₁ 
− m₂²φ₂†φ₂ 

− (λ₁/4)(φ₁†φ₁)²
-(λ₂/4)(φ₂†φ₂)² +...

So DOES IT WORK?



  

MOSTLY YES
But when it cant, 

theres always a hint of why!
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MOSTLY YES
But when it cant, 

theres always a hint of why!

Success rate : 
Exact Target Match 

(Cumulative)
(except for anomaly section)
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0.0% success!
Went to 

the wrong handedness!



  

0.0% success!
Went to 

the wrong handedness!



  

0.0% success!
Went to 

the wrong handedness!



  

0.0% success!
Went to 

the wrong handedness!



  

0.0% success!
Went to 

the wrong handedness!



  

0.0% success!
Went to 

the wrong handedness!



  

Behavior
It went to ΨR , instead of ΨL!

0.0% success!
Went to 

the wrong handedness!



  

Gaps in Data
σ̄μ exist in data , but σμ does not

Lkin=iψ†σ̄μ∂μ​ψ
     =iψσμ∂μ​ψ†

Behavior
It went to ΨR , instead of ΨL!



  



  



  



  



  



  



  



  

Behavior
It goes to 3, 

but when it doesn’t, it goes to 3



  

Gaps in Data
Triplet 3

Antitriplet 3 

exist in data

But Octet 8 does not

Behavior
It goes to 3, 

but when it doesn’t, it goes to 3



  

We don’t see this 
problems in SU(2)

1,2,3 all in training data



  

We don’t see this 
problems in SU(2)

1,2,3 all in training data

Gaps in data 
~

Failure Modes in 
steering



  

Steering can be additive:

ΨL was inaccessible by a single direction.
Additive steering reaches it, 

but still leaks to ΨR



  

Post Training Correction or
Enforcing symmetries

𝓛broken  → 𝓛conserving

ΣQ≠0  → ΣQ=0



  

Post Training Correction or
Enforcing symmetries

𝓛broken  → 𝓛conserving

ΣQ≠0  → ΣQ=0

Improving Performance 
without any more 

training!



  

Changing Theory Domains 
 Model Extensions: 

SUSY-like extension : 
𝓛(F) (→𝓛 F,F)̃

SUSY-like : extending to superpartner of  
     input fields. Did not include 
     Gaugino Sector.



  

Changing Theory Domains 
 Model Extensions: 



  

SUSY-like extension : 
𝓛(F) (→𝓛 F,F)̃

Extending Gauge Group:
𝓛G→𝓛GxSU(2)

Both
𝓛G(F)→𝓛GxSU(2)(F,F)̃

Changing Theory Domains 
 Model Extensions: 

SUSY-like : extending to superpartner of  
     input fields. Did not include 
     Gaugino Sector.



  

Locating Theory Solutions

𝓛anom→𝓛anom.free

Gauge Anomalies
Anomaly Cancellation Conditions*: 

A[L] = 0

Witten Anomaly
Number of SU2 doublet fermion 

must be even



  

Locating Theory Solutions

𝓛anom→𝓛anom.free

Gauge Anomalies
Anomaly Cancellation Conditions*: 

A[L] = 0

Witten Anomaly
Number of SU2 doublet fermion 

must be even

Success: 
Anomaly Free and Valid lagrangians
(More than one way to solve anomalies)



  

Gauge Anomalies
Anomaly Cancellation Conditions*: 

A[L] = 0

*Only working with trivial ACC solutions for now



  

Gauge Anomalies
Anomaly Cancellation Conditions*: 

A[L] = 0

*Only working with trivial ACC solutions for now

It solves anomalies by taking 
away fields! :(



  

Gauge Anomalies
Anomaly Cancellation Conditions*: 

A[L] = 0

*Only working with trivial ACC solutions for now

On going work!
Problem might be in 

Source and target data!

It solves anomalies by taking 
away fields! :(



  

Witten Anomaly
Number of SU2 doublet fermion 

must be even
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Witten Anomaly
Number of SU2 doublet fermion 

must be even This is GREAT!



  

Conclusion
● BART-L writes Lagrangians!
● Latent Space ~ Learned Theory Space
● Steering 

– is cheap (Inference-time control)
– Easier in Math than Language
– works if model and data is good
– Gap in Data ~ Gaps in Steerability
– Can be additive

● Finally...



  

Search For New Physics is now starting to be directional!

