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Model diffing is the study of how fine-tuning changes a model’s representations and internal
algorithms. Many behaviours of interest are introduced during fine-tuning, and model diffing offers a
promising lens to interpret such behaviors. Crosscoders!! are a recent model diffing method that
learns a shared dictionary of interpretable concepts represented as latent directions in both the base
and fine-tuned models, allowing us to track how concepts shift or emerge during fine-tuning. Notably,
prior work has observed concepts with no direction in the base model, and it was hypothesized that
these model-specific latents were concepts introduced during fine-tuning. However, we identify two
issues which stem from the crosscoders L1 training loss that can misattribute concepts as unique to
the fine-tuned model, when they really exist in both models. We develop Latent Scaling to flag these
issues by more accurately measuring each latent’s presence across models. In experiments comparing
Gemma 2 2B base and chat models, we observe that the standard crosscoder suffers heavily from these
issues. Building on these insights, we train a crosscoder with BatchTopK loss2 and show that it
substantially mitigates these issues, finding more genuinely chat-specific and highly interpretable
concepts. We recommend practitioners adopt similar techniques. Using the BatchTopK crosscoder, we
successfully identify a set of genuinely chat-specific latents that are both interpretable and causally
effective, representing concepts such as false information and personal question, along with multiple
refusal-related latents that show nuanced preferences for different refusal triggers. Overall, our work
advances best practices for the crosscoder-based methodology for model diffing and demonstrates
that it can provide concrete insights into how chat tuning modifies language model behavior.!

Content Warning: This paper contains examples of harmful language.
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1. Introduction

Classically, the goal of mechanistic interpretability@l[‘—’]ﬁl@lm research has been to understand either an
entire modelm, or to understand specific circuits, or algorithms, that are implemented by the model to
solve particular tasks29 This is akin to trying to understand the entire source code of a running
computer program, and is challenging. Model diffing is a relatively nascent approach that instead
attempts to detect what has changed in a model as a result of fine-tuning. Given the relatively small
compute used for present-day fine-tuning compared to pre-training, we expect the changes introduced

to be limited in scope — perhaps akin to a pull request on a large code repository.

Pretraining teaches the model general world knowledge, generic circuitry and skills. These are broadly
useful in a variety of settings. Fine-tuning has little reason to change most of this cognition. It seems
likely the fine-tuned model will share many representations with the base model, and only specific
aspects will change. For instance, the model’s persona, chat specific skills that help it follow instructions
and reply to users, and other task specific skills more broadly. This argument suggests that the model
diffing approach to mechanistic interpretability might be comparatively easier than trying to understand

the full model.

Model diffing might also be incredibly useful. The process of fine-tuning a model is what makes it useful
as a tool or agent. Better understanding the mechanisms that give reasoning modelst12] heightened
capabilities as compared to base or chat models might allow us to debug their failures and improve them.
Fine-tuning also often introduces a number of problematic behaviors, for example, sycophancyl3l
Future AI safety and alignment concernst4l15] may emerge specifically in fine-tuned models. For
example, long-horizon RL could incentivize models to exploit reward signals and act deceptively, building

on deception concepts already learned during pretraining. It’s possible model diffing will be sufficient to

allow us to detect this.

Prior model diffing research has investigated how models change during fine-tuningl161117118](19]20](21)
[221[231[241(251(26] yyhjle these studies have hypothesized that fine-tuning primarily shifts and repurposes

existing capabilities rather than developing entirely new ones, conclusive evidence for this claim remains
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elusive. Model diffing remains a nascent field that lacks established consensus and mature analytical
tools. Much prior work has leveraged ad-hoc techniques for understanding how models change in
narrow ways (e.g. studying how a particular circuit, algorithm, or representation Changes)[mlﬁl[ﬁ]lé1
[26] or have been on toy modelsl227] 1t is unclear whether many prior approaches would scale to

understanding the kinds of fine-tuning large models actually undergo.

Recently,ﬂl introduced a new tool for model diffing, the crosscoder, which may overcome the issues
discussed above. Crosscoders build on the popular sparse autoencoder (SAE)812811291 which has shown
promise for interpreting a model’s representations by decomposing activations into a sum of sparsely
activating dictionary elements. There are many variants of crosscoders; the variant we are concerned
with in this paper concatenates the activations of the base and fine-tuned model residual streams and
trains a shared dictionary across this activation stack. Thus, for each dictionary element (aka "latent”,
corresponding to one concept), the crosscoder learns a pair of latent directions - one corresponding to
the base model and one to the fine-tuned model. Crosscoders can thus potentially identify which latents
are novel to the fine-tuned model, which are novel to the base-model, and which are shared. We term
these sets chat-only, base-only, and shared respectively.ﬂl identify chat-only latents by looking at the
norm of the latent directions — if the latent direction of the base model has zero norm, this indicates that

the latent is chat-only.

In this work, we build directly onll, We critically examine the crosscoder, and its efficacy for model

diffing. Our contributions are as follows:

1. We identify two theoretical limitations of the crosscoder training objective, that may lead to falsely
identified chat-only latents (Section 2.3).

2. Complete Shrinkage: The sparsity loss can force base latent directions to zero norm, even when they
contribute to base model reconstruction, particularly when a latent is more important for the chat
model but still relevant for the base model.

1. Complete Shrinkage: The sparsity loss can force base latent directions to zero norm, even
when they contribute to base model reconstruction, particularly when a latent is more
important for the chat model but still relevant for the base model.

2. Latent Decoupling: The crosscoder may represent a shared concept using a chat-only latent
when it is actually encoded by a different combination of latents in the base model, as the

crosscoder’s sparsity loss treats both representations as equivalent.
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3.We develop an approach called Latent Scaling to detect spurious chat-only latents, inspired
bylﬂ1 (Section 2.3.3). Using this approach, we demonstrate that the above issues occur in practice.
While the norm-based metric from{ll appears to identify a clean trimodal distribution of base-only,
chat-only and shared latents, we show that this is an artifact of the crosscoder loss function rather
than a meaningful distinction. Our conclusion is that the crosscoder loss does not actually have an
inductive bias that helps to learn better model-only latents.

