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Abstract

For the goals of mechanistic interpretability, correlational methods are typically
easy to scale and use, and can provide strong predictivity of Neural Network (NN)
representations. However, they can lack causal fidelity which can limit their rel-
evance to NN computation and behavior. Alternatively, causal approaches can
offer strong behavioral control via targeted interventions, making them superior for
understanding computational cause and effect. However, what if causal methods
use out-of-distribution representations to produce their effects? Does this raise con-
cerns about the faithfulness of the claims that can be made about the NN’s native
computations? In this work, we explore this possibility of this representational
divergence. We ask to what degree do causally intervened representations diverge
from the native distribution, and in what situations is this divergence acceptable?
Using Distributed Alignment Search (DAS) as a case study, we first demonstrate
the existence of causally intervened representational divergence in interventions
that provide strong behavioral control, and we show that stronger behavioral control
can correlate with more divergent intervened representations. We then provide
a theoretical discussion showing sufficient ways for this divergence to occur in
both innocuous and potentially pernicious ways. We then provide a theoretical
demonstration that causal interventions typically assume principles of additivity,
calling into question the use of nonlinear methods for causal manipulations. Lastly,
for cases in which representational divergence is undesirable, we demonstrate how
to incorporate a counterfactual latent loss to constrain intervened representations
to remain closer to the native distribution. Together, we use our results to suggest
that although causal methods are superior for most interpretability goals, a com-
plete account of NN representations balances computational control with neural
predictivity, with the optimal weighting depending on the goals of the research.

1 Introduction

In the many recent mechanistic interpretability developments, researchers have used a variety of
methods to defend claims about how Neural Networks (NNs) perform their computations. These
methods can be broadly categorized into two groups based upon their objectives. The first group
analyzes NN activations to find associations between native, naturally occurring neural activity and
attributes of NN inputs and outputs. The second group focuses on causally manipulating neural
activity in an effort to produce an effect on the NN’s computations. We will broadly refer to the
former as predictive approaches and the latter as causal approaches.

Popular examples of the predictive variety include methods such as Principal Component Analysis
(PCA), linear prediction, and some variants of Sparse Auto-Encoders (SAEs) [31, 6, 1, 5, 9, 20].
These methods often attempt to decompose NN latent activity into a linear sum of features (i.e. vector
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Figure 1: Figure showing counterfactual latents in counting task. The squares represent latent vectors
produced from the recurrent state and the displayed input tokens. The C indicates the value of the
Count of the causal abstraction, the P indicates the phase. The counterfactual latent (CL) vectors are
the naturally occurring latent vectors that possess the same causal values as the post-intervention
latent vector. These CL vectors can be recorded from the forward pass on curated input data.

directions) whose variability corresponds to some (hopefully) interpretable attribute that can be used
to reconstruct the distribution of native latent activity. These approaches can lead to decompositions
that closely match and predict the native latent distribution and have been shown to provide insight
into the underlying mechanisms and neural structures of various types of NNs [5, 9]. However, they
often lack causal fidelity [8], and they can exhibit a number of undesirable traits such as failing
to identify atomic units [22], producing brittle concept representations [23], and under performing
on causal mediation tasks and out-of-distribution probing [2, 19]. Lampinen et al. [21] have even
questioned the foundations of predictive representational analyses due to disconnects between the
strength of learned features and their importance for computation [20].

Alternatively, popular examples of the causal variety include activation patching and Distributed
Alignment Search (DAS) [12, 14, 38, 37, 27, 28, 4]. These methods use causal relevance (i.e. NN
outputs or behavior) as their main measure of success, where the goal is to controllably alter NN
outputs by manipulating internal representations such that cause-and-effect claims can be made about
internal mechanisms. Thus, these methods are, by definition, superior for determining cause-and-
effect relationships in neural circuitry, which is perhaps of utmost importance for making mechanistic
claims [30, 11, 10, 21].

What if these causal approaches, however, rely on intervened representations that strongly diverge
from the distribution of native neural activity? Would that change what the methods tell us about
the NN’s natural mechanistic components? Some activation patching examples use features with
values that are multiplied by 10-15x [24], raising questions of what these experiments say about
the NN’s native mechanisms. In what situations and to what degree is it okay for causal methods
to deviate from the native distribution? In cases that these deviations occur, are there ways that we
can mitigate the deviation? In one sense, any perspective that is critical of analyzing representations
alone is suggesting that representational divergence is okay for understanding NN mechanisms, but
how much deviation and in what circumstances is this deviation tolerable?

