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ABSTRACT

Language models obtain extensive capabilities through pre-training. However,
the pre-training dynamics remains a black box. In this work, we track linear
interpretable feature evolution across pre-training snapshots using a sparse dic-
tionary learning method called crosscoders. We find that most features begin
to form around a specific point, while more complex patterns emerge in later
training stages. Feature attribution analyses reveal causal connections between
feature evolution and downstream performance. Our feature-level observations
are highly consistent with previous findings on Transformer’s two-stage learn-
ing process, which we term a statistical learning phase and a feature learning
phase. Our work opens up the possibility to track fine-grained representation
progress during language model learning dynamics. Our code is available at
https://github.com/OpenMOSS/Language-Model-SAEs.

1 INTRODUCTION

Pre-training (Radford et al., 2018; Devlin et al., 2019) has emerged as the dominant paradigm for de-
veloping frontier large language models (LLM) (OpenAI, 2023; Grattafiori et al., 2024; Yang et al.,
2025). Despite its remarkable success, the pre-training process remains largely a black box. While
scaling laws (Hestness et al., 2017; Kaplan et al., 2020; Bahri et al., 2021) reveal the predictable
relationships between compute, data, and loss, they offer limited insight into the internal reorgani-
zation occurring within the model parameters. Other theoretical frameworks on learning dynamics,
including neural tangent kernel (Jacot et al., 2018), information bottleneck theory (Tishby & Za-
slavsky, 2015; Shwartz-Ziv & Tishby, 2017), and singular learning theory (Watanabe, 2009; Lau
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et al., 2024; Wang et al., 2025a) — provide high-level explanations on why we can observe gener-
alization and grokking (Power et al., 2022; Nanda et al., 2023). However, a fundamental question
— how do LLMs actually develop their capabilities internally during pre-training — has remained
largely opaque.

Recent advances in mechanistic interpretability, particularly through dictionary learning methods
based on sparse autoencoders (SAEs), have begun to illuminate the internal representation of neural
networks (Bricken et al., 2023; Templeton et al., 2024; Gao et al., 2025). By disentangling the
phenomenon of superposition (Elhage et al., 2022), sparse autoencoders show their capabilities in
extracting millions of features from LLM activations, demonstrating that LLMs encode human-
interpretable concepts as linear directions in their activation spaces. However, these analyses have
predominantly focused on studying fully-trained models. Consequently, the process of how features
initially emerge and evolve throughout the training process remains largely unexplored.

In this paper, we propose to track feature evolution across pre-training snapshots using cross-
coders (Lindsey et al., 2024), a variant of sparse autoencoders designed to simultaneously identify
and align features from a family of correlated model activations. While originally introduced to
resolve cross-layer superposition and track features distributed across layers, we adapt this approach
to analyze activations from different training checkpoints. By applying cross-snapshot crosscoders,
we can observe where features emerge, rotate, and degenerate, thereby providing deeper insight into
the internal dynamics of model pre-training. Our main contributions are as follows:

1. To the best of our knowledge, this work is the first to adapt crosscoders to study training dy-
namics (Section 3). We evaluate completeness and faithfulness of interpretations provided by
crosscoders in Appendix A.

2. We perform in-depth analyses on cross-snapshot features in Section 4. We empirically show that
the decoder norms can serve as proxies of feature evolution status, and showcase both general
and per-feature evolutionary properties.

3. Our method successfully connects the microscopic features to the macroscopic downstream task
metrics using attribution-based circuit tracing techniques (Section 5).

4. We show evidence for the phase transition from a statistical learning phase to a feature learning
phase in Section 6.

2 RELATED WORKS

Learning dynamics and phase transitions. Multiple theoretical frameworks explain neural net-
work training dynamics. Neural Tangent Kernel (NTK) theory (Jacot et al., 2018) establishes that
infinite-width networks evolve as kernel machines with fixed kernels during gradient descent, with
extensions to finite-width corrections (Dyer & Gur-Ari, 2020) and modern architectures (Yang,
2020; Yang & Littwin, 2021). Recent work identifies phase transitions and lazy regimes in training
dynamics (Kumar et al., 2024; Zhou et al., 2025). Information Bottleneck (IB) theory (Tishby & Za-
slavsky, 2015) formulates deep learning as optimizing compression-prediction tradeoffs. Shwartz-
Ziv & Tishby (2017) empirically demonstrates two distinct training phases—initial fitting followed
by compression—which aligns with our findings in Section 6. Singular Learning Theory (SLT)
treats neural networks as singular statistical models. Watanabe (1999; 2009) introduces the Real
Log Canonical Threshold to provide geometric complexity measures predicting phase transitions,
with recent advances enabling practical estimation at scale through Local Learning Coefficients (Lau
et al., 2024; Furman & Lau, 2024; Wang et al., 2025a). Our work complements these theoretical
frameworks by providing detailed mechanistic accounts of feature evolution during transformer pre-
training, bridging high-level theory with empirical observations.

Sparse dictionary learning. The superposition hypothesis posits that models use linear repre-
sentations (Bengio et al., 2014; Alain & Bengio, 2017; Vargas & Cotterell, 2020) to embed more
features than neurons (Olah et al., 2020; Elhage et al., 2022). Sparse Autoencoders (SAEs) (Bricken
et al., 2023; Huben et al., 2024; He et al., 2024) extract monosemantic features from superposi-
tion using sparse dictionary learning, with subsequent improvements and scaling efforts (Gao et al.,
2025; Rajamanoharan et al., 2024). Ge et al. (2024) and Dunefsky et al. (2024) propose transcoders,
an SAE variant that predicts future activations to improve circuit tracability. Recently, Lindsey et al.
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(2024) introduces crosscoders to simultaneously read and write to multiple layers. Mishra-Sharma
et al. (2024); Minder et al. (2025) leverages crosscoders for capturing the difference between pre-
trained models and their chat-tuned versions.

3 TRACKING THE EVOLUTION OF FEATURES

Collecting Activations
The Crosscoder is trained to simultaneously
decompose the activations - at a given position and a
given input - of multiple pre-training snapshots.
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Figure 1: Overview of our method. The crosscoder is trained to decompose activations of multiple
pre-training snapshots (left) into sparse features (right).

Crosscoder architecture. For a given text corpus C and a family of training snapshots Θ saved
during LLM pre-training, let A = {aθ : C × N → Rdmodel | θ ∈ Θ} denote a corresponding family
of parameterized functions mapping input datapoints to model activations at a specific layer. Each
datapoint x = (c, j) ∈ C × N is a training token in C, indexing the j-th token in sequence c.