Both 
Solutions

Dark 
Matter

Standard 
Model

Hierarchy
Problem

vDM

vDM

vhier

vhier

Latent/Activation Space 
“Learned Theory Space”

hsm  h→ BSM = hsm + VDM + Vhier + Vν-mass+... 

Outlook



  

 

Generate some 
Lagrangians! THANKS!!!!

For more Steering GIFs:

Try BART-L yourself! 



  

BACKUP



  

How do we tokenize it?

akin to char-level tokenization rather than word-level tokenization



  

How do we tokenize it?

Quantum numbers
Or symmetries it has

Example: Quartic Term



  

Contrastive Activation Addition (CAA)

μs

Input
with property A

Transformer

Input
with property A

Input
with property A

Input
with property A
Input

with property A

Input
with property A

Input
with property A

Input
with property A

Input
with property A
Output

with property A

Latent Space
 or Activation Space

or Learned Theory Spaceℝ1024

Input
with property B

Output
with property B

Input
with property B

Output
with property B

Input
with property B

Output
with property B

Input
with property B

Output
with property B

μT

νsteer := μT - μs



  

Contrastive Activation Addition (CAA)

(ɸ 3,1,-1)

Transformer

Latent Space
 or Activation Space

or Learned Theory Space



  

Contrastive Activation Addition (CAA)

(ɸ 3,1,-1) 𝓛( (ɸ 3,1,-1))

Transformer

Latent Space
 or Activation Space

or Learned Theory Space



  

Contrastive Activation Addition (CAA)

(ɸ 3,2,-1) ( (ɸ 3,2,-1))

Transformer

Latent Space
 or Activation Space

or Learned Theory Space

𝓛( (ɸ 3,2,-1))



  

Contrastive Activation Addition (CAA)

(ɸ 3,2,0) ( (ɸ 3,2,0))

Transformer

Latent Space
 or Activation Space

or Learned Theory Space

𝓛( (ɸ 3,2,0))
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Input
with property A

Input
with property A

Input
with property A

Input
with property A
Output

with property A

Latent Space
 or Activation Space

or Learned Theory Spaceℝ1024

Input
with property B

Output
with property B

Input
with property B

Output
with property B

Input
with property B

Output
with property B

Input
with property B

Output
with property B

μT

νsteer := μT - μs



  

In Distribution (Train): ≤6 Fields      
Out-of-Distribution (Test): 7-10 Fields          

How do we check?

OOD : NFields Generalization (or “Length Generalization”)
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At OOD:
1. Its missing terms.
2. It knows there should be more, 
but dont know how many
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At OOD:
1. Its missing terms.
2. It knows there should be more, 
but dont know how many
3. It jumbles up the inputs when 
there’s too much inputs

In Distribution (Train): ≤6 Fields      
Out-of-Distribution (Test): 7-10 Fields          

How do we check?

OOD : NFields Generalization (or “Length Generalization”)



  

*it cant count when “reading” , but it can count when “writing”

Non-Causal Encoder
with Abs. Positional Encoding
is bad for contextual counting

[2406.02585]

It can’t count!

The Famous
“How many ‘r’ in the word ‘strawberry’?”

Problem
Ask ChatGPT to count the number of 1s in a random string of 1s and 0s. No python code.

It still fails sometime.



  

We also did OOD U(1) Charge Generalization

  Φ  Φ†    Φ’  Φ’†
+Q  -Q +Q’ -Q’ = 0

Quartic Terms:
 Φ    Φ‘    Φ‘’ 
+Q  +Q’  +Q’’ = 0

Trilinears Terms:

Need arithmetic  Pattern Recognition

InD Charges(Train): ½ , 2, -7/2, ...
OOD Charges(Test): 2/4 , 6/2 , 3/9,...



  

Text-based encoding : 
It is treating numbers 

like alphabets
(Need continuous number tokenizing scheme)

[2310.02989]

It cant do arithmetic!
It doesnt understand numbers!

ChatGPT cant do arithmetic precisely 
without calculator or steps

Ask ChatGPT to add two large numbers without calculator. Answer only without steps. 
It fails sometimes.



  

LLM: Large “Lagrangian” Model?

Lagrangian
Generation

BSM Extension
Recommender

Accidental
Symmetry Finder

Connection to
Amplitudes?

Connection to
Data?

Lagrangian
Autocomplete

What else?
(Up to your creativity!)

LLM

… 

… 
Text

Autocomplete

Lagrangian
Generation

Grammar
Checker

Idea Generation
For continuation of 

essay

Bullet points
To Paragraphs

Image to text

English to German



  