In this work, we provide theoretical and empirical insight on these issues. We first empirically
explore representational divergence in a case study using DAS on Gated Recurrent Units (GRUs)
[3]. We explore how choices of causal abstractions and alignment functions (AFs) affect behavioral
control and faithfulness to native neural activity. We then theoretically show sufficient ways in which
representational divergence can occur, and we provide a discussion on how these deviations can be
okay for many mechanistic claims. Next, we show how causal interventions rely on principles of
additivity, raising concerns of what nonlinear interpretability methods show us. Lastly, for cases in
which researchers do care about representational divergence, we provide a demonstration on how to
use a counterfactual auxiliary loss on intervened latent vectors to mitigate representational divergence
between intervened and native latent vectors.

We summarize our contributions as follows:

1. We empirically explore how causally manipulated representations can control behavior,
but can deviate from native neural activity. Furthermore, we show that greater behavioral
accuracy can correlate with greater representational divergence.
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2. We provide a theoretical discussion on two suf�cient ways for representational divergence
to occur, showing that it can arise from dormant-null subspace interactions introduced in
[25] and from innocuous co-variation of causal subspaces. We use this result to suggest that
representational divergence is expected and okay for most mechanistic claims.

3. We provide a theoretical demonstration that causal interventions rely on principles of
additivity, which obfuscates claims of causal interpretability made with non-linear methods.

4. Lastly, we show how to use a counterfactual latent loss [17] to mitigate the divergence
between the intervened and native neural distributions, reducing the gap between behavioral
control and neural predictivity in causal methods.

We use our �ndings to inform a discussion on what our goals are as interpretability researchers. We
suggest that a complete understanding of NN representations includes both control and predictivity of
NN activity, while the notion of success with these criteria depends on the purpose of the research.

2 Background and Related Work

The majority of our empirical analyses use a speci�c form of activation patching [13, 36, 37, 27]
known as Distributed Alignment Search (DAS) [12, 14, 38]. We provide a background on DAS here.

2.1 DAS Formulation

DAS is a framework for causally testing the degree of alignment between an NN's latent vectors
and variables from causal abstractions (CAs) (e.g. computer programs or directed acyclic graphs).
DAS does this by testing the hypothesis that a latent state vector,h 2 Rdm , within an NN can be
transformed into a vectorz 2 Rdm that consists of orthogonal subspaces encoding interpretable
variables from CAs. The transformation is performed by a learnable, invertibleAlignment Function
(AF), A , as follows:z = A(h) [18]. The bene�t of this transformation is that it allows us to formulate
the NN's neural activity in terms of interpretable variables, and it allows us to manipulate the value of
each variable without affecting the values of the others. We will refer to the space ofh as thenative
vector spaceand that ofz as thealigned vector space.

Concretely, for a given CA with variablesvari 2 f var1; var2; :::; varn g, DAS tests the hypothesis that
z is composed of subspaces~zvari 2 Rdvari corresponding to each of the variables from the CA. We
include a causally irrelevant subspace,~zextra 2 Rdextra, to encode extraneous, functionally irrelevant
activity.

A (h) = z =
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(1)

Each~zvari 2 Rdvari is a column vector of potentially different lengths. We refer todvari as the
subspace sizeof vari , and all the subspace sizes together satisfy the relationdextra+

P n
i =1 dvari = dm .

Under this assumption, the value of a single causal variable encoded inh can be freely exchanged by
performing an interchange intervention de�ned as follows:

hv = A � 1((1 � D vari )A (htrg ) + D vari A(hsrc )) (2)

WhereD var 2 Rdm � dm is a manually de�ned, block diagonal, binary matrix that de�nes the subspace
sizedvari . EachD vari has a set ofdvari contiguous ones along its diagonal to isolate the dimensions
that make up~zvari . hsrc is thesource vectorfrom which the subspace activity is harvested,htrg

is thetarget vectorinto which the harvested activity is substituted/patched, andhv is the resulting
intervened vector that we use to replacehtrg in the model's processing. This allows the model to
make predictions using a different value of variable vari assuming a successful intervention.

To train the AF, DAS usescounterfactual behaviorfrom the pre-de�ned CA to create intervention
data that can be used as training labels for the model's processing conditioned on the intervened
latent representation after an intervention. Counterfactual behavior for a given state of a CA and
its context is the behavior that would have occurred had a causal variable taken a different value
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and everything else remained the same. We can simulate counterfactual behavior by freezing the
state of the environment, changing one or more values in the CA, and using the CA to generate new
behavior in the same environment using the new variable values. We can then use the counterfactual
behavior as training labels to train the AF after each intervention while keeping the model parameters
frozen. We train the AF to convergence and then use fresh intervention data to evaluate the robustness
of the AF and to make claims about the NN's internal mechanisms. The model's accuracy on the
counterfactual behavior following each intervention is referred to as the Interchange Intervention
Accuracy (IIA).