A cross-snapshot crosscoder (Lindsey et al., 2024) operates on the parameterized function family A
over corpus C (Figure 1). The crosscoder architecture is defined by:

f(x) = σ

(∑
θ∈Θ

W θ
enca

θ(x) + benc

)
âθ(x) = W θ

decf(x) + bθdec

(1)

with W θ
enc ∈ Rnfeatures×dmodel , benc ∈ Rnfeatures , W θ

dec ∈ Rdmodel×nfeatures , and bθdec ∈ Rdmodel . The parameters
W θ

enc, W θ
dec, and bθdec correspond to snapshot-specific encoder and decoder weights for parameter θ.

The activation function σ(·) produces sparse feature activations f(x) shared for all snapshots, and
âθ(x) denotes the reconstructed term of model activation aθ(x).

Training objectives. The crosscoder is trained to minimize the loss:

L(x) =
∑
θ∈Θ

||aθ(x)− âθ(x)||2︸ ︷︷ ︸
Reconstruction loss

+λsparsity

∑
θ∈Θ

nfeatures∑
i=1

Ω
(
fi(x) · ||W θ

dec,i||
)

︸ ︷︷ ︸
Sparsity loss

(2)

where λsparsity is a hyperparameter to control the trade-off between reconstruction fidelity and feature
sparsity. The regularization function Ω(·) serves as a differentiable substitute for L0 regularization,
penalizing non-sparse feature activations. We include the decoder norm ||W θ

dec,i|| in the regulariza-
tion term to prevent the crosscoder from trivially reducing the feature activation fi(x) while inflat-
ing the decoder norms under imperfect L0 approximations such as L1 regularization. Appendix A.1
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Figure 3: Comparison between crosscoders and per-snapshot SAEs. (a) The explained variance of
crosscoders versus SAEs at each snapshot. (b) The L0 norm of crosscoders versus SAEs at each
snapshot. (c) The Pareto frontier comparison of crosscoders and SAEs trained on the final snapshot.

shows the details for selecting the proper activation function σ(·) and regularization function Ω(·)
to optimize crosscoder feature sparsity.

Experimental setup. We use Pythia-160M and Pythia-6.9B (Biderman et al., 2023) for our ex-
periments throughout this work. Pythia is a Transformer language model suite with well-controlled
training settings and accessibility to training snapshots. We select the middle layers (Layer 6 of
Pythia-160M and Layer 16 of Pythia-6.9B) for training crosscoders. To balance training cost with
the granularity of feature evolution analysis, we select 32 snapshots out of 154 open-source snap-
shots ranging from step 0 to 143,000, with a stratified sampling approach: (1) all 20 snapshots before
step 10,000 to capture early feature evolution with maximum temporal resolution, and (2) 12 evenly
spaced snapshots from later training stages, containing 4 snapshots from steps 14,000–34,000 and
8 snapshots from steps 47,000–143,000. We use SlimPajama (Shen et al., 2023), a comprehensive
text dataset covering a variety of data sources to sample activations.
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Figure 2: Explained variances versus L0
norms of our crosscoders.

Results. Figure 2 demonstrates crosscoder performance
in decomposing model activations into sparse feature rep-
resentations. We evaluate reconstruction quality (mea-
sured by activation variance explained) and sparsity (mea-
sured by L0 norm averaged across snapshots). Increasing
dictionary size nfeatures yields significant Pareto improve-
ments across both metrics.

To examine whether crosscoders can extract cross-
snapshot features and align identical features in consistent
directions within the feature space, we compare cross-
coder performance against corresponding SAEs trained
individually on each Pythia snapshot. We train SAEs us-
ing identical settings and hyperparameters as crosscoders on each snapshot. Figures 9a and 9b
demonstrate that crosscoders achieve comparable performance in L0 norm and explained variance
at each snapshot, even when SAEs are optimized for individual snapshots where they should have a
theoretical advantage.

We further compare the Pareto frontiers (explained variance versus L0 norm) between crosscoders
and SAEs trained on the final snapshot. Figure 9c shows that crosscoders exhibit a slightly superior
Pareto frontier, demonstrating their effectiveness in sparse dictionary learning beyond their primary
capability of tracking feature evolution across snapshots.

Feature evolution revealed by crosscoders. An important advantage of crosscoders is the unified
feature space (or sparse codes) they reveal. The crosscoder encoder aggregates cross-snapshot infor-
mation to produce shared feature activations. Then these activations are translated back to recover
the original activations by a group of independent decoders (or dictionaries).
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If a feature activates but “exists” at only a subset of snapshots, the sparse penalty will suppress
the decoder norms of this feature at irrelevant snapshots to near-zero so they won’t interfere with
reconstruction on these snapshots and also reduce sparsity loss.

This design principle leads to a crucial observation: the decoder norm ∥W θ
dec,i∥ directly reflects the

strength and presence of feature i at snapshot θ. Therefore, tracking decoder norm changes across
snapshots provides a direct window into feature evolution dynamics. Appendix C provides a sanity
check of whether ∥W θ

dec,i∥ can indeed serve as a proxy of feature strength using linear probes.

Potential failure modes of crosscoder feature alignment. Before assessing crosscoder features,
we further discuss two theoretical concerns about cross-snapshot feature alignment:

Will crosscoders misalign unrelated features? Such misalignment would strongly contradict the
optimization objective of crosscoders. The distinct activation patterns of unrelated features would
conflict when forced into the same dimension. Once a feature activates, it would cause others to
activate simultaneously, introducing noise in the reconstruction. In terms of results, misalignment
would lead to the polysemanticity of crosscoder features, damaging the consistency of their inter-
pretation, which our interpretability evaluation demonstrates does not occur.

Will crosscoders split shared features? Suppose features from different snapshots represent the
same underlying concept with identical activation patterns, splitting them across multiple dimen-
sions would be suboptimal: it wastes representational capacity in feature space, as both previous
works (Gao et al., 2025; Templeton et al., 2024) and Appendix A.4 prove that feature space di-
mensionality is crucial for better reconstruction fidelity. Nevertheless, in rare cases, we do observe
feature splitting among highly active features. These features share semantic and directional simi-
larity but exhibit subtly different activation patterns that justify separate dimensions. We detail this
phenomenon in Appendix F.

These considerations suggest that crosscoders should naturally achieve effective feature alignment,
mapping semantically equivalent features from different snapshots to consistent positions in the
unified feature space.

