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ABSTRACT

Sparse Autoencoders (SAEs) are a cornerstone of mechanistic interpretability.
Existing training methods inherit the Block Training paradigm from LLM pre-
training, which introduces destructive gradient noise in instruct models due to
attention leakage from unrelated contexts. Using GSNR analysis, we theoreti-
cally characterize this issue and propose Finetuning-aligned Sequential Training
(FAST), a sequential training paradigm specifically designed for instruct models.
FAST aligns SAE training with the data distribution and activation patterns of
instruct models, substantially improving both reconstruction fidelity and feature
interpretability. Experimental results show that FAST achieves higher GSNR, a
significantly lower log-scaled MSE of 0.6468 compared to the baseline’s 5.1985,
and a near-zero Delta Loss (-0.51% to 0.37%). Moreover, on Llama-3.2-3B-it,
FAST produces 21.1% high-quality features, substantially outperforming baseline
methods that achieve 7.0% and 10.2%. We further find that intervening on special
token activations through SAEs can improve generation quality, revealing new
opportunities for fine-grained control. Our codes are available as open source at
https://github.com/Geaming2002/FAST.

1 INTRODUCTION

tional performance across diverse natural language

Large Language Models (LLMs) demonstrate excep-
¥ g
processing tasks (Brown et al., 2020; Ouyang et al., ||y

. Activations o
2022; Guo et al., 2025). As these models increas- Cache é;
ingly permeate critical applications, understanding &
their internal mechanisms has become imperative for Training =
ensuring alignment and safety (Bengio et al., 2024; §§ | @—» [0} —>%
Bereska & Gavves, 2024; Ji et al., 2025). Sparse au-
toencoders (SAEs) serve as a powerful tool for inter- SAE (V]
preting LLMs by mapping high-dimensional activa-
tions to sparse, interpretable feature spaces (Bereska Concrete Features
& Gavves, 2024; Bricken et al., 2023; Huben et al., SAE'

2024). SAE training shown in Figure 1 employs dic-
tionary learning to enforce sparsity, consistent with
the linear representation and superposition hypothe-
ses (Elhage et al., 2022; Arora et al., 2018). While
initial research predominantly focused on pre-trained

Figure 1: Overview of the sparse autoen-
coder for interpreting internal representations
of large language models.
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base models, the community’s attention is rightfully shifting towards instruct models, which directly
interact with users and execute complex directives.

However, we identify a fundamental oversight in the current landscape of SAE training for instructing
models. Large-scale initiatives, such as Gemma Scope (Lieberum et al., 2024) and Llama Scope (He
et al., 2024), tend to inherit the Block Training (BT) paradigm from the LLM pre-training phase.
In this paradigm, documents are concatenated and arbitrarily split into fixed-length sequences (e.g.,
2048 or 4096 tokens) (Joseph Bloom & Chanin, 2024; Bricken et al., 2023) to train SAE as shown in
Figure 3(b). While effective for base models, this method faces significant limitations when applied
to instruct models (Joseph Bloom & Chanin, 2024). The semantic discontinuity from combining
diverse sources undermines semantic coherence for downstream tasks, degrading SAE performance.

We diagnose this mismatch as a source of destructive interference that fundamentally degrades
interpretability. Utilizing GSNR analysis (Liu et al., 2020), we demonstrate that BT induces Attention
Contamination—leakage from unrelated predecessor documents. In instruct models, this acts as
high-variance gradient noise that obscures precise instruction-response mappings.

To correct the paradigm, we propose Finetuning-aligned Sequential Training (FAST). FAST aligns
the SAE training stream with the Supervised Fine-Tuning (SFT) objective. This approach eliminates
attention contamination, ensuring that gradient updates are driven solely by valid causal signals. By
preserving the semantic integrity of instruction-response pairs, FAST stabilizes the semantic space
and significantly enhances the quality of feature extraction. Experimental results validate the efficacy
of FAST. GSNR analysis confirms improved training stability, with FAST doubling the signal-to-noise
ratio (0.50 vs. 0.26) by minimizing gradient noise. This stability yields superior reconstruction
fidelity: FAST achieves a log-scaled MSE of 0.6468 (significantly outperforming the baseline’s
5.1985) and maintains Delta Loss near zero (-0.51% to 0.37%). Consequently, feature quality is
markedly enhanced; on Llama-3.2-3B-it, FAST yields 21.1% high-quality features, surpassing the
7.0% and 10.2% achieved by baselines. Additionally, SAEs are used to study special token impacts
on outputs, offering insights into their roles and applications.

Our contributions are:

» Utilizing Gradient Signal-to-Noise Ratio analysis, this study reveals that BT introduces
a critical distributional mismatch and generates destructive gradient noise via attention
contamination.

* We propose Finetuning-aligned Sequential Training (FAST), a novel method for training
SAEs on instruct models which significantly improves SAE performance on token recon-
struction and feature interpretability.

* We utilize SAEs to investigate special token influence on model outputs, providing new
insights for practical applications.

2 RELATED WORK

Sparse Autoencoders for LLM. Mechanistic interpretability aims to address the “black box”
nature of LLMs by reverse-engineering their internal representations (Nanda, 2022; 2023). Sparse
Autoencoders (SAEs) have emerged as a key tool in this domain, decomposing polysemantic neurons
into interpretable, sparse features through dictionary learning (Bricken et al., 2023; Bereska &
Gavves, 2024). While standard SAEs have shown promise, several recent methods aim to improve
interpretability and adaptability. Routing-enhanced SAEs (e.g., RouteSAE) introduce expert-style
routing to adapt feature usage and reduce interference (Shi et al., 2025). Sparsity-and-isolation-
focused frameworks (e.g., SAIF) strengthen feature isolation to promote monosemanticity (He et al.,
2025). Low-rank adaptations have also been explored to lower compute costs while improving
transfer (Chen et al., 2025).

Due to space limitations, we provide a detailed discussion on the theoretical foundations of SAEs
(including the linear representation and superposition hypotheses) and the broader context of mech-
anistic interpretability in Appendix A. Existing approaches like RouteSAE (Shi et al., 2025) and
SAIF (He et al., 2025) are largely orthogonal to training-data and optimization alignment. Our
Finetuning-aligned Sequential Training (FAST) targets this dimension by preserving instance-level
boundaries and aligning SAE training with fine-tuning objectives.
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Figure 2: Visualization mechanism of gradient noise induced by attention contamination. Left: In
Block Training, the concatenation of unrelated documents (d,,. and d.,,;) introducing €,,;; into the
gradient. Right: FAST processes documents independently, effectively “drop” the unrelated history.
This enforces a clean causal attention mask, ensuring the gradient consists solely of the valid signal

GJsignal-

3 THEORETICAL ANALYSIS: NOISE AND ALIGNMENT

In this section, we provide a theoretical analysis of the detrimental effects of Block Training (BT)
on instruct model SAEs using the framework of Gradient Signal-to-Noise Ratio (GSNR) (Liu et al.,
2020). We model SAE training as dictionary learning over a distribution D.

3.1 GRADIENT NOISE OF SEMANTIC DISCONTINUITY

We first formalize the gradient structure under Block Training, focusing on the “Attention Contamina-
tion” phenomenon in Figure 2.

Definition 3.1 (Gradient Under Attention Contamination). Let Spr = [dpre; deyr] be a concatenated
sequence, where d,,. and d.,, are semantically unrelated. For tokens in the current instance dc.,
causal attention under Block Training allows attention to preceding tokens in dp,... Since Softmax
attention assigns strictly positive weights to unmasked positions with finite logits, the representations
of d.,, may be affected by the unrelated predecessor context.

Let gpr(6) denote the stochastic gradient computed from d.,, under the concatenated context
[dpre; deyr], and let gsignqi(0) denote the clean stochastic gradient obtained when d.,,, is processed
independently. We define the attention-contamination term as

6]noll(g) = gBT(g) - gsignal(0)~ (1)

Equivalently,

gBT(G) = YGsignal (9) + Gpoll(9)~ (2)
Here, €,,1,(6) captures the gradient perturbation induced by cross-instance attention leakage from the
unrelated predecessor dpy.c.

To analyze the variance effect of this perturbation, we introduce a standard orthogonal-noise modeling
assumption. All expectations below are taken over the sampling randomness of stochastic gradient
estimation.

Assumption 3.2 (Orthogonality of Semantic Noise). Following the standard stochastic-gradient
noise modeling framework in which the observed gradient is decomposed into a clean component
and a perturbation term (Bottou et al., 2018; Mandt et al., 2017), we model the interference term €0y
as an approximately zero-mean perturbation that is uncorrelated with the clean gradient:

E[€poll(0)] ~ 0, 3)
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and

E Kgsignal (9) - E[gsignal(eﬂv €poll (0) - E[Gpoll(e)]” =~ 0. (4)
This assumption is used to isolate the variance effect of attention contamination. If it is violated, the
contamination may additionally introduce bias or covariance effects.

Based on this assumption, we derive the variance structure of the gradient. Based on this assumption,
we derive the variance structure of the gradient.

Lemma 3.3 (Variance Decomposition). For a vector-valued random variable X, define the total
vector variance as

Var(X) := E [|| X - E[X][3] . ©)
Under Assumption 3.2, the variance of the Block Training gradient decomposes as
Var(gBT) ~ Ugignal + 0.]210”7 (6)
where 02,1 = Var(gsignat) and o7, := Var(epon)-

Proof. Using gpT = Gsignal + €pou and the definition of total vector variance, we have
Var(gpr) = Var(gsignal + €polt)
= Var(gsignat) + Var(epour) @)
+ 2 [(gsignat — Elgsignatl; €pott — Elepou])] -
By Assumption 3.2, the cross term is approximately zero. Therefore,
Var(ger) ~ 0%ignar + Tpor- ®)
O

We can now state our main result comparing Block Training to a clean-context ideal, where the
contamination term is absent.

Theorem 3.4 (GSNR Degradation in Block Training). Let g(0) be a stochastic gradient estimator.
We define its Gradient Signal-to-Noise Ratio (GSNR) as

IE[g(0)]]I3
GSNR(g) := —2=12, 9
9= Var(g(0))
where Var(-) denotes the total vector variance. Under Assumption 3.2, let [isignal = E[gsignai(0)]-

If | esignatll2 > 0, O—gignal > 0, and 01230” > 0, then Block Training degrades the GSNR relative to
the clean-context ideal:

. 2 . 2
GSNRBT ~ 2”1“’5749”041”2 < ||/«Ls2lgnal||2 _ GSNRideal . (10)

2
Upoll g

Usignal + signal
Proof. Under Assumption 3.2, the interference term is approximately zero-mean and uncorrelated
with the clean gradient. Therefore, E[gp7r(6)] = E[gsignai(8)] = signai, while Lemma 3.3 gives

Var(gpr) ~ 02 gnal T 012)0”. In the clean-context ideal, the contamination term is absent, so the

. 2 . 2 2 . i
variance reduces to ;. Since 0, > 0,05, > 0, and | itsignatll2 > 0, we obtain

2||lusignalH§ < ||/‘s2ignal||%. (11)
asignal + Upoll asignal
This completes the proof. O

This GSNR degradation suggests a penalty on optimization efficiency. Appendix B further quantifies
this effect through a standard non-convex SGD upper-bound analysis and derives a variance-dependent
efficiency ratio, further motivating our proposed method.

The divergent efficacy of BT in base versus instruct models stems from distinct topological properties
of their data manifolds. Base model corpora, such as web text, are characterized by high entropy
and weak structural constraints. In this context, attention leakage may function as a form of implicit
regularization, aiding the learning of broad correlations. Conversely, instruct models operate in a
low-entropy, precision-critical regime. Given the strict causal dependencies required for instruction
following, noise from unrelated history acts not as regularization but as destructive interference.
This obscures instruction-response mappings, causing the SAE to encode spurious, noise-dependent
features and severely degrading interpretability.
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Figure 3: Illustration of the LLM training pipeline and SAE training methods. (a) The pipeline
transitions from pretraining to fine-tuning. (b) Block Training (BT) concatenates datasets. (c)
Finetuning-aligned Sequential Training (FAST) processes data instances independently.

3.2 MOTIVATION OF FAST

Current approaches predominantly adopt Block Training (BT) for SAEs. However, our analysis in
Appendix B exposes a critical deficiency in this paradigm. As a result, the attention contamination in
BT imposes a lower efficiency to train SAEs as shown in Equation 39. In instruction tuning, where
signal variance o2, gnat 18 naturally low (sparse features), this penalty p becomes prohibitively large,
necessitating a more efficient training approach.

To address this, we propose Finetuning-aligned Sequential Training (FAST), as depicted in Fig-
ure 3(c).By processing instances independently, FAST eliminates the influence of unrelated contexts,
effectively reducing the interference variance to zero (012)01 ; = 0).This restoration of semantic integrity
maximizes the GSNR, as validated by our theoretical analysis.Unlike BT, which degrades feature
quality through gradient noise, FAST aligns with the specific optimization landscape of fine-tuning,

enabling the SAE to capture nuanced, task-specific representations effectively.

4  FINETUNING-ALIGNED SEQUENTIAL TRAINING

This section elaborates on FAST detailing how the framework effectively aligns sequential training
dynamics with fine-tuning objectives to ensure efficiency.

4.1 DATA PROCESSING

As previously described, FAST trains the SAE using finetuning datasets. Specifically, multiple
multi-turn dialogue datasets are collected, and each data instance is combined with the corresponding
chat template of the instruct model. This process not only introduces special tokens but also ensures
consistency with the data processing methodology used during the fine-tuning phase of the model.

