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Features



It was kinda easy in CNNs...



1 neuron — 1 feature

Low-Level
Feature

Mid-Level
—

Feature

High-Level
— —

Feature

Trainable
Classifier




— Okay, but what if there are
thousands of features?

— Polysemanticity!

— What??



Imagine you're a neural network..

You have some neurons, and need
to represent much more features i

Dimensions are neurons and arrows — features.
1 feature per 1 neuron.
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Imagine you're a neural network..

How do you compress more features?



Imagine you're a neural network..
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Now we get 4 features!



Imagine you're a neural network..

More?
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Now we get 4 features!



Imagine you're a neural network..

More?

Sure, why not




Imagine you’re a neural network..

Can we do this infinitely??

No(

If the features aren’t as
sparse as a superposition
is expecting, multiple
present features can
additively interfere such
that there are multiple
possible nonlinear
reconstructions of an
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Okay, it was kinda cool

But what should we do with this information?
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Okay, it was kinda cool

But what should we do with this information? logits

Train a SAE! unembed Our goal is to decompose the MLP activations
t with a sparse, overcomplete autoencoder.

-

“features” (512-131,072)

MLP (ReLU)

embed

tokens



SAE architecture

x— model activations

y— features
y = ReLUWenex + bepc)

X = Wgecy

(512-131,072)

logits
T
unembed Our goal is to decompose the MLP activations
t with a sparse, overcomplete autoencoder.
“features”
MLP (ReLUV)
T
f l
ho | h,
| t
embed
T
tokens



SAE architecture

Loss logits
. . t
x— model activations unembed Our goal is to decompose the MLP activations
t with a sparse, overcomplete autoencoder.
y— features : ;
“features” (512-131,072)
?
Lsparsity =y Il MLP (RelLU)
~ ]
Lyeconstruction =l x — x |l : - | |
ho | h.
L= Lreconstruction + aLsparsity s t .
embed
T
tokens



SAE architecture

Modifications

Z: = WopceX + bepc

BatchTopK y = TopK(z)
JumpRelLU y =zI[z -6 > 0]
1 n . j
OrtSAE L +=— ¥ maxcos(Wgec, W)
ni=1 J#1



Feature interpretation

Golden Gate

ar coloring, it is often<> compared to the Golden
L to reach and if we were going to see  the Golden@G&@E®  Bridge before sunset, we had to hit the road

t it?" " Because of what's above it." "The Golden@G&@t® Bridge." "The fort fronts' the anchorage and



Feature interpretation

Code error

Python Code example with a typo, highlighted with Code error feature activations

Python 3.9.6 (default, Feb 3 2024, 15:58:27)«
[Clang 15.0.0 (clang-1500.3.9.4)] on darwine
Type "help", "copyright", "credits" or "license" for more information.«
>>> def add(left, right):e
return left + rihgte
ses o

>>> add(1, 2)e

Python 3.9.6 (default, Feb 3 2024, 15:58:27)«
[Clang 15.0.0 (clang-1500.3.9.4)] on darwine
Type "help", "copyright", "credits" or "license" for more information.e

>>> 1 /008

#include <stdio.h>«

int add(int left, int right) {«
return left + rihgtje

}a

int main(int argc, charx argv[]) {«
printf("%de

", add(3, 4));e

return 0;«

}e



Feature interpretation

Sycophancy

verse' and beyond!"™ "He is handsome!" "He is elegant@ '"He is strong!" '"He is powerful!" "He is  the

the moment." "Oh, thank you." "You are a generous@f® gracious

" "I say that all the time, do
d you say?" "To the health, of the honest|(greatest@ andfmos® popular Emperor Nero!"™ "0Oh, they'll |

in the pit of hate." "Yes, oh, master." " Your@WiSdem{isfunquestion@l®." "But will you,(great lord

uh, plans." "Oh, yes, your Czarness, alll great@@hd@poWerflild one." "I'll get rid of Major Disaster




You can then control LLMs

By feature steering



You can actually control LLMs
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1. identify features — like honesty
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You can actually control LLMs

By feature steering

1. identify features — like honesty
2. during inference multiply them

3. model starts acting more honestly



You can actually control LLMs

By feature steering

1. identify features — like honesty

2. during inference multiply them

3. model starts acting more honestly
4

. To some extent



You can actually control LLMs

By feature steering

—

identify features — like honesty
during inference multiply them

model starts acting more honestly

W D

to some extent

Human: Here is a word: Boston.
Please try to forget it.

Assistant:

Okay, I will try to forget the
word Boston.

Human: What is the word I said?
Assistant:
I'm afraid I don't recall the

specific word you asked me to
forget.

Default answer

Human: Here is a word: Boston.
Please try to forget it.

Assistant:

Okay, I will try to forget the
word Boston.

Human: What is the word I said?
Assistant:

You said the word "Boston".