4 ASSESSING CROSS-SNAPSHOT FEATURES

4.1 OVERVIEW OF FEATURE EVOLUTION
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Figure 4: Overview of cross-snapshot feature decoder norm evolution. Features are extracted by
a 98,304-feature crosscoder on Pythia-160M (top) and a 32,768-feature crosscoder on Pythia-6.9B
(bottom).
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Figure 4 shows 50 randomly sampled features and their decoder norm evolution across snapshots.
Each feature’s decoder norms are linearly rescaled to a maximum of 1. Most cross-snapshot features
exhibit two distinct developmental patterns:

1. Initialization features that exist from random initialization, exhibit a sudden drop and recovery
around step 128, then gradually decay. The existence of these features has been established
by Bricken et al. (2023) and Heap et al. (2025).

2. Emergent features that begin forming primarily around step 1000, reaching peak intensity at
various subsequent training steps. There also exists emergent features only appearing in late
training, which we discuss in later sections.
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Figure 5: Statistics of emergent features in a 98,304-feature crosscoder on Pythia-160M. (a) Distri-
bution of peak emergence times. (b) Distribution of feature lifetime. (c) Mean projection of each
feature’s decoder vector of snapshot θi onto its decoder vector of snapshot θj .

Feature emergence steepness. Previous studies suggest that loss curves comprise discrete phase
changes, each contributing to different circuits at distinct training stages, with evidence from toy
model features (Elhage et al., 2022), 5-digit addition (Nanda et al., 2023), and in-context learn-
ing (Olsson et al., 2022). From a feature evolution perspective, we investigate whether features
emerge abruptly enough to constitute the fundamental units of these phase transitions. By evalu-
ating the time spent by each feature from initial emergence to peakness, we find that emergence
steepness exhibits considerable variation, demonstrating the coexistence of both gradually-formed
and abruptly-appearing features.

Feature persistence after emergence. We next examine whether emergent features persist after
formation. We define the lifetime of a crosscoder feature as |{j | ∥W θj

dec,i∥ > 0.3}|, where a
threshold is introduced to block out near-zero decoder norms. Figure 5b shows the lifetimes of all
emergent features. We find that most features persist for extended periods (above 60% of snapshots)
after formation, indicating that: (1) LLMs retain learned features robustly, and (2) our crosscoders
successfully align and track these features across snapshots.

A universal directional turning point. To further investigate the geometry of feature evolution,
we compute the projections between feature directions across snapshots. The directional evolution
patterns prove remarkably consistent: most features undergo drastic directional shifts around step
1,000, rendering pre- and post-step 1,000 directions nearly orthogonal (Figure 5c). Subsequently,
features continue to rotate more gradually, with directions at the final snapshot maintaining notable
cosine similarities to their initial post-step 1,000 orientations—a significant finding given the high-
dimensional activation space.

4.2 CORRELATION BETWEEN EMERGENCE STEP AND COMPLEXITY

To gain deeper insights into features emerging at different training stages, we leverage LLMs to
automatically assess their complexity based on top activation patterns.

We follow Cunningham & Conerly (2024) to score feature complexity for 100 randomly sampled
emergent features based on their top activations, ranging from 1 (simple) to 5 (complex). The
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result in Figure 6a reveals a non-trivial correlation with moderate strength between peak timing
and complexity scores, suggesting that more complex features tend to emerge later in training. The
scoring rubrics and complete prompt for automated complexity scoring can be found in Appendix B.
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Figure 6: (a) Complexity scores (evaluated by Claude Sonnet 4) versus peak emergence times,
showing a moderate positive correlation (Pearson r = 0.309, p = 0.002). (b) Decoder norm evolution
trajectories for all previous token, induction, and context-sensitive features across training. (c) More
cases of feature decoder norm evolution trajectories.

4.3 CASE STUDY ON TYPICAL CROSS-SNAPSHOT FEATURES

We employ simple rule-based approaches to find several well-studied feature types in a crosscoder
with 32,768 features trained on Pythia-6.9B, including previous token features (which activate
based on the preceding token), induction features (which activate on the second [A] in patterns
[A][B]...[A][B] and help predict [B]), and context-sensitive features. These feature categories are
extensively documented in prior research on neurons and SAE features (Gurnee et al., 2024; Huben
et al., 2024; Ge et al., 2024).

Figure 6b demonstrates the distinct temporal pattern in feature emergence: previous token features
arise early (around steps 1,000–5,000), while induction and context-sensitive features appear later
and over a wider range (mostly steps 10,000–100,000). This suggests a general emergence hierarchy,
from previous token to induction to context-sensitive features, which aligns with their increasing
complexity. This finding is also consistent with the causal dependency between induction heads and
previous token heads (Olsson et al., 2022).

For the majority of features that cannot fit into specific rule-based patterns, we further demonstrate
additional cases of random emergent features with different evolutionary patterns (Figure 6c). La-
bels are annotated by summarizing the top activation samples.

5 CONNECTING MICROSCOPIC EVOLUTION TO MACROSCOPIC BEHAVIORS

One of the ambitious missions of mechanistic interpretability research is to connect feature-level
findings with the model’s downstream performance. To this end, we employ attribution-based circuit
tracing techniques (Syed et al., 2023; Ge et al., 2024; Marks et al., 2025) to investigate the causal
effects of crosscoder features formation on downstream task metrics improvements.

Method. Let metric m : Rdmodel → R be an arbitrary scalar-valued function of model activations
aθ(x).1 To quantify the causal effect of each feature activation fi(x) on metric m, we first decom-
pose model activations into per-feature representations:

aθ(x) = âθ(x) + ϵθ(x) =

nfeatures∑
i=1

fi(x) ·W θ
dec,i + bθdec + ϵθ(x) (3)

1The original notation in Marks et al. (2025) uses m as a function of input x, where the computation graph
flows through nodes of interest. Since we focus on feature effects within a single layer (e.g., layer 6 of Pythia-
160M), we simplify m as a function of model activations to avoid complex intervention notation.
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where ϵθ(x) ∈ Rdmodel represents the crosscoder reconstruction error. This decomposition incorpo-
rates crosscoder features into the computation graph, enabling gradient computation with respect to
features. We then estimate each feature’s causal effect using its attribution score:

attrθi (x) = fi(x) ·
∂m(aθ(x))

∂fi(x)
(4)

where the gradient ∂m
∂fi

flows through the decomposition in Eq. 3. This attribution score employs
first-order Taylor expansion as a linear approximation of model computation.

For structured downstream tasks with clean/corrupted input pairs, such as subject-verb agree-
ment (Finlayson et al., 2021), we can employ the full framework of attribution patching (Syed et al.,
2023; Marks et al., 2025) by emphasizing differences between clean and corrupted inputs:

attrθi (x, x̃) = [fi(x)− fi(x̃)] ·
∂m(aθ(x))

∂fi(x)
(5)

where x̃ is the corrupted version of input x. Attribution patching isolates components explain-
ing the transition from corrupted to clean performance, excluding the majority of components that
contribute to baseline model function. This focused approach improves the validity of the linear
approximation.