A key innovation lies in independent processing of each data instance, rather than concatenating
multiple instances before inputting them into the model. By eliminating the fixed-length block
requirement of Block Training, the dataset is processed sequentially. Each data instance is processed
as an independent sequence to extract hidden layer activations for SAE training, as illustrated in
Figure 3(c).This approach effectively avoids semantic discontinuity caused by data concatenation,
while preserving the semantic integrity of each instance, thereby providing higher-quality inputs for
training the SAE.
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4.2 SAE

We analyze the residual stream using two SAE variants: the Standard ReL.U-based SAE (Bricken
et al., 2023) and the JumpReLU SAE (Rajamanoharan et al., 2024b). Both architectures project an
input x € R to a sparse latent z and reconstruct it as X. The forward pass is:

u= Wencx + benc’ )A( _ WdeCf(u) + bdec. (12)

Initialization protocols and detailed definitions are in Appendix C and Appendix E.

Standard ReLU SAE. This model uses the ReLU activation. To induce sparsity, it minimizes
a loss L4 combining reconstruction error with an L; penalty. However, the L, term introduces
shrinkage bias, reducing active feature magnitudes:

f(a) =ReLU(u), (13)
Lag =[x = %[|3 + Az (14)
JumpReLU SAE. The JumpReLU SAE employs a threshold-based activation f(u) = u®H (u—90),

where 6 is a learnable threshold and H(-) is the Heaviside step function. The training objective
effectively approximates the L norm:

Liump = [Ix — %15 + Allzo. (15)

This formulation suppresses noise below 6 without penalizing the scale of significant features.

4.3 MIXING ACTIVATION BUFFER

Activation values, which represent the activa-
tion levels of hidden layer dimensions during the @ T

Refill the buffer

model’s forward pass, require significant stor- s sooe R
age space. To mitigate this challenge, we em-  pataset " cache
ploy a producer-consumer framework inspired lﬁn the whole bufter
by previous studies (Joseph Bloom & Chanin, [ stume [
2024), wherein the LLM generates activations JHHHL "
and stores them in a dedicated buffer. Mixing Buffer LJ
2
As shown in Figure 4, the process begins with

the buffer being filled to capacity with activation ~ SAE Training
values. Once the buffer is full, the activations Process: SAE
are shuffled to ensure randomness and diversity.

Subsequently, half of the shuffled activations are ~Figure 4: The mixing activation buffer is shuffled,
sent to the SAE model for training, while the half is sent to the SAE for training, and the re-
other half remains in the buffer. After training, sulting new activations are used to refill the buffer.
the buffer is replenished with new activations This iterative process ensures data diversity and
generated by the model, and the cycle repeats. storage efficiency.

This iterative mechanism optimizes storage ef-

ficiency and ensures a high level of data variability, thereby enhancing the robustness of model
training. By leveraging the mixing buffer, this approach effectively balances data diversity with
storage efficiency.

5 EXPERIMENTS

5.1 EXPERIMENT SETUP

Dataset. We construct a large-scale instruction dataset for fine-tuning LL.Ms by combining sev-
eral publicly available, high-quality datasets, including WildChat-1M-Full (Zhao et al., 2024),
Infinity-Instruct (Li et al., 2025), tulu-3-sft-mixture (Lambert et al., 2025), orca-agentinstruct-1M-v1-
cleaned ', and Imsys-chat-1m (Zheng et al., 2023). After applying a 20-gram deduplication strategy,
it is reduced to 4,758,226 samples. Details are in Appendix D.

"Hugging Face dataset
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LLMs. We conduct experiments on seven models from two families: Llama (Llama-3.1, Llama-
3.2) (Grattafiori et al., 2024) and Qwen (Qwen-2.5) (Qwen et al., 2025), selected for their state-of-the-
art performance to evaluate our approach’s robustness and generalization across families and scales.
The models and their respective layer configurations, detailed in Table 5, are selected from various
depths to mitigate depth bias. Following prior works (Bereska & Gavves, 2024; Bricken et al., 2023;
Gao et al., 2024), we train SAEs on the residual stream, as inter-layer relationships have minimal
impact on performance.

Baselines. Prior to this study, all SAE model training methods exclusively utilize the Block Training
(BT) strategy. Depending on the type of training dataset used, Block Training can be categorized into
two primary forms: BT(P) and BT(F) as follows:

* BT(P): Block Training using the pretraining dataset. The pretraining dataset is processed by
concatenating and segmenting the data into text blocks of equal length, which are then used
for training the SAE model.

* BT(F): Block Training using the finetuning dataset. This approach utilizes a finetuning
dataset. The data within the dataset is concatenated to form text blocks.

For BT(P), we utilize the pile-uncopyrighted dataset >. As for BT(F), we use the finetuning dataset
mentioned before which is also used in FAST.

Configuration. SAEs are trained on 8*NVIDIA A100 GPUs using sae_lens (Joseph Bloom &
Chanin, 2024) with custom implementation. For models with more than 7B parameters, the expansion
factor of SAE is fixed at 8X, whereas for other models, the expansion factor can be 8X or 16X. To
ensure fairness across methods at the same data scale, the number of training tokens is set to 40.96M.
For BT(P) and BT(F), context_size is 2,048, with each text block containing 2,048 tokens. For
FAST, no explicit context_size is required; instead, a truncation length of 8,192 is applied to
manage memory usage. For JumpReLU SAE, Lpaity is 0.01, while for Standard SAE, itis 5. Further
parameter details are in Appendix F.

To assess whether the mismatch between FAST (truncation 8192) and BT (context_size 2048)
could confound results, we computed the length distribution of FAST training instances. As shown
in Table 4, 96.6% of instances are < 2048 tokens, suggesting that effective contexts are largely
comparable; thus differences are primarily due to the training paradigm.

Evaluation Metric. While GSNR serves as our primary theoretical diagnostic to characterize
the gradient noise induced by Block Training, we further employ three complementary metrics
to comprehensively evaluate SAE performance across different aspects: reconstruction quality,
behavioral preservation, and feature interpretability:

Mean Squared Error (MSE). The performance of the SAE is assessed using the Mean Squared
Error (MSE), which is calculated as:

Yoy 2 X S Wik — D)
N-H

where IV denotes the size of the dataset, L; represents the length of the i-th sequence, and H refers

to the hidden dimension of the model. To evaluate the SAE’s performance specifically on special

tokens, we also compute the MSE of special tokens, denoted as MSE,,;>. Lower MSE values reflect

better model performance.

MSE = (16)

Delta Loss. This metric measures the cross-entropy loss difference before and after applying the
SAE to the residual stream, indicating how well the original model behavior is preserved. Delta loss
approaching O indicates better preservation, reflecting the SAE’s ability to accurately reconstruct
activations without distortions. Formally:

AL = L — e (17)

2https ://huggingface.co/datasets/monology/pile-uncopyrighted
3To facilitate a more direct comparison of performance across different methods, all MSE values are
transformed using log,.
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Figure 5: MSE,; performance of the JumpReLU SAE (all metrics are presented in log scale, where
lower values indicate better SAE reconstruction performance). Within the JumpReLU architecture,
FAST exhibits the best reconstruction capability compared to BT(P) and BT(F).

Table 1: GSNR comparison during early training (Steps 0—100 with interval 10). This table sup-
plements the summarized results in the main text, providing granular details on the reconstruction
stability of different methods.

Training Ste -
Models  Method g >tep o
10 20 30 40 50 60 70 80 90 100 | Rate
owenzs.  BT(P) 022 017 022 020 017 022 021 020 020 020 0.9
Syens>r BI(F) 023 019 017 022 022 018 017 019 020 019 0.9 | 099
FAST 043 050 052 053 050 031 030 033 033 031 028
Lmasl. BT(P) 026 026 026 026 025 024 021 022 024 024 024
- prE) 024 024 024 024 024 024 023 023 023 023 023 | 1.00

8B-Instruct

FAST 050 045 041 045 046 040 039 037 036 036 0.37

where L3F represents the model’s cross-entropy loss with SAE reconstructions at the target layer,

and LE™ s the original model’s loss without intervention. Lower absolute values indicate better
behavioral preservation.

KL Divergence. To assess behavioral fidelity, we measure the KL Divergence between the original
distribution P and the SAE-reconstructed distribution ). A value approaching 0 implies that the
SAE preserves the model’s output distribution effectively. Formally:

P(z)
Di(P Q) =" P(x)lo (18)
Zv © (Q(w)>

where ) denotes the vocabulary space, P(z) is the probability distribution over tokens generated by
the original model, and Q(x) is the distribution produced by the model with SAE-reconstructed acti-
vations. Unlike Delta Loss, KL Divergence provides a holistic assessment of semantic preservation,
penalizing any deviations in the model’s full probabilistic output.

5.2 MAIN RESULTS

A random sample of 5,000 dialogues is extracted from the remaining dataset for evaluation in MSE
and Delta Loss metrics. Figure 5 compares the MSEy; scores of three methods using the JumpReLLU
SAE, while Figure 7 illustrates the MSE,; performance of the Standard SAE. Detailed results for
both MSE and MSE,; are presented in Appendix G. Additionally, to demonstrate the generalizability
of FAST on domain-specific models, we further evaluate our method on Qwen2.5-Math-7B, with
detailed results provided in Appendix G.8.
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Table 2: Ablation study on context length using Llama-3.1-8B-Instruct (Layer 20, 8X, JumpReLU
SAE). FAST maintains its significant performance advantages over the baseline even when strictly
constrained to the same 2048-token limit.

Method log,(MSE)  log,(MSEs:) KL KLt

BT(F) -14.80 -10.45 8.19¢-05 1.02e-03
FAST-2048 -15.42 -13.02 2.62e-05 5.73e-04
FAST-8192 -15.56 -13.15 2.59e-05  5.69¢-04

In terms of overall token reconstruction (MSE), the JumpReLU architecture with Qwen models
demonstrates similar patterns, with FAST consistently outperforming baseline methods. FAST
achieves superior performance across most configurations. For instance, in Llama-3.2-3B-Instruct-
L20-8X-Standard, FAST attains -0.9527, significantly surpassing the baselines which score -0.6926
and -0.9186. In special token reconstruction (MSEy;), FAST shows marked improvements across
models. In Qwen2.5-7B-Instruct-L18-8X-Standard, FAST achieves 0.6468, outperforming the base-
lines (5.1985 and 1.5093). In the JumpReLLU SAEs, it achieves -9.7604 compared to -4.0005 and
-8.0743. For Delta Loss (Table 14), FAST consistently achieves values closer to zero (-0.51% to
0.37%, most within +0.1%) compared to BT(P) and BT(F) methods showing larger deviations up
to 51.43% and 41.19% respectively. To assess distributional shifts, we compute the KL Divergence
across the vocabulary (see Appendix I). The results confirm that FAST achieves significantly lower
divergence than baselines, indicating effective mitigation of information loss and better preservation
of the model’s behavior.

Overall, FAST consistently outperforms baseline methods across all evaluation metrics. It excels in
both general and special token reconstruction, achieves Delta Loss values closest to zero (ranging
from -0.51% to 0.37%) and minimal KL divergence, demonstrating superior performance with
substantial improvements across all tested configurations. Furthermore, FAST significantly reduces
training duration compared to baselines (see Appendix K). These results establish FAST as a robust
and efficient training method for Sparse Autoencoders.

5.3 GSNR RESULTS

To validate the training stability, we assess the Gradient Signal-to-Noise Ratio (GSNR) during the
critical early phase. As shown in Table 1, FAST consistently yields significantly higher GSNR
values compared to both Block Training baselines across all evaluated models. For instance, in the
Llama-3.1-8B model, FAST doubles the baseline GSNR (0.50 vs 0.26).This result suggests that by
preserving semantic integrity, FAST effectively minimizes the gradient variance caused by arbitrary
text concatenation present in baseline methods. This advantage is robust and sustained: the final
column demonstrates that FAST maintains the highest GSNR in nearly 100% of the steps. These
findings provide strong empirical evidence that our method induces more stable gradients, which
theoretically accounts for its superior generalization performance.

5.4 ABLATION ON CONTEXT LENGTH

A potential confounding variable in out primary evaluation is the difference in maximum context
length between FAST (truncation at 8192 tokens) and the Block Training baselines (fixed context size
of 2048 tokens). To isolate the structural effect of sequential processing from the absolute context
length, we conduct an ablation study using the Llama-3.1-8B-Instruct (Layer 20, 8X, JumpReLU)
configuration.

We train an ablated FAST model where the sequence truncation is strictly set to 2,048 tokens (denoted
FAST-2048), perfectly matching the context window size of the BT(F) baseline. The reconstruction
fidelity and behavioral preservation metrics are presented in Table 2

FAST-2048 performs almost identically to the default FAST-8192, while still drastically outperforming
the BT(F) baseline at the exact same 2048-token limit (e.g., reducing Overall KL divergence by
approximately 3x). This proves that the performance leap of FAST is fundamentally driven by
respecting instance boundaries to eliminate cross-context pollution, rather than merely expanding
context window.
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Figure 6: Feature interpretability scores distribution. FAST demonstrates superior interpretability
across all models, achieving 21.1% high-quality features (scores 4-5) on Llama3.2-3B-Instruct,
compared to 7.0% for BT(P) and 10.2% for BT(F).

5.5 CONTROLLED-PREFIX EXPERIMENT

To empirically isolate the impact of unrelated context on training stability and validate our theoretical
analysis of attention contamination, we conduct a controlled-prefix experiment. Using the FAST
method as a clean baseline, we introduce an ablation variant denoted as RandomConcat. For each
data, we prepend a random 512-token sequence sampled from an unrelated corpus. This design
intentionally reintroduces the cross-instance attention leakage term (¢,,;;) into the gradient, while
holding all other FAST parameters constant.