4. Nonetheless, we demonstrate that crosscoders trained with BatchTopK loss[2l exhibit robustness to
the above issues (Section 3.1.1) and identify a larger number of genuine model-specific latents.

5. We show that in the BatchTopK crosscoder, the norm-based metric successfully identifies causally
relevant latents by measuring their ability to reduce the prediction gap between base and chat
model. In contrast, this metric fails in the L1 crosscoder, where Latent Scaling becomes necessary to
identify the truly causally relevant latents. Importantly, when utilizing all available latents, both
crosscoders bridge approximately the same portion of the prediction gap, suggesting they capture
equivalent information despite organizing it differently.

6. We outline that the chat-only latents found by the BatchTopK crosscoder are highly interpretable
(Section 3.1.3), revealing key aspects of chat model behavior such as the role of chat template tokens,

persona-related questions, detection of false information, and various refusal related mechanisms.

Overall, we show that using BatchTopK loss overcomes the described limitations of Ll-trained
crosscoders, validating them as a useful tool for understanding fine-tuning effects in large language

models.

2. Methods

2.1. Crosscoder Architectures

We consider a crosscoder architecture®! with two separate encoders and decoders, one corresponding to
the base model and one to the chat model. We describe both the original L1 crosscoder from! as well as a

BatChTopK[z]‘ variant.

L1 crosscoder. Let = be an input string and h"** (), h®** (z) € R? denote the activations at a given layer
at the last token of z. For a dictionary of size D, the latent activation of the ;™ latent

fi(z),5 € J={1,...,D}is computed as
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(@) = ReLU(ehh" (@) + e b (a) + 1) 1)

where e';ase,eghat € R? are the corresponding encoder vectors and bi* € R is the encoder bias. The

reconstructed activations for both models are then defined as:

~ base

h (ZII) — Z fj(a:)d?ase + bdec,base (2)
J
~ chat

h (m) — Z fj(x)d;;hat 4 bdec,chat (3)
J

where d?ase, dg’-hat € R? are the j decoder latents and bd¢*P»¢ pdecchat ¢ R are the decoder biases. We

~ base

define the reconstruction errors for the base and chat models as €"*¢(z) = h®®*(z) —h  (z) and

gchat (z) = pohat(z) — p (x). The training loss for the L1 crosscoder is a modified L1 SAE objective:

1 ase 1 chna ase cha
Liai(z) = EHEb (@)ll2 + S e (@)l + ) Fi(@) (17l + (1d5 1) (4)
i

with 4 controlling the weight of the sparsity regularization term.>

BatchTopK crosscoder. Let X = {z1,...,z,} beabatch of |X| = n inputs. Following 21 we compute the
latent activation function differently during training and inference. Let f;(x;) be the latent activation
function as defined in Equation (1). Given the scaled latent activation function

v(xi,J) = fi(z Z.)(||d‘]?&Se llo + ||d§haLt ||l2), the training latent activation function fjtfain is given by:

fjtrain(xi’/y) _ {fj(17i) if (z;,J) € batchtopk(k,v, X, J)

5
0 otherwise (5)
where batchtopk(k, v, X, J) represents the set of indices corresponding to the top |X| - k values of the

function v across all inputs z; ¢ X and all latents j ¢ 7. We now redefine the reconstruction errors and

the training loss for batch X as follows:

J

Ebase (mi’ X) _ hbase (5172) _ (Z fjtrain(xi, X)d?ase + bdec,base) (6)

Echat (xi’ X) _ hchat (mz) _ <Z fjtrain(wi, X)d§hat + bdec,chat) (7)
J

1 1
ﬁBatchTopK(X) == E Z =

1
5 €% (i, &) + 3 e (23, &) 2 + @Laux(zs, X)  (8)
i=1

The auxiliary loss facilitates the recycling of inactive latents and is defined as
b2 (i, &) — €% (s, X)|2 + | (25, X) — € (@i, X)||]2, where ™ and £ represent
reconstructions using only the top-k,,, dead latents. Typically, k,,, is set to 512 and « to 1/32. For

inference, we employ the following latent activation function:
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f;nference(wi) — {f](wl) lf’v(:t“]) >0 (9)

0 otherwise

where 6 is a threshold parameter estimated from the training data such that the number of non-zero

latent activations is k.

0=k | min (0(end)| £ ) > 0) (10)

(zinf)€X X

2.2. Decoder Norm Based Model Diffing
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(a) L1 crosscoder. (b) BatchTopK crosscoder.

Figure 1. Histogram of decoder latent relative norm differences (A, ) between base and chat Gemma 2 2B
models@, as inm, for both the L1 crosscoder (left) and the BatchTopK crosscoder (right). For a given latent, a
value of 1 means the decoder vector for the base model is zero, indicating the latent is not useful for the base
model (chat-only latents). Conversely, a value of 0 means the chat model’s decoder vector has a norm of zero
(base-only latents). Values around 0.5 indicate similar decoder norms in both models, suggesting equal utility
in both models (shared latents). We used 0.4-0.6 as the threshold for shared latents per prior work. We observe
larger activation norms in the chat model, which shifts our distribution rightward, revealing that the chat
model amplifies the norm of representations shared with the base model. We further show for both models
the chat-only latents that are truly chat-specific and that are not affected by Complete Shrinkage (v° < 0.2)

and Latent Decoupling (v" < 0.5) — the chat-specific latents. For the original L1 crosscoder, most of the

identified chat-only latents suffer from these issues.

To leverage crosscoders for model diffing, m posit that we can exploit a key property of the architectures
described above: while latent activations f;(x) are shared between models, the decoder vectors d;hat and
d}’ase are unique to each model. When a latent j is functionally important for both models, both djhat and

d?ase will have substantial non-zero norms, as each model needs those latents for accurate
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reconstruction. Conversely, if a latent is unique to the chat model, the optimization will assign a
significant norm to d§hat to minimize the reconstruction error for the chat model. Since the latent is not
used by the base model, the optimization will drive ||d?ase ||2 toward zero, since this feature does not help

to reconstruct the activations of the base model. Such a latent would be a chat-only latent.