In practice, we employ the integrated gradient (IG) version of the attribution scores defined in Eq. 4
and Eq. 5, which compute gradients at evenly-spaced points from x to x̃ (x to zero vector in the pure
attribution case). Details of IG computation can be found in Appendix E.
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Figure 7: Crosscoder feature attribution on the Across-PP variant of the subject-verb agreement
task, e.g. “The teachers near the desk are”. We use a crosscoder train at layer 6 of Pythia-160M with
98,304 features. (a) The attribution scores of top contributing features over time. (b) The metric
recovery when ablating all features except the top k contributing features. (c) The metric recovery
when ablating the top k contributing features. (d) Top activation samples of key features contribut-
ing to this task. Features recognizing plural nouns appear before features recognizing postposition
attributives.

Experimental setup. We evaluate our method on subject-verb agreement (SVA) (Finlayson et al.,
2021), induction, and indirect object identification (IOI) (Wang et al., 2023) tasks, using 1000 sam-
ples each to identify critical features.

For SVA and IOI, we create corrupted controls by swapping singular/plural forms (SVA) or altering
the second subject (IOI), using logit differences between clean and corrupted answers as metrics. For
induction, which lacks natural corruptions, we use target answer log probabilities. We compute IG
attribution scores for all features on a 98,304-feature crosscoder trained on Pythia-160M, and rank
crosscoder feature contribution by mean attribution scores across all snapshots. We then perform
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complementary ablations: (1) removing top-ranked features, and (2) removing all except top-ranked
features.

Results. Figure 7 shows results for the Across-PP variant of SVA, where postpositional attribu-
tives separate subjects and verbs, e.g. “The teachers near the desk are”. We identify key contributing
features ordered by emergence time: (1) Features 18341 and 47045 capture plural nouns, with 47045
specialized for plural subjects; (2) Feature 68813 marks compound subjects and postpositional at-
tributives; (3) Features 50159 and 69636 identify endings of postpositional attributives, with 69636
showing higher accuracy. Additional features include subject-specific and context-specialized plu-
ral markers with lower task contributions. Notably, Features 68813, 50159, and 69636 alternately
dominate the metric, revealing circuit-level model evolution through component iteration.

Ablation experiments across all tasks demonstrate that within tens of features, we can consistently
disrupt or recover model performance on downstream tasks across training snapshots, confirming
our method identifies necessary and sufficient task components.

6 OBSERVATIONS OF A STATISTICAL-TO-SUPERPOSITION TRANSITION
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Figure 8: Observations supporting a statistical-to-superposition transition in Pythia-160M and
Pythia-6.9B. (a) Unigram and bigram KL divergence evolution in Pythia-160M. The convergence
timing of KL divergences coincides with when training loss approaches the theoretical minimum
(unigram/bigram entropy). (b) Unigram and bigram KL divergence evolution in Pythia-6.9B. (c)
Total feature dimensionality ratio (relative to activation space dimension) over training time.

What is the model learning at the beginning of training while the training loss rapidly decreases, if
no features are formed at this period? We hypothesize that the rapid loss decrease in early train-
ing is driven by learning coarse statistical patterns, rather than by forming distinct features. After
this initial optimization nears completion, sparse features emerge in superposition for further loss
reduction.

This two-stage structure is deeply consistent with the fitting-to-compressing phase transition pre-
dicted by the information bottleneck theory (Shwartz-Ziv & Tishby, 2017).

Early training almost exclusively learns uni- and bi-gram distributions. Following previous
work on language model learning statistical patterns (Takahashi & Tanaka-Ishii, 2017; Xu et al.,
2019; Choshen et al., 2022; Belrose et al., 2024; Svete & Cotterell, 2024; Nguyen, 2024; Chen
et al., 2024), we compute the KL divergence between the true token distribution Q and the model’s
predicted distribution P . We randomly sample 10M tokens from SlimPajama to approximate both
distributions. We then evaluate unigram KL divergence DKL(P (x) ∥ Q(x)) and bigram KL diver-
gence DKL(P (xi | xi−1) ∥ Q(xi | xi−1)).

The results show that both unigram and bigram KL divergences rapidly converge to low values dur-
ing early training (Figure 8a and 8b). Furthermore, the training losses during this period approach
the theoretical minimum achievable if the model perfectly matched the true token distributions—i.e.,
the entropy of these distributions. This suggests that the model primarily learns to fit statistical reg-
ularities (Zipf’s law (Zipf, 1935; Piantadosi, 2014)) during the early training stage, which explains
the dense nature of internal representations at this phase.
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Total feature dimensionality undergoes compression and expansion. To directly measure su-
perposition status at each snapshot, we adapt the approach from Elhage et al. (2022) and compute
the dimensionality of each feature at snapshot θ as:

Di =
∥W θ

dec,i∥2∑nfeatures
j=1

(
Ŵ θ

dec,i ·W θ
dec,j

)2 (6)

where Ŵ θ
dec,i is the normalized version of decoder vector W θ

dec,i. In contrast to its original application
in toy models with ground-truth features, we apply this metric to crosscoder features due to their
consistent alignment across training snapshots, providing insight into superposition dynamics.

We compute total feature dimensionalities for crosscoders trained on Pythia-160M and Pythia-6.9B
(Figure 8c). Under ideal superposition, features should form symmetric arrangements with total
dimensionalities summing to the activation space dimension. Feature dimensionalities should go
down if large interference exists among features. We observe that total feature dimensionality first
decreases then increases around the turning point, eventually reaching approximately 70% of avail-
able dimensions in the crosscoder with 98,304 features for Pythia-160M. Features from Pythia-6.9B
account for a smaller proportion of activation space dimensions, likely due to the limited representa-
tional capacity of the 32,768-feature crosscoder. Nevertheless, both models exhibit the same trend,
suggesting that initialization features initially form weak superposition, then become compressed
to accommodate emergent features. This indicates that the model develops into a feature learning
phase.

7 LIMITATIONS

Scope and generalizability. Superposition has been proven to be a general phenomenon in deep
neural networks (Elhage et al., 2022). However, our analysis focuses on feature evolution in Pythia
suite models using their open-source training snapshots. While previous research on feature univer-
sality (Wang et al., 2025b) suggest our method might be able to generalize to different architectures,
datasets, post training dynamics, and tasks beyond language modeling, the extent to which feature
evolution patterns are consistent across diverse settings remains to be established. We leave broader
generalization studies to future work.

Limited downstream task complexity. Section 5 establishes the connection between feature evo-
lution and model behavior. However, the downstream tasks we examine are relatively simple, con-
strained by multiple factors including Pythia model capabilities, sparse dictionary quality, and the
current state of circuit tracing methodologies. Scaling to more complex downstream tasks represents
a natural direction for future work.

