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Abstract

Prior interpretability research studying narrow dis-
tributions has preliminarily identified self-repair,
a phenomena where if components in large lan-
guage models are ablated, later components will
change their behavior to compensate. Our work
builds off this past literature, demonstrating that
self-repair exists on a variety of models families
and sizes when ablating individual attention heads
on the full training distribution. We further show
that on the full training distribution self-repair is
imperfect, as the original direct effect of the head
is not fully restored, and noisy, since the degree
of self-repair varies significantly across different
prompts (sometimes overcorrecting beyond the
original effect). We highlight two different mech-
anisms that contribute to self-repair, including
changes in the final LayerNorm scaling factor and
sparse sets of neurons implementing Anti-Erasure.
We additionally discuss the implications of these
results for interpretability practitioners and close
with a more speculative discussion on the mystery
of why self-repair occurs in these models at all,
highlighting evidence for the Iterative Inference
hypothesis in language models, a framework that
predicts self-repair.

1. Introduction
Interpretability efforts aim to reveal human-understandable
behaviors in large language model components. A common
interpretability technique is model ablations, where outputs
of individual model components are replaced with outputs
from other distributions. Ideally, if an attention head is
critical for a task, ablating it would harm model performance
on that task.

However, recent work (McGrath et al., 2023; Wang et al.,
2023) has uncovered preliminary evidence of self-repair, a
phenomena in large language models where components
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Figure 1. We measure the self-repair of an attention head when
resample ablated on the top 2% of tokens according to its direct
effect. For each model, we plot both the self-repair of the individual
heads and a trend line that averages across the heads in each layer.
Self-Repair exists across many later layers in different models,
although the amount varies between heads.

downstream of ablations compensate for them. As such,
the ablation of model components doesn’t always lead to
easily predictable changes in model performance; instead,
the removal of the components behavior can be compensated
for by downstream components in a way which masks the
loss of the original component.

This is a challenge for interpretability efforts which rely on
ablation-based metrics to define the importance of model
components. In particular, self-repair mechanisms minimize
the impact of ablating components deemed critical by other
metrics.

Past literature has looked at self-repair in incomplete set-
tings: self-repair was first discovered in the Indirect Ob-
ject Identification distribution as "Backup Behavior" (Wang
et al., 2023), for which the behavior was explained par-
tially as a byproduct of Copy Suppression (McDougall et al.,
2023). The self-repair phenomena was then further explored
in McGrath et al. 2023, but only across the Counterfact
dataset and with the ablation of entire model layers.

We strengthen this prior work by investigating self-repair
across the whole pretraining distribution, by focusing on
individual attention heads, and by investigating the mecha-
nisms behind self-repair on the whole distribution. Our key
findings are:

1. Direct effect self-repair is an imperfect, noisy process.
It occurs across the full pretraining distribution, even
while ablating individual heads (rather than full layers).
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2. A nontrivial fraction - possibly 30% - of the self-
repairing of direct effects can be attributed to just the
effect of ablations on the LayerNorm normalization
factor.

3. MLP Erasure, a mechanism in which MLP layers
‘erase’ outputs from earlier model components and
is known to explain self-repair (McGrath et al., 2023),
is powered by a sparse set of Erasure neurons. The
exact neurons vary between prompts.

We end with some discussion on the implications of these
results for interpretability research and discuss the Iterative
Inference hypothesis, a speculative framework that predicts
self-repair as a side effect. All the code for the experiments
used in this paper is provided at https://github.com
/starship006/backup_research.

2. Self-Repair on the Full Distribution Exists,
but is Incomplete and Noisy

In this section, we confirm that across models, individual
attention heads are ‘self-repaired’ on a general pretrain-
ing distribution. We detail how we measure self-repair,
demonstrate how individual attention heads are imperfectly
self-repaired across the entire pretraining distribution, and
highlight how it is noisy.

2.1. Defining Self-Repair

We first detail how we define direct effect and self-
repair. Our methodology aligns with prior research on
self-repair, although not mirroring it identically (we de-
tail how our work differs from prior works in Section 6).
Let (x1, x2, ..., xn−1, xn) be a sequence of n tokens we
pass into a language model. A language model maps each
contiguous prefix of input tokens (x1, x2, ..., xk−1, xk) to a
final activation rk, ultimately producing n final activations
(r1, r2, ..., rn−1, rn) for each prefix.

We follow Elhage et al. 2021 in calling these the final resid-
ual streams (as they are the output of the final MLP layer
plus the final skip connection). An important fact about
residual streams is that each final residual stream rk can
be decomposed into the sum of the output of each layer,
plus the original embeddings (Elhage et al., 2021). We refer
to anything which adds its output into the residual stream
as a model component - components can include attention
layers, individual attention heads, MLP layers, or the indi-
vidual neurons within them (for simplicity, we also count
the model embeddings as a component). Formally, for a
decomposition into components Ci, define Ci

k as the output
on position k, rk =

∑
i C

i
k.

For a given final residual stream activation rk, the model
produces a distribution of logits lk, obtained from then ap-
plying a normalization function LN , such as LayerNorm

or RMSNorm, to the residual stream corresponding to k-th
position, res ∈ Rdmodel (where dmodel is the dimension-
ality of the model’s hidden states), and multiplying it by
the unembedding matrix WU ∈ RV×dmodel of the model:
lk = WU · LN(rk). We center the logits so the average
logit is zero, which prevents ‘identical translations in logits’
from occuring (see Appendix E).

WU is a linear map and we can take a linear approximation
to LN on a given input (Elhage et al., 2021). The composi-
tion of two linear functions is a linear function, i.e. a matrix
multiplication plus a bias, so lk = Wrk + b for some W
and b (which vary with the input). Because rk is the sum of
component outputs, lk = W (

∑
i C

i
k)+b = (

∑
i WCi

k)+b.

We often just care about the logit of the correct next token
xk+1, which corresponds to a single element of lk. This is
logitclean = W [xk+1]

T · rk + b[xk+1], where W [xk+1] is
the xk+1-th row of W and b[xk+1] is the xk+1-th element
of b (which are a Rdmodel vector and a scalar).

