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What is Mechanistic Interpretability (Ml)?

Interpretability —
Neural - Explanation
Network

* We currently don’t know how Al are making decisions

* Decision making process is dictated by millions of parameters and are not
iIncentivised to be interpretable by humans

* Mechanistic Interpretability hopes to Field of study about reverse engineering
neural networks from their learned weights and neurons in a way that in
iInterpretable to humans, similarly to reverse engineering computer programs

* The curse of dimensionality is the issue that when dealing with high-dimensional
spaces, interpretability becomes very hard

* To deal with this MI’s fundamental objects of study are features and circuits
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Features

e What would we want a feature of an interpretable neural network to be?
e Activation functions (neurons) represent features and the models parameters

e Possible definitions of a feature include

o A feature is a property of the input which a sufficiently large neural network will
reliably dedicate a neuron to representing.

* A feature is a function of the input of the model
* A feature is a something that is interpretable for humans
e Features are the fundamental building blocks of models

 Features are a fuzzy definition, best learned via example
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Dataset Examples

BASE64 NEURON (IN ONE-LAYER MODEL)
The main banquet room can seat up to 150 guests. This room features neutral decor and the

Dataset Examples Logit Weights . . e
P g g large fireplace adds a warm glow for spring, fall and winter events. The floor to ceiling
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"I'm not going to hold back." Brantley takes important step in comeback: o 0 ’ 62 ' 4 .
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e e fevence The Legacy Chapel can accommodate up to 70 guests. The Cherish Chapel can accommodate

Clear acrylic pipe for fltration: https//amzn 0/30KNQGS #0.12 'BW' -0.63 ' circunference’ up to 45 guests. The outdoor Terraza overlooks the pool and can accommodate 100 guests.
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Circuits

What would we expect
iInterpretable models to be
doing with these features?

Circuits are algorithms that
the model learns, a subset of
the models neurons (features)
and weights that reliably and
repeatedly perform the same
task

We will see tomorrow that
Induction heads form in
Transformers as a circuit

Once again a fuzzy definition,
best illustrated via examples

InceptionV1 has a
left-oriented pathway
detecting dogs facing
left...

... and a symmetric
right-oriented pathway
detecting dogs facing
right. At each step, the
two pathways inhibit
each other and excite
the next stage.

Union over Union over
left and right left and right
cases. cases.

Orientation-Invariant Head (4b)

® positive (excitation)
@ negative (inhibition)

Windows (4b:237)
excite the car detector
at the top and inhibit
at the bottom.

Car Body (4b:491)
excites the car
detector, especially at
the bottom.

Wheels (4b:373) excite ) :
A car detector (4c:447)

the car detector at the
bottom and inhibit at is assembled from
the top. earlier units.
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Universality Hypothesis
Hypothesis that the same features and circuits will appear in the different
models

Weak Universality: Handful of algorithms that work over different models
and scales

Strong Universality: All models perform the same circuits regardless of type
of model or scale

Universality of principles: There are techniques that models learn that work
across a wide range of models, even if the circuits are not the same




ALEXNET

Krizhevsky et al. [34]

INCEPTIONV1

Szegedy et al. [26]

VGG19

Simonyan et al. [35]

RESNETV2-50

He et al. [36]

-

Universality Hypothesis

Curve detectors

High-Low Frequency detectors




How do these ideas help?

* By extracting features and

Regular Computer Programs Neural Networks
circuits from models we can
hopefully pull out circuits and brogram Binary Network Parametore
features we knOW VM / Processor / Interpreter Network Architecture
Program State / Memory Layer Representation / Activations
° Then imp|ement -the WelghtS Variable / Memory Location Neuron / Feature Direction

manually in a new network and
check if the hand coded model
performs as intended

Interpretability =
Neural > Explanation
Network

* Tracr is a compiler for

translating human readable \ / |
programs into weights of a Tracr fotr?:ci);planatlon
decoder only (GPT-like)
transformer KAOWN

Mechanism
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Features in Sperposition

e So far we’ve painted a very nice picture about how to interpret neural networks, first they learn
features, then they combine features in circuits to identify more complicated features

* Unfortunately not every neuron cleanly aligns with a feature, most are actually in superposition or
split across neurons

e even after a neuron is dedicated to a feature it still needs to carry that information to the output of
the model

Car feature is spread
across many
polysemantic
neurons.




Superposition - Why do models do it?