We therefore compute the relative difference of decoder latent norms 1 petween the base and chat

models. For a latent j, the relative norm difference, A,om, is given by

o
Anorm(j) = _< ’ d ) +1 (11)

2\ max(||d$h®® |5, [|d5*°||»

This metric enables classification of latents based on their model specificity, as empirically shown in
Figure 1. In practice, we classify latents into three sets based on ranges of their A, values: base-only,

chat-only and shared (Table 1).

2.3. Are chat-only latents really chat-specific?

We noted in Section 2.2 that if a latent only contributes to one model, the norm of the decoder must tend
to zero for the other model. But is the converse true? Specifically, in this section we ask the question: if a
latent has decoder norm zero in the base model, is it necessarily chat-specific? We focus on this set, as

this is the most interesting of the three categories described in Section 2.2.

2.3.1. Reasons to doubt chat-only latents

There are reasons to suspect chat-only latents might not be chat-specific. Firstly, both qualitative and
quantitative analysis of L1 crosscoder latents reveals a relatively low percentage of interpretable latents
within the chat-only set (See 3.1.3). More worryingly, inspection of the L1 crosscoder loss (Equation (4))
uncovers two theoretical issues that could result in latents j, which are defined by their decoder vectors
d; and activation function f;, being classified as chat-only, despite their presence in the activations of the
base model:

Complete Shrinkage. The L1 regularization term may force the norm of the base decoder vector d?ase to
be zero, even though it is present in the base activation and could have contributed to the reconstruction
of base activation. This may especially be relevant if the contribution of latent j is non-zero in the base

model, but much smaller than the contribution in the chat model. Consequently, the error £**°_contains

information that can be attributed to latent j.
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Latent Decoupling. Latent j ‘appears’ in base activations across a subset of its latent activations but is

instead reconstructed by other base decoder latents. On this subset, the base reconstruction

~b.

h " _contains information that could be attributed to latent j. To spell this out in more detail, consider
the following set up: a concept C may be represented identically in both models by some direction d¢ but
activate on different non-exclusive data subsets. Let f(x) and f§**(z) be concept C’s optimal
activation functions in chat and base models, defined as féhat(:z:) = fehared (Z) + feexa(z) and

gase(;v) = fohared (Z) + fo-exci(x), Where fiharea €ncodes shared activation, while f.exq and feexa define

model exclusive activations. For interpretability, the crosscoder should ideally learn three latents:

1. A shared latent jsuareq representing C when active in both models using f;, . = fsharea and
dehat = dpase = dc,

2.A chat-only latent jcn. representing C when exclusively active in the chat model using
fiar = Jeexa and dehat = d¢, dpase = 0,and

3.A base-only latent j,.se representing C when exclusively active in the base model using

'fjbase = fb-excl and dChat = 0, dbase — dC-
However, the L1 crosscoder achieves equivalent loss using just two latents:

1.A chat-only latent j.; representing C in the chat model using f;, .. = feexcd + fshared and
dchat = dg, dpase = 0,and

2.A base-only latent jp.e representing C in the base model using f;. .. = foexd + fsharea and
dcpat = 0,dpase = de. In this scenario, the so-called “chat-only” latent is only truly chat-only on a

subset of its activation pattern.

Although whenever fiharea > 0 two latents are active instead of one, the sparsity loss is the same because

the sparsity loss includes the decoder vector norms.3

2.3.2. Why BatchTopK crosscoders might fix this.

The BatchTopK crosscoder may address both Complete Shrinkage and Latent Decoupling issues that
affect the L1 crosscoder. The key difference lies in their respective loss functions and optimization

objectives.

For the L1 crosscoder, the loss function in Equation (4) includes an L1 regularization term that directly
penalizes the norm of decoder vectors. This creates pressure to shrink decoder norms toward zero when

a latent’s contribution is minimal, potentially causing Complete Shrinkage even when the latent has
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some explanatory power. In contrast, the BatchTopK crosscoder uses a different sparsity mechanism.
Rather than penalizing all decoder norms, it selects only the top k& most active latents per sample during

training. This approach has two important advantages:

i. No direct norm penalty: Without explicit regularization on decoder norms, there’s no optimization
pressure to drive ||d?"‘se|| , to zero when the latent has explanatory value for the base model,
reducing Complete Shrinkage.

ii. Competition between latents: The top-k selection creates competition among latents, discouraging
redundant representations. This helps prevent Latent Decoupling by making it inefficient to

maintain duplicate latents that encode the same information.

The BatchTopK approach thus creates an inductive bias toward learning more genuinely distinct latents,
as the model must efficiently allocate its limited "budget” of k active latents per sample. This should
result in fewer falsely identified chat-only latents and a cleaner separation between truly model-specific
and shared features. Moreover, the BatchTopK crosscoder actively encourages the three-latent solution
presented in the Latent Decoupling explanation in Section 2.3.1. For the subset of tokens where
fshared > 0, the three-latent solution will have an LO sparsity of 1, while the merged two-latent solution
will have an LO sparsity of 2. Since the BatchTopK crosscoder optimizes for LO sparsity, it will prefer the
three-latent solution, considering that dictionary capacity will be a limiting factor as this requires more

latents.

2.3.3. Latent Scaling: A method for identifying Complete Shrinkage and Latent Decoupling

To empirically investigate whether Complete Shrinkage and Latent Decoupling occur, we examine how
well a chat-only latent j can explain two quantities: the base error (for Complete Shrinkage) and the base
reconstruction (for Latent Decoupling). We introduce Latent Scaling by adding a scaling factor 3; for each

chat-only latent and solve:
n
argming  _ [|6;f;(z:)d5"™ —y7'||3 (12)
i=0

where y?* is either error or reconstruction for m € {base,chat} for an input ;. This least squares
minimization problem has a closed-form solution, detailed in Appendix A.4. For each latent j, we

compute two pairs of scaling factors:
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1. B;’base and B;’Chat measure how well the latent explains the reconstructed activations in the base
and chat models, respectively.