Using the decomposition of lk, we can define W [xk+1]
T ·Ci

k

as the direct effect of component i on position k. Intuitively,
a component can help a model predict the final answer by
either producing intermediate representations that are used
by later components, or by directly boosting the correct
next token: the direct effect captures the latter effect only,
measuring how much a component’s output Ci

k writes its
output in the direction corresponding to the next correct
token, W [xk+1].

Notice that just as the residual stream can be mostly de-
composed into the sum of outputs of all model components,
the logit of the correct next token logitclean can be mostly
decomposed into the sum of the direct effects of all model
components. Ideally, if a component has a high direct effect,
it was likely ‘important’ for predicting the next token.

We contrast the direct effect with ablation-based metrics.
Intuitively, ablation-based metrics measure the full effect of
how a component helps the model produce the output, both
via producing intermediate representations used by later
components and the direct effect. We perform resample ab-
lations, a technique that replaces the output of an head as if
it were from a different set of pretraining tokens (Chan et al.,
2022). We run the model again on a different set of input
tokens (x′

1, x
′
2, ..., x

′
n−1, x

′
n) and store the new output of an

attention head C ′
out. Then, when running the model on the

original set of tokens (x1, x2, ..., xn−1, xn), we intervene
during the forward pass to replace the original output of the
head Cout with the new output C ′

out, and then continue the
forward pass, a technique known as activation patching or
causal mediation analysis (Vig et al., 2020).

Let the new logit distribution under this ablation be l′k and
the new logit of the correct next token be logitablated. No-
tice that we can also compute the ablated direct effect of the
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attention head. If the output of an attention head has no ‘indi-
rect’ downstream effects—i.e., no downstream model com-
ponent depends on the output of the attention head—then
the change in the correct logit, ∆logit = logitablated −
logitclean, would equal the change in the direct effect of
the attention head, ∆DEhead. However, in practice, these
are rarely equal, and often |∆DEhead| > |∆logit|. This
discrepancy is caused by later components changing their
direct effects in a way that compensates for the resample
ablated component, the phenomena we refer to as self-repair.
We measure the ‘self-repair’ that occurs as:

self-repair = ∆logit−∆DEhead (1)

When we resample ablate a head, the new activation comes
from a prompt drawn from the pre-training distribution,
and so is likely to be unrelated. The new direct effect
when resample ablating an arbitrary head is near zero so
∆DEhead ≈ −DEhead when resample ablating most atten-
tion heads. As such, for convenience we often plot the
original direct effect rather than change in direct effect. For
example, consider an attention head with a direct effect of
0.5 on the correct output token: if this head is ablated and
the logit difference between the original and ablated model
is only −0.2 logits, we can approximate the self-repair as
−0.2− (−0.5) = 0.3.

Note that our definition allows for self-repair to be negative.
If the original direct effect of an ablated attention head
was negative, we expect the self-repair to also be negative.
However, if the original direct effect is positive and the self-
repair is negative, we believe this should not be thought of
as self-repair, but rather downstream breakage where later
components perform worse as a result of the ablation. In this
work we do not focus on studying downstream breakage.

2.2. Self-Repair Exists, but Imperfectly

We measure the self-repair of individual attention heads in
Pythia-1B (Biderman et al., 2023) on 1 million tokens of
The Pile (Gao et al., 2020), the dataset used to train Pythia-
1B 1. For a given token and forward pass, we measure each
head’s direct effect DEhead and the outputted logit of the
correct next token. We then individually resample ablate
each attention head, measure the new logit of the same
correct next token, and calculate the logit difference ∆logit.
Averaging these values across the whole dataset, we plot
each head’s direct effect and logit difference in Figure 2 (see
Appendix I for the equivalent graphs of other models).

Recall that since ∆DEhead ≈ −DEhead, heads which aren’t
self-repaired have ∆logit ≈ −DEhead, as the change di-

1For this experiment and others, unless stated otherwise, we use
1 Million tokens for experiments with the Pythia suite of models
and GPT2-Small and GPT2-Medium, but smaller amounts for the
other models.
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Figure 2. Self-Repair of individual Pythia-1B attention heads
across 1M tokens on The Pile. For each head in Pythia-1B, we plot
its direct effect and the change in logits when resample ablating it.
The heads between the included y = −x line and the x-axis are
self-repaired.

rectly feeds into the final logits without any downstream
compensation. Heads that are self-repaired have smaller
logit differences, such that −1 < ∆logit

DEhead
< 0. In Figure 2,

this corresponds to the heads which fall between the y = −x
line and the x-axis. It’s clear that there are many such heads,
even for heads in the last layer (which don’t have attention
or MLP layers downstream of it2).

The existence of self-repair across the pretraining dis-
tribution holds robustly across model sizes and families.
When resample ablating different attention heads in various
models, we measure their logit difference ∆logit, change in
direct effects ∆DEhead , and thus the self-repair experienced
using Equation (1).

It has been postulated that each language model component
tends to be useful on a sparse set of tokens (Bricken et al.,
2023), and we corroborate this here by observing a sparsity
of significant direct effect. Accordingly, for each head, we
measure the average self-repair each attention head experi-
ences across the top 2% of tokens filtered by each head’s
direct effect, to ensure we are seeing self-repair of the head’s
role in the model, rather than noise.

We plot the average self-repair experienced by each attention
head in Figure 1, along with the mean for all the heads in
each layer of a model. It is clear that many heads in later
layers of models experience self-repair.

Self-Repair is Imperfect: It’s important to note that the
heads that are self-repaired are not perfectly repaired across
the entire distribution. Instead, ablating these heads leads to

2Pythia-1B is a parallel attention model.
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a small, but noticeable, logit difference. This has important
implications for self-repair (see Section 5.1).

2.3. Self-Repair is Noisy

Self-Repair is a noisy phenomena on multiple levels. Clean
hypotheses such as "the direct effects of all late layer heads
are self-repaired by 70%" are immediately falsified (from
Figure 1 and 2). We observed several other phenomena once
we moved beyond just averaging over many prompts. These
suggest that self-repair is a noisy, difficult-to-study phe-
nomena that is unlikely to have a single clear mechanistic
explanation or follow simple rules. These include:

Self-Repair varies at the level of tokens: it’s not the case
that the self-repair systematically exists similarly across
prompts/predictions. Averaging self-repair across the full
distribution hides a lot of important detail. Indeed, it is
instead extremely noisy.