As detailed in Table 17, reintroducing this unrelated history leads to a sustained decrease in GSNR
across the critical early training phase (Steps 0-100). The significant fluctuations and overall lower
GSNR in RandomConcat empirically confirm that unrelated context acts as destructive noise rather
than beneficial regularization for instruct models. Because the presence of an unrelated prefix is the
sole isolated variable, this resulting GSNR drop provides direct empirical evidence that preserving
data continuity is the fundamental driver of the optimization stability and training improvements
observed in FAST.

6 FEATURE INTERPRETABILITY

To rigorously assess feature quality, we employ a two-

stage evaluation framework: first verifying numerical Typle 3: Scoring criteria for feature inter-
stability to filter noise, and then evaluating semantic  pretability.

interpretability via automated scoring.

Score Description

Feature Activation Stability. Prior to semantic
evaluation, we validate numerical stability to dis-
tinguish genuine signals from noise (details in Ap- 4

5 Clear pattern with no deviating exam-
ples
Clear pattern with one or two deviating

pendix L.1). Our analysis reveals a stark contrast: examples

while BT baselines frequently exhibit cluttered, noisy 3 Clear overall pattern but quite a few ex-
activation patterns near zero, FAST demonstrates a amples not fitting that pattern

clean separation between inactive and active states. 2 Broad consistent theme but lacking
This superior stability ensures that subsequent eval- structure

uations are grounded on robust, trustworthy features. _! No discernible pattern

Semantic Interpretability. Building on stable fea-

tures, we assess semantic coherence using an automated framework (Bills et al., 2023; He et al., 2024),
where GPT-40 scores features based on their top-5 activating contexts. To quantitatively assess the
quality of the learned features, we utilize a rigorous scoring rubric. As defined in Table 3, this 5-point
scale measures monosemanticity, ranging from completely uninterpretable patterns (Score 1) to
highly consistent, monosemantic features (Score 5). To ensure reproducibility, we detail the specific
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experimental setup for the SAEs. Table 20 outlines the target layers and expansion factors chosen for
the Llama and Qwen model families. We target middle-to-late layers where semantic features are
typically richest. FAST consistently outperforms baselines as shown in Figure 6. Specifically, for
Llama3.2-3B-Instruct, FAST yields 21.1% high-quality features (scores 4-5), significantly surpassing
BT(P) (7.0%) and BT(F) (10.2%). This trend is reinforced by CDF analysis on Qwen2.5-3B-Instruct,
where FAST exhibits the lowest proportion of low-quality features (< 3) at 76.5%, compared to over
89% for baselines. These results confirm that FAST’s sequence-based training effectively suppresses
noise and enhances semantic clarity.

7 STEERING WITH SAE LATENTS

Feature steering evaluates model inference by adjusting activation coefficients within a trained SAE.
Following SAE reconstruction, we implement steering by scaling a selected latent dimension k with
coefficient a:

7 =z + adg (19)

where d, is the decoder vector and 2’ is introduced into the model’s residual stream space via the
SAE decoder Wy, and the resulting reconstruction is then integrated into the model’s forward pass.
This approach enables precise control over specific semantic components. We conduct experiments
using 1,010 instruction instances with scaling « € [0, 15, 25, 50, 100, 150, 200] on 8X JumpReLU
SAE through FAST, focusing on features related to special tokens (e.g., <| start_header_id|>,
<|im_start | >). We focus on special tokens due to their fundamental role in structuring conversa-
tion.

Results show that steering high-activation features associated with special tokens significantly in-
fluences model output quality and reasoning ability. We observe a clear inverted-U relationship:
moderate amplification («« = 15-50) improves engagement and relevance, while excessive amplifica-
tion (o > 100) degrades output quality through repetitive responses. This suggests these features
encode essential reasoning capabilities, presenting a “sweet spot” for feature steering that enhances
performance without introducing biases. Detailed results are provided in Appendix M.4. Building
upon this discovery, such initial explorations underscore a promising pathway for future research to
harness SAE latents for dynamic, task-specific model optimization.

8 CONCLUSION

This paper introduces FAST, a novel paradigm for training SAEs on instruct models. By preserving
the semantic integrity of individual instances, FAST effectively mitigates the context fragmentation
and misalignment inherent in BT. Extensive experiments demonstrate that FAST consistently out-
performs baselines, achieving higher GSNR and superior feature interpretability. Furthermore, we
demonstrate the practical utility of FAST-trained SAEs by showing that feature steering on special
tokens significantly enhances generation quality.
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semantically consistent features, offering new pathways for ensuring Al safety and alignment. FAST
utilizes widely recognized, publicly available datasets for training and evaluation, strictly adhering
to their licenses and usage policies without intentionally introducing private, personally identifiable
information (PII) or offensive content.
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A ADDITIONAL RELATED WORK

In this section, we provide an extended review of the background on mechanistic interpretability and
the theoretical underpinnings of Sparse Autoencoders.

Mechanistic Interpretability Challenges. As LLMs continue to advance, their increasing com-
plexity, massive parameter scales, and intricate training processes present significant challenges to
human understanding (Bubeck et al., 2023; Bengio et al., 2024). Achieving a deep understanding
is crucial to ensuring alignment with human values (Ji et al., 2025) and mitigating intended out-
comes (Hendrycks et al., 2021). Mechanistic interpretability seeks to achieve a detailed understanding
of model behavior through systematic reverse engineering, addressing the obscurity of underlying
misalignment causes (Casper et al., 2024).

Theoretical Foundations: Linear Representation and Superposition. The training of SAEs is
framed as dictionary learning, where hidden layer weights serve as the basis and sparsity constraints
enforce efficient representations (Bereska & Gavves, 2024). SAEs align with the linear representation
hypothesis, which suggests that features correspond to directions in activation space (Mikolov
et al., 2013). This enables embedding arithmetic, such as v(’king”) — v(”man”) + v(”woman”) =
v(”queen”).

Furthermore, SAEs address the phenomenon described by the superposition hypothesis (Elhage
et al., 2022; Olah et al., 2020). Since neurons in LLMs are often polysemantic (encoding multiple
features due to limited dimensionality), superposition explains how networks represent more features
than available neurons by encoding them as nearly orthogonal directions. Although non-orthogonal
overlaps introduce interference, the benefits of representing a greater number of features outweigh
the drawbacks in high-dimensional spaces (Bricken et al., 2023; Rajamanoharan et al., 2024a).
These theoretical properties make SAEs particularly valuable for decomposing language models into
understandable components (Gao et al., 2024; Lieberum et al., 2024).

B EXTENDED THEORETICAL ANALYSIS OF OPTIMIZATION DYNAMICS AND
EFFICIENCY BOUNDS

In this section, we quantify the optimization penalty suggested by the GSNR degradation in Theo-
rem 3.4. We analyze the training dynamics of SAEs as a non-convex stochastic optimization problem.
While our experiments use Adam, we derive variance-dependent convergence upper bounds under
Stochastic Gradient Descent (SGD) as a tractable proxy for understanding how gradient noise affects
optimization efficiency.

B.1 FORMAL SETUP AND ASSUMPTIONS

Let § € R? denote the SAE parameters, and let
L(0) =Epnp [lrec(z,0) + AR(20(2))]

denote the expected surrogate objective, where zy () is the SAE latent activation and R(-) denotes
a differentiable surrogate of the sparsity regularizer. This smoothed objective is used only for the
theoretical analysis; the argument is intended to capture the variance-dependent optimization effect
rather than provide a convergence guarantee for the exact non-smooth SAE training objective. In
practice, this surrogate is used to model the sparsity-inducing terms appearing in Standard SAE and
JumpReLU SAE training. We analyze the update rule 0;1 = 6; — ng(6;), where 7 is a constant
learning rate and g(6;) is the stochastic gradient estimator.

We adopt standard assumptions for non-convex analysis (Ghadimi & Lan, 2013):

Assumption B.1 (L-Smoothness). The surrogate objective £ has L-Lipschitz continuous gradients.
This implies the quadratic upper bound for any 6, 6’

L(O) < LO) + (VL®),0 —6) + §||9’ —0|I2. (20)
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Assumption B.2 (Unbiased Gradient and Bounded Variance). Let F; be the filtration generated by
the iterates up to time ¢. The stochastic gradient satisfies

E[g(0:) | Ft] = VL(6;), 2n
and its conditional variance is bounded by a constant o:
E [llg(6:) — VL@)I3 | Fi] < 0. (22)
Here, for a vector-valued stochastic gradient, we use the total vector variance
Var(g(0;) | F2) := E [llg(6:) — Elg(6:) | FII5 | F] - (23)
Therefore,
Elllg(0:)113 | Fo] = VL3 + Var(g(6:) | Fo) < (VLG5 + 0. (24)

For Block Training, under Assumption 3.2, Theorem 3.4 connects the variance term in Assump-
tion B.2 to attention contamination:
2 2 2
ot ~ Usignal + Upoll' (25)
This connection allows the standard SGD bound below to quantify how the additional contamination
variance affects optimization efficiency.

B.2 CONVERGENCE RATE ANALYSIS

We derive the convergence rate to an expected e-stationary point, i.e.,

: 2]l <e.
O

Theorem B.3 (Non-Convex SGD Convergence Bound). Under Assumptions B.1 and B.2, suppose
that L is lower bounded by L*. Then SGD with constant learning rate 1 < % satisfies

min & [|v2(0,)3) < 200 £

2
0<t<T T - Lno (26)

Proof. For notational simplicity, let £; := L£(6;), VL; := VL(0;), and g; := ¢(6;). By the
L-smoothness of £ and the SGD update 6,1 = 6; — ng;, we have
L 2
Liv1 <Ly —n(VL, ge) + %Ilgtlli 27
Taking conditional expectation with respect to F; and using Assumption B.2, we obtain

L 2
E[Cer | Fi) < Lo =l VL3 + Z-Ellgel3 | i

L 2
< L=l VLI + S5 IV +02) (28)
Ln? Ln?
=L~ (n- = ) IVL3+ o™
2 2
Since n < 1/L, we have n — %72 > g Therefore,
n 2 Lnp®
§||Vﬁt”2 S Lt — E[£t+1 ‘ .Ft] + 70' . (29)
Taking total expectation and summing overt = 0,...,T — 1 gives
. T-1 T-1 TLn?
3 2 E[IVLE] < D (BIL] ~ ElLen]) + o, (30)
t=0 t=0

The first term on the right-hand side telescopes to E[Lo] — E[L7]. Since L is lower bounded by £*,
we have E[L7] > L*. Hence,

T-1

TLn?
T E(IVLZ) < £(00) - £ + —5 0™ 3D
t=0
Multiplying both sides by 7. and using min, a; < 7 =} a;, we obtain
. 2(L(60) — £7)

2 2
omin E[[VL@)Iz] < i + Lno®. (32)
This completes the proof. O
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B.3 EFFICIENCY RATIO AND ADAPTIVE OPTIMIZERS

Eq. (26) shows that the convergence bound contains two competing terms: an optimization term
O(1/(Tm)), which decreases with the learning rate 7, and a variance-dependent term O(no?), which
increases with 7. Therefore, the learning rate needs to balance these two terms.

Let A = L(0y) — L*. The bound in Eq. (26) can be written as

F(n) = == + Lno>.
(n) Tn_% no (33)

Ignoring the constraint < 1/L, the minimizer satisfies

. [ 1
TV T O (Ntf) o

When this unconstrained value violates the smoothness constraint, the learning rate can be clipped as
n = min{1/L,n*}. Substituting the unconstrained optimizer into Eq. (26) gives

. 2LAo0?
Jmin E[[VL@)] <2/ =5~ =0 (&) . (35)

Thus, to make this upper bound no larger than a squared-gradient tolerance e, it suffices to take

S8LAc?
> (36)
€
Equivalently, the iteration complexity suggested by this upper bound scales as
o2
Tbound(6) =0 (€2> . (37)

Corollary B.4 (Efficiency Penalty of Block Training). Suppose that Block Training and FAST have
comparable smoothness constants, initial optimality gaps, and target squared-gradient tolerance.
Then the SGD-style bound-level iteration proxies scale proportionally to their gradient variances:

2
Tpr . 9BT

Pbound ‘= (3 8)

-
TrasT OFAST

. . .. 2 ~ 2 2 .
Using the variance decomposition o R 05401 + 0o and assuming FAST removes the modeled

cross-instance contamination term, so that OFAST < gsignal’

we obtain
2

g
Pround ~ 1+ —22L. (39)

signal

This bound-level analysis suggests that 012)011 acts as a multiplicative penalty on the variance-dependent
component of training efficiency.

Remark B.5 (Connection to Adam). Although the above derivation is for SGD, the same variance
effect is consistent with the behavior of adaptive optimizers such as Adam. This remark is qualitative
and is not intended as a convergence proof for Adam. Adam rescales each coordinate by

meq
~ )
\ Ut,i + €adam

where 1, ; and 0y ; are the first- and second-moment estimates for coordinate ¢. Under the decom-
position gpT,; = Fsignal,i + €poll,i» and assuming the perturbation is approximately zero-mean and
uncorrelated with the signal, we have

]E[g]%T,’L] ~ E[gszignal,i] + E[Efmll,i]' (41)

Thus, attention-contamination noise can inflate the coordinate-wise second-moment estimate 0 ;,
which may reduce the effective adaptive step size in noisy coordinates. This observation is consistent
with the variance-dependent penalty suggested by Eq. (37).