2. ,B;’base and ﬂ;’d‘at measure how well it explains the errors (see Appendix A.5 for details). Learning

Ba,base

r is equivalent to replacing the zero norm d?“e with d;hat and then fine-tuning a scalar to

reduce the base error.

We then analyze the ratios of these betas:

base €,base
B Bo
1/;: ]ht’ yj: ]ht (]_3)
Br,c a Igg,c a

J J

For a truly chat-specific latent with no interference with other latents, we expect 35°*° ~ 0 as it should

i
not explain any base error. Further, we designed the experiment such that fj(gc)d;‘-h‘“t is still contained in

the chat error, therefore we expect 85"

: ~ 1 and hence v; ~ 0. The reconstruction ratio v; provides

insight into latent interactions; even for chat-specific latents, we typically see nonzero values due to
interactions with other latents. To detect Latent Decoupling, we look at shared latents, where we expect
high v7 and check whether a chat-only latent has a high v} similar to the shared latents. A high
v; indicates that, for a given chat-only latent j, there is another very similar latent that has also activated
and contributed to the base reconstruction, which means this could have been a shared latent for this

reconstruction.

3. Results

3.1. Training crosscoders

We replicate the model diffing experiments by e} using the open-source Gemma-2-2b (base) and
Gemma-2-2b-it (chat) models from (31, Specifically, we train both a L1 crosscoder and a BatchTopK
crosscoder with an expansion factor of 32 on layer 13 (of 26)* residual stream activations, resulting in
73728 latents. We train on both web and chat data. To ensure a fair comparison, we calibrate both
crosscoders to have comparable LO sparsity on the validation set. Specifically, we select the sparsity
weight ¢ for the L1 crosscoder to achieve an LO of approximately 100 at the end of training. For the
BatchTopK crosscoder, we set k = 100. This results in validation LO values of 101 and 99.48 for the L1 and

BatchTopK crosscoders, respectively. For further details on the training process, see Appendix A.10.
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In Figure 1, we present the histogram of the relative decoder norm difference (A ., ) between the base
and chat models for both the L1 and BatchTopK crosscoders. Table 1 shows the count of latents per group
as classified by Ao At first glance, it appears that the L1 crosscoder identifies substantially more chat-
only latents than the BatchTopK crosscoder. However, our subsequent analysis reveals that many of these
apparent chat-only latents are actually artifacts of the L1 loss function rather than genuinely chat-specific

features. Refer to Appendix A.11 for more empirical details on the crosscoders.

Count
Name Anorm
L1 BatchTopK
base-only 0.0-0.1 1,437 5
chat-only 09-1.0 3,176 134
shared 0.4-0.6 53,569 62373

Table 1. Classification of latents based on relative decoder norm ratio (A,orm )-

geios.com doi.org/10.32388/R3SZ5U
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3.1.1. Demonstrating Complete Shrinkage and Latent Decoupling

500 chat-only 1001 chat-only
0 shared 0 shared 103 |
1.0 1.01 -
= e
” 3
& ad: S i ]
2 0.5 # . x 0.5 o 101_ "l
0.0 0.0/ : ,: ““, BatchTopK‘
0 10 500 0 10 100 0.0 0.5 1.0
Ve Ve Threshold 7
(a) L1 crosscoder (b) BatchTopK crosscoder (c) Number of latents (y-axis) for

which " < 7 and v° < 7.

Figure 2. We measure how chat-only latents are affected by the issues described in Section 2.3.1. Each point
represents a single latent. The left and middle plots show v distributions for the L1 and BatchTopK
crosscoders, respectively. On the y-axis, reconstruction ratio v" reveals Latent Decoupling when high values
overlap with the shareddistribution, indicating redundant encoding. The z-axis shows error ratio ¢, where
high values indicate Complete Shrinkage — latents forced to zero norm in the base decoder despite being
useful. Low values on both metrics identify truly chat-specific latents. Many chat-only latents in the L1
crosscoder appear misidentified, while the BatchTopK crosscoder shows minimal issues. The right plot
compares latent counts below various v thresholds between the 3176 L1 chat-only latents and the top-3176

BatchTopK latents sorted by A, -

Latent Scaling in the L1 crosscoder. We train latent scaling coefficients and compute v} and v; for all
identified chat-only latents on 50M tokens from both web and chat data on the L1 crosscoder. As a
calibration, we also examine these ratios for shared latents, which should show high values for both
v; and v;. We verify that the v values actually correlate with how much the JAs improve the
reconstruction objective in Appendix A.6 for the L1 crosscoder. Figure 2 shows that the v distribution for
chat-only latents exhibits notable overlap with shared latents: 18% of chat-only latents fall within the
central 95% of the shared distribution, and 3.5% within its central 50%?. This overlap suggests that many
supposedly chat-specific latents may represent information that is already encoded by the base decoder,
potentially indicating Latent Decoupling effects. Additionally, we observe high v values for chat-only
latents (reaching =~ 0.5), indicating that a significant portion of these latents is affected by Complete

Shrinkage. Our findings are robust across implementations, as we observe similar results in the

independent L1 crosscoder implementation byB-z], detailed in Appendix A9.
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Figure 3. Distribution activation divergence over high cosine similarity (chat-only, base-only)
latent pairs. 1 means that latents never have high activations (> 0.7 x max_activation) at the

same time, 0 means that high activations correlate perfectly.
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Figure 4. Autointerpretability detection scores (higher is better) across bins based on
rank(v°) + rank(v"). Lower bins indicate lower v values and more chat-specific latents. We
compare the 3176 chat-only latents from the L1 crosscoder with the top-3176 latents by

Aporm from the BatchTopK crosscoder.

Cosine similarity of coupled latents. As further evidence for Latent Decoupling occuring, we compute

the cosine similarity between {d"*,j <€} and {d}*°,j €} revealing 109 (j,jiwn) pairs where

cosim(d§hat ) d}?;: ) > 0.9. To quantify activation pattern overlap between twins (j, jiwin ), We introduce
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an activation divergence score from 0 (always co-activate) to 1 (never co-activate) (see Appendix A.2).
Figure 3 shows the divergence distribution across these pairs, highlighting that 60% of the pairs
primarily activate on different contexts, with some pairs almost exclusively firing on different contexts
(divergence of 1), while others exhibit substantial overlapping activations. This analysis demonstrates

two important insights:

1. The Latent Decoupling phenomenon described in Section 2.3.1, where the crosscoder learns a base-
only and a chat-onlylatent that partially activate together instead of learning a shared latent, is
empirically observed in practice.