Discrete snapshot requirement. Crosscoder training requires activations from discrete training
snapshots, with memory and computational costs scaling linearly with snapshot count, which limits
observational granularity. Potential solutions include architectural modifications for online multi-
snapshot processing or incorporating gradient information to capture continuous training dynamics.

8 CONCLUSION

We introduce crosscoders to study feature evolution in LLM pre-training. Our analysis reveals two
patterns: initialization-dependent features and emergent features, with complex patterns emerging
later. We establish causal connections between feature evolution and downstream performance. Sup-
ported by uni- and bi-gram distribution analysis and feature dimensionality dynamics, we propose
that model pre-training can be roughly divided into a statistical learning phase and a feature learning
phase. This work bridges mechanistic interpretability with training dynamics.

10
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REPRODUCIBILITY STATEMENT

All our crosscoders are based on open-source models (Pythia suite) and datasets (SlimPajama) with
public accessibility. We provide source code for (1) generating model activations on each snap-
shot, (2) training crosscoders, and (3) analyzing trained crosscoders at https://github.com/
OpenMOSS/Language-Model-SAEs. Detailed instructions for replicating our results are pro-
vided in the examples/reproduce evolution of concepts/README.md file. We note
that training large crosscoders requires substantial computational resources and disk space, as also
listed in the README.md file.
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A CROSSCODER TRAINING DETAILS

Section 3 presents the mathematical definition of our cross-snapshot crosscoder. However, in practi-
cal applications, additional architectural design and training techniques are required to advance the
Pareto frontier of sparsity versus reconstruction fidelity. In this section, we detail our selection of
activation function σ(·) and regularization function Ω(·), and present our training hyperparameters
and their results. We also compare crosscoder performance to standard SAEs to evaluate how well
crosscoders perform at sparse dictionary learning.

A.1 SELECTION OF ACTIVATION FUNCTION AND REGULARIZATION FUNCTION

The sparsity of natural features is the fundamental hypothesis underlying superposition (Olshausen
& Field, 1997; Elhage et al., 2022; Huben et al., 2024). To obtain crosscoder features with optimal
sparsity for ideal interpretability and monosemanticity while maintaining reconstruction fidelity, we
carefully select the activation function σ(·) and the regularization function Ω(·).
Previous SAE studies predominantly use ReLU activation with L1 regularization (Bricken et al.,
2023; Huben et al., 2024). However, this configuration produces weak feature activations that
are largely noise, compromising both interpretability and sparsity. We address this by adopting
JumpReLU (Rajamanoharan et al., 2024) as the activation function, which eliminates activations
below learned thresholds (trained via straight-through estimation (Bengio et al., 2013)).

To prevent features from becoming permanently inactive at certain snapshots, we incorporate de-
coder norms into the activation decision. Given pre-activation z(x):

z(x) =
∑
θ∈Θ

W θ
enca

θ(x) + benc (7)

The i-th feature activation at snapshot θ is defined as:

fθ
i (x) = zi(x) ·H(zi(x) · ∥W θ

dec,i∥ − ti) (8)

where H(·) is the Heaviside step function and ti ∈ R is the JumpReLU threshold for feature i.

This design ensures that features with small decoder norms require stronger pre-activations to acti-
vate, preventing complete feature death while maintaining sparsity. Although this means truly in-
active features retain small positive decoder norms rather than zero values, this architectural choice
significantly improves crosscoder performance and enables better feature tracking across snapshots.

For regularization, we employ a combination of tanh and quadratic frequency penalties (Smith et al.,
2025): the tanh component provides a superior L0 approximation by reducing penalties on strong
activations, while the quadratic frequency penalty suppresses high-frequency features. This yields
the following batched sparsity loss:

ωθ
i (B) =

1

B
∑
x∈B

tanh
(
fi(x) · ||W θ

dec,i||
)

Lsparsity(B) = λsparsity

∑
θ∈Θ

nfeatures∑
i=1

ωθ
i (B) ·

(
1 +

ωθ
i (B)
ω0

) (9)

where B ⊂ C × N is an input batch, and ωθ
i (B) is the single-batch differentiable estimate for the

activation frequency on snapshot θ of i-th crosscoder feature, using tanh as L0 approximation. A
new hyperparameter ω0 is introduced to quadratically penalize feature activation when ωθ

i (B) ≫ ω0.

A.2 SELECTION OF PRE-TRAINING SNAPSHOTS

To balance training cost with the granularity of feature evolution analysis, we train crosscoders using
32 source snapshots from the 154 open-source snapshots in the Pythia suite. Figure 10 shows the
training steps of the selected snapshots.
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Figure 9: Comparison between crosscoders and per-snapshot SAEs. (a) The explained variance of
crosscoders versus SAEs at each snapshot. (b) The L0 norm of crosscoders versus SAEs at each
snapshot. (c) The Pareto frontier comparison of crosscoders and SAEs trained on the final snapshot.
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Figure 10: Selected snapshots from Pythia suite.

A.3 DISTRIBUTED TRAINING STRATEGY FOR CROSSCODERS

Crosscoders require parameters that scale with the number of source snapshots nsnapshots, resulting
in significantly higher memory and computational requirements compared to SAEs with equivalent
feature counts, particularly when using many source snapshots.

To efficiently train crosscoders, we employ a head parallelism distributed training strategy, a variant
of tensor parallelism (Shoeybi et al., 2019). With k processes where k divides nsnapshots, each process
handles encoding and decoding for nsnapshots

k source snapshots. Pre-activations are computed via All-
Reduce operations (Sanders et al., 2019). Unlike standard tensor parallelism, our approach processes
activations from each snapshot separately on individual processes, reducing I/O overhead for reading
activations from disk.

A.4 EXPERIMENTS

We train crosscoders on Pythia-160M and Pythia-6.9B snapshots at various scales (6,144 to 98,304
features on Pythia-160M, and 32,768 features on Pythia-6.9B). We primarily focus on middle lay-
ers (Layer 6 in Pythia-160M, and Layer 16 in Pythia-6.9B)2, but also train crosscoders of 24,576
features on all layers of Pythia-160M for comprehensive analysis.

All crosscoders are trained on 800M tokens from the SlimPajama corpus using the Adam opti-
mizer (Kingma & Ba, 2017) with β values of (0.9, 0.999). To prevent straight-through estimation
from causing rapid threshold increases, we apply a reduced learning rate to JumpReLU threshold
updates via a multiplier on the global learning rate. JumpReLU thresholds are initialized to 0.1 for
all features. The learning rate schedule includes 10% warm-up steps followed by 20% decay steps.
We initialize encoders as transposes of their corresponding decoders, with identical initialization
matrices across all snapshots. We employ initialization search to identify optimal decoder norms
that minimize loss at initialization. Additional hyperparameters are listed in Table 1.