Most features in a model are
sparse, in the sense that they
won’t be seen by the model
very often

So the model can then “take
the risk” to put multiple features
that are unlikely to occur
together into one polysemantic
neuron

Features may also vary in
Importance depending on the
context of the task

Capacity

Purely
Represented

Impurely
Represented

Ignored

N

7 _
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Monosemantic

Polysemantic




e C(Clearly superposition is deeply connected to the challenge of interpretability
to make claims about Al safety

e Superposition also has the challenge that if features are always in
superposition we may never know they are there, which is concerning

especially if there are harmful features
SoLU(x) = x softmax(x)

* One can make more features
interpretable in a model, for
example using an activation

Fraction of Neurons Which Quickly Suggest an Interpretation

100%

function in a 1-layer transformer ..
a SolLU activation function can SolLU

. (post LayerNorm)
generate more interpretable 50

features that RelLLU

" baseline - o
§ 40% (post LayerNorm)/\A
e |t seems like superposition is : = : .
here to stay in some sense if S Lox
2
we demand the best g
performance a model can give  * o
1 layer 16 layer 24 layer 40 layer 64 layer
0.8b params 2.7b params 13b params 52b parms
Model Size



e The Superposition Hypothesis states that given a model with features in
superposition, there exists a much larger model where every feature is given

a dedicated neuron

HYPOTHETICAL DISENTANGLED MODEL

@
@
@
@
L
@

OBSERVED MODEL
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Under the superposition hypothesis,
the neural networks we observe are
simulations of larger networks
where every neuron is a disentangled
feature.

These idealized neurons are

on to the actual network
as “almost orthogonal” vectors over
the neurons.

The network we observe is a low-
dimensional projection of the larger
network. From the perspective of
individual neurons, this presents as
polysemanticity.
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This is the hypothesis is that features are represented as as directions in activation space

The intuition behind this is that one of the main tasks models do well is linear algebra

Tokens certain in embedded vector space obey interpretable algebra such as V("king") - V("man") +
V("woman") = V(“queen") (this is motivational only) without buying into the algebra too much, it
motivates the orthogonality

Let x = (X, X,, ..., X,) € R" be a vector of n features, if each x; can be embedded into a vector
space by multiplying x by a matrix W € R™" giving Wx. we can plot the columns of Was W.

l
corresponding to feature x;

For example n = 2, if we can plot the features as columns of W in R?

( l/\':z=
1 o W
wWoe = [\ 3@ \j,, W 3 ) 2 Restures
Jy L J DLy ‘ \n |Q
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Do we care about the basis?

e Even if features are encoded as directions, a natural question to ask is which directions? In some cases,
it seems useful to consider the basis directions, but in others it doesn't. Why is this?

e Superposition occurs when features have non-zero dot products

e From this perspective, it only makes sense to ask if a neuron is interpretable when it is in a privileged
basis.

* Note that having a privileged basis doesn't guarantee that features will be basis-aligned — we'll see that
they often aren't! But it's a minimal condition for the question to even make sense.

In 2 non-privileged basis, In a privilged basis, there
features can be embedded is an incentive for features
in any direction. There is no to align with basis

reason to expect basis dimensions. This doesn’t
dimensions to be special. necessarily mean they will.
Examples: word Examples: conv net
embeddings, transformer neurons, transformer MLPs

residual stream

Polysemanticity is what In the superposition

we'd expect to observe if hypothesis, features can’t
features were not aligned align with the basis

with a neuron, despite because the model
incentives to align with the embeds more features
privileged basis. than there are neurons.

Polysemanticity is
inevitable if this happens.




So if we embed more features in than we have dimensions, then the model with HAVE to use to superposition!
Therefore our Toy Model of Superposition will be embedding n features (xy, ..., x,) € R" into an m—
dimensional space where n > m

e Alinear representation W exhibits superposition if W!W is not invertible and does not exhibit superposition if
itis. Forx,b € R", W € R™"  we define w = (W, b). So

x€R", x ~ U[0,1] f(x,w) = ReLUW!Wx + b)

For example n = 3 features into m = 2 dimensional

space we do not have a privilege basis due to rotation
invariance n

]
\\

@)
o -
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Features (Parameters) of Features

* We will see how the parameters sparsity and importance affect feature embedding

e Suppose x; = 0 with probability s, otherwise x; ~ U[0,1] as before we call s the
sparsity

e Each feature x; will be given an importance I; where more important features (larger
1) will give a lower loss if embedded