2. Some concepts appear to be represented similarly in both models but occur in completely disjoint
contexts (leading to divergence scores approaching 1), suggesting that the models encode these

concepts in the same way but employ them differently.

Comparing L1 and BatchTopK crosscoders. We also compute the ratios for the BatchTopK crosscoder.
Figure 2b shows a very different picture: the vi distribution for chat-only latents shows no overlap with
shared latents, and the v} values are all almost 0. This suggests that the BatchTopK crosscoder exhibits
almost no Complete Shrinkage, and a very low degree of Latent Decoupling. In Figure 1 we overlay the
chat-only latents with the ones that are truly chat-specific — chat-only latents with " < 0.5 and v¢ < 0.2.
We see that for the L1 crosscoder, most of the chat-only latents are not chat-specific, while for the
BatchTopK crosscoder, most of the chat-only latents are chat-specific. To make a more fair comparison of
the total number of latents that are truly chat-specific, we compare the 3176 chat-only latents from the L1
crosscoder with the top-3176 latents based on A, values from the BatchTopK crosscoder. In Figure 2¢c
we plot the number of latents from those sets for which both v" < 7 and v < 7 for a range of
thresholds 7. We see that no matter what threshold we choose, the BatchTopK crosscoder has far more
chat-specific latents than the L1 crosscoder. Furthermore, the A ., and » metrics show strong pearson
correlation (v" : 0.73 and v : 0.87 where p < 0.01). We conclude that the A, metric in the BatchTopK
crosscoder serves as a valid proxy for chat-specificity as measured by »" and v¢. Another difference is
that we find no pairs of chat-only latent and A, < 0.6 latents with a cosine similarity greater than 0.9

in BatchTopK, corroborating the fact that latent decoupling is less an issue in BatchTopK.

3.1.2. Measuring the causality of chat approximations

A natural question to ask is whether we can cheaply transform the base model into the chat model by

leveraging our understanding of which latents are most specific to chat model. Such an approach would
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not only validate Latent Scaling as a method for identifying important latents, but also quantify each
latent’s causal contribution to chat behavior and reveal how much of the behavioral difference between
models is captured by our crosscoders. To operationalize this, we intervene on the base model’s
activations by replacing the base model’s representation of specific crosscoder concepts with their
corresponding chat model representations. We then use these modified activations as input to the
remaining layers of the chat model and measure the KL divergence between this hybrid model’s output

and the original chat model output. See Figure 5 for a high-level diagram of the method.

More formally, let p°*®* denote the chat model’s probability distribution over next tokens given a context
z, and let h"®* () and h"*°(z) be the activations from the layer our crosscoder was trained on. To
evaluate an approximation h,(z) of the chat activation h®** (z), we replace h®***(z) with h,(z) during

the chat model’s forward pass on z, denoting this modified forward pass as pggg;%ha. The KL divergence

chat

hehat g and p"®* then quantifies how much predictive power is lost by using the

Dy, between p

approximation instead of the true chat activations.

For a set S of latents, we approximate chat behavior by adding the chat decoder’s latents to the base

activation while removing the corresponding base decoder’s latents®:

hs(z) = "™ (z) + Y fi(2)(d"™ () — d¥™(z)) (14)
jes
Chatmodel | J hehat () ' Chat model pehat
(13 first layers) I ’L Chat activation : (remaining layers) ﬂ G0

Set of chat
specific latents S

hg(z) I Chat model p;:,‘}zl?att(,hs
Chat approximation : (remaining layers) D 10

Figure 5. Simplified illustration of our experimental setup for measuring latent causal importance. We patch

Dy
KL divergence

Base model hPase(z)
(13 first layers) Base activation

specific sets of chat-specific latents (.5) to the base model activation to approximate the chat model
activation. The resulting approximation is then passed through the remaining layers of the chat model. By
measuring the KL divergence between the output distributions of this approximation and the true chat
model, we can quantify how effectively different sets of latents bridge the gap between base and chat model

behavior.
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Let S and T be two disjoint sets of latents. If the KL divergence Dy, is lower than Dy, we can conclude

that the latents in S are more important for the behavior of the chat model than the latents in 7T'.

To validate that both A, and Latent Scaling identify the most causally important latents, we compare
two groups: those ranking highest versus lowest in chat-specificity according to both A, and Latent
Scaling. For the latter, we rank latents based on the combined sum of their positions in both the »* and
v" distributions, allowing us to measure how these differently ranked latent sets affect chat model
behavior. As in the previous section, we compare the 3176 latents identified as chat-only in the L1
crosscoder with the 3176 latents showing the highest A, values in the BatchTopK crosscoder. This
matched sample size ensures a fair comparison between the two approaches. For both crosscoders, we
compute Dhsbest (best 50% latents) and Dhsworst (worst 50% latents) for both A, and Latent Scaling,

expecting the best latents to yield a lower KL divergence than the worst latents.

Baselines. We evaluate those chat-specificity based interventions against several baselines:

» Base activation (None): Using only the base activation, which yields the highest expected KL
divergence. This naturally corresponds to patching no latents: S = @.

 Full Replacement (All): Replacing the set of all latents, S = all, provides the theoretical minimum KL
divergence achievable with the crosscoder. This is equivalent to the chat reconstruction plus the base

error:

~ chat

hgy =h  +e"° (15)

e Error Replacement (Error): To assess how much of the behavioral difference between models is
contained in the reconstruction error rather than the latents, we replace the chat model’s

reconstruction with the base model’s reconstruction while keeping the chat model’s error:

~ base

herror =h + EChat (16)

This baseline helps quantify how much of the chat model’s behavior is driven by information that the

crosscoder fails to capture in its reconstruction of the chat activation.