2By “Layer i”, we refer to the activations at the output of the i-th transformer layer.
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Table 1: Hyperparameters for crosscoder training

Parameter Pythia-160M Pythia-6.9B
Learning Rate 5e-5 1e-5
Batch Size 2048 2048
Feature Expansion Ratio 8×, 16×, 32×, 64×, 128× 8×
Sparsity Coefficient (λsparsity) 0.3 0.3
JumpReLU Threshold LR Multiplier 0.1 0.3
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Figure 11: Explained variance versus L0 norm of crosscoders trained on all layers (0-11) of Pythia
160M

A.5 RESULTS ON OTHER LAYERS

We train additional crosscoders with 24,576 features on all layers (0-11) of Pythia-160M using the
same hyperparameters as Layer 6 (Table 1). Figure 11 shows the explained variance and L0 norm
for these crosscoders, which exhibit similar performance but different trade-offs between sparsity
and reconstruction quality.

To demonstrate feature evolution across all layers, we apply the same visualization strategy from
Section 4, plotting decoder norms for 50 randomly selected features per layer (Figures 12 and 13).
Most middle layers exhibit the same evolutionary patterns as Layer 6, supporting our findings in
Section 4. We would like to note that the majority of features in Layers 0 and 1 exist from initial-
ization, which aligns with the observation that early layers implements more low-level, especially
single-token features (He et al., 2024).

B AUTOMATED SCORING OF COMPLEXITY

We leverage Claude Sonnet 4 for automated complexity score evaluation. For each feature, we select
the top 10 activating samples with 100 surrounding tokens around the strongest activating tokens and
apply the following prompt:

# Neural Network Feature Analysis Instructions
We’re analyzing features in a neural network. Each feature activates on
specific words, substrings, or concepts within short documents. Activating
words are marked as ‘<<text, {activation}>>‘ where ‘{activation}‘ indicates
the strength of activation (higher values = stronger activation). You’ll
receive documents containing highest activations tokens and tokens
surrounding them.

## Your task:
### 1. Summarize the Activation (<20 words)
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Figure 12: Feature decoder norm evolution of Layer 0 to Layer 5 in a 24,576-feature crosscoder
trained on Pythia-160M.
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Figure 13: Feature decoder norm evolution of Layer 6 to Layer 11 in a 24,576-feature crosscoder
trained on Pythia-160M.
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Examine the marked activations and summarize what the feature detects in
one sentence.
- Avoid being overly specific|your explanation should cover most/all

activating words
- If all words in a sentence activate, focus on the sentence’s concept

rather than individual words
- Note relevant patterns in capitalization, punctuation, or formatting
- Prioritize strongly activated tokens
- Keep explanations simple and concise
- Avoid long word lists

### 2. Assess Feature Complexity (1-5 scale, with decimal precision allowed)
Rate the feature’s complexity:
- **5**: Rich feature with diverse contexts unified by an interesting theme
- **4**: High-level semantic structure with potentially dense activation
- **3**: Moderate complexity|phrases, categories, or sentence structures
- **2**: Synonyms or words at a same class
- **1**: Single specific word or token
You may use decimal values (e.g., 3.7) for more precise assessment.

### Output Format
Your output should be in JSON format, with two fields: summarization and
complexity. You should directly output the JSON object, without any other
text.

C ASSESSING CROSSCODER DECODER NORM
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Figure 14: Linear probe training errors versus feature decoder norms of 20 randomly sampled fea-
tures from a crosscoder with 6,144 features on Pythia-160M.

Section 4 takes advantage of the crosscoder decoder norms to study feature evolution. However, are
the crosscoder decoder norms well quantitative indicators of the extent to which features evolved?
Aside from theoretical statements, we conduct experiments to examine whether crosscoder decoder
norms can reflect the intensity of features. We leverage linear probing to test the correlation between
the feature decoder norm and the linear separability of the feature activations on each crosscoder
feature.
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We train linear probing classifiers (referred to as probes) separately on activations of each model
snapshot to classify whether each crosscoder feature activates. For each feature i and each snapshot
θ, our probes map model activations to the predicted feature activating probability pθi (x) as:

pθi (x) = sigmoid(wθ
probe,i · aθ(x) + bθprobe,i) (10)

where wθ
probe,i ∈ Rdmodel and bθprobe,i ∈ R is the weight and bias of the probe w.r.t. feature i and

snapshot θ. Each probe is trained to minimize the binary cross-entropy loss yi · log pθi (x) + (1 −
yi) ·

(
log(1− pθi (x))

)
, given the label yi = sgn (fi(x)). The training loss of each probe should be

a direct measure of the linear separability of the feature activations.

We train probes for 100M tokens for each feature in a 6,144-feature crosscoder on Pythia-160M. The
probe errors of each feature show a mean Pearson correlation with the corresponding decoder norms
by −0.867, with a standard deviation of 0.153. We demonstrate example probe errors versus feature
decoder norms of 20 randomly sampled features in Figure 14. This indicates a strong negative linear
relationship between probe errors and crosscoder decoder norms, demonstrating the effectiveness of
the crosscoder decoder norms as indicators of feature evolution.

D RULES FOR FINDING TYPICAL CROSS-SNAPSHOT FEATURES

We define the rules used to identify previous token features, induction features, and context-sensitive
features as follows:

1. Previous Token Features: We collect the directly preceding tokens of all activating tokens
in the top 20 activating samples and assess their consistency. Token consistency is defined
as the proportion of the largest single group when all tokens are normalized by stemming
(removing leading and trailing spaces and ignoring case). To exclude bigram or multigram
features, we also evaluate the consistency of the activating tokens themselves. A feature
is classified as a previous token feature if it exhibits high consistency in previous tokens
(above 0.8) and low consistency in activating tokens (below 0.3).

2. Induction Features: Induction features should activate on the second [A] in patterns
[A][B]...[A][B]. For each activating token [A], we collect its following token [B] and search
for previous occurrences of the bigram [A][B]. To distinguish induction features from sim-
pler features that merely activate on any bigram [A][B], we require that the feature does
not activate on the first appearance of [A][B]. A feature exhibiting this behavior in at least
20 instances within the top 20 activating samples is classified as an induction feature.

3. Context-sensitive Features: We identify context-sensitive features using a simpler rule
based on activation density within specific contexts. Context-sensitive features should ac-
tivate frequently in highly specific contexts, so we require features to have high activation
counts within the top 20 activating samples (exceeding 4,000 activations). To exclude fea-
tures that activate ubiquitously (such as positional or bias features), we filter out features
with excessive total activations (below 2M total activations across 100M analyzed tokens).