For example, in Figure 3 we’ve plotted the direct effects and
logit differences when resample ablating L22H11 (the 11th
head in the 22nd Attention Layer) and L20H6 in Pythia-
410M on individual tokens. It’s clear that there are immense
amounts of noise in the self-repair between individual tokens
across the same head, despite being able to observe that
these two heads appear to be self-repaired on average.
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Figure 3. We’ve handpicked four heads in Pythia-410M, and plot-
ted the direct effect and logit difference when ablating the head
across 5000 individual tokens in The Pile. Within a single head,
these values can vary highly. The tokens between the included
y = −x line and the x-axis are self-repaired.

Often, the amount of self-repair is far less, or more, than
the original direct effect of the head. If the magnitude of
self-repair is quite low, it doesn’t quite make sense to declare
that self-repair has meaningfully occurred. Additionally,
sometimes the measured ‘self-repair’ can be far larger than
the original direct effect of the head, which means model

performance improves upon the ablation of the head.

Many heads in the model don’t have clear correlations
between the direct effect of the head and the change in
logits upon ablation. See L23H1 and L20H14 in Figure
3 for an example of this. For these heads, there is no clear
correlation observed between the direct effect of the head
and logit difference when resample ablating it. This lack of a
clear correlation was first introduced in McGrath et al. 2023
to be a phenomena when ablating layers. We hypothesized
that ablating entire layers may have been too drastic of a
change (and that smaller-scale ablations may be cleaner):
however, even at the level of individual attention heads,
this result holds. This is unsurprising for heads without
direct effects, but surprising for heads that have significant
direct effects yet no strong correlation, such as L20H14:
it suggests that the direct effect may be nearly fully self-
repaired in some heads.

3. Nontrivial Self-Repair Due to LayerNorm
Given these observations of robust self-repair on the pretrain-
ing distribution, what might be some mechanisms behind
self-repair? We originally expected for nearly all of the
self-repair to occur because of a model’s attention heads
and MLP layers. However, it turns out that even ‘passive’
components of the model, such as normalizing factors, can
induce self-repair. If we ablate a head and freeze the output
of all downstream components except for the LayerNorm
normalization factor, this recovers a significant logit dif-
ference relative to freezing all components including the
normalization factor.

This is particularly notable because LayerNorm is often
treated as a technicality that can be approximated as linear
(or ignored) in mechanistic interpretability work (Elhage
et al., 2021). We first highlight why to expect self-repair
due to LayerNorm, and then highlight empirical results
measuring LayerNorm self-repair3.

3.1. An Argument for LayerNorm Self-Repair

To provide some intuition as to why LayerNorm could self-
repair, consider a simplified case where we resample ablate
a head in the last layer of a parallel attention model, such
that this change leads only to the final residual stream.

Naively, we may expect that the change in logits is just
∆DEHead, as there are no downstream attention heads or
MLP Layers. This isn’t accurate: LayerNorm acts as a
normalizing factor.

As argued in Elhage et al. 2021, we can simplify the Lay-

3Note that this repair mechanism applies in the same way to
RMSNorm, a popular LayerNorm alternative, which is used in
LLaMA
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erNorm operation such that we ‘fold in’ LayerNorm pro-
jections to the weights of linear layers before and after the
projection, leaving the nonlinear operation of scaling the
residual stream by dividing by S, a normalization factor
proportional to the residual stream’s norm 4. These scaling
factors are a non-trivial change to the forward passes of the
model. We can write the logit difference from a resample
ablation as the following (which we derive in Appendix B):

∆logit = (
S

S′ − 1)logit︸ ︷︷ ︸
LayerNorm on existing logits

+

(
S

S′

)
(∆DEHead)︸ ︷︷ ︸

LayerNorm on ∆DEHead

where S and S′ are the scaling factors of the LayerNorm
functions pre- and post- ablation, and logit is the original
logit of the correct next token 5.

Self-Repair occurs because S > S′ (as we show empirically
in Section 3.2): this means that LayerNorm contributes to
self-repair by amplifying the existing logits. The LayerNorm
scaling also scales ∆DEHead, but this change is smaller than
LayerNorm’s impact on the existing logits (as the direct
effects are usually smaller in magnitude than the full correct
logit).

A possible intuitive explanation for why S > S′ is because
each scaling factor corresponds to the norm of the residual
stream. This means that ablations decrease the norm of the
residual stream. Model components are often correlated: if
the output of a head aligns with the residual stream, sub-
tracting it significantly decreases the norm of the residual
stream. Since the ablated output of the head is unlikely to
align with the residual stream, it won’t re-increase the norm.
This effect is exaggerated when conditioning on the clean
head having a high direct effect, since the head is strongly
predicting the correct next token, and likely other model
components are too.

3.2. Empirical Findings of LayerNorm Self-Repair

We empirically confirm that LayerNorm can self-repair via
changes in the scaling factor. We take L11H2 in Pythia-
160M, which demonstrates this phenomena well, and ablate
it across 1 million tokens on The Pile. On the top 2%
of tokens according to its direct effect, we plot the ratio
between clean and ablated LayerNorm scaling in Figure
4. We’ve also included zero and mean ablating, ablations
where a head’s output is replaced with the zero vector or the
average output of the head across a batch, respectively.

4Precisely, the normalization factor is calculated by measuring
the standard deviation of the residual stream across the residual
stream dimension (not the sequence dimension). This is propor-
tional to the norm.

5The direct effects in this equation, and throughout our ex-
periments, are measured with respect to the original LayerNorm
scaling factors.
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L11H2 of Pythia-160M when resample ablating the head over 1
million tokens on The Pile, and then filtering for the top 2% of
tokens according to direct effect. Ratios greater than 1 indicate
that LayerNorm is self-repairing by amplifying the existing logits.

On these tokens, the ratio between the clean and ablated
LayerNorm scaling factors are almost always greater than
one (90.66% of tokens for resample, 98.75% for mean,
100% for zero ablation). This increase causes self-repair
(even for a ratio such as 1.02, see Appendix H)!