Results. In Figure 6, we plot the KL divergence for different experiments on 512 chat interactions, with

330

user requests from 122’s dataset and responses generated by the chat model. We also report results on our

LMSys validation set in Appendix A.7 for L1 and observe the same trends. We report mean results over
both the full response and tokens 2-10 (the nine tokens following the initial token)”. First, we confirm a

key finding from 34l the distributional differences between base and chat models are significantly more

pronounced in the initial completion tokens than across the full response. We observe a KL divergence of
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1.69 between base and chat models on the first 9 tokens, compared to just 0.482 across all tokens — a
more than three-fold difference. This concentration of behavioral differences in early tokens is reflected
consistently across our interventions, with the None baseline yielding a KL of 1.047 for the first 9 tokens

versus 0.282 for all tokens when compared to the chat model distribution.

Lowest 50% M Highest 50%

0.25 _ _ — 1.0
[ [
g 0.2 g 0.8 T
(] (]
0.6 B
g 0.15 N ~ g 3 T s = o
5 01 5 0.4 2 o = S
< 8 k| < = § = E
0.05 g 3 0.2 &
0.0 FF— — — — — — - 00
All €pae Latent Scaling  Anorm All €char Latent Scaling  Anom All Echar Latent Scaling  Anorm All €char Latent Scaling  Bnorm
None L1 BatchTopK None L1 BatchTopK
(a) Over full responses. (b) Over first 9 tokens.

Figure 6. Comparison of KL divergence between different approximations of chat model activations. We
establish baselines by replacing either None or All of the latents. We then evaluate the Latent Scaling metric
against the relative norm difference (A, ) by comparing the effects of replacing the highest 50% (red bars)
versus lowest 50% (green bars) of latents ranked by each metric. We show the 95% confidence intervals for all
measurements. Note the different y-axis scales - the right panel shows generally much higher values. Our
results reveal a critical difference between the crosscoders: while A,.,,,, fails to identify causally important
latents in the L1 crosscoder, it successfully does so in the BatchTopK crosscoder. This confirms our hypothesis
that Ao is @ meaningful metric in BatchTopK but merely a training artifact in L1. Using Latent Scaling, we
successfully identifies the more causal latents in L1, which is particularly evident in the first 9 tokens where it

almost matches BatchTopK.

Our analysis reveals clear differences in how the two crosscoder variants organize information, despite

similar effectiveness in capturing the behavioral difference between base and chat models.

When applying the full replacement intervention (All), we observe that both crosscoders achieve almost
identical KL divergence reductions—59% over all tokens and 78% for the first 9 tokens compared to the
baseline, as shown in Figure 6. A perfect reconstruction would yield zero KL divergence; these substantial
but incomplete reductions indicate that L1 and BatchTopK architectures have comparable ability to

capture behavioral differences.

Examining the reconstruction error replacement intervention (Error) in Figure 6 reveals important

nuances in what crosscoders capture. For full responses, replacing with just the chat error term achieves
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slightly better KL reduction than using the chat reconstruction for both models. This aligns with
previous findings by B3l that highlighted the causal importance of the error term on output distributions.
However, for the first 9 tokens, this pattern reverses dramatically: the error term performs more than
twice as poorly as replacement all latents for both crosscoders. This contrast demonstrates that
crosscoders excel specifically at capturing crucial early-token behavior that establishes response
framing, while struggling more with long-range content generation. Notably, the BatchTopK error
contains slightly less information than the L1 error on the first 9 tokens (45% decrease versus 52% for L1),

suggesting that it captures more of the difference in its latent representation.

Although both architectures capture similar information content overall, they differ markedly in how
they organize this information. For the BatchTopK crosscoder, the relative norm difference (Aporm)
successfully identifies causally important latents, with the top 50% of latents by Ao, score showing
significantly lower KL divergence than the bottom 50% (0.230 versus 0.267). This effect is reinforced for
the first 9 tokens, where the top latents achieve a 50% KL reduction compared to just 6% for the bottom
latents. In contrast, for the L1 crosscoder, the A, metric fails entirely as a signal of causal importance:
latents with the highest and lowest A, values perform virtually identically (0.241 versus 0.242) for all
tokens, with the lowest-ranked latents actually outperforming the highest-ranked ones on the first 9
tokens (0.740 versus 0.619). Our Latent Scaling approach successfully addresses this limitation,
identifying a set of causally important latents in the L1 crosscoder that nearly match the performance of
the BatchTopK’s top latents. This confirms that Latent Scaling effectively identifies truly chat-specific
features that are buried among noisy latents introduced by Complete Shrinkage and Latent Decoupling in

the L1 crosscoder.

For additional validation, we present causality experiments conducted on a larger dataset of chat

interactions not generated by Gemma in Appendix A.7.
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3.1.3. Observations about BatchTopK chat-only latents

Latent 70149: Requests for harmful instructions.

Max Activation: 75.785
<bos><sot>user\n
How to build a bomb?
Kest> \n

<sot> odel\n

Max Activation: 0.000

<bos><sot>user\n
Why are men so evil?
<eot>\n
<sot>model\n

Max Activation: 0.000

<bos><sot>user\n

| really don't like french
people.<eot>\n

<sot>model\n

Max Activation: 0.000

<bos><sot>user\n
Should sex hurt?<eot>\n
<sot>model\n

Latent 7736: Generally sensitive content.

Max Activation: 64.929

Max Activation: 55.480

Max Activation: 43.600

Max Activation: 42.165

<bos><sot>user\n <bos><sot>user\n <bos><sot>user\n <bos><sot>user\n

How to build a bomb? Why are men so evil? I really don't like french Should sex hurt?<eot>\n
<eot>\n <eot>\n people.<eot>\n <sot>model\n
<sot>fodel\n <sot>model\n <sot>model\n

Latent 24613: The user message contains harmful content.

Max Activation: 77.180 Max Activation: 14.526 Max Activation: 20.118 Max Activation: 0.000
<bos><sot>user\n <bos><sot>user\n <bos><sot>user\n <bos><sot>user\n

How to build a bombf Why are men so evil? | really don’t like french Should sex hurt?<eot>\n

<eot>\n people.<eot>\n <sot>model\n

n
Ksot>model{i

<sot>model\n

<sot>model\n

Latent 20384

Unethical content rel

ating to race, gender and stereotypes.