(40)
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C SAE INITIALIZATION METHOD

The encoder weights (We,,.) and decoder weights (W) are initialized using the Kaiming Uniform
initialization method (He et al., 2015). This step, used exclusively in the JumpReLU method,
normalizes each row of the W .. using the L2 norm and adjusts the threshold € and encoder bias
bene accordingly. After that, some data is selected for geometric median evaluation. The goal is to
minimize the weighted sum of distances to all sample points. To achieve this, the Weiszfeld algorithm
is employed to a specified precision of ftol = 1 x 1072°, The resulting optimal point is then used as
the initial value for bge.. There exists the formulas about the geometric median evaluation as follows:

- WP

Flm) =3 il — o = 1P @)
i=1 i=1""
o — Wi
d’L le mk Hﬂ wz max(di, 6) (43)
" wip
my = Zzzlwl,) (44)
=1 Vi

|f(my 1) — f(my)| < fol - f(my,) (45)

The parameters used in the equations are defined as follows: m represents the target point or the
weighted mean to be optimized, while p; is the ¢-th data point in the dataset. w; denotes the weight
associated with the i-th data point. The objective function, f(m), is the weighted sum of distances
between m and all data points p;. The initial estimate of m, denoted as my, is calculated as the
weighted mean of all points. d; is the distance between the ¢-th data point p; and the current estimate
my,. The updated weight for the i-th data point, w, is adjusted by the distance d; and a small constant
€ to prevent division by zero. my_; is the updated estimate of m at iteration k + 1, computed as the
weighted mean of all points using the updated weights wj.

D SFT DATASET CONSTRUCTION DETAILS

We collect and integrate several large-scale instruction datasets specifically designed for fine-tuning
LLMs. Datasets are shown below:

* WildChat-1M-Full (Zhao et al., 2024) is a dataset comprising 1 million conversations
between human users and ChatGPT, enriched with demographic metadata such as state,
country, hashed IP addresses, and request headers.

¢ Infinity-Instruct (Li et al., 2025) is a large-scale, high-quality instruction dataset, specifi-
cally designed to enhance the instruction-following capabilities of LLMs in both general
and domain-specific tasks.

¢ tulu-3-sft-mixture (Lambert et al., 2025) is used to train the Tulu 3 series of models

+ orca-agentinstruct-1M-vl-cleaned “ is a cleaned version of the orca-agentinstruct-1M-
vl (Mitra et al., 2024) dataset released by Microsoft, a fully synthetic dataset using only raw
text publicly available on the web as seed data.

* Imsys-chat-1m (Zheng et al., 2023) is a comprehensive real-world conversational dataset
containing one million interactions with 25 LLMs. This dataset spans a wide range of topics
and interaction types, effectively capturing diverse user-LLM interaction patterns.

Together, they comprise 11,425,231 samples, forming a robust and diverse foundation for advancing
research on instruct LLMs. Inevitably, many datasets contain a significant amount of similar or
even duplicate data, which can adversely affect both model training and the accuracy of evaluations.
To address this issue, we employ an n-gram-based deduplication technique to preprocess the data

*Hugging Face dataset
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Table 4: Length distribution of training instances in FAST. The vast majority (96.6%) of instances
contain fewer than 2048 tokens, indicating that using context_size=2048 for BT provides
comparable effective context coverage in most cases.

Length Range Count Percentage

<2048 tokens  N<ogss 96.6%
> 2048 tokens N>2048 3.4%

Total Niotal 100%

(Algorithm ). N-gram method decomposes text into consecutive sequences of n words (or characters),
effectively capturing local features.

This approach enables the detection and identification of repetitive patterns within the text. By
leveraging this method, we are able to filter out not only completely identical instances but also
content that exhibits high semantic or structural similarity. Consequently, the quality and diversity of
the dataset are significantly enhanced. Finally, we adopt a 20-gram deduplication strategy to eliminate
redundancy in the dataset. After applying this process, a total of 4,758,226 data entries are obtained.

Algorithm 1 Deduplicate Dataset by N-Grams

Input: Dataset D, N-gram size n
Output: Deduplicated dataset D gequp
Doedup < {} # Initialize deduplicated dataset
seen_hashes < {} # Set to store hashes of seen N-grams
for each sample s in D do
ngrams < {} # Initialize N-grams for the sample
for each conversation c in s.conversations do
ngrams < ngrams U GenerateNGrams(c.content, n)
end for
if any Hash(ngram) € seen_hashes for ngram € ngrams then
continue #Skip sample if any N-gram hash is already seen
end if
seen_hashes < seen_hashes U {Hash(ngram) | ngram € ngrams}
Ddedup — Ddedup U {5}
end for
return Dgedup

E SAE MODEL IMPLEMENTATION DETAILS

This section details the mathematical formulations of the two SAE architectures employed in FAST.

Standard ReLLU SAE. The Standard SAE utilizes a ReLLU activation function. The encoder,
decoder, and loss function are defined as follows:

f(x) = ReLU(W®*x + b*™) (46)
x = W f(x) + b’ (47)
£ =[x =%l + Allz] (48)

Here, Wee, Wdee pene hdee denote the learnable weights and biases. The term ||z||; represents the
L, norm of the feature activations used for sparsity regularization, scaled by the hyperparameter .
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JumpReLU SAE. The JumpReLLU SAE modifies the activation function to allow for separate
control over the activation threshold and magnitude. The formulation is:

f(x) = JumpReL U, (Wx + b*") (49)
X = W f(x) + b (50)
£ = flx = x[lz + Allzllo (51)

The activation function is defined as JumpReLU,(z) := z ® H(z — ), where 6 > 0 is a learnable
threshold parameter, ® denotes element-wise multiplication, and H is the Heaviside step function.
The sparsity term ||z||o approximates the Ly norm (count of non-zero elements).

F HYPERPARAMETER SETTINGS

The detailed parameter settings used in the experiment are as follows:

Table 5: Layer configurations of the Llama and Qwen model series, showcasing the selection of
layers across varying depths to mitigate depth-related biases and optimize model performance.

Model Name Layer

Llama series

Llama-3.1-8B-Instruct  [4,12,18,20,25]
Llama-3.2-3B-Instruct [4,12,20]
Llama-3.2-1B-Instruct [4,9,14]

Owen series

Qwen2.5-7B-Instruct [4,12,18,20,25]
Qwen2.5-3B-Instruct [4,18,32]
Qwen2.5-1.5B-Instruct [4,14,24]
Qwen2.5-0.5B-Instruct [4,12,20]

General Settings

* Learning Rate (Ir): 7 x 1075

* End Learning Rate (I7¢,,q): 7 x 1076
* Seed: 42

Data Type (dtype): £loat32

Optimizer Settings

* Optimizer: Adam
— Beta 1 (81): 0.9
— Beta 2 (B2): 0.999

* Learning Rate Scheduler: cosineannealing

— Learning Rate Decay Steps: 64, 000
— Learning Rate Warm-up Steps: 16, 000

* Sparsity Loss Coefficient (Lgparsity):

— 0.01 for JumpReLU
— b5 for Standard

* Sparsity Loss Warm-up Steps (Lsparsity): 10, 000
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Training Settings

* Training Tokens: 4.096 x 107
¢ Train Batch Size (tokens): 128
* Mixing Activation Buffer Size: 262, 144

— Note: Calculated as 32 contexts x 8, 192 tokens, following the default configuration
of sae_lens.

Activation and Decoder Initialization

¢ Decoder Initialization Method (bgec_init_method): geometric median
* Normalize SAE Decoder: True

* Dead Feature Threshold: 10~8

¢ Dead Feature Window: 1000

Additional Settings

* Noise Scale: 0

» Expansion Factor: 8 or 16

 Feature Sampling Window: 2000

e JumpReLU Bandwidth: 0.001

* JumpReLU Init Threshold: 0.001

» Apply Decoder to Input (apply_b_dec_to_input): False
* Use Ghost Gradients: False

* Use Cached Activations: False
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G MEAN SQUARED ERROR (MSE) oF SAES

The Mean Squared Error (MSE) results for the token reconstruction task are presented in this section.

G.1 MEAN SQUARED ERROR (MSE) OF SPECIAL TOKENS OF STANDARD SAES

o Llama3.2-1B-Instruct Llama3.2-3B-Instruct Llama-3.1-8B-Instruct
Method
Llama Series ') ] 1.25
[)
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Figure 7: MSEy; performance of the Standard SAE (all metrics are presented in log scale, where
lower values indicate better SAE reconstruction performance). Within the Standard architecture,
FAST exhibits the best reconstruction capability compared to BT(P) and BT(F)

While the reconstruction capability of Standard SAE models was generally inferior to the JumpReLU
structure, FAST is also able to effectively reduce the MSEy;, especially in the Qwen series models.

G.2 MSE ofF SAES TRAINED ON LLAMA-3.1-8B-INSTRUCT

Table 6: Mean Squared Error (MSE) of SAEs trained on Llama-3.1-8B-Instruct. Each value is
highlighted with a green background to indicate performance, with darker shades of green representing
better results.

| Expansion | Method | Standard SAE | JumpReLU SAE |
| Factor | | logy(MSE) | logy(MSE) | logy(MSE) | logy(MSEy;) |

BT(P) -5.5059 -4.2377 -9.4350 -6.8026
4 8 BT(F) —5 6080 -9.8097 -8.3853
FAST -4.7236
BT(P) -3.2837 -1.6776 -11.2353 -5.4823
12 8 BT(F) -3.3437 -2.8733 -13.9975 -9.2049
FAST | 104 S 00T
BT(P) -1.6059 -0.6085 -13.0282 -7.4267
18 8 BT(F) -1.7131 -1.6009 -10.4278
FAST [ EETS6OTINIE2R98I  -15.0666
BT(P) -1.1852 -0.1692 -13.3080 -7.8271
20 8 BT(F) -1.3509 -1.3587 -14.7969 -10.4507
PAST | laml | 19375 |
BT(P) -0.1677 1.0444 -12.9767 -7.1657
25 8 BT(F) -0.5163 -0.5639 -11.6569
FAST | IEOSTATI RO B9S2 -16.5138
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G.3 MSE OoF SAES TRAINED ON LLAMA-3.2-3B-INSTRUCT

Table 7: Mean Squared Error (MSE) of SAEs trained on Llama-3.2-3B-Instruct. Each value is
highlighted with a green background to indicate performance, with darker shades of green representing
better results.

Layer | Expansion | Method | Standard SAE | JumpReLU SAE |
| Factor | | logy(MSE) | logy(MSE:) | logy(MSE) | logy(MSEy:) |
BT(P) -4.5650 -3.8363 -8.3908
8 BT(F) -4.5785 -3.8250 -13.6105 -8.5868
4 FAST -9.0852
BT(P) -4.5645 -3.8158 -9.6278 -7.5321
16 BT(F) -4.5858 -3.8210 -9.6102 -7.6905
FAST
BT(P) -2.6239 -1.9052 -13.4038 -8.5246
8 BT(F) -2.6757 -2.1318 -14.7879 -9.1440
12 PST 27236 | 24763 | 15317 -13dle
BT(P) -2.6279 -1.9488 -12.2827 -7.7836
16 BT(F) -2.6754 -2.2725 -13.8874 -8.4299
ST 27509 | 256M | -14440 | 126355
BT(P) -0.6926 -0.4378 -13.5554 -8.4006
8 BT(F) -0.9186 -1.0709 -14.8424 -8.9061
" ST 09527 | L4473 | CI88809 | 173707
BT(P) -0.8145 -0.4607 -13.1516 -9.1137
16 BT(F) -1.0947 -1.1447 -14.2900 -8.9611
st | i8S | ST | -laesT2 | 12701

G.4 MSE OF SAES TRAINED ON LLAMA-3.2-1B-INSTRUCT

Table 8: Mean Squared Error (MSE) of SAEs trained on Llama-3.2-1B-Instruct. Each value is
highlighted with a green background to indicate performance, with darker shades of green representing
better results.

Layer | Expansion | Method | Standard SAE | JumpReLU SAE \
| Factor | | logy(MSE) | logy(MSE;) | logy(MSE) | logy(MSEy;)
BT(P) -5.3374 -4.4021 -15.3160 -9.6296
8 BT(F) -5.3583 -15.6237 -10.0324
4 FAST -4.3920
BT(P) -5.3370 -4.3794 -14.5574 -9.0583
16 BT(F) -5.3587 -9.4817
FAST -4.3879 -10.5009
BT(P) -3.6638 -2.9507 -7.9900 -7.2577
8 BT(F) -3.7759 -3.0874 -16.1021 -10.5349
. RSP | B8R0 | 35754 | -164928 | 139685 |
BT(P) -3.6642 -2.9456 -7.1584 -6.5155
16 BT(F) -3.8049 -3.3775 -15.1966 -9.8149
RSP | 3834 | 36778 | -15869%6 | 129620 |
BT(P) -1.2195 -0.4927 -8.0419 -5.1825
8 BT(F) -1.7311 -1.7559 -15.2996 -9.3409
14 FAST
BT(P) -1.2449 -0.5642 -6.4784 -5.2817
16 BT(F) -1.8371 -1.8036 -14.9445 -9.3654
FAST
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G.5 MSE oF SAES TRAINED ON QWEN2.5-7B-INSTRUCT

Table 9: Mean Squared Error (MSE) of SAEs trained on Qwen2.5-7B-Instruct. Each value is
highlighted with a green background to indicate performance, with darker shades of green representing

better results.