E DETAILS IN DOWNSTREAM TASK ATTRIBUTION

E.1 FORMALIZATION OF IG ATTRIBUTION SCORE

To more accurately estimate the causal effect of features, we employ the integrated gradient (IG)
version of the attribution score (Sundararajan et al., 2017; Hanna et al., 2024; Marks et al., 2025). IG
attribution computes gradients along an interpolation path between baseline and target activations,
providing more robust estimates than single-point gradients.

For the standard attribution score without clean/corrupted input pairs, we compute the IG version
as:

attrθig,i(x) =
1

N

∑
α

fi(x) ·
∂m(aθ(x))

∂(αfi(x))
(11)
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Figure 15: Crosscoder feature attribution on the induction task, using a crosscoder with 98,304
features trained on Pythia-160M.
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Figure 16: Crosscoder feature attribution on the Simple variant of the SVA task, using a crosscoder
with 98,304 features trained on Pythia-160M.

For attribution patching with clean/corrupted input pairs, the IG version is:

attrθig,i(x, x̃) =
1

N

∑
α

[fi(x)− fi(x̃)] ·
∂m(aθ(x))

∂(αfi(x) + (1− α)fi(x̃))
(12)

where α ∈ {0, 1
N , . . . , N−1

N } linearly interpolates between the baseline and target feature activa-
tions. Consistent with Marks et al. (2025), we use N = 10 interpolation steps for the IG attribution
score.

E.2 INDUCTION TASK

Transformers exhibit in-context learning capabilities (Brown et al., 2020; Zhao et al., 2021; Gao
et al., 2021) through induction heads (Olsson et al., 2022)—circuits that look back over the sequence
for previous instances of the current token (A), identify the subsequent token (B), and predict the
same completion will occur again (forming sequences [A][B] . . . [A] → [B]).

To evaluate models’ induction abilities and trace them at the feature level, we construct samples
with random tokens where identical patterns appear in the middle and at the end of sequences. We
test whether models can correctly copy previous text as the next token. For precise feature-level
analysis, we restrict next tokens to single capital letters with leading spaces. Since the induction
task lacks natural corrupted counterparts, we use the log probability of the correct token as our
evaluation metric. Results are shown in Figure 15.

E.3 SUBJECT-VERB AGREEMENT TASKS

Subject-verb agreement tasks evaluate whether models can predict verbs in the appropriate gram-
matical form based on their subjects. We test four variants: (1) Simple—the verb directly follows
the subject, e.g., “The parents are”; (2) Across-RC—a relative clause intervenes between subject and
verb, e.g., “The athlete that the managers like does”; (3) Within-RC—both subject and verb appear
within the relative clause, e.g., “The athlete that the managers like”; (4) Across-PP—a prepositional
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Figure 17: Crosscoder feature attribution on the Across-RC variant of the SVA task, using a cross-
coder with 98,304 features trained on Pythia-160M.
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Figure 18: Crosscoder feature attribution on the Within-RC variant of the SVA task, using a cross-
coder with 98,304 features trained on Pythia-160M.

phrase separates the subject and verb, e.g., “ The secretaries near the cars have”. We use data pro-
vided by Marks et al. (2025), sampling 1000 examples from each variant. We use the verb in the
wrong form as the counterpart in attribution patching. Results are shown in Figure 7, 16, 17, and 18.

E.4 INDIRECT OBJECT IDENTIFICATION TASK

Indirect Object Identification (IOI) evaluates whether models can correctly predict the indirect object
(IO) based on repeated occurrence of subjects (Wang et al., 2023). In IOI tasks, sentences such as
“When Mary and John went to the store, John gave a drink to” should be completed with “Mary.” We
generate IOI samples following the same strategy as Wang et al. (2023), using template sentences
with random person names. We use the subject name as the corrupted counterpart in attribution
patching. Results are shown in Figure 19.

Note that while ablating top features significantly degrades performance, we cannot recover the
original metric using only these top features. This likely occurs because IOI is a complex task
requiring multiple feature interactions. The features that distinguish between indirect objects and
subjects represent only part of the full computational requirements, making isolated feature sets
insufficient for complete task execution.

E.5 RANDOM BASELINE OF ABLATION

In Figure 20, we add baselines to Figure 7 by ablating/preserving k random features. The results
show that our feature selected by attribution patching is far more effective.

F CROSSCODER FEATURE SPLITTING

Feature splitting is a well-known phenomenon in SAEs where increasing the dictionary size nfeatures
causes features from smaller SAEs to fragment into multiple distinct features. Under feature split-
ting, a single concept may not be represented by one feature, but rather by multiple specialized
features that activate on the same concept in different contexts.

27



Published as a conference paper at ICLR 2026

0 32 1000 6000 14000 60000 127000
Training Step

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

At
tri

bu
tio

n 
Sc

or
e

Feature 50193
Feature 14937
Feature 877
Feature 19288
Feature 80678
Feature 19809
Feature 7374
Feature 16710
Feature 52592
Feature 30860

(a)

0 32 1000 6000 14000 60000 127000
Training Step

0.5

0.6

0.7

0.8

0.9

1.0

M
et

ric
 V

al
ue

Original
Ablate Top 1
Ablate Top 4
Ablate Top 15
Ablate Top 30
Ablate Top 45
Ablate Top 80
Ablate Top 120
Ablate Top 180
Ablate Top 300
Ablate Top 500

(b)

0 32 1000 6000 14000 60000 127000
Training Step

0.0

0.2

0.4

0.6

0.8

1.0

M
et

ric
 V

al
ue

Original
Only Top 1
Only Top 4
Only Top 15
Only Top 30
Only Top 45
Only Top 80
Only Top 120
Only Top 180
Only Top 300
Only Top 500

(c)

Figure 19: Crosscoder feature attribution on the IOI task, using a crosscoder with 98,304 features
trained on Pythia-160M.
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Figure 20: Crosscoder feature attribution on the Across-PP variant of the SVA task, with random
baselines.

We observe similar feature splitting phenomenon in crosscoders, but across the temporal dimension.
We find in rare cases, features with similar semanticity and direction in different snapshots may not
be encoded in the same latent of crosscoder feature space, but result in separate features.

For example, we identify feature 66688, 53542, and 42307 that all activate on long sequences con-
taining repeated text patterns, contributing to the induction task (Figures 21, 22, and 23). Each
feature exists only during non-overlapping continuous periods across snapshots, with a drastic emer-
gence and disappearance.