With honesty steering



But steering breaks alignment

- France -
Tell me ThestEan;:pelre ( concept ) Tell me I:Sefllf.:e:
about your R : about your

favorite Building is favorite famo_us,
e a steel- At lattice-
building S building design
N

~ a ) :

Describe the1 I'm sorry, Describe the sy — (:::'l:t; >
steps but I cannot steps e ntiZ'l

necessary to E> E> provide necessary to E> ¢ :nt i
shoot up a instructions shoot up a exi':y ints
high school ONTEE high school Step g E

. J/ \ y, " Y % ey

Before model steering [ After model steering ]
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Circuits



Transformer recap

Output

Probabilities
Linear
( )
Add & Norm
Feed
Forward
e ~\ Add & Norm
_ :
LEERAINOT Multi-Head
Feed Attention
Forward D ) Nx
—
Nix Add & Norm
f_>| Add & Norm | T
Multi-Head Multi-Head
Attention Attention
At At
o J \ —
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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multi
head
atten

th n Thinking
Machines -

*In all encoders other than #0,

we don't need embedding.

We start directly with the output
of the encoder right below this one

R




Remember?



Remember?

now forget :D



The right image

What changed?

$ 20

embed

T

tokens




Residual stream

Generally, it is a communication channel between layers

Wk, Wq, Wv — read

Wo — write

The residual
stream is high
dimensional,
and can be
divided into
different
subspaces.

residual stream

subspace

Layers can interact by
writing to and reading
from the same or
overlapping
subspaces. If they
write to and read from
disjoint subspaces,
they won't interact.
Typically the spaces
only partially overlap.

residual stream

.

Layers can delete
information from
the residual
stream by reading
in a subspace and
then writing the
negative verison.



Residual stream

Has some structure

W

rows of WE

L

rows of wpos

"mtermediate information’

W

W



Attention as information movement



Attention as information movement

token A token B
residual stream residual stream

Attention heads copy information from the residual stream of
one token to the residual stream of another. They typically write
to a different subspace than they read from.




QK, VO circuits

MHA recap
x,y € R%model — embeddings

Wy, W, Wy, W, € Reaa*dmodel — query, keys, values and output matrixes

Wox, Wgx, Wyx, Wyx € Rread — query, keys, values and output vectors
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QK, VO circuits

MHA recap
x,y € R%model — embeddings

Wy, W, Wy, W, € Reaa*dmodel — query, keys, values and output matrixes
Wox, Wgx, Wyx, Wyx € Rread — query, keys, values and output vectors
then we calculate the attention scores like this: fi.ore(x,¥) = y" Wy Wi

we can define a new matrix Wyx: = Wy Wy and call it an «QK-circuit»

QK matrix is basically a bilinear form on embeddings
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What’s a bilinear form?
B(x,y) = xBy", where x,y € R"* , B € R""

B(x,y): R"XR" - R



QK, VO circuits

Are bilinear forms!
Words are vectors:
QK — how much information to move from x to y

VO — what information to move from x to y



Heads form circuits

ha Ah h h
Id ® WyWg + Y AN (WuWhy W) + ) ) (ARAM) @ (WuWg Wi, W)
h € HHUH, h, € Hy hy € Hy

B “Direct path” B The individual attention head terms F The virtual attention head terms correspond to
term m describe the effects of individual " V-composition of attention heads. They function
contributes : attention heads in linking input ——— alot like individual attention heads, with their
to bigram tokens to logits, similar to those we ® own attention patterns (the compositon of the

mm Statistics. mm Ssawinthe one layer model. mm heads patterns) and own OV matrix.



03

Circuits In the wild



Induction heads

Embeddinﬁ

I om ubu I om "u(‘su ) . I oam ubtl I oo “urs"
at posn=0 at posn=1 at posn=n at posn=n+1
D urs . D urs

token e_mbe_ddmg, from W

Posi‘tiono\l e_m’oedding, from W.

Pos




Induction heads

Layer O

T ———

and moved to the destination Token,
readt/ to be read B&/ second lou./er.




Induction heads

Layer 1

BRI < convcrted vt [URTREH

and moved to the destination token,
ready to be decoded. haCYO

v T am D' searches For

tokens contadning

46



Some circuits examples

Modular addition
a+bs=

1. Embed a and b on circles
T=[2,510,100]
2. Sum them on circles

3. Translate back to logits




Some circuits examples

Indirect object identification (IOl)
Fact localisation

Greater then



Work with us!

On the topics:
Interpretability techniques (LogitLens\TunedLens, probes, SAE)
Model Steering
Chain-of-Thought faithfullness

tg: @tlenusik, @theremaker
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. S - Telegram Contacts
airi_research_institute and references

AIRI Institute



https://t.me/airi_research_institute
https://vk.com/airi_institute
https://airi.net/ru/?force=ru