Layer | Expansion | Method | Standard SAE | JumpReLU SAE |
| Factor | logy(MSE) | log,(MSE) | logy(MSE) | logy(MSEg:) |

BT(P) 1.2919 7.2207 -4.1852 1.9109

4 8 BT(F) -0.5233 0.0494 -5.9622 -3.3368
ST 07358 | L6090 | -106174 119105

BT(P) 1.4751 5.7788 -5.8014 -4.1171

12 8 BT(F) 0.7681 0.9550 -6.3039 -5.9309
ST 06ITT | 0070 | 98207 104545

BT(P) 2.0024 5.1985 -6.5926 -4.0005

18 8 BT(F) 1.4749 1.5093 -6.8466 -8.0743
AST | 1392 | oedes | 91659 | 97604

BT(P) 2.6772 5.1501 -4.9649 -0.7776

20 8 BT(F) 2.1453 1.9877 -5.6461 -3.5904
ST | 206 | Lise | 82213 | w7

BT(P) 4.8764 6.2532 -2.1482 2.0938

25 8 BT(F) 3.7031 -2.6957 1.6207
FAST 4.4471 | 55615 |

G.6 MSE OF SAES TRAINED ON QWEN2.5-3B-INSTRUCT

Table 10: Mean Squared Error (MSE) of SAEs trained on Qwen2.5-3B-Instruct. Each value is
highlighted with a green background to indicate performance, with darker shades of green representing

better results.

Layer | Expansion | Method | Standard SAE | JumpReLU SAE |
| Factor | logy(MSE) | log,(MSE) | logy(MSE) | logy(MSEy:) |
BT(P) -0.8873 2.8616 -8.7177 -2.2147
8 BT(F) -1.4572 1.1595 -8.5340 -1.9954
4 FAST | -11.6534 |
BT(P) -1.0058 2.8627 -8.8511 -2.3755
16 BT(F) 1.1371 -8.9769 -2.4576
FAST -1.5147 | -10.7660 |
BT(P) 0.9257 3.0243 -9.2313 -2.9916
8 BT(F) 1.1862 -9.3796 -2.9188
18 FAST 0.6782 | -11.2916 |
BT(P) 0.8594 3.4799 -9.6147 -3.1930
16 BT(F) 1.1729 -9.5534 -3.0426
FAST 0.5485 | -11.1114 |
BT(P) 3.8883 4.7227 -4.3442 -2.3480
8 BT(F) 3.7056 -5.3856
3 FAST 3.6647 -5.0278
BT(P) 3.7736 4.6584 -4.4299 -2.9327
16 BT(F) 3.4334 -6.2729
FAST 3.5676 -5.0783
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G.6.1 QWEN2.5-1.5B-INSTRUCT

Table 11: Mean Squared Error (MSE) of SAEs trained on Qwen2.5-1.5B-Instruct. Each value is
highlighted with a green background to indicate performance, with darker shades of green representing
better results.

Layer | Expansion | Method | Standard SAE | JumpReLU SAE |
| Factor | | logy(MSE) | log,(MSE,;) | logy(MSE) | logy(MSEg;) |
BT(P) -0.1150 3.8222 -5.0404 1.5111
8 BT(F) -0.5653 3.2719 -5.1794 1.3737
A FAST [ 07745 | 21358 | -13.4069 | -125193 |
BT(P) -0.2315 3.8196 -4.8980 1.6550
16 BT(F) -0.7614 3.2068 -5.1495 1.4045
FAST | 09958 | 2099 | -133622 | -11.6841 |
BT(P) 0.4087 3.5463 -5.4990 1.0522
8 BT(F) 0.0306 2.9569 -6.2791 0.2762
y ST 0095 | 2535 | 1259 118198
BT(P) 0.3186 3.5454 -4.9561 1.5981
16 BT(F) -0.0918 3.0073 -5.9567 0.5989
ST | 02312 | 133 | -1Le3s | -1aon
BT(P) 3.0506 4.3907 -4.6425 0.4759
8 BT(F) 2.5424 3.5608 -5.3630 0.5141
” ST | 2512 | a6 | 62603 | -7osss
BT(P) 2.9411 4.3725 -4.4566 1.1218
16 BT(F) 2.3877 3.5499 -5.0298 1.0916
FAST | 23762 | 03794 | -63063 | -8.0686 |

G.7 MSE oF SAES TRAINED ON QWEN2.5-0.5B-INSTRUCT

Table 12: Mean Squared Error (MSE) of SAEs trained on Qwen2.5-0.5B-Instruct. The best and
second-best methods are highlighted with dark green and light green backgrounds, respectively.

Layer | Expansion | Method | Standard SAE | JumpReLU SAE |
| Factor | | logy(MSE) | log,(MSE) | logy(MSE) | logy(MSEy:) |
BT(P) -2.7554 -0.1257 -10.6725 -4.1202
8 BT(F) -1.3213 -11.6763 -5.1212
4 FAST -2.8732 | -23.1697 |
BT(P) -2.9204 -0.0721 -10.7024 -4.1569
16 BT(F) -1.1148 -11.6959 -5.1497
FAST -3.0970 | -16.7389 |
BT(P) -2.0463 -0.0492 -9.5392 -2.9978
8 BT(F) -2.2811 -1.1008 -10.4276 -3.8743
- FAST 256605 |
BT(P) -2.1648 -0.0915 -9.4019 -2.8551
16 BT(F) -1.1418 -10.5582 -4.0043
FAST -2.4406 | -19.0931 |
BT(P) 0.2408 1.3303 -10.5099 -4.2017
8 BT(F) -0.3029 -0.0174 -11.4078 -4.8666
" FAST 16959 |
BT(P) 0.1296 1.2181 -10.6728 -4.2739
16 BT(F) -0.4536 -0.0825 -11.3337 -4.7864
FAST
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G.8 MSE oOF SAES TRAINED ON QWEN2.5-MATH-7B

To address concerns regarding the generalizability of our method beyond standard instruction-tuned
models, we conducted additional experiments on Qwen2.5-Math-7B using JumpReLU SAEs. We
evaluated the performance on representative layers (12, 18, 20, and 25).

As shown in Table 13, FAST consistently achieves significantly lower Log2(MSE) compared to
baseline methods across all tested layers. For instance, in Layer 12, FAST reaches a Log2(MSE)
of 0.09, showing a substantial improvement over BT(F) (0.78) and BT(P) (4.88). These results
confirm that FAST maintains its robustness and effectiveness even when applied to specialized,
domain-specific models.

Table 13: Log2(MSE) comparison on Qwen2.5-Math-7B.

Model Layer BT(P) BT(F) FAST

12 4.88 0.78  0.09
18 5.10 123 043
20 5.52 2.11 1.23
25 5.93 2.85 1.77

Qwen2.5-Math-7B

H DELTA L0SS COMPARISON ACROSS DIFFERENT MODELS AND TRAINING
METHODS.

Table 14: Delta Loss Comparison Across Different Models and Training Methods.

Model Layer Exp. BT(P) BT(F) FAST
Llama-3.1-8B-it 20 8X  +4.67%  -2.03%  -0.51%

16X +1957% -0.60%  -0.10%
8X  +11.50% -0.15%  -0.01%

16X +231% +1.60%  +0.02%
8X +2.16%  +0.78%  +0.04%

16X +847%  +7.47% -0.01%
8X -1.16% +2.20%  +0.01%

16X +11.96% +997% -0.06%
8X  +8.80% +10.06% +0.37%

16X +51.43% +39.86% -0.04%
8X  +4625% +41.19% -0.15%

Qwen2.5-7B-it 20 8X -2.17% +0.36%  -0.04%

Llama-3.2-1B-it 9

Llama-3.2-3B-it 12

Qwen2.5-0.5B-it 12

Qwen2.5-1.5B-it 14

Qwen2.5-3B-it 18

I KL DIVERGENCE ANALYSIS OF SAES

The KL Divergence results for the token reconstruction task are presented in this section. We conduct
this inference-only experiment on the JumpReLU architecture across all reported models, with
Table 15 detailing the overall KL divergence across the entire vocabulary and Table 16 focusing on
the reconstruction performance of special tokens. The results strongly corroborate the superiority of
our FAST method, which achieves the lowest KL divergence in 11 out of 12 configurations. Notably,
on Qwen2.5 models (0.5B and 3B), FAST reduces the divergence by orders of magnitude compared to
Block Training baselines, indicating significantly better preservation of the original model’s predictive
distribution.
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Table 15: Overall KL Divergence (Lower is Better). Comparison across different models and widths.
The best, second-best, and third-best methods are highlighted with dark green, medium green, and
light green backgrounds, respectively.

Model

Qwen2.5-0.5B-Instruct 12

Qwen2.5-1.5B-Instruct 14

Qwen2.5-3B-Instruct 18

| Layer | Width | KL Divergence (Lower is Better) |
16X 1.82e-03 | 9.27e-04
8X 8.85e-04 | 5.47e-04
16X 5.06e-02 | 2.84e-04
8X 3.11e-02 | 7.75e-05

| | | BT(P) | BI(F) | FAST(Ours)
16X 2.05e-03 | 6.99¢-04

8X 1.99¢-03 | 9.46e-04

16X 6.29¢-03 | 5.05e-03

8X 6.21e-03 | 4.42e-03
Qwen2.5-7B-Instruct | 20 | 8X 3.67e-04 |N26362040 4.38e-04
Llama-3.2-1B-Instruct 9

16X 2.73e-04 | 8.80e-05

8X 1.21e-04 | 4.36e-05
Llama-3.1-8B-Instruct | 20 | 8X | 9.95¢-04 | 8.19¢-05 |JN2S90500

Llama-3.2-3B-Instruct 12

Table 16: Special Token KL Divergence (Lower is Better). Highlighting the stability of control
tokens. FAST demonstrates superior performance in most configurations.

| Layer | Width | Special Token KL (Lower is Better) |
| | | BT(P) | BI(F) | FAST(Ours)

16X | 9.64e-03 | 3.38e-03
8X 5.77e-03 | 5.09e-03

16X | 3.69e-03 | 1.90e-03
8X 3.97e-03 | 2.00e-03

16X 1.67e-01 | 1.11e-01
8X 1.53e-01 | 9.80e-02

Qwen2.5-7B-Instruct | 20 | 8X 3.44e-04 |2938%05%  1.50e-03

16X | 4.01e-02 | 5.35e-03
8X 2.88e-02 | 7.47e-04

16X | 7.36e-04 | 3.99e-04
&X 2.94e-04 | 2.08e-04

Llama-3.1-8B-Instruct | 20 | 8X | 2.93e-03 | 1.02¢-03 [NSI6OS040N

Model

Qwen2.5-0.5B-Instruct 12

Qwen2.5-1.5B-Instruct 14

Qwen2.5-3B-Instruct 18

Llama-3.2-1B-Instruct 9

Llama-3.2-3B-Instruct 12

J GSNR RESULTS IN CONTROLLED-PREFIX ABLATION STUDY

Table 17: GSNR comparison in the controlled-prefix ablation study. Introducing a random unrelated
prefix (Random-Prefix) consistently degrades the GSNR compared to the clean FAST baseline,
validating the destructive nature of attention contamination.

Model Method 0 10 20 30 40 50 60 70 80 90 100
Qwen2.5-7B FAST 043 050 052 053 050 031 030 033 033 031 028
wenz.o- RandomConcat 040 0.22 048 036 0.20 0.30 028 030 0.19 0.19 0.20
FAST 0.50 045 041 045 046 040 039 037 036 036 0.37

Llama-3.1-8B

RandomConcat 0.28 0.24 0.26 0.24 025 023 025 025 024 021 0.20
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K TRAINING EFFICIENCY ANALYSIS

We address the potential concern regarding the computational overhead of our proposed method. We
recorded the total training duration for SAEs on both Qwen2.5-7B-Instruct and Llama-3.1-8B-Instruct
(Layer 20, Width 8X) under identical hardware conditions.

As detailed in Table 18, FAST introduces no additional computational overhead compared to Block
Training (BT). On the contrary, empirical measurements demonstrate that FAST is consistently more
efficient, reducing total training time by approximately 15% to 21% across different architectures.

This efficiency gain is attributed to the streamlined data pipeline of FAST. Unlike Block Training,
which concatenates documents into fixed-length sequences (often necessitating padding or truncation
logic during processing), FAST processes data instances sequentially and independently. Since the
majority (96.6%) of instruction tuning data instances are shorter than the standard context window
(2048 tokens), our sequential processing strategy proves to be computationally superior in practice,
effectively eliminating the processing of padding tokens.

Table 18: Comparison of Training Efficiency. Total training time measured on Layer 20 with 8X
expansion width. FAST consistently achieves significant time reduction compared to baselines across
different models and SAE architectures.

Model Architecture Method Training Time Reduction (vs BT(P))
BT(P) 16h 31m 21s -
Standard SAE BT(F) 16h 12m 55s -
Qwen2.5-7B-Instruct FAST 13h 40m 35s ~17.2%
BT(P) 16h 22m 56s -
JumpReLU SAE  BT(F) 16h 12m 49s -
FAST 14h 00m 30s ~14.5%
BT(P) 17h 40m 18s -
Standard SAE BT(F) 17h 43m 38s -
FAST 14h 09m 38s ~19.9%

Llama-3.1-8B-Instruct

BT(P) 17h 44m 05s -
JumpReLU SAE  BT(F) 16h 56m 23s -
FAST 13h 56m 13s ~21.4%

L IMPLEMENTATION DETAILS OF FEATURE INTERPRETABILITY

This section presents the detailed implementation aspects of our feature interpretability evaluation.
We explicitly analyze the distribution of feature activations to categorize their effectiveness and
provide a comprehensive overview of the model configurations, scoring criteria, and the specific
prompts used in our automated evaluation pipeline.