In«pwwa—
FA
|07 |(\/ 3 hag \"(‘*puﬂbv\m
g = C).:}C*
0.41 J
= X P O )Qr\)
Y = (> 0 e
ok
L r—_——};_'_\——'\——\__,._,.\ ) Q@A'ILVP&_
Y Yo 1? - L




e —mmecTT

Loss of the Toy Models of Superposition

The loss we wish to minimise is

K(w) = J g0 )| 11k = f ) | Pdx

[Rn

= [ q(x, $)L(x; — f(x, w),)*dx
i=1 “R"

where [ is the importance matrix, s is the sparsity and X E |R3, X; = O with
» probability s
n
q(x,s) = < > SlTl(l — S)n_|T|5 0.117
; 7] < =
S (5T
Here T = {1,...,n}. The model once again is - ml
T 1 \((-"S\Fg \(
A RS (vaS\S: .
f(x,w) = ReLUW!Wx + b) an —
A

The paper gives the lossas L = [ Z L(x; — f(x, w)i)zdx *3

R™ =1



5 Features In 2
Dimensions

2 xS

\NQ\Q

Yo hAar frv\pc/rhf\cz 0.7

As Sparsity Increases, Models Use “Superposition” To Represent More Features Than Dimensions

Increasing Feature Sparsity

Less important
features map
to zero.

(s

0% Sparsity

The two most important features
are given dedicated orthogonal
dimensions, while other features
are not embedded.

80% Sparsity

The four most important features
are represented as antipodal
pairs. The least important
features are not embedded.

90% Sparsity

All five features are embedded
as a pentagon, but there is now
“positive interference.”

f()hw\éﬂz

Feature Importance

Most important
Medium important

@® Least important

S
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Higher Sparsity Embeds More Features

ReLU Output Model
1-8§ = 1.0 1-8 = 0.3 1-85 = 0.1 1-S8 0.03
wTw b WTw b WIw b WTw b
.l. .I. .I. ] - .I
.l .l5 n .l. n
.I.l - .l ] -
E s "
e .
1% W, W W,
« I | I
L )
= I |
T
Q
o I
In the dense As sparsity increases, superposition allows models to

represent more features. The most important features are
initially untouched. This early superposition is organized in
antipodal pairs (more on this later).

regime, ReLU
output models
also learn the
top m features.

1-8 0.01 1—-S = 0.003 1—-5 = 0.001
wWTw b WTw b WITWwW b
RN o T v Weight / Bias
. .. .. Element
:: ‘.. r - ot i Values
0 I "= 1 0 1
- m H

Superposition

Z (#;-z;)*
mn

Parameters
n 20

m= 5

I 0.7

In the high sparsity regime, models put all features in
superposition, and continue packing more. Note that at
this point we begin to see positive interference and
negative biases. We'll talk about this more later.
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Tangent - Back to Neuron Capacity

e We can think of this Toy Model’s

neurons as having fixed capacity to
store features In the case where we have many features with diminishing marginal returns, capacity will in
general be allocated like this:

e Lets say we have a loss L and each
neuron or feature Xx; has a capacity

C; between 0 and 1 for how
activated it is

Capacity

Purely
Represented

Monosemantic

Impurely
Represented

Polysemantic

0.0 0.2 0.4 0.6 0.8 1.0

Ignored 0
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Neuron Capacity

A B C D E F

» These graphs show a variety of different possible marginal benefit curves.

* |n A and B, the marginal returns are increasing-the more you allocate capacity to
a feature, the more strongly you want to allocate more capacity to it.

 In C, the marginal returns are constant (and in this graph they happen to be equal
for the two features, but there’s no reason why constant marginal returns imply
equal returns in general).

e |nD,E, and F, there are diminishing marginal returns.
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Phase Transition in Embedding Features

*  We will now try to cram 2 features into 1 dimension.
e Letx = (x;,Xx,) € R?and W= [w; Wy].
e Feature x; will have importance 1 and x, importance /

* We will have 3 cases for embedding the features

C\) Exten Lentume * F X
({ fg/\c/mD(-‘ g S
O WI = 1
Cxten Eenkure .
@ (‘)f\ty Qo—»be_p(ﬂ&}( S S = —
+V‘ - @) W+ =
Ro kN Qenturef
@ Qn—\\oedﬂ(QA DZL x\_
e - S —
Waq =~ | O W=
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Phase Transition in feature embedding

Sparsity-Relative Importance Phase Diagram (n=2, m=1)

What happens to an “extra feature” if the model can’t give each feature a
dimension? There are three possibilities, depending on feature sparsity and the
extra feature’s importance relative to other features:

Extra Feature is Not Represented
I Extra Feature Gets Dedicated Dimension
I Extra Feature is Stored In Superposition

Theoretical Prediction

We can both study this empirically and build a theoretical model: 1.0 Not Represented

(Extra Feature is 0)

w=1[1 o0
Wil 1

Empirical Version

10 Each configuration is

colored by the norm
and superposition of

Dedicated Dimension
the extra feature.