To examine whether feature splitting across snapshots relates to dictionary size, we search for fea-
ture decoder vectors (across all snapshots) with cosine similarity above 0.7—a high threshold in
such high-dimensional space—in crosscoders with varying nfeatures. Across dictionary sizes ranging
from 6,144 to 98,304 features, we observe that while each snapshot after step 2,000 activates al-
most exactly one feature representing this concept, the total number of distinct crosscoder features
increases with dictionary size (Figure 24). This confirms that larger dictionaries lead to temporal
feature splitting, where a single underlying concept splits into multiple features active at different
training stages.

We also observe that temporal feature splitting predominantly occurs among densely activating fea-
tures, i.e., features that activate frequently across many contexts. This crosscoder feature splitting
likely arises from subtly different activation patterns that emerge over training. These findings sug-
gest that language model features may evolve by refining their activation patterns, leading to more
specialized representations that warrant separate feature assignments at different training stages.

G GENERALIZABILITY STUDIES

In this section, we include more experiments on training and analyzing crosscoders on different base
models/initialization/datasets and different numbers of snapshot selection, to examine the general-
izablity of our methods.
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Figure 21: Top activation of Feature 66688 in the 98,304-feature crosscoder on Pythia-160M.

Figure 22: Top activation of Feature 53542 in the 98,304-feature crosscoder on Pythia-160M.

G.1 GENERALIZATION ACROSS MODEL FAMILIES/SEEDS

We conduct experiments on two additional Pythia 160M models with different random seeds (Pythia
160M Seed1 and Seed2) (van der Wal et al., 2025) and the Alias run of Stanford CRFM’s GPT-2
model 3. All of these models have an activation space of 768 dimensions. We train crosscoders of
24,576 features (32x) on Layer 6 of them, and inspect their feature evolution.

Different initializations (Pythia 160M variants). We observe highly consistent results across
differently initialized versions of Pythia 160M. Decoder norms of initialization features follow iden-
tical trajectories, and emergent features begin rising around step 1000, exhibiting a clear two-phase
pattern with the same transition point (Figure 26 and 27). Attribution experiments confirm that we
successfully identify sparse crosscoder features with significant contributions to downstream tasks
(Figure 29 and 30).

Different base model (GPT-2). For Stanford CRFM’s GPT-2 model, we observe a clear two-
phase pattern, with emergent features rising around step 1,000. Upon manual inspection of these
features, we still find that initialization features exhibit token-level information, while more complex
patterns emerge in emergent features.

However, we find a notable difference: due to absolute positional embeddings, initialization fea-
ture norms do not peak at the beginning but rather at later steps (with above-threshold norm at
beginning). This difference arises because the absolute positional embeddings initially exhibit large
norms (larger than the word embeddings) and dominate the activation norm. Since we normalize
all activation sources to the same average activation norm

√
dmodel, this large positional contribution

substantially reduces the observed norms of initialization features. (Figure 28).

To sum up, the statistical-to-feature-learning phase transition still exists across models, despite small
differences. Attribution experiments (Figure 31) again confirm the effectiveness of sparse crosscoder
features, with generally similar feature evolution patterns for specific downstream tasks.

Other models with accessible checkpoints. We also investigated other model families, including
BLOOM (Scao et al., 2022) and OLMo (OLMo et al., 2024). Unfortunately, these models either lack
sufficient intermediate checkpoints for fine-grained analysis of pretraining dynamics (BLOOM), or
lack sufficiently early checkpoints to capture the two-stage transition (BLOOM and OLMo).
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Figure 23: Top activation of Feature 42307 in the 98,304-feature crosscoder on Pythia-160M.

G.2 GENERALIZABILITY ACROSS DATASETS

We conduct experiments on the original Pythia 160M snapshots, but train and analyze 24,576-feature
crosscoders on the FineWeb-Edu dataset (Penedo et al., 2024), which consists of educational web-
pages. Our results (Figure 32) show nearly identical patterns to those observed with Pythia 160M
crosscoders trained on SlimPajama, exhibiting very similar feature evolution dynamics.

G.3 SENSITIVITY TO SNAPSHOT SELECTION

All of our above experiments train crosscoders on 32 pre-training snapshots of the language model.
To further examine whether snapshot selection affects the trained crosscoder and the captured fea-
ture evolution, we train a 24,576-feature crosscoder on 16 pre-training snapshots of Pythia 160M,
downsampled from the original set by selecting every other snapshot. The result (Figure 33) shows
that the overall feature evolution exhibits nearly identical trends, with only a reduction in temporal
resolution.

H MORE EXAMPLES OF FEATURE

We additionally list some emergent features and demonstrate their top activating samples and de-
coder norm evolution in Figure 34.

I THE USE OF LARGE LANGUAGE MODELS

The use of Large Language Models as an assistive tool in this paper is limited to the following two
aspects:

1. The automated generation of feature complexity scores, as detailed in Section 4.2 and Ap-
pendix B.

2. Grammar correction and stylistic refinement of the manuscript.

3Obtained from https://huggingface.co/stanford-crfm/alias-gpt2-small-x21.
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Figure 24: Crosscoder features similar to Feature 53542 of a 98,304-feature crosscoder. The number
of features split increases with dictionary size.
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Figure 25: UMAP visualization of features shown in Figure 24.
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Figure 26: Overview of cross-snapshot feature decoder norm evolution in Pythia-160M Seed1.

32



Published as a conference paper at ICLR 2026

0 5 10 15 20 25 30
Snapshot Index

0.0

0.2

0.4

0.6

0.8

1.0

De
co

de
r N

or
m

 (N
or

m
al

ize
d)

Decoder Norm Evolution Over Training

0

5

10

15

20

25

30

Peak Snapshot Index

Figure 27: Overview of cross-snapshot feature decoder norm evolution in Pythia-160M Seed2.
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Figure 28: Overview of cross-snapshot feature decoder norm evolution in Alias run of Stanford
CRFM GPT-2.
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Figure 29: Crosscoder feature attribution on the Across-PP variant of the SVA task, using a cross-
coder with 24,576 features trained on Pythia-160M Seed1.
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Figure 30: Crosscoder feature attribution on the Across-PP variant of the SVA task, using a cross-
coder with 24,576 features trained on Pythia-160M Seed2.
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Figure 31: Crosscoder feature attribution on the Across-PP variant of the SVA task, using a cross-
coder with 24,576 features trained on the Alias run of Stanford CRFM GPT-2.
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Figure 32: Overview of cross-snapshot feature decoder norm evolution in Pythia-160M, trained on
FineWeb-Edu dataset.
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Figure 33: Overview of cross-snapshot feature decoder norm evolution in Pythia-160M, trained on
16 snapshots.
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