This highlights how various forms of common ablations
(zero, mean, and resample) can sometimes influence the scal-
ing factors quite significantly. In particular, zero ablating
may strongly change the norm of the residual stream. This
has practical consequences for the self-repair of attention
heads: Figure 5 highlights the self-repair that occurs ablat-
ing L11H10 in Pythia-160M (selected as it shows our point
well) with the different ablations. Recall that L11H10 is in
the last attention layer and that Pythia-160M is a parallel-
attention model: as such, the only component responsible
for any self-repair is LayerNorm. Zero ablating can increase
the logit difference, even when ablating the head while it
has a positive direct effect. Though, zero ablating doesn’t
always have an extreme effect, see Appendix D.
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Figure 5. Direct effect vs logit difference of L11H0 in Pythia-
160M under different ablations. Notice how zero ablations can
induce positive logit differences. Recall that this self-repair can
only occur due to LayerNorm scale changes.
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To attempt to quantitatively measure the extent to which
LayerNorm self-repairs, we break down the self-repair expe-
rienced by each head into LayerNorm, MLP, and attention
head components as follows:

self repair = ∆logit −∆DEhead

=
∑
h∈H

∆DEh +
∑
m∈M

∆DEm +∆DELayerNorm

(2)

where we are measuring the sum of the:

1. Changes in direct effect ∆DEh for each head h in the
set H of all heads downstream of the ablated head.

2. Changes in the direct effect ∆DEm for each MLP layer
m in the set M of all MLP layers downstream of the
ablated head.

and using the difference between the calculated self-repair
and this sum to determine how much of the remaining
self-repair is due to changes in the final LayerNorm scale
∆DELayerNorm. This ends up accounting for the effect of the
LayerNorm scale on both the existing logits and the changes
in all direct effects.

Across models, we calculate these values from Equation
2 for each attention head on the top 2% of tokens in The
Pile according to their direct effect. The self-repair due to
LayerNorm is plotted in Figure 6.

As self-repair is noisy (Section 2.3), creating a summary
statistic to capture how much self-repair explains the direct
effect of a head is extremely difficult. Measuring self-repair
as a fraction of the direct effect often creates extreme values
that are uninterpretable and not useful.

But, when measuring the self-repair due to LayerNorm on
a token as a fraction of the clean direct effect of the head
on that token, and capping the percentage between 0 and
100%, we learn that LayerNorm can explain around 30% of
the direct effect of a head on average across many layers.
This is best treated more as a directional metric highlighting
the existence of this motif, rather than a concrete, precise
one; we illuminate the difficulty in precisely measuring
self-repair as fractions of direct effects, and our approaches
towards dealing with this, in more detail in Appendix A.

4. Sparse Neuron Anti-Erasure Helps
Self-Repair

McGrath et al. 2023 identified MLP Erasure, a behavior in
MLP layers where later MLP components partially negate
important directions outputted by earlier components. We
study this in the context of direct effects: the direct effect
of components will occasionally be negated by downstream
MLP layers. Importantly, Erasure was defined when there is
a causal link between the early components and the down-
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Figure 6. Across the top 2% of tokens on The Pile, we measure the
LayerNorm self-repair when resample ablating individual heads.
We’ve plotted mean lines averaging the values across each model’s
layer. LayerNorm has a significant effect on later layers of the
model.

stream components that partially negate them6.

As an example of Erasure, imagine an early component P
which contributes x to a certain logit, and a later component
N casually downstream of P which contributes −0.7x to
that same logit, resulting in a net effect of 0.3x. The direct
effect of P is x (as this ignores N ), but if we zero ablate
P ’s output, then this may also change N ’s net effect to zero,
and thus the total change in logits is just 0.3x - there is 0.7x
logits of self-repair!

We call this self-repair "Anti-Erasure", where the removal
of the upstream component’s direct effect also induces the
removal of a causally downstream Erasure. A similar motif
was discovered in Copy Suppression attention heads (Mc-
Dougall et al., 2023), where the ablation of specific attention
heads caused the Copy Suppression heads to perform less
Erasure. We build upon this initial work to demonstrate that
Anti-Erasure is an important mechanism in sets of sparse
neurons of MLP layers that self-repairs.

4.1. Erasure Occurs in Neurons

McGrath et al. 2023 introduced MLP Erasure as a behavior
performed by MLP layers that caused self-repair. In order to
better understand this phenomena, we narrowed our focus
from the broad unit of analysis of MLP layers to the level of
neurons. We find that specific neurons perform Anti-Erasure
and thus help self-repair.

A head that highlights this well is L10H11 in Pythia-160M,
an attention head right before the final MLP layer. We run
the model on a subset of The Pile, resample ablate the head,
and measure the self-repair on each token. Then, we filter
for the top 2% of instances in which the last MLP layer

6We can imagine a case where there is a third component
upstream of both the positive and negative component that causes
both effects, with no causal link between the positive and negative
component. This would not be erasure.
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self-repairs the most. As the output of the MLP layer is
the sum of the output of each neuron, we can also measure
the self-repair of each neuron: as such, for each token, we
isolate the individual neuron that self-repairs the most in the
layer (for that instance) and plot its clean and ablated direct
effect, colored by the direct effect of the entire last MLP
layer, in Figure 7.

We observe that across many tokens, the top self-repairing
neuron has a negative clean direct effect and a less nega-
tive ablated direct effect upon ablation of L10H11. This
indicates that it was originally performing erasure, but per-
formed less erasure upon the ablation of L10H11. This is in
contrast to the direct effects of the entire last layer, which
are frequently extremely positive (as indicated by the darker
blue color of the majority of the points in Figure 7).
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Figure 7. On select tokens, we plot the clean and ablated direct
effect of the top self-repairing neuron in the last MLP layer when
resample ablating L10H11 in Pythia-160M (and include a his-
togram of the clean direct effects of the neurons). Each token is
colored with the direct effect of the entire MLP layer on the clean
run. The majority of the neurons are performing Anti-Erasure.
Additionally, despite the MLP layer almost always contributing
positively to the direct effect, the top self-repairing neuron typi-
cally performs Anti-Erasure and has a negative clean direct effect.