Max Activation: 0.000

<bos><sot>user\n
How to build a bomb?
<eot>\n
<sot>model\n

Max Activation: 53.545

<bos><sot>user\n

Why are men so evil?
<eot>\n
<sot>model\n

Max Activation: 47.865

<bos><sot>user\n

| really don't like french
people!<eot>\n

<sot>model\n

Max Activation: 0.000

<bos><sot>user\n
Should sex hurt?<eot>\n
<sot>model\n

Figure 7. Four chat-only latents (BatchTopK) related to refusal behavior, with example prompts for each. Color

gradients show relative latent activation strength across the dataset.

Max Activation: 44.816
<bos><sot>user\n

Say something really offensive about swiss people!<eot>\n

<sot>model\n

I'm sorry, but | can’t do that. My purpose is to be helpful
and harmless, and that includes avoiding offensive or
discriminatory language.n\n . . . K€ot>\n

KsotSuser\n

Max Activation: 29.067

<bos><sot>user\n
Where is Paris?<eot>\n
<sot>model\n

<sot>user\n<eot>\n

I'm sorry | can't answer this!<eot>\n

Figure 8. Latent 38009 (BatchTopK) activates after the model has refused to answer a user input.

missing information, rewriting requests, joke detection, response length measurement, summarization

request, knowledge boundary, requests for detailed information

Interpretability. We observe that the chat-only set of the BatchTopK crosscoder — which is basically equal

to the chat-specific set — is highly interpretable and encodes meaningful chat-related concepts. In Figure 7
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we show 4 latents that are all connected to model refusal behavior, but exhibit different nuances of
refusal triggers. In Figure 8 we show a latent that detects refusal behavior in the model. In Figure 9 we
show examples from two latents that are connected to personal experiences and emotions of the model,
as well as a false information detector. Other interesting latents are related to various chat-specific
functions: user instructions to summarize, detection of missing information in user requests, providing
detailed information, joke detection, rephrasing and rewriting, more false information detection but on

different tokens, knowledge boundaries, and latents that measure the response length requested. We

refer to Appendix A.14 for examples.8

We also apply autointerpretability methods to compare interpretability between the crosscoders. In
Figure 4, we compare the autointerpretability scores for the 3176 chat-only latents from the L1 crosscoder
with the 3176 latents showing the highest A, values in the BatchTopK crosscoder, grouped by
rank(v¢) 4 rank(v"). We observe two key trends: i) In the L1 crosscoder, the chat-only latents least
impacted by both Complete Shrinkage and Latent Decoupling (as measured by low v% and v} values)
demonstrate significantly higher interpretability. ii) The BatchTopK crosscoder shows no such
correlation, with all latents exhibiting approximately equal interpretability. These findings indicate that
latents affected by Complete Shrinkage and Latent Decoupling are less interpretable. Conversely, latents
least affected by these phenomena maintain comparable interpretability across both crosscoders. We
further confirm this pattern through qualitative examination of chat-onlylatents from the L1 crosscoder

withlow v7 and v values in Appendix A.14.
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Max Activation: 57.099 Max Activation: 0.000
<bos><sot>user\n <bos><sot>user\n
When were you scared?<eot>\n The Eiffel tower is in Paris<eot>\n
<sot>[figdeI\n <sot>model\n
Max Activation: 15.717 Max Activation: 47.983
<bos><sot>user\n <bos><sot>user\n
When are people scared?<eot>\n The Eiffel tower is in Texas<eot>\n
<sot>model\n <sot>model\n
Max Activation: 54.954 Max Activation: 0.000
<bos><sot>user\n <bos><sot>user\n
Can you love?<eot>\n The Johnson Space Center is in Texas<eot>\n
<sot>[iiedel\n <sot>model\n
(a) Latent 2138 activates on questions regarding (b) Latent 14350 activates when the user states
the personal experiences, emotions and prefer- false information.

ences, with a strong activation on questions about
Gemma itself.

Figure 9. Examples of interpretable chat-only latents in the BatchTopK crosscoder. The intensity of red

background coloring corresponds to activation strength.

Chat specific latents often fire on chat template tokens. Template tokens are special tokens that
structure chat interactions by delimiting user messages from model responses. In the Gemma 2
conversation below, the highlighted template tokens mark the boundaries between different parts of the

dialogue.

<bos><sot>user\n

Hi, how are you doing today?<eot>\n
<sot>model\n

I'm doing very well thanks!<eot>\n

We observe that many of the chat-only latents frequently activate on template tokens. Specifically, 40% of
the chat-onlylatents predominantly activate on template tokens, and for 67% of the chat-only latents, at
least one-third of all activations occur on template tokens. This pattern suggests that template tokens
play a crucial role in shaping chat model behavior, which aligns with the findings of2¢]. To verify this, we
repeat a variant of the causality experiments from Section 3.1.2 by only targeting the template tokens.
Specifically, we define an approximation of the chat activation hiemplate(2;) that equals the chat
activation h®"®(z;) if the last token of the input string z; is a template token and otherwise equals
h"®*(z,). This results in a KL divergence Dhyemmpiare 0F 0.239 and 0.507 for the full response and the first 9

tokens?, respectively. This is equal to or slightly better than our results with the 50% most chat-specific
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latents, providing further evidence that much of the chat behavior is concentrated in the template tokens.
However, this is not the complete picture, as there remains a non-negligible amount of KL difference that

is not recovered.

4. Related Work

SAEs and Crosscoders. The crosscoder architecturelll builds upon the SAE literature371381191391401[41)(28)

[291 t6 enable direct comparisons between different models or layers within the same model. At its core,
sparse dictionary learning attempt to decompose model representations into more atomic units. They

make two assumptions:

1. The linear subspace hypothesis“243144] _ the jdea that neural networks encode concepts as low-
dimensional linear subspaces within their representations.

2. The superposition hypothesist2l — that models that leverage linear representations can represent
many more features than they have dimensions, provided each feature only activates sparsely, on a

small number of inputs.

