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transformers.
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Transformers length-generalize if trained on tasks which are expressible in
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22

23 shuffle_dyck2 = end_0 and not had_neg;

Transformers length-generalize if trained on tasks which are expressible in
(C-)RASP(zhou et al., 2024; Huang et al., 2025).
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Contributions

1. Method for automatically extracting short and interpretable
RASP-like programs from trained Transformers.

To the best of our knowledge, this is the first method to convert
naturally trained transformers to RASP.



Contributions

1. Method for automatically extracting short and interpretable
RASP-like programs from trained Transformers.

To the best of our knowledge, this is the first method to convert
naturally trained transformers to RASP.

2. Most direct evidence so far that transformers often
internally implement interpretable RASP programs.



Decompilation Method

Main idea: reparametrize and simplify.

Programs are defined in D-RASP (Decompiled RASP).



D-RASP

a =select <k=vk, a=vq, op=A)

v = aggregate (s=a1 + -+ + ap, Vv=w)
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Decompilation Method

Step 1: Reparametrize

Theorem (informal). Given any GPT-2-style transformer satisfying
Linear Layer Norm Assumption, we can rewrite it as a D-RASP program
defining the same input-output map.



Decompilation Method

Step 1: Reparametrize

Neural network:

1 layer 1 head
transformer

D-RASP:

Program for 1-layer 1-head model

ayp, = select(k = pos,q = token,op = ETQ{hKLhP)
@}, = select(k = token,q = token,op = ETQ{hKl,hE)
Y, = select(k = pos,q = pos,op = PTQY , K, ,,P)

oY), = select(k = token,q = pos,op = P'QT , K, ,E)

U(pos,(1,n)) = aggregate(ayp + 0/1,h ks a’l"h oL Otll’fh,pos)

U(tok,(1,h)) = aggregate(ay p + @, +af , + af’, token)

Y(mip;,(y) = element-wise-op(token, Pos, V(pos,(1,h)): V(tok,(1,n))» func=farrp1)
Dtoken = Project (token, op=UE)

Ppos = project(pos, op=UP)

D(tok,(1,n)) = Project (V(tok,(1,n)), OP=UVi,E)

P(pos,(1,n)) = project (v(pos,(l,h))y Op=UV1,hP)

P(mip:,() = Project (Vmip,,¢), 0p=U)

prediction = softmax (Proken + Ppos + Pltok,(1,m)F Ppos,(1,h)) + P(mip1,0))




Decompilation Method

Step 1: Reparametrize

Neural network:

1 layer 1 head
transformer

Program length is exponential in the
number of model’s layers

D-RASP:

Program for 1-layer 1-head model

ayp, = select(k = pos,q = token,op = ETQ{hKLhP)

of , = select(k = token,q = token,op = E*Q] , K1 1 E)

Y, = select(k = pos,q = pos,op = PTQY , K, ,,P)
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Dtoken = Project (token, op=UE)
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Decompilation Method

Step 2.1: Simplify (pruning)

Neural network:

1 layer 1 head
transformer
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D-RASP:

Program for 1-layer 1-head model
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Decompilation Method

Step 2.2: Simplify (primitive matching)

a = select (g=token, k=vok,((1,1)))> op=ETQg:1K2,1Vl’1E)
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Step 2.2: Simplify (primitive matching)

a = select (g=token, k=vok,((1,1)))> op=ETQr§’:1K2,1Vl’1E)

(b) Line 3: op=(k==q),  spe-
cial_op=(k==BOS)



Decompilation Method

Step 2.2: Simplify (primitive matching)

a = select (g=token, k=vok,((1,1)))> op=ETQr5’:1K2,1Vl’1E)
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(b) Line 3: op=(k==q),  spe-
cial_op=(k==BOS)



Decompilation Method

Step 2.2: Simplify (primitive matching)

a = select (g=token, k=vok,((1,1)))> op=ETQg,1K2’1Vl,1E)

(b) Line 3:



Example



Decompiled program for MOST FREQUENT

A program extracted
from a 1-layer 1-head
transformer trained
on Most Frequent
task
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Decompiled program for MOST FREQUENT

1. al = aggregate(s=[], v=token)
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Decompiled program for MOST FREQUENT

1. al = aggregate(s=[], v=token)
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Decompiled program for MOST FREQUENT

1. al = aggregate(s=[], v=token)

2. logitsl = project (inp=al, op=(inp==out),
special_op=(uniform selection))

3. prediction = softmax(logitsl)

token a1 logits
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We present more decompiled programs in the paper

Task Program
Binary Majority Sec. J.1
Binary Majority Interleave Sec.J.2 J.3
Count Sec.J4 J.5
Most Frequent Sec.J.6 1.7
Sort Sec. J.8
Unique Bigram Copy Sec.J.9 J.10
Unique Copy Sec. J.11
Unique Reverse See. 1.12 J.13
Do Sec. K.1

D, Sec. K.2

Dy Sec. K.3
(aa)* Sec. K.4
aa*bb*cc*dd*ee* Sec. K.5
{a,b}*d{b,c}* Sec. K.6
Tomital Sec. K.7
Tomita2 Sec. K.8

Tomita7 Sec. K.9




Applicable only:

e for length-generalizable models that actually internally
implement RASP algorithms



Applicable only:

e for length-generalizable models that actually internally
implement RASP algorithms

e when layer norm can be linearized, however, empirically
this is true for length-generalizing models
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RASP program
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wWhat about LLMs?

e LLMs as a whole likely cannot be decompiled into a short
RASP program

e However, they may implement short RASP subprograms

e Future work!



Conclusion

Method for extracting simple (D-)RASP programs from trained
transformers.



Conclusion

Method for extracting simple (D-)RASP programs from trained
transformers.

Show that transformers trained on tasks expressible in
(C-)RASP often implement interpretable (D-)RASP programs.



Thank you!