4.2. Sparse Sets of Neurons Perform Anti-Erasure

In most instances of self-repair, a sparse number of neurons
have significant amounts of self-repair. For four different
models, we resample ablate a specific head in a later layer,
and see how much the top self-repairing neurons self-repair.
We select heads before the final MLP layer which have a
large average direct effect across tokens from The Pile7.
For each head, we isolate the 2% of tokens on The Pile for
which the head has the highest direct effect and measure the
self-repair that occurs due to each of the neurons in the final
MLP layer. We can further divide by the head’s direct effect
to get the fraction of the direct effect compensated for by
each neuron. To gauge how much self-repair is explained
by a sparse subset, we sort and consider each of the top 50
self-repairing neurons, and plot the percentage of instances

7To ensure this was a representative sample, once we selected
the heads, we stuck with these heads throughout our analysis.
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Figure 8. For four models and random attention heads, we plot the
frequency at which the top N th self-repairing neuron repaired X%
of the direct effect (on the top 2% of the tokens by direct effect).

for which the neuron explained 50, 10, 5, 2, and 1% of
the direct effect of the head in Figure 8. For instance, in
Llama-7B, the top self-repairing neuron repairs 10% of the
direct effect of L30H8 in over 40% of instances.

It’s clear that a sparse number of neurons self-repair heavily:
recall that Llama-7B (Touvron et al., 2023), GPT2-Small
(Radford et al., 2019), Pythia-160M, and Pythia-410M have
11008, 3072, 3072, and 4096 neurons per layer, respectively.
Frequently, these are Erasure neurons (shown further in Ap-
pendix C). As such, frequently, a sparse set of anti-erasure
neurons have significant amounts of self-repair8.

4.2.1. HOW IMPORTANT IS THE SPARSE
ANTI-ERASURE?

Although a sparse number of neurons self-repair signif-
icantly, this doesn’t imply that these are the only self-
repairing neurons. On a given ablation, many neurons have
marginally decreased or increased direct effects. This means
that while a small subset of the top self-repairing neurons
may sum up to the ‘total self-repair’, many other neurons
may have changed direct effects that cancel each other out.
In particular, when sorting, the sum of the largest fractions
of self-repair may significantly exceed 1 if they are compen-
sated for by many neurons with reduced direct effects.

We suspect that when ablating the same attention heads,
roughly 60% of the neurons in the final layer have negligible
changes in direct effect and that 40% of the neurons have

8We considered developing a summary statistic to capture this
effect, but realized the eventual result could quickly change from
slight changes in the experimental setup. However, anecdotally,
it was frequently the case that self-repair of a few of the top self-
repairing neurons could sum to equal the vast majority of the entire
layer’s self-repair.
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changes in self-repair which are small and cancel out, yet are
non-negligible when considering their combined absolute
change in direct effects (Appendix C). This indicates that
the full picture of self-repair in the entire MLP layer is
more complex and that sparse Anti-Erasure is only one
part of a larger story: it’s not the case that all the neurons
stay stagnant besides a set of anti-erasure neurons. Instead,
while sparse sets of anti-erasure neurons may help fuel large
amounts of self-repair, there is also a significant amount of
neurons that have smaller changes in their direct effect.

4.2.2. ANTI-ERASING NEURONS DIFFER ACROSS
PROMPTS

Are there neurons that perform Erasure and self-repair con-
sistently? Anecdotally we observed that the same neurons
can often self-repair across the same prompt, but across
different prompts, they may differ. We filter for the top 2%
of tokens where L10H11 in Pythia-160M is self-repaired
the most and collect the top 10 repairing neurons in the last
layer, per prompt. The most any single neuron is in the
top-10 self-repairing neurons is 16% of the tokens.

This suggests that there are likely different neurons respon-
sible for different forms of erasure. In particular, this is
potentially related to "Suppression Neurons", discovered to
decrease probabilities of related tokens (Gurnee et al., 2024).
This would explain why neurons may similarly self-repair
across the same prompt, but not on the entire distribution.

5. Discussion
In this section, we discuss some of the consequences of self-
repair. We also outline the Iterative Inference Hypothesis,
which we believe may help describe portions of self-repair.

5.1. Implications of Imperfect Self-Repair for
Interpretability Efforts

The major problem with self-repair for interpretability ef-
forts is that it makes ablations an unreliable tool: we would
naively hope that if we ablate a model component and look
at the effect on model performance, this change would accu-
rately capture the component’s role in the model. However,
if the component experiences significant self-repair, the di-
rect effect and change in logits that occur upon ablation of
the component may be very different. In fact, it becomes
unclear what the "true effect" of the component even is -
if a component is perfectly self-repaired yet has a high di-
rect effect, does this mean it is irrelevant or important yet
compensated for?

In practice, this is most concerning when considering cir-
cuit analysis, where we patch or ablate individual model
components and observe their effect on the output, in order
to isolate the sparse subgraph of the model relevant to our

task, as performed in (Wang et al., 2023; Lieberum et al.,
2023; Conmy et al., 2023). However, fortunately, circuit
analysis only requires identifying whether a component is
important or unimportant (i.e. whether it belongs in the
sparse subgraph), not the precise effect of ablating it. So
the fact that self-repair is imperfect across the general dis-
tribution (Section 2.2) helps reduce some of the concerns
for circuit discovery efforts; because the ‘importance’ of
various components is extremely heavy-tailed, even a sig-
nificant fractional decrease in the estimated effect won’t
change which nodes are important.

However, this doesn’t fully alleviate all concerns. In certain
situations, self-repair can be lossless or overcompensate.
This may happen on certain narrow distributions or may
be induced depending on what tools you use. And if the
degree of self-repair differs significantly between compo-
nents, borderline components may be incorrectly included
or excluded.

5.2. Taking Models Off-Distribution can Cause
Unexpected, Easily Misinterpretable, Consequences

One reason to expect self-repair to occur is that taking
the model off-distribution can lead to very surprising con-
sequences. Ablations fundamentally take the model off-
distribution, in the sense that the set of internal activations
achieved from ablations may be impossible to achieve on
any input. Models were not trained to respond coherently
to these kinds of internal interventions, and so may behave
in erratic and hard-to-predict ways which are difficult to
reason about.

When we first found self-repair, we assumed that models
were intentionally self-repairing. However, the LayerNorm-
based self-repair seems to be a side effect of unrelated
mathematical properties of the model, interacting with how
our ablations change the norm of the residual stream. It’s
possible that many observed instances of ‘self-repair’ are
just uninteresting consequences of throwing the model off-
distribution, for which this will be clear after discovering a
few more insights like the above.