(Other Not Represented)

| n 0] L
Z(_f,.fj)- é W=10 1
= j > w1 o
0.1 =
- %)
S -
P 8 Superposition
g . (Antipodal Pair)
2 2 W=[1 -1]
5 0 o w1l 1]
IS w 0.01
L 0.01

0.1x 1.0x 10x

. . 1 "
0.1 10x ox Relative Feature Importance

Relative Feature Importance




We've seen that superposition can allow a model to represent extra features, and that the
number of extra features increases as we increase sparsity.

We will see that features seem to organise themselves into geometric structures such as
pentagons and digons

There's a good chance it's at least partly due to to the toy model we're investigating. But it
seems worth investigating because if anything about this generalise to real models, and
turns out to be a great test bed for SLT tools

How can we measure the number of features a model has learned? A natural idea is to look

n
at the Frobenius Norm | | W/| |125 = Z na |2 where W, is a column of W.
i=1

Counts learned features since | | W;| |2 ~ | if a feature is learned and | | W, | |2 ~ Qifitis
not



Dimensions per features

n
We can then plot dimensions per feature as D* = m/| | W| |12F = m/z || Wi |2
i=1

Number of Hidden
Dimensions per
Embedded Feature

m/|[W|[%

Unexpectedly, we find
that the number of
dimensions per feature is
“sticky” at 1 and 1/2. We
denote this with

( 2 3 4 5 6 7 8 9 10
1/(1-S) (log scale) <«— dense | sparse —»
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Toy Models of Superposition - Dimensionality
e How can we measure how many dimensions a given feature is embedded in?

e For this use the quantity dimensionality, a feature x; will have dimensionality

W1 1°

D= ——— 2
z]‘:l (Wl ) W/])

l

e The numerator represents how much a feature is represented, while the
denominator is how many features share the dimension it’s embedded in

2 Festver in L —Dimention DT er T (2
W Wo = |

\\

—\ O
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More Dimensionality

\
Examples
(
o WP J
A A
> (Wi W2 "Wy =Cot]
e Even though we only 4 QRepburey in R dimensions
computed Dy in all these, \

. . . & \ \\\‘\} L e
the dlmgnglonallty of each s (,\,L,QJ \M’,( D= T (L) ()
feature inside the polytope VAN e X
will be the same S =R

Vg= (CVI | \flcf’:- (\(-\’
e Why don’t we embed these o ;

polytopes into a much larger

dimensional space? ¥ divide ercn caardinele by X

Yo nomalle §0 W= |
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Dimensionality Plot of 400 features into 30 dimensions
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Phase Transitions in Polytopes
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Feature Geometry Graph

Each node corresponds to a
feature. Edge weights are the
absolute value of the dot product
of feature embeddings. Features
are colored if they are embedded
as one of the geometric
structures listed below.

Feature Dimensionality (Di)

1
1

Dedicated Dimension
1 feat. in 1 dim.

5 =l 5 Tetrahedron
: 4 4 feats. in 3 dims.
: 2 i Triangle
: 3 3 feats. in 2 dims.
1 Digon (Antipodal Pair)
: 2 2 feats. in 1 dim.
2 Pentagon
: 5 5 feats. in 2 dims.
.~ : 3 &—# Square Antiprism
& ¥ 2 : 8 &/ 8 feats.in 3 dims.
« - . . '
2285 .
a2 £5 H .
TLEANE

Model learns non-basis aligned “features”.
Without sparsity, nothing makes the basis
dimensions special.

.i‘.“||llli I 0
1 2 3 4 5 6 7 8 9 10
1/(1-S) (log scale)

Feature Not Learned
0 feats.