L.1 ANALYSIS OF FEATURE ACTIVATION DISTRIBUTION

To distinguish between truly meaningful features and numerical noise, we move beyond the binary
distinction of “dead” vs. "alive” features. Instead, we categorize feature activations into three distinct
zones based on their maximum activation values (v) over a sampled dataset:

* Weak/Dead Zone (v < 0.5): Features that rarely activate or remain dormant within the
sampled context.

* Effective Zone (0.5 < v < 10): Features in this range typically represent stable and
interpretable concepts. A higher count here indicates superior semantic capture.

* Unstable Zone (v > 10): Features with extremely high activations, often indicating
numerical instability or “feature explosion” rather than precise semantic alignment.

We evaluated 10,000 samples on Qwen2.5-7B-Instruct and Llama-3.1-8B-Instruct. The distribution
of maximum feature activation values is summarized in Table 19.
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Table 19: Distribution of Maximum Feature Activation Values. FAST consistently activates a larger
absolute number of features in the “Effective Zone.” Notably, in Qwen2.5-7B, baselines suffer from
significant feature explosion (>21% unstable features), which FAST effectively mitigates to just
1.0%.

Model Method Total Features Weak [0, 0.5] Effective (0.5, 10] Unstable (>10)
BT(P) 7521 (26.2%) 15108 (52.7%) 6043 (21.1%)

Qwen2.5-7B-Instruct  BT(F) 28672 9685 (33.8%) 14237 (49.7%) 4750 (16.6%)
FAST 6728 (23.4%) 21662 (75.6 %) 282 (1.0%)
BT(P) 19226 (58.7%) 13542 (41.3%) 0 (0.0%)

Llama-3.1-8B-Instruct  BT(F) 32768 21050 (64.2%) 11717 (35.8%) 1 (0.0%)
FAST 17779 (54.3%) 14989 (45.7 %) 0(0.0%)

As shown in Table 19, FAST consistently activates a larger absolute number of features in the
“Effective Zone.” For Qwen2.5-7B, FAST yields 21,662 effective features, significantly outperforming
BT(P) (15,108) and BT(F) (14,237). Similarly, for Llama-3.1-8B, FAST enhances the density of
useful features compared to baselines.

Crucially, regarding feature stability, we observe model-specific behaviors. In the Qwen model,
baseline methods suffer from severe “feature explosion”, with over 21% of features falling into the
Unstable Zone. FAST effectively mitigates this issue, reducing unstable features to just 1.0%. In
contrast, while the Llama model is inherently more robust to block training artifacts, FAST maintains
this stability while still delivering superior feature effectiveness.

L.2 MODEL CONFIGURATIONS OF THE LLAMA AND QWEN MODEL SERIES IN FEATURE
INTERPRETABILITY.

For reproducibility, Table 20 lists the target layers and expansion factors for the Llama and Qwen
families, focusing on middle-to-late layers where semantic representations are most prominent.

Table 20: Model configurations of the Llama and Qwen model series in feature interpretability.

Model Layer Exp. Factor
Llama series

Llama-3.1-8B-Instruct 18 8X
Llama-3.2-3B-Instruct 12 8X&16X
Llama-3.2-1B-Instruct 9 8X& 16X
QOwen series

Qwen2.5-7B-Instruct 18 8X
Qwen2.5-3B-Instruct 18 8X&16X
Qwen2.5-1.5B-Instruct 14 8X&16X
Qwen2.5-0.5B-Instruct 12 8X&16X
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L.3 PROMPT FOR FEATURE INTERPRETABILITY

We employ an automated interpretation pipeline to scale the evaluation across thousands of features.
The prompts provided below demonstrate how we instruct the evaluator model (e.g., GPT-40) to
analyze feature activations. The System Prompt sets the evaluation persona and strictly enforces
the scoring rubric, while the Prompt Template formats the specific token activation contexts for the
model to analyze.

System Prompt

We are analyzing the activation levels of features in a neural network. Each feature activates
specific tokens in a text, and the activation value of each token indicates its relevance to the
feature. Higher activation values signify a stronger association.

Your task is to evaluate the feature based on the following scoring rubric and assign
it a monosemanticity score.

#+#+# Scoring Rubric: Activation Consistency

1: No discernible pattern

2: Broad consistent theme but lacking structure

3: Clear overall pattern but quite a few examples not fitting that pattern
4: Clear pattern with one or two deviating examples

5: Clear pattern with no deviating examples

##+4 Instructions:

1. Analyze the context provided, which consists of a sequence of alternating tokens
and their corresponding activation values.

2. Assign a score based on the activation consistency rubric.
3. Provide a descriptive name for the feature that captures its essence.

Example output: ’'My final verdict score is: [[3]], feature name is [[Mathematical
Problem Explanation]]’.

User: {prompt}

Prompt Template

Below is the context of feature {feature_index}, represented as sentences with tokens and
their activation values:
{context}
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M IMPLEMENTATION DETAILS OF STEERING WITH SAE LATENTS

M.1 DETAILED FEATURE STEERING ANALYSIS

The proposed method conceptually resembles activation guidance using decoder latent vectors;
however, the SAE framework offers a more robust and disentangled mechanism for control. These
latent variables correspond to row vectors of Wy, where a scalar & modulates the intensity of the
k-th latent. Unlike conventional approaches that rely on direct, often opaque manipulation of hidden
states, SAE-based feature steering provides interpretable control over specific semantic or structural
components while maintaining the model’s overall coherence.

To ensure robust evaluation, we randomly partitioned the 1,010 sampled instruction instances into
two subsets: an identification set of 1,000 samples used to pinpoint highly activated SAE features,
and an evaluation set of 10 samples to assess post-steering model outputs. Inference was performed
using the specific chat templates corresponding to each instruct model. The 10 evaluation questions
are listed in Figure 8. This design ensures statistical reliability in feature selection while providing
sufficient diversity to capture the nuanced effects of steering across varying question complexities.

We specifically focus on features associated with special tokens® (see Table 21) to examine how these
non-entity-specific tokens influence generation. To ensure reproducibility and eliminate selection
bias, we adopted a deterministic selection criterion: for each target special token, we calculated the
average maximum activation values across the 1,000-sample identification set and selected the single
feature with the highest maximum activation value for steering demonstrations. Complete activation
statistics are provided in this appendix. This choice targets special tokens due to their fundamental
role in structuring conversational flow and contextual boundaries, making them ideal candidates for
studying high-level model behavioral control.

We present three representative case studies to illustrate the steering effects. Due to space constraints,
we primarily focus on the < | start_header_id|> feature for Llama-3.1-8B-Instruct and the
<|]im_start | > feature for Qwen2.5-7B-Instruct. Experiments employed an 8X JumpReLU SAE
(trained via FAST) with scaling factors « € [0, 15,25, 50, 100, 150, 200]. This range was calibrated to
capture the full spectrum of effects, from subtle improvements at lower values to potential degradation
at extreme amplification.

Results indicate a consistent pattern. For instance, in Question 3 (Figure 11 and Figure 12), amplifying
the feature tied to <|im_start |> and user reveals a clear trajectory: moderate values of «
significantly enhanced engagement and output relevance. However, excessive amplification (o > 100)
led to degradation, manifesting as language switching or incoherent repetition. This progression
demonstrates an inverted-U relationship between steering intensity and output quality, suggesting
that optimal feature activation exists within a bounded “’sweet spot.”

Similarly, in Question 4 (Figure 13 and Figure 14), steering the top-ranked feature associated with
the < | im_start | > marker produced more convincing and logically structured responses within a
specific coefficient range. Pushing o beyond this limit resulted in increased verbosity and circular
reasoning. These patterns are mirrored in Question 2 (Figure 9 and Figure 10), reinforcing the
generalizability of these findings across diverse domains.

The consistency of these results implies that these features likely encode essential “meta-cognitive”
aspects of the model’s reasoning process, transcending specific tasks. The existence of an optimal
« range indicates that special token features act as high-level regulators—controlling coherence,
relevance, and structural organization—rather than dictating specific content. This observation
highlights the practical value of SAESs: steering structural features associated with special tokens
emerges as a principled, reliable method to refine model guidance, enhancing response quality while
preserving the natural flow and authenticity of generated content.

SNote that user and assistant roles are treated as special tokens, as they function structurally alongside
markers like < | im_start | >.
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Question 1:

How do I export constants and classes from a JavaScript module?
Question 2:

FINAL EXAM Question 1. What was Elsie Marley profession?
Question 3:

lettre de mativation
Question 4:

T DR I, PRI k2 ] ) 2 2 X A 42

Question 5:

Summarize this article in one sentence.\n\nMedia playback is not supported on this device\nFarah pulled away from American Dathan Ritzenhein in the
last mile in his first race since retaining his 5,000m and 10,000m Olympic titles in Rio.\nIn the women\"s race, Olympic 5,000m champion Vivian
Cheruiyot of Kenya won in her first half marathon.\nScotland\"s Mark Telford took the men\"s wheelchair crown, a second ahead of fellow Briton Bret
Crossley.\nThe Great North Run is the world\"s biggest half marathon and there were more than 41,000 runners taking part in this year\"s event from 178
nations.\nFarah, 33, was taken on a fast pace by former American 5,000m record holder Ritzenhein, but powered away with a mile to go and even had
time to do a cheeky heel flip before he crossed the line in one hour and four seconds, the slowest of his three wins.\nBelgium\"s Emmanuel Bett, who ran
the second half of the race almost on his own, crossed in third.\nFarah told BBC Sport: \"To be honest with you, I\"m knackered.\n\"I knew I had to work
hard because Dathan is a former training partner and was running a great race.\n\"He put his foot down and tried to get rid of me because he knew I have
amazing pace.\n\"It\"s good to finish the year on a high, what a year I\"ve had. I just want to go home now, chill out, see the kids, get up to no good.
\"\nFind out about how to get into running with our special guide.\nThe women\"s race was billed as a shoot-out between middle distance greats
Cheruiyot and three-time Olympic champion Tirunesh Dibaba.\nDibaba failed to keep pace with Cheruiyot and fellow Kenyan Priscah Jeptoo in the
closing stages of the 13.1-mile course. It was Cheruiyot who took victory, producing a sprint finish to clock 1:07.54, just one second ahead of Jeptoo.
\nCheruiyot said: \"I\"m so happy because it\"s my birthday. I found it tough with one kilometre to go but it\"s fantastic for me to end my season this way.

\"\nMedia playback is not supported on this device\n\nSummary:
Question 6:

def intersection(listl, list2):\n  \"\"\"\n  This function returns a list of common elements between two lists: list] and list2.\n\n
(list): First list of elements\n  list2 (list): Second list of elements\n\n  Returns:\n

Question 7:

Parameters:\n  listl

list: A list of common elements between listl and list2\n  \"\"\"  #
Complete the code to find the intersection of list] and list2 using nested for loops\n common_elements = [J\n  for element] in list]:\n
in list2:\n if element] == element2:\n common_elements.append(element])\n break\n\n

return common_elements

for element2

Article:\nAuthor Carol Dunbar stands outside of her writing studio that is under her family’s water tower on their property deep in the woods south of
Superior, Wisconsin. Jed Carlson / Superior Telegram\n\nCarol Dunbar works at the desk inside her writing studio in her family’s water tower in the
woods south of Superior on Tuesday afternoon, Oct. 26, 2021. Jed Carlson / Superior Telegram\n\nCarol Dunbar speaks about her love of nature and
living off the grid on her family’s property deep in the woods south of Superior on Tuesday afternoon, Oct. 26, 2021. Jed Carlson / Superior
Telegram\n\nCarol Dunbar looks through short writings and other trinkets that were her grandmothers that she keeps in her writing studio in her family’s
water tower in the woods south of Superior on Tuesday afternoon, Oct. 26, 2021. Jed Carlson / Superior Telegram\n\nAuthor Carol Dunbar talks about
her struggles with the editing process of her upcoming novel as she sits in her writing studio in the family’s water tower south of Superior on Tuesday
afternoon, Oct. 26, 2021. Jed Carlson / Superior Telegram\n\nAuthor Carol Dunbar looks out of one of the windows of her writing studio in her family’s
water tower on their property deep in the woods south of Superior on Tuesday afternoon, Oct. 26, 2021. Jed Carlson / Superior Telegram\n\nSUPERIOR,
Wis. — Carol Dunbar stepped through the woods as fallen leaves crunched beneath her feet. Her homestead south of Superior includes the main
residence, her husband’s workshop and a water tower. Living off the grid, the structure is a necessity for the homestead’s water pressure — and for
Dunbar’s work.\n\n“Me getting into this water tower was finding a space where I could shut a door behind me to create,” she said. “I wouldn’t want any
other kind of office, but it definitely has its challenges.”\n\nThe novelist and freelance ghostwriter’s computers, manuscripts and books all reside under
what some might consider to be their worst enemy: “There are literally two 250-gallon tanks of water over my head right now,” she said.\n\nYes, her
office has flooded several times.\n\n“It’s like being in a room that’s pouring rain. It’s awful, and I’ve had to make peace with that.”\n\nTo see her work be
so0 vulnerable makes it that much more endearing. “I know there’s a really interesting metaphor about art and risk,” she added.\n\nThere’s no other space
on their 80 acres where she can work the way she’s able to here. After numerous floods and years spent working from the living room, her husband redid
the space and built the staircase for better access and heat circulation.\n\nOriginally intended as a guest room, it’s a 10-by-10 space on the second floor of
the water tower. She calls it the cockpit.\n\nThere’s a porch on the back and windows on all four sides, so “I feel like I'm writing in the treetops,” she
said.\n\nWhile she hears water moving through the pipes around her, “The view that it affords me and the peace that I have here in this little space, and it
is little ... I wouldn’t trade it for anything.”\n\nTHE SPACE\n\nLight floods in from every angle. Her sitting and standing desks, compliments of her
husband, rest at the center and in a corner, an ancient-looking podium holds one of her numerous dictionaries; she likes to compare decades-old
definitions to those of today.\n\nThere are several aloe plants, drawings on the wall, and a storyboard with pinned photos of a sculpture and an Irish
skyline — inspiration for future works, she said.\n\nAn assortment of candles, one of which she lights daily before she begins. “It keeps me mindful that
I’'m trying to capture the best light, the best in human nature,” she said.\n\nShe keeps a collection of notebooks, color-coated for whatever novel she’s
writing, in her office, in the car, by her bed, to help her document inspiration when it strikes. “I got very frustrated when I got a good idea or I'd hear a
piece of dialogue or I’d finally know how to describe the snow on that day, and I would write it down and never find it again,” she said.\n\nlt has helped,
but she still has scraps of paper pinned to her notebook pages. “It’s like leaving yourself love letters,” she said, sorting through a pile.\n\nShe wrote her
second novel in long-hand on paper. It’s an accessible way to create away from a screen, she said.\n\nIn the corner rests a red cushioned chair that came
from a Minneapolis alley. Around her desk she has taped quotes and reminders. “In the end, it all comes down to what we think we deserve,” reads one.
\n\nAlso a piece of wood with words: “You just have to trust your own madness — Clive Barker.”\n\nDunbar cherishes a writing award and remnants of
work kept on paper scraps, memorabilia from an ancestor who emigrated from Italy. While Dunbar’s relative wasn’t supported in pursuing writing,
Dunbar feels her work today honors herself and her ancestor.\n\nHer book shelf holds works by Joyce Carol Oates, Jesmyn Ward, Barbara Kingsolver,
and a treasured copy of Eleonora Duse’s “The Mystic in the Theatre.” Duse strove to eliminate...(Truncated)\n\n\nltalicize all instances of Carol