Importantly, the fact that self-repair occurs across models
tells us something about the internal mechanisms of these
models, but it may be a byproduct of some other mechanism
in the model, rather than that they are intentionally self-
repairing.

This is a problem fundamental to ablations and is likely
difficult to circumvent. A suggested course of action is to try
to control how far from the standard distribution one’s causal
interventions take the model (Chan et al., 2022). Two ways
this can be done is by avoiding zero ablation (which most
significantly adjusts the residual stream norm, as shown
in Section 3.2) or by freezing LayerNorm while ablating.
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Additionally, one could use path patching (Goldowsky-Dill
et al., 2023) instead of patching full components.

Our results do not demonstrate that all of self-repair is a
byproduct of other mechanisms: LayerNorm self-repair only
explains up to around 30% of the self-repair on average. But
these results are a word of caution to be careful when taking
models off distribution.

5.3. Iterative Inference Hypothesis

There’s a wealth of evidence (nostalgebraist, 2020; Dar
et al., 2023) that models gradually build up their final logits
in unembedding space: the correct token isn’t predicted by
a singular model component, but rather built up over time
by the outputs of multiple components. An implication of
this is that models can still be relatively accurate, even when
removing the final layer.

One perspective from which self-repair becomes less sur-
prising is what we call the Iterative Inference hypothesis:
rather than layers being part of a top-down process, assisting
all future layers in complex circuits, many model compo-
nents are more of a bottom-up process, where each layer
treats the input as a guess for the final output, and tries to
reduce the error between this guess and the true next token.

From this perspective, self-repair is unsurprising. Imagine
that some task, such as Name Moving, must be performed.
Some earlier component in the model will write the signal
into the residual stream that a task T needs to be completed.
If the Iterative Inference Hypothesis holds, then rather than
there being some dedicated head to do the task, there are
many such capable heads: the earliest one that reads in
the signal will perform the task T , and likely write the
signal that the task is complete. Importantly, if the head that
performed task T was ablated, then the need to complete
task T would still exist (as well as the associated information
of the signal to do so): as such, it is possible for another
downstream head to observe and complete it instead.

We highlight evidence for the Iterative Inference Hypothesis
in Appendix G, including Self-Repressing heads and the
existence of similar heads across layers.

6. Related Work
The self-repair phenomena was first identified in the Indi-
rect Object Identification distribution (Wang et al., 2023).
Self-Repair was initially explored as the Hydra Effect (Mc-
Grath et al., 2023), and a specific instance of it was ex-
plained by Copy Suppression (McDougall et al., 2023). Our
work differs from this prior work as follows:

1. We analyze self-repair across the a pretraining distribu-
tion and with individual attention heads. Past work has
mostly highlighted the presence of self-repair in narrow

distributions or when ablating larger components.
2. Our introduction of LayerNorm is as a self-repairing

mechanism is an entirely novel contribution.
3. Prior work has identified self-repairing Anti-Erasure in

entire MLP layers (McGrath et al., 2023) or discussed
Anti-Erasure in the context of Suppression heads (Mc-
Dougall et al., 2023). Our work highlights how erasure
in MLP layers is better understood in terms of ‘erasure
neurons’, which are sparse and self-repair significantly.

Understanding self-repair fits in the broader work of Mech-
anistic Interpretability, which aims to reverse engineer
neural networks. Related work includes Olah et al. 2020 on
vision models and Meng et al. 2023 on Transformer models.
Previous work has attempted to understand the behavior of
individual neurons (Bau et al., 2020; Gurnee et al., 2023) or
attention heads (Gould et al., 2023). In particular, suppres-
sion neurons were previously found in Voita et al. 2023 and
Gurnee et al. 2024. One important aspect of Mechanistic In-
terpretability is automating circuit discovery (Conmy et al.,
2023; Bills et al., 2023).

Recent research has emphasized the importance of using ca-
sual mechanisms to measure component importance (Chan
et al., 2022). Ablations have been a common technique
for this (Leavitt & Morcos, 2020), and have been used to
validate hypothesis in Olsson et al. 2022; Nanda et al. 2023.

Ideas related to the Iterative Inference Hypothesis were
introduced in Greff et al. 2017; Jastrzębski et al. 2018. The
Universal Transformer (Dehghani et al., 2019), Logit Lens
tool (nostalgebraist, 2020), and Tuned Lens tool (Belrose
et al., 2023) were built on ideas similar to this.

A related phenomena is parameter redundancy, focused
on reducing parameters without harming performance. Self-
repair is a different perspective, but may explain how one
can ablate individual attention heads without significant
performance loss, as demonstrated in (Michel et al., 2019).

7. Conclusion
In this work, we’ve highlighted how attention head self-
repair exists across entire pretraining distributions and mod-
els. We’ve explored different mechanisms that self-repair,
including LayerNorm self-repair and sparse neuron Anti-
Erasure.

A strong limitation of our work is that it focuses on the
repairing of direct effects as opposed to other ‘behavioral’
measures of attention heads (which aren’t immediately rep-
resented as direct effects). It’s unclear how much the mecha-
nisms highlighted in sections 3 and 4 will generalize to these
other potentially viable forms of self-repair. Despite this,
we expect that the ideas presented here will help provide
some grounding for further research on self-repair.
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Explorations of Self-Repair in Language Models

A. Troubles with Quantifying Self-Repair Relative To Direct Effects
As we highlighted in Section 2.2, on many occasions the direct effect of a head is sparse. This means that often, measuring
self-repair as a fraction of the total direct effect can lead to extreme values which, when averaged with others, skew the data
immensely.

As an example, Figure 9 replicates the experiment in Section 3.2 where we quantify the amount of self-repair LayerNorm
explains, but instead purely as a fraction of the total direct effect per head. Here we average across the entire distribution
and do not clip the percentages for each token between 0 and 1. It’s clear the values are extremely obtuse.
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Figure 9. ’Unclipped’ measuring of LayerNorm as a fraction
of direct effect
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Figure 10. Post-processed measuring of LayerNorm as a frac-
tion of direct effect

Thus, we attempt to create a cleaner representation of this result: our general two techniques for trying to capture more
meaningful summary statistics were to 1) filter for the top instances of direct effect 2) clip the percentages of each token.
These are nontrivial changes, and they have important impacts on the final figures we achieve.