<— dense | sparse —»
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e The reason the model likes antipodal q\
pairs for many sparsity values is because \ - »
If at most one of either feature in the pair \ R /
is present, but doesn’t if both are. \ & ‘/
r=1 \\
® Say both features are sparse and they’re N =0 elect;ns N = 3 electrons
present 25% of the time, then this is (Digon) (Equilateral Triangle)
good 50% of the time and bad 6.25% of Y e _
the time - R -
/ A N / I\ ~ >’
\ o~ / \_~— /I
/ N o ’ / ~ .\ / /
e Similar to the Thompson Problem (but // - /// N j( /
don’t read too much into this) 6/-1/’ < \¢ e | //
¢
N = 4 electrons N = 5 electrons
(Tetrahedron) (Triangular Dipyramid)
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It is possible to exactly solve the expected loss for 2 features in 1 dimension

with a biasless model

Contour plot for s=0.30000

5\

o

©

-1.5 -1.0 -05 0.0 0.5 1.0
wl

15

Kw) = J

0.0600

0.0525

0.0450

0.0375

0.0300

exp(-25*L value)

- 0.0225

- 0.0150

- 0.0075

- 0.0000

w2

15

1.0

0.5 A

o
o

—0.5 A

-1.0 4

-1.5

RZ

g(x,s)||x — ReLUW! Wx) | 1°dx

Phase Transition in sparsity

Contour plot for s=0.40000
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Dimensionality Phase Transitions in Training
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O nnitially, weights
are initialized randomly
close to zero.

o—

102
Training Steps

9 The first change in
training is that the two
sets of correlated
features push apart
one axis.

| S

Q Next, each set of
correlated features
expands into a
triangle.
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Q Finally, the triangles
rotate into an
antiprism.
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g 1071
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1074

Feature Weight Trajectories
(top and 3D perspecitve)

000 and @00 denote
correlated feature sets.

Note that the resulting
triangular antiprism is
equivelant to a octahedron,
with features forming antipodal
pairs with features from a
different correlated feature set.
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Loss Curve

The loss curve goes
through several distinct
regimes corresponding
to different geometric
transformations of the
weights (as seen above).



Phase Transition in Loss

Toy models (n=5, m=2, batch_size=128, Ir_init=0.001, Ir_final=0.00051, decay_factor=0.8, decay_interval=2874, final_loss=0.01827)
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What if instead we have a finite
training data set T

Here the sparsity s = 0.999 is fixed

and features are uniformly

distribution U[0,1] but rescaled so

x| ]* =1

Keeping track of training sets 7" with
X e R representing training data

Hidden vectors are h; = WX,

We see data points, rather than

features are being represented as

direction

This makes sense when T < n since
it’s easier to represent the T samples

as oppose n features in the m—
dimensional space

Features
(columns of W)

Training Set
Hidden vectors

- .:-;~" i

Bonus Content: Training Data v Features

As we expect from the original toy models paper, the feature
embedding vectors (Wi) for sparse features correspond to
points on a pentagon. Five points are represented, and the
rest are mapped to approximately zero.

In addition to looking at the features, we can ask how
individual data points are represented in the hidden space.
For this model, we see that most data points only activate
zero or one of the five features. The outliers are rare cases
where >2 features are activated.

T=3 T=6 T=8 T=10 T=15 T=30
Py
Features . o/ oS Yire
% . . -
(columns of W) }’ 7';1 i- * *:_ *

Training Set
Hidden vectors




Memorisation v
Generalisation

* Here we also
introduce a
dimensionality in the
hidden training
examples

1Atk
DXi = n 7
Zj=1 (hl ) h])2

e Where h; = WX, and we

can now visualise the
geometry of features and
data points as we vary

the dataset size T'

e We expect each example
to have dimensionality

m/T (here m = 2)

Test loss
peaks in
the middle
regime

Fractional
dimension
of features
and training
examples

o features

e hidden

¢ hidden

' size /dataset

size

Features
(columns of W)

Training set
Hidden vectors
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Key Takeaways

Mechanistic interpretability uses features and circuits to help us understand what’s
going on inside these models

Superposition appears to be one of the largest hurdles Mechanistic Interpretability
has to struggle with, as what makes it so powerful at reducing loss also makes it
hard to interpret

It appears that sparse features align themselves into geometric polytopes

A promising tool would be the ability to identify and enumerate over all features.
The ability to have a universal quantifier over the fundamental units of neural
network computation is a significant step towards saying that certain types of
circuits don't exist.

We plan to use the Toy Models given to us by Anthropic as a test bed for SLT tools
and to better understand what superposition is