In our experiments, we train the same AF on interventions for all causal subspaces including the
extraneous subspace. We consider a trial correct when the model correctly predicts all deterministic
tokens using the argmax over logits. We report the proportion of trials correct as the IIA. See
Appendix A.2 for further detail.

DAS Alignment Functions: We consider three types of AFs in this work.

1. Orthogonal Alignment Functions (OAFs): A (h) = Qh and A � 1(h) = Q� 1h where
Q 2 Rdm � dm is an orthogonal matrix.

2. Linear Alignment Functions (LAFs): A (h) = W (h+ b) andA � 1(z) = W � 1z� bwhereW
is a symmetric invertible matrix [18]. See Appendix A.3 for details on howW is constructed.

3. Reverse Resnet Alignment Functions (RRAFs): A (h) = RevRes(h) and A � 1(z) =
RevRes� 1(z) whereRevRes is a reversible residual network [15, 34]. We use 3 lay-
ers with no changes in dimensionality.

3 Methods

The majority of this work consists of DAS analyses performed on Gated Recurrent Unit recurrent
neural networks (GRUs) autoregressively trained on sequence-based tasks. We use DAS to align
these NNs to Causal Abstractions (CAs) by performing interchange interventions on the GRUs'
representations. We consider a single numeric equivalence task which has been used in prior work on
human cognition [16, 7] and alignment functions [18, 17].

3.1 Numeric Equivalence Task:

This task consists of a sequence of tokens produced by an environment. Each sequence starts with
a beginning of sequence token, B, and ends with an end of sequence token, E. After the B token,
the environment presents some number of demonstration (demo) tokens that are each sampled with
replacement from the set {Da , Db, Dc}. The task is to produce the same number of response (R)
tokens as D tokens, and end with the E token. The environment signals the end of the D tokens
by producing a trigger (T) token. The number of D tokens at this point is referred to as theobject
quantityfor the trial, which is uniformly sampled from 1 to 20 at the beginning. The set of possible
tokens includes {B,Da , Db, Dc, T, R, E}. An example sequence with an object quantity of 2 is: "B
Dc Da T R R E" Each trial is considered correct when all deterministic tokens are correctly predicted.
During the model training, we include all token types in a NTP cross entropy loss, even though theD
andT tokens are unpredictable.

3.2 Model Architectures

In this work we consider Gated Recurrent Unit (GRU) Recurrent Neural Networks (RNNs) [3] that
are autoregressively trained to perform the Numeric Equivalence task. We train 3 model seeds for
each task variant up to> 99:99%accuracy on both training and validation data and freeze the weights
before analysis and interpretation. The GRUs have a dimensionality of 128. We perform all DAS
analyses on the output of the GRU recurrent cell, denotedh. We leave further details of the GRU
recurrent cell to Appendix A.1 and the referenced paper.
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3.3 Causal Abstractions (CAs)

In this work, we evaluate 2 different CAs using DAS. We brie�y describe them here and offer
Algorithms 1 and 2 in the appendix in addition to intervention data samples in Appendix A.3.1. Also,
refer to Figure 4 for a visual depiction of the CAs.

Up-Down Abstraction: uses a single numeric variable, called theCount, to track the difference
between the number of demo tokens and resp tokens at each step in the sequence. It also contains
aPhasevariable to determine whether it is in the demo phase—counting up—or response phase—
counting down. The program ends when the Count is equal to 0 during the response phase.

Increment-Up Abstraction: this program uses progress along an interval from 0 to 1 to track
quantities. To do this, it �rst increments a Progress variable by the value of an Increment variable. The
value of the Increment is initially set to 1

max count(in our case1
20 ). The value of the Progress variable is

then incremented with each new demo token to track the object count (number of demo tokens) during
the demo phase. Upon encountering the trigger token, a new value of the Increment is calculated as
the inverse of the Progress divided by the max count:Increment = 1

P rogress � max count. The
Progress is then reset to 0. The new value of Increment is now equal to1

obj count and is used as a step
size to increment the Progress variable with each new response token. The program �nishes when the
Progress variable is greater than 1.

3.4 Counterfactual Latent Auxiliary Loss

To encourage intervened representations to be more similar to the native distribution of NN repre-
sentations, we re-purpose the counterfactual latent auxiliary loss from [17]. This auxiliary objective
relies onCounterfactual Latent (CL) vectorsas vector objectives. CL vectors are de�ned as vectors
that encode the causal variable values that we would expect to exist in the intervened vector,hv .
We can obtain CL vectors by searching through a pre-recorded set ofh vectors for situations and
behaviors that are consistent with the values of the CA to which we are aligning. See Figure 1 for a
visualization.