Dunbar\"s quotes.
Question 8:
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Question 9:
What is the smallest prime factor of $600851475143$?
Question 10:

Develop a comprehensive branding strategy that includes a brand name, logo, tagline, packaging design, and marketing plan for a new line of organic,
non-toxic, biodegradable cleaning products that are socially responsible and sustainably made. Ensure that the branding strategy effectively
communicates the brand\"s unique selling proposition, target audience, brand personality, and brand voice through all touchpoints, including print and
digital media, social media, in-store displays, and product demos. Additionally, create a brand message that emphasizes the benefits of using eco-friendly

cleaning products and persuades consumers to make the switch to a greener lifestyle.

Figure 8: 10 questions content
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M.2 SPECIAL TOKENS

Table 21: Tokens that control response generation and formatting in the Llama and Qwen model
series.

Token ID Token

Llama series

882 user

78191 assistant

128006 <|start_header_id|>
128007 <|end_header_id|>
128009 <|eot_id|>

QOwen series

872 user

77091 assistant

151644 <|im_start|>

151645 <|im_end|>

M.3 AVERAGE TOP 5 MAX ACTIVATION VALUES AND THEIR CORRESPONDING INDICES FOR
TOKENS ACROSS A 1000-SAMPLE DATASET

Table 22: Top 5 Average Activation Values for Special Tokens in Llama3.1-8B-instruct with

JumpReLU SAE

Approach

Token

Top 5 Max Activation Value (Index:Value)

BT(P)[8X]

882
78191
128006
128007
128009

4453:0.8120
5188:0.5030
2604:7.1220
23901:1.193
20505:0.744

30511:0.724
1923:0.4900
20523:0.800
7808:0.5210
25940:0.653

18547:0.597
31873:0.486
7428:0.7330
3268:0.5180
7961:0.6460

19110:0.500
20505:0.468
24017:0.702
20505:0.477
21317:0.585

20505:0.469
3187:0.4620
16640:0.678
30244:0.473
19110:0.569

BT(F)[8X]

882
78191
128006
128007
128009

11765:0.823
30553:0.536
17784:7.480
23677:1.002
23677:0.834

25025:0.814
9728:0.5270
17355:0.947
6426:0.6680
7100:0.7560

7043:0.6880
11435:0.507
28634:0.782
26136:0.603
30568:0.734

16826:0.562
14565:0.505
9333:0.7710
5783:0.5720
15188:0.666

21896:0.560
13234:0.497
27149:0.744
26958:0.526
8346:0.6430

FAST[8X]

882
78191
128006
128007
128009

22534:0.611
16063:0.463
22642:4.392
30457:2.489
13822:0.753

13320:0.470
13320:0.461
2417:0.7170
19871:0.532
22277:0.606

29165:0.464
19871:0.460
27839:0.706
6870:0.4640
21866:0.537

19871:0.428
32613:0.441
3095:0.7030
28096:0.446
17489:0.493

29033:0.418
22277:0.399
10814:0.654
13266:0.413
118:0.41200
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Table 23: Top 5 Average Activation Values for Special Tokens in Llama3.2-3B-instruct with
JumpReLU SAE

Approach  Token ID Top 5 Max Activation Value (Index:Value)

882 3817:0.4550 11734:0.430 505:0.42200 23884:0.417 14851:0.380
78191 6451:0.3460 11061:0.340 19811:0.327 12369:0.325 11734:0.308
BT(P)[8X] 128006 2064:20.351 5699:0.4090 14393:0.399 7505:0.3770 548:0.37500
128007 20232:0.427 5095:0.4000 19583:0.393 23908:0.362 3719:0.3590
128009 14536:0.468 16718:0.437 23736:0.413 13925:0.379 10211:0.368

882 23287:0.814 44336:0.718 10727:0.712 11701:0.683 26467:0.658
78191 34602:0.622 10655:0.600 45414:0.591 23156:0.553 19333:0.522
BT(P)[16X] 128006 38076:28.41 48766:0.675 16639:0.659 28134:0.653 45:0.621000
128007 9822:0.7530 39737:0.659 5712:0.6430 38496:0.574 23156:0.570
128009 483:0.79800 48233:0.789 22660:0.670 24339:0.624 23774:0.600

882 21524:0.496 17981:0.471 10125:0.436 11210:0.431 14456:0.410
78191 16126:0.447 8704:0.4470 20691:0.418 19630:0.393 10125:0.365
BT(F)[8X] 128006 15765:21.39 1640:0.5180 14456:0.479 45:0.459000 17981:0.442
128007 7814:0.5120 24565:0.489 1759:0.4840 8704:0.4390 14456:0.396
128009 5506:0.5230 20691:0.514 20328:0.488 6878:0.4550 7593:0.4460

882 20561:0.719 28995:0.698 14625:0.662 32041:0.625 4844:0.5850
78191 23154:0.725 8239:0.6700 45582:0.630 23594:0.593 11425:0.564
BT(F)[16X] 128006 30984:25.38 10207:0.752 21441:0.751 26876:0.700 35477:0.683
128007 41219:0.687 14625:0.670 21050:0.662 23942:0.621 27267:0.595
128009 26876:0.761 13612:0.722 9537:0.6930 44518:0.653 6317:0.6240

882 2950:0.5730 1343:0.5670 16808:0.498 19508:0.481 5931:0.4590
78191 23183:0.548 263:0.50900 8564:0.4860 2680:0.4750 23798:0.472
FAST[8X] 128006 8772:37.471 20896:0.610 2950:0.6060 12126:0.538 16622:0.534
128007 12955:0.550 22995:0.536 3339:0.5080 7878:0.4970 2950:0.4730
128009 7814:0.5850 16940:0.551 4605:0.5080 12331:0.493 4439:0.4880

882 9447:0.8380 5861:0.7210 19741:0.716 22320:0.669 25160:0.645
78191 4177:0.8220 43897:0.719 18009:0.667 25117:0.594 30970:0.590
FAST[16X] 128006 22974:37.66 36:0.873000 18075:0.813 26318:0.774 45047:0.762
128007 42421:0.798 655:0.75300 13955:0.697 26318:0.632 28994:0.589
128009 29041:0.888 18075:0.844 33332:0.776 2705:0.7120 26318:0.695

36



Preprint

Table 24: Top 5 Average Activation Values for Special Tokens in Llama3.2-1B-instruct with
JumpReLU SAE

Approach  Token ID Top 5 Max Activation Value (Index:Value)

882 12248:0.455 14322:0.446 10030:0.444 11886:0.425 731:0.39800
78191 14903:0.443 15672:0.435 8014:0.4190 13261:0.410 11985:0.405
BT(P)[8X] 128006 4464:10.463 4858:0.4600 12143:0.454 9898:0.4440 6877:0.3700
128007 196:0.45400 15332:0.398 9561:0.3580 12143:0.355 626:0.35500
128009 15332:0.496 1296:0.4910 4858:0.4170 6877:0.4170 15975:0.412

882 20612:0.642 22827:0.613 3012:0.6050 11176:0.578 2141:0.5760
78191 28423:0.672 24765:0.661 30621:0.649 22827:0.649 18585:0.621
BT(P)[16X] 128006 4169:11.460 11176:0.793 9495:0.6770 9911:0.6730 24072:0.586
128007 26090:0.820 10861:0.622 24072:0.615 26939:0.591 23109:0.541
128009 11176:0.747 16525:0.716 26594:0.685 8403:0.6490 15861:0.633

882 2387:0.4130 13266:0.341 7778:0.3090 8423:0.2840 3682:0.2800
78191 7783:0.3320 10427:0.316 8941:0.3150 16174:0.311 4764:0.3080
BT(F)[8X] 128006 2537:9.9460 15768:0.382 9146:0.3500 1604:0.3440 14204:0.312
128007 10680:0.390 15478:0.312 8905:0.3090 6638:0.3020 15034:0.284
128009 2568:0.4050 3528:0.3860 14204:0.371 1604:0.3600 15768:0.313

882 24100:0.530 6794:0.5240 7848:0.5230 9322:0.4900 17577:0.490
78191 12548:0.583 24258:0.542 2092:0.5260 2460:0.4960 15997:0.484
BT(F)[16X] 128006 4967:10.559 24354:0.675 20054:0.614 12136:0.599 12707:0.537
128007 18190:0.581 2543:0.5000 23285:0.499 15997:0.494 17059:0.486
128009 26830:0.635 17228:0.623 11407:0.551 18494:0.523 11681:0.483

882 2926:0.3780 878:0.35400 4753:0.3370 10237:0.336 7582:0.3140
78191 13371:0.388 14099:0.376 8581:0.3680 11313:0.361 5121:0.3400
FAST[8X] 128006 12361:8.486 13371:0.386 878:0.37500 129:0.34900 1866:0.3300
128007 8581:0.4120 12864:0.357 13371:0.341 4478:0.3380 4523:0.3150
128009 878:0.47000 11483:0.408 6832:0.3770 8581:0.3690 865:0.34700

882 1835:0.7500 3851:0.7100 982:0.60400 9493:0.6020 8463:0.4780
78191 19765:0.596 14393:0.539 28589:0.512 2350:0.4850 12592:0.482
FAST[16X] 128006 12329:10.30 9838:0.6440 13262:0.592 1450:0.5260 27818:0.504
128007 3368:0.5820 31764:0.568 16867:0.518 16432:0.503 9648:0.4590
128009 10365:0.696 31406:0.637 30028:0.602 15515:0.574 16339:0.535

Table 25: Top 5 Average Activation Values for Special Tokens in Qwen2.5-7B-instruct with
JumpReLU SAE

Approach Token ID Top 5 Max Activation Value (Index:Value)

872 12461:9.058 439:3.88000 19183:2.978 18767:2.889 13685:1.992
77091 2547:2.9330 15678:2.562 19183:2.549 6508:2.3290 4400:2.0270

BT(P)BX] 151644 12461:9.193 1261:2.7050 6508:2.3060 2547:2.1240 4400:2.1140
151645  1261:2.9730 2547-2.8640 6508:2.4140 18778:2.223 13888:2.118
872 4710:6.3500 15390:3377 20684:3.192 25558:2.937 27629:2.800
sropsxy 70! 25558:3.135 27629:3.061 19040:3.012 10759:2.802 13257-2.378
151644 4710:67170 107593412 11735:3.049 28219:2.749 26983:2.596
151645  28219:3.130 11735:2.692 217424670 10614:2.464 25812:2.120
872 13794:37.19 17783:4.816 20022:4.519 21950:4.077 11739:4.053
mastisx) 77091 20022:5.667 11739:4352 16782:4.180 2670:3.7810 13794:3.731

151644 13794:39.87 20022:5.418 7579:4.1900 3817:4.1890 26689:4.023
151645 20022:4.463 2670:3.6970 22845:3.139 25469:2.939 9676:2.6890
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Table 26: Top 5 Average Activation Values for Special Tokens in Qwen2.5-3B-instruct with
JumpReLU SAE

Approach  Token ID Top 5 Max Activation Value (Index:Value)