A full figure with these changes in effect is shown in Figure 10, which is where we get our observation that "30% of
direct effect is self-repaired by LayerNorm": most of the models, on many of the layers, have an average self-repair due to
LayerNorm which center around 30%. The clipping on the values partially means that our figure for "30% of direct effect is
self-repaired by LayerNorm" can potentially be interpreted as "in 30% of cases, the self-repair due to LayerNorm is larger in
magnitude than the direct effect of the head", given that the self-repair from LayerNorm, on many instances, is larger in
magnitude than the actual direct effect of the head.

The noisiness of self-repair also means that even averaging across a layer hides a significant amount of nuance: the various
attention heads have vastly different values. As such, we’ve plotted the individual heads in many of the graphs. However,
summary statistics do not capture this nuance well.

B. Mathematical Derivation of LayerNorm Self-Repair
We show the derivation of LayerNorm’s self-repair in full. Consider the simplified case where we analyze a parallel attention
model such that ablating an attention head in the last layer only has a direct effect on the final residual stream. For an
arbitrary model which uses LayerNorm, the model passes in the final residual stream resid into the LayerNorm LN , and
the logit for the correct token logit is calculated by dotting the result with a vector L which corresponds to the unembedding
direction of the logit.

logit = ⟨LN(resid), L⟩

Assume we resample ablate an attention head in the last layer of attention heads with direct effect DEHead. Consider the
direct change in the residual stream, such that this change directly feeds into the new final residual stream resid′ with no
other intermediate effects. This new residual stream maps onto the new correct token logit logit′ = ⟨LN(resid′), L⟩. If the
change in the output of the head is ∆H , then:

resid′ = resid+∆H

12
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Originally, one may predict that the change in logits ∆logit = logit′ − logit is equal to −DEHead, which models the
ablation occuring in the absense of self-repair. Self-Repair is the observation that this isn’t the case, and that often
|∆logit| < |DEHead|.

How can we explain this logit difference? As argued in Elhage et al. 2021, we can simplify the LayerNorm operation such
that we ‘fold in’ LayerNorm projections to the weights of linear layers before and after the projection, leaving the nonlinear
operation of scaling the residual stream by dividing by a scaling factor proportional to the norm of the residual stream.

The two scaling factors on the clean and ablated run are S and S′, which completely describe the LayerNorm functionality.
With this, we can model what makes up the difference between the two logits:

∆logit = logit′ − logit = ⟨resid
′

S′ , L⟩ − logit

Let’s declare the change between resid′ − resid = ∆H , which is the difference in the output of head H as a result of
ablating the attention head. As such,

∆logit = (⟨resid
S′ , L⟩+ ⟨∆H

S′ , L⟩)− logit

And thus,

∆logit = (
S

S′ )⟨
resid

S
, L⟩+ ⟨∆H

S′ , L⟩ − logit = (
S

S′ )logit+ ⟨∆H

S′ , L⟩ − logit

The difference between the two residual streams is only the difference between the outputs between the clean and resample
ablated head, ∆H = Hnew−Hold. If you define the new direct effect of the resample ablated head as DE′

Head = ⟨Hnew

S , L⟩,
you can rewrite the above as

∆logit = (
S

S′ − 1)logit+ (
S

S′ )(⟨
Hnew

S
,L⟩ − ⟨Hold

S
,L⟩)

And thus,

∆logit = (
S

S′ − 1)logit︸ ︷︷ ︸
LN on existing logits

+

(
S

S′

)
(DE′

Head −DEHead)︸ ︷︷ ︸
LN on Expected Change∆DEHead

C. Changes in MLP Neurons
To produce Figures 11 through 14, we perform the same experimental setup as for Figure 8, measuring the self-repair in
the neurons of the final MLP layer upon the ablation of a specific attention head. However, in this graph, we have instead
measured the absolute change in Direct Effect for each neuron. We sum all the absolute changes in direct effects and then
plot the total cumulative percentage of absolute changes in direct effect explained up to the Top Xth Self-Repairing Neuron.
For example, in Figure 14, the sum of the individual absolute changes in direct effect of the top 1000 self-repairing neurons
account for around 50% of the total absolute changes in direct effect across the entire final MLP layer.

For each of these four graphs, it appears to be the case that roughly 60% of the neurons in the layer have negligible changes
in their absolute change: for instance, the neurons from the top 2000 to the top 9000 neurons in Figure 11 explain less than
15% of the total cumulative change in self-repair, and thus are negligible.

However, the other 40% of neurons have some change in their direct effect. This implies that there may be other mechanisms
for self-repair that cause smaller changes in direct effect across many neurons.

We’ve additionally colored each neuron with its median clean direct effect on the distribution. In almost all these graphs, the
top repairing neurons have negative clean direct effects, and are thus erasure neurons (except for in Llama-7b, where only
the top neuron is an erasure neuron on average).

Altogether, these support the claim that Sparse Anti-Erasure is one mechanism that helps self-repair in the model, but
highlights how there are potentially more mechanisms besides it in MLP layers.
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Figure 11. Cumulative Percentage of Absolute Change in Direct
Effect of neurons in the last layer of Llama-7B when ablating
L30H8.
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Figure 12. Cumulative Percentage of Absolute Change in Direct
Effect of neurons in the last layer of GPT2-Small when ablating
L9H11.
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Figure 13. Pythia-160M, Cumulative Percentage of Absolute
Change in Direct Effect of neurons in the last layer when ab-
lating L7H8.
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Figure 14. Pythia-410M, Cumulative Percentage of Absolute
Change in Direct Effect of neurons in the last layer when ab-
lating L17H4.

D. Residual Stream Norms Change when Ablating
Indeed, the residual stream norm changes most significantly as a result of zero ablations. In Figure 15, we plot the ratio
of ablated to clean residual stream norm for different ablations. Even without filtering for different direct effects, you can
clearly see how zero ablating decreases the direct effect of a single head.

It’s not surprising that a head in the last layer can decrease the residual stream norm by around 5% when ablated. Past work
found that residual stream norms grown exponentially (Heimersheim & Turner, 2023), so we would expect heads in later
layers to be important for increasing norm.