As an example, assume we have a CA with variablesvary , varw , andvarextra , and following a
causal intervention we expecthv to have a value ofy for variablevary andw for variablevarw . For
this example, the CL vector can be obtained from a pre-recorded representation,hCL , that has the
same expected variable values:vary = y andvarw = w, as the intervened vector. The auxiliary loss
X (k ) for a single intervention sample is composed of an L2 and a cosine distance using CL vectors as
the labels:

XL 2 =
1
2

jjhv � hCL jj2
2 (3)

Xcos = �
1
2

hv � hCL

jjhv jj2 jjhCL jj2
(4)

wherehv is the intervened vector. We combine the CL auxiliary loss with the DAS autoregressive
loss into a single loss term using a weighted sum where� is a hyperparameter:L total = � (XL 2 +
Xcos) + L DAS

4 Results

4.1 Intervened representations have varying degrees of divergence from the native
distribution

We can see in Figure 2 scatter plots of NN latent vectors projected into the top two principal
components. The red points come from naturally occurring latent states. The blue come from
intervened latent states that have a new value of the Count subspace. The top row shows projections
from latents in the model's native neural space; the intervened latents were transformed back from
the aligned space, and the native were left unchanged. The bottom row shows PCA projections of the
same latent vectors in the aligned space using only the Count and Phase subspaces—the extraneous
subspace was set to zero. All of these PCA projections together are a qualitative demonstration of the
possible divergence between the intervened and native representational distributions. It is important
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Figure 2: Principal component projections of the native latent states (in red) and intervened latent
states (blue) for the Up-Down abstraction using the Count variable on a single model seed. The top
row of panels show PCA performed on latent vectors in the native latent space. The bottom panels
show PCA performed on vectors in the aligned space in which the extraneous subspace,~zextra, is set
to 0. These alignments do not use the counterfactual latent loss, which is equivalent to a CL Epsilon
of 0 in Figure 3.

to note that these AFs each exhibit a relatively high IIA as shown in Figure 3. Furthermore, we can
see that the divergence tends to increase for less restrictive AFs, and, from Supplemental Figure 4,
we can see that CAs can differ in both IIA and aligned representational divergence.

4.2 How can causal interventions lead to representational divergence?

In this section, we enumerate distinct cases in which systematic intervened representational divergence
can occur. The �rst draws on the work of [25] who demonstrated that it is possible for an interaction
between dormant and null subspaces to occur that can create interventions that produce the correct
counterfactual behavior without using native causal subspaces, where dormant subspaces are those
that do not vary between inputs, null subspaces are those that exist in the null space of the NN's
next layer, and causal subspaces are those that both vary between inputs and causally affect behavior.
These cases of null-dormant subspace interactions can lead to representations that deviate from the
native distribution by de�nition, due to the fact that the value along the dormant direction is different
than the native dormant value.

Another way in which representational divergence can occur that ignores null and dormant subspaces
is in cases where segregated causal subspaces have covariance within the bounds of their behavioral
decision boundaries. We use a behaviorally binary subspace as a concrete example, where we de�ne
a behaviorally binary subspace as one in which the behavior of the NN depends on the sign of the
subspace and is invariant to magnitude and angle.

Suppose we have an NN with two causal subspaces,~zvara and~zvarb with values~z(x i )
vara and~z(x i )

varb for a
model inputx i , where we use the bold notation to distinguish variables from their (non-bold) values.
Furthermore, assume that~zvarb is a behaviorally binary subspace that co-varies with~zvara . Using
h(x i ) andz(x i ) from Equation 1 under a given inputx i , we use the following de�nition:

A (h(x i ) ) = z(x i ) =

"
~z (x i )

vara = ~z(x i )
vara

~z (x i )
varb = ~z(x i )

varb

#

(5)

Due to the assumption of covariance in~zvara and~zvarb , it is reasonable to assume that the values
~z(x low )

varb and~z(x high )
varb are systematically distinct for distinct values of~zvara under some pedagogically

contrived classes of inputsx low andxhigh , while sign(~z(x low )
varb ) = sign(~z(x high )

varb ). Under these
assumptions, if we perform an interchange intervention on~zvarb using source representations from
inputx low and target representations from inputxhigh , the intervened representation will have values:

zv =

"
~zvara = ~z(x high )

vara

~zvarb = ~z(x low )
varb

#

(6)
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