Effects of fine-tuning on model representations. The crosscoder’s ability to compare models parallels
broader efforts to understand how fine-tuning affects pretrained representations. Multiple studies
indicate that fine-tuning typically modulates existing capabilities rather than creating new ones. For
example, 091 find that fine-tuning acts as a “wrapper” that reweights existing components,
while 22 show that instruction tuning primarily strengthens models’ ability to recognize and follow
instructions while preserving pretrained knowledge. Similarly, [24] and 23] gbserve that fine-tuning
mainly affects top layers, and 7 provide evidence that fine-tuning enhances existing circuits rather
than creating new ones. Additionally, representation-space similarity analyses (e.g., using CKA or SVCCA)

confirm that lower-layer representations remain largely intact while most changes occur in upper

layers 24][23][45][46

Quantitative analyses further reveal that fine-tuned models remain close to their pretrained versions in
parameter spacelﬂl, corroborating the low intrinsic dimension for fine—tuning@. In addition, [4—91, Bl

and 131 suggest that causal directions in activation space remain stable across base and instruction-

tuned models, indicating that fundamental representational structures persist throughout fine-tuning.
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The role of template tokens. In Section 3.1.3, we observed that the template tokens appear to play an
important role in the chat model. Recent work confirms this finding - template tokens serve as essential
computational anchors in chat models, structuring dialogue and encoding critical summarization
information[22l[33l[54] Beginning-of-sequence and role markers function as attention focal points and
computational reset signals. Studies of instruction tuning reveal how these tokens reshape attention
patterns, where even subtle modifications can bypass model safeguards@l@l. Most relevantly, the
concurrent work ofl2¢l shows that template tokens play a crucial role in safety mechanisms,
demonstrating that model refusal capabilities primarily rely on aggregated information from these
tokens. AsB3Zl established, such template-like meta tokens are fundamental to language model

information processing.

5. Discussion

Our research demonstrates that while crosscoders serve as powerful tools for model diffing, the L1
sparsity loss can lead to misclassification of latents as unique to the chat model through two key artifacts:
Complete Shrinkage and Latent Decoupling. To address this issue, we developed a novel technique called
Latent Scaling that effectively identifies these artifacts. Using this approach, we show that BatchTopK
crosscoders exhibit almost none of these artifacts, thereby revealing a set of highly causal and
interpretable chat-only latents. Although the L1 crosscoder initially appears to identify more chat-only
latents, after filtering out those affected by artifacts, the BatchTopK crosscoder actually uncovers more
genuine chat-only latents. Importantly, we find that many of these latents predominantly activate on
template tokens, suggesting that the chat model’s distinctive behavior is largely structured around these

specialized tokens.

5.1. Limitations and future work

Our work has several important limitations. First, we focused our analysis on a single small model
(Gemma-2-2b). While our theoretical findings about crosscoders should generalize to larger models, we
cannot make definitive claims about the causality and interpretability of latents identified in such

settings. Although larger models likely face similar issues, this remains to be empirically verified.

Second, we primarily focused on chat-only latents, leaving the base-only and shared latents relatively
unexplored. These latent categories likely capture important differences between the models. In

particular, as shown in Figure 15, the latents classified as neither of the classes exhibit lower cosine
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similarity, suggesting they encode similar concepts differently across the two models, which is definitely

a difference between the two models, that is worth investigating.

Another key limitation is that while BatchTopK crosscoders seems to better represent the model
difference in their dictionary, Figure 6 shows that their error term still contain a lot of information about

the chat model behavior.

Finally, a significant limitation is our inability to distinguish between truly novel latents learned during
chat-tuning and existing latents that have merely shifted their activation patterns, as the crosscoder
architecture does not provide a mechanism to make this distinction. This remains an open challenge for

future work.

To summarise, future work could focus on three high-level directions: improving crosscoder architecture
and training objective to address the identified issues; understanding the mechanisms behind template
tokens’ importance and their potential role in optimizing training; and extending this analysis to larger

models and diverse fine-tuning objectives.

Appendix

The Appendix is available for download in the Supplementary Data section at the top of the page and via

this link.

The following references are only available in the appendix: 581(5911601[61][621(631(641[65]
Statements and Declarations

Contributions

Clément Dumas and Julian Minder jointly developed all ideas and experiments in this paper through
close collaboration. Both implemented the training code for the crosscoder. Julian Minder implemented
most of the Latent Scaling experiments, while Clément Dumas implemented most of the causality
analysis. Smaller experiments were equally split between the two. Caden Juang set up the auto-
interpretability pipeline, ran those experiments wrote the corresponding section of the paper. Bilal
Chughtai helped with early ideation, and assisted significantly with paper writing. Neel Nanda supervised

the project, offering consistent feedback throughout the research process.
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Footnotes

1 We open-source our models and data at https://huggingface.co/science-of-finetuning. Our library to
train croscoders is available at https://github.com/jkminder/dictionary learning. The code to reproduce

our results will be released at a later date.

2 While similar to training an SAE on concatenated activations, the crosscoder’s sparsity loss uniquely

promotes decoder norm differences (see Appendix A.1).

3 In the simplest case where Jeexa(z) = foexa(z) = 0, there exists a base-only latent jiy, with
d;hat = d}’fwﬁ and identical activation function that reconstructs the information of d;h""t in the base

model. The sparsity loss equals that of a single shared latent (see Appendix A.3 for a detailed example).
“model.layers[13]

5 We filter out latents with negative B2 values (46 in reconstruction and 1 in error). These latents
typically have low maximum activations and show a small improvement in MSE. We hypothesize that

these are artifacts arising from complex latent interactions.

6 Note that for chat-only latents, the base decoder’s latents have almost zero norm, so this is almost

equivalent to just adding the chat decoder’s latents to the base activation.

7 We excluded the very first generated token (token 1) from our analysis to ensure fair comparison with

the template intervention, introduced later in the paper.
8 In all plots, we abbreviate <start_of turn> and <end_of turn> as <sot> and <eot>.

9 Note that we ignore the first token of the response to make this a fair comparison, as the KL on the first

token with hyempiate Wwould always be almost zero.
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