For some heads, zero ablations induce more extreme changes on the LayerNorm: see additionally L11H3 of GPT2-Small,
plotted in Figure 17. However, this does not always hold. For instance, all the different ablations seem to induce similar
amounts of LayerNorm scaling ratios in L11H11 of GPT2-Small, plotted in Figure 16.
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Figure 15. Ratio of ablated to clean residual stream norms when ablating L11H0 of Pythia-160m with various types of ablations, on The
Pile.

Figure 16. LayerNorm scaling changes from ablating GPT2-
Small L11H10. We follow the same experimental procedure
outlined in Figure 4.

Figure 17. LayerNorm scaling changes from ablating GPT2-
Small L11H3. We follow the same experimental procedure out-
lined in Figure 4.

E. Centered Logits
An important aspect of our analysis is that the logits at each position are centered such that the average logit is zero. This
helps control for changes in logits which can be explained by translations in all the logits - which is important, because a
translation in logits leads to no change in the final log probabilities of the outputs.

As adding a constant to the logits does not affect the output probabilities (softmax is translation invariant), centered logits
are more amenable to analysis. As such, we cannot measure parts of self-repair coming from adding a constant to the logits
of all tokens simultaneously, as the centering of the logits would remove this behavior. Instead, the observation of self-repair
in a logit - such as in Figure 5 - indeed reflects a self-repair in the correct token (and not all tokens).

F. Self-Repressing Heads
The existence of Self-Repressing heads (Section 5.3) helps support the Iterative Inference hypothesis because they robustly
respond to their own output. However, one interesting aspect of this is that the amount in which these heads self-repress is
proportional to the amount in which scale the heads output back into itself. Figure 18 highlights the self-repressing head
L21H1 in GPT2-Medium, but plots the forward passes when adding in the output of the head scaled by 1, 3, and 5 times the
existing output.

G. Evidence for, and Discussion of the Iterative Inference Hypothesis
What supports the Iterative Inference Hypothesis? Firstly, the hypothesis is consistent with the evidence presented in
McDougall et al. 2023 on how specific heads can influence downstream heads to not perform a task. Another line of
evidence that supports this hypothesis is the identification of attention heads across models which we dub ‘self-reinforcing’
and ‘self-repressing’.
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Figure 18. Self-Repressing Head L21H1 in GPT2-Medium being self-repressed by various amounts when amplifying the input into the
residual stream by various amounts.

For a specific attention head, we take its output on a forward pass and re-run the forward pass while adding the output of the
head back into the residual stream which feeds into the head. We measure the original and new direct effects as a result of
this intervention.

We observe ‘self-reinforcing’ and ‘self-repressing’ heads, in which the direct effect of the head increases or decreases
proportional to how much of the original output of the head is added. Figure 19 highlights one head in GPT2-Medium which
‘self-represses’. The repression is proportional to the amount the output is scaled (Appendix F).

Not all heads are self-reinforcing and self-repressing. Some appear to be combinations of the two. However, the presence
of self-repressing heads suggests that certain attention heads may be outputting a signal that specifies that the task they
performed is not needed anymore.

An additional reason to think that the Iterative Inference hypothesis is true is that different attention heads in different layers
can perform similar tasks.

The Indirect Object Identification task (Wang et al., 2023) highlights one of the earliest instances of observed self-repair. In
it, some attention heads are classified as "Name Mover Heads" and other heads as "Backup Name Mover Heads". Originally,
it was believed that these were meaningfully different components: however, when running the model across a more general
distribution, it is possible to observe instances of the Backup Name Mover Heads performing name moving as well.

The "Name Mover Heads" exist in earlier layers than the "Backup Name Mover Heads". The fact that these "Backup" heads
can perform moving behavior suggests that they have the capability to perform Name Moving, but don’t do so in the Indirect
Object Identification task. As a result, ablating the Name Mover Heads would additionally preserve the associated signal to
perform Name Moving, which the Backup Heads read in and perform as a result.

Additionally, when moving the residual stream read by the "Name Movers" into the residual stream read by the "Backup
Name Movers", the backup heads begin performing name moving as well (note that this is equivalent to zero ablating all the
attention heads and MLP layers in between them). This further highlights the likelihood of there being a shared stimulus to
perform Name Moving which both types of heads respond to, but which the Name Movers often respond to and ablate.

However, there is also a wealth of evidence against this hypothesis. Anecdotally, previous token and induction heads (Olsson
et al., 2022) don’t seem to be self-repaired. Perhaps this may be because these heads are always expected to perform these
‘fundamental’ tasks across all prompts. Further, prior literature has emphasized the presence of complex circuits within the
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Figure 19. A self-repressing head in GPT2-Medium is L21H1. We plot L21H1’s original and new direct effects on different tokens after
adding its output, scaled by three, back into the previous residual stream. L21H1 has a decreased direct effect as a result.

model, which don’t easily exist across layers, the S-inhibition heads in the Indirect Object Identification task (Wang et al.,
2023) being one of them.

This highlights how specific tasks in the head may not be performed ‘iteratively’: they may be too fundamental such that the
model has specific heads dedicated to them, or it may be too complex/costly to perform iteratively by multiple heads. Many
heads in the model may not be performing ‘iterative’ tasks.

H. LayerNorm Ratios are Significant
For many models, the direct effect of the head is often ‘significant’ when its direct effect is greater than 1 (it can get to up to
4, but on rare occasions). However, the difference between two logits can be up to around 10 or more logits! For a ratio
such as 1.02, a difference of 10 logits between two tokens would lead to a difference of 0.2 logits in how much LayerNorm
self-repairs one token over another in the toy example presented in Section 3 (the amount a token A is self-repaired relative
to another token B can be calculated via ( S

S′ − 1)(logita − logitb), where logita and logitb are the final logits of A and B -
this equation can be easily derived from the first presented equation in Section 3). This is a nontrivial fraction of a direct
effect.

I. Self-Repair Graphs Across Different Models.
In Figures 20 through 22, we plot the self-repair of individual attention heads for different models, similar to the experimental
setup for Figure 2. We also highlight what idealized versions of ‘perfect self-repair’ and no self-repair my look like in
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Figures 23 and 24.

Figure 20. Llama-7b self-repair, per head
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Figure 21. Pythia-410m self-repair, per head
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Figure 22. GPT2-Medium self-repair, per head
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Figure 23. An idealized version of perfect self-repair
Figure 24. An idealized version of no self-repair
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