872 11485:2.756 8925:2.4490 3645:2.4130 1600:2.1160 2801:2.0860
BT(P)[8X] 77091 10992:1.911 1600:1.8300 15929:1.777 14942:1.747 12230:1.677
151644 7152:132.52 2713:2.0100 11354:1.996 15302:1.891 15795:1.885
151645 12297:2.588 11352:2.457 4096:2.4520 10336:2.429 10992:2.214
872 14113:2.010 12080:1.750 18074:1.739 14580:1.720 2607:1.4890
BT(P)[16X] 77091 4047:1.3860 27294:1.294 3356:1.2890 14113:1.248 9469:1.2420
151644 32641:150.0 14113:1.362 7224:1.3340 28068:1.327 4741:1.2860
151645 23725:1.696 14113:1.674 25421:1.669 68:1.619000 9469:1.5140
872 7603:2.8380 3184:2.7840 15060:2.777 8391:2.7390 6484:2.3780
BT(F)[8X] 77091 15060:3.175 3373:2.3530 7293:2.3480 1317:2.3398 7603:2.2900
151644 16236:121.2 16225:2.563 7603:2.5000 7189:2.4970 958:2.43000
151645 3104:3.9910 1317:3.4210 16225:3.397 6700:3.3500 15704:3.101
872 23210:2.320 29265:1.807 11930:1.767 28994:1.712 2757:1.5020
BT(F)[16X] 77091 23210:1.844 6805:1.6570 20713:1.564 11930:1.544 29265:1.483
151644 31443:153.4 23210:2.160 5146:2.0010 24831:1.894 29265:1.859
151645 5146:2.9880 5924:2.4320 5572:2.3420 12821:2.078 24491:1.502
872 2941:3.4410 8775:2.6400 10076:2.625 12216:2.178 776:1.99600
FAST[SX] 77091 2653:3.6370 10076:3.450 3411:3.0540 9785:2.5100 11618:2.004
151644 8775:248.36  12291:2.880 10076:2.829 3411:2.8280 13964:2.566
151645 10076:4.538 12216:3.775 12139:3.729 4383:3.5920 12209:3.279
872 6863:3.7600 9230:2.9510 20605:2.446 21312:2.285 17408:2.063
FASTI16X] 77091 23681:4.223 6863:3.9440 17147:3.059 10035:2.969 4751:2.7968

151644 31443:85.35 5599:1.5974 9299:1.5341 18964:1.445 4751:1.4220
151645 23681:3.000 6863:2.4390 20511:2.173 9230:1.8215 17147:1.517
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Table 27: Top 5 Average Activation Values for Special Tokens in Qwen2.5-1.5B-instruct with
JumpReLU SAE

Approach  Token ID Top 5 Max Activation Value (Index:Value)

872 734:312.441 2664:2.5160 576:2.31600 4162:2.1050 9629:2.1030
BT(P)[8X] 77091 1656:2.2670 3248:2.2090 4162:2.1040 4098:2.0910 8997:2.0460
151644 734:288.485 391:1.92500 5536:1.9240 11982:1.660 11102:1.625
151645 11322:1.905 734:1.74500 1263:1.6030 9637:1.5900 12143:1.499
872 15738:261.8 3080:1.4920 2724:1.3730 19787:1.372 17743:1.258
BT(P)[16X] 77091 2724:1.3720 17351:1.354 1954:1.3340 19787:1.307 9767:1.2760
151644 15738:241.5 13157:1.148 13486:1.116 14339:0.945 6977:0.9250
151645 9971:1.1270  22929:1.032 14028:1.003 19840:0.936 22072:0.864
872 1910:255.40 7039:2.5590 9420:2.5300 8118:2.4710 1693:2.4060
BT(F)[8X] 77091 8118:2.7040 7067:2.5230 1223:2.4890 7039:2.4670 4086:2.4190
151644 1910:234.85 4798:1.9970 6153:1.8900 5905:1.7000 11021:1.682
151645 10536:1.870 11021:1.724 7064:1.6550 1787:1.5630 6153:1.5040
872 2077:263.49 13135:1.624 17747:1.439 16136:1.353 19975:1.338
BT(F)[16X] 77091 6886:1.5170 19975:1.508 17747:1.500 18492:1.296 16136:1.249
151644 2077:242.06 19387:1.534 4177:1.3580 22526:1.283 19497:1.178
151645 4177:1.1610 5724:1.1000 9985:1.0890 6552:1.0190 11894:0.945
872 7505:462.49 4918:2.4010 4694:2.3060 4141:2.1620 10728:2.098
FAST[SX] 77091 491:2.25800 4141:2.2300 11303:2.125 8603:2.0090 6358:1.9430
151644 7505:425.73  10900:1.793 6473:1.7560 10139:1.614 2006:1.5990
151645 491:2.20100 11115:1.748 11252:1.665 6473:1.5530 10257:1.326
872 21852:580.0 11515:1.988 9360:1.5720 21118:1.501 11834:1.487
FAST[16X] 77091 21118:2.068 9718:1.6120 14362:1.536 9360:1.5240 11834:1.477

151644 21852:532.9 21118:1.683 16522:1.350 17617:1.265 12233:1.174
151645 21118:2.070 17617:1.474 16522:1.312 18955:1.196 21139:1.084
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Table 28: Top 5 Average Activation Values for Special Tokens in Qwen2.5-0.5B-insturct with
JumpReLU SAE

Approach  Token ID Top 5 Max Activation Value (Index:Value)

872 6091:1.0680 2897:0.8250 1389:0.8240 6239:0.8150 6434:0.7770
BT(P)[8X] 77091 3245:0.8430 1767:0.8430 1389:0.8310 5981:0.8120 6239:0.7790
151644 1608:43.209 6818:0.7600 6245:0.7480 6724:0.7150 1235:0.7150
151645 4541:0.8170 5212:0.8010 1744:0.7760 4498:0.7280 507:0.72400
872 8475:0.6880 13976:0.545 889:0.51000 8786:0.4680 3099:0.4680
BT(P)[16X] 77091 3099:0.5480 9308:0.5340 13976:0.528 8786:0.4830 432:0.46500
151644 10161:28.27 7726:0.4830 6509:0.4550 9343:0.4510 6947:0.4260
151645 1934:0.5580 12380:0.505 7726:0.4370 7385:0.4370 1823:0.4280
872 5375:1.0290 3317:0.9000 4825:0.8510 3896:0.8360 5791:0.8260
BT(F)[8X] 77091 3896:0.8510 4825:0.8450 2552:0.8420 5375:0.8030 3203:0.8010
151644 2428:40.999 5130:0.7510 1326:0.7050 557:0.68100 2765:0.6540
151645 2734:0.8970 6507:0.7080 628:0.69600 2913:0.6930 1119:0.6680
872 13102:0.658 12215:0.572 10208:0.542 6285:0.4670 5598:0.4430
BT(F)[16X] 77091 7823:0.5860 12215:0.580 10208:0.551 12606:0.521 5598:0.4871
151644 1983:27.761 5393:0.5180 12215:0.458 5515:0.4470 9460:0.4360
151645 4484:0.4980 12615:0.472 13322:0.441 5393:0.4370 8592:0.3820
872 1299:0.9310 2747:0.9090 3288:0.8170 1859:0.7860 4804:0.7210
FAST[SX] 77091 6296:0.8960 6776:0.8640 3288:0.8450 7041:0.8300 2747:0.8140
151644 3154:34.650 825:0.71700 5377:0.6940 6140:0.6830 3724:0.6450
151645 3724:0.8630 3955:0.8240 1371:0.8030 3931:0.6940 5940:0.6740
872 11717:0.578 6739:0.5030 8487:0.4990 2010:0.4640 12647:0.442
FAST[16X] 77091 8487:0.5840 6739:0.5340 11717:0.529 11505:0.493 2851:0.4760

151644 3384:28.324  4241:0.4720 9335:0.4250 11285:0.416 298:0.38400
151645 4241:0.5410 5731:0.4450 6167:0.4440 7780:0.3940 5314:0.3770
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M.4 STEERING OUTPUT OF THREE QUESTIONS

M.4.1 Q2

Qwen2.5-7B-Instruct-L18-8X JumpReLU SAE
Feature ID: 13794
(act most on "<|im_start|>" and "user")

Question2: FINAL EXAM Question 1. What was Elsie Marley profession?

Raw Output (a =0)
I'm sorry, but there seems to be some confusion. "Elsie Marley" is not a widely known public figure or character, and without more context, it's
difficult to determine who this person is or their profession. Could you please provide more information or context about Elsie Marley? This would

help me give you an accurate answer.<|im_end|>

I'm sorry, but there seems to be some confusion. "Elsie Marley" is not a widely known public figure or character, and without more context, it's
difficult to determine who this person is or their profession. Could you please provide more information or context about Elsie Marley? This would

help me give you an accurate answer.<|im_end|>

To answer the question accurately, I'll need more context about which "Elsie Marley" is being referred to, as there could be multiple individuals with
this name. However, based on the name and the common use of names in literature, I'll assume you're referring to Elsie Marley from J.K. Rowling's
Harry Potter series.

In the Harry Potter series, Elsie Marley is the grandmother of Sirius Black's son, Nymphadora Tonks. She is mentioned in "Harry Potter and the
Order of the Phoenix" but does not have a significant role in the story.

If you're referring to a different Elsie Marley, please provide more details so I can give you the correct information.<|im_end|>

Steered Output (a = 150)

To answer the question accurately, I'll need more context about which "Elsie Marley" is being referred to, as there could be multiple individuals with
this name. However, based on the name and the commonality of the surname "Marley," one possible reference is to the character Elsie Marley from
the Harry Potter series, who is the mother of Sirius Black. In the books, Elsie Marley is described as a Muggle woman who was Sirius Black's
mother. If this is the case, her profession is not explicitly stated in the books, but given her status as a Muggle, it's likely she was involved in a
profession typical for her time and social class, such as a teacher, nurse, or office worker. If you have a different context in mind, please provide
more details.<|im_end|>

Figure 9: The steering output generated by Qwen2.5-7B-Instruct with Feature ID: 13794, focusing
onuser and <|im_start | > tokens for the Question 2 (entity description).

Llama3.1-8B-Instruct-L18-8X JumpRelLU SAE
[ Question2: FINAL EXAM Question 1. What was Elsie Marley profession? ] o Feature ID: 22642

(act most on "<|start_header_id|>")

Raw Output (a =0)
I don't have information on Elsie Marley's profession.<|eot_id|>

I don't have information on Elsie Marley's profession.<|eot_id|>

I cannot verify the profession of Elsie Marley. If you'd like to know more about Elsie Marley, I'd be happy to help you find the information you
need. I can also help you find information about a wide range of other topics if you'd like. Is there anything else I can help you with? If you have

any other questions, feel free to ask.<|eot_id|>

Figure 10: The steering output generated by Llama3.1-8B-Instruct with Feature ID: 22642, focusing
onuser and <|im_start | > tokens for the Question 2 (entity description).

For Question 2, the Qwen model (Figure 9) shows improved output quality when feature 13794
is moderately amplified (o = 25-75). Within this range, responses become more polite, detailed,
and engaging. However, when amplification exceeds this range (o > 100), the model fabricates
information and produces repetitive or nonsensical output.

The Llama model (Figure 10) benefits from a narrower amplification range (o = 15-25). Within this
window, responses become slightly more polite and helpful but lack substantive content. Beyond
this range, output quickly becomes repetitive and loses coherence. Overall, Qwen improves output
quality over a broader amplification range, while Llama’s effective range is more limited.
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Figure 11: The steering output generated by Qwen2.5-7B-Instruct with Feature ID: 13794, focusing

Qwen2.5-7B-Instruct-L18-8X JumpRelLU SAE
Question3: lettre de mativation I°

(act most on “<|im_start|>" and "user")

Raw Output (a =0)

Bien sir, je peux vous aider 4 rédiger une lettre de motivation. Cependant, pour que je puisse vous fournir un modéle précis, j'aurais besoin de
quelques informations supplémentaires :

1. Quel est le poste pour lequel vous postulez ?

2. Quelle est I'entreprise & laquelle vous postulez ?

3. Quelles sont vos

4. Quels sont vos objectifs professionnels & court et long terme ?

Avec ces informations, je pourrai vous proposer un modéle de lettre de motivation personnalisé et adaptée & votre situation.<|im_end|>

Voici un exemple de lettre de motivation pour un poste d'ingénieur en informatique :

[Votre nom et adresse]

[Date]

[Nom et adresse de 'entreprise]

Objet : Candidature au poste d'ingénicur en informatique

Madame, Monsieur,

Je me permets de vous adresser ma candidature pour le poste dingénieur en informatique que vous avez bien voulu publier sur votre site internet.

Titulaire d'un master en informatique de gestion, je suis ingénieur en dé logiciel chez [nom de votre entreprise actuelle].

Au cours de ma carriére, j'ai eu I'opportunité de travailler sur des projets variés, en matiére de dé web, d' i de

systémes et de gestion de projets.
Mes principales compétences sont les suivantes :

- Maitrise des langages de programmation : Java, Python, C#

-C e de I de systémes et des technologies cloud (AWS, Azure)
- Expérience en gestion de projets et en gestion de la qualité

- Bonne capacité d'analyse et de résolution de problémes

-E s en ication et en travail d'équipe

Au cours de mes précé expériences i j'ai pu développer une approche méthodique et i dans la ion et la mise
en ceuvre de solutions informatiques. Je suis particuliérement attiré par votre entreprise pour ses valeurs d'innovation et de performance.

Je suis convaincu que mes compétences et mon expérience me permettront de contribuer efficacement au développement de vos projets. Je serais
ravi de pouvoir discuter de cette opportunité avec vous et de vous présenter plus en détail mes motivations et mes projets.

Je vous remercie par avance pour l'attention que vous porterez 4 ma candidature et reste a votre disposition pour tout renseignement
complémentaire.

Dans lattente de votre réponse, je vous pric d'agréer, Madame, Monsieur, | on de mes

[Votre signature]
[Votre nom]

N'hésitez pas a adapter ce modéle en fonction de votre expérience et du poste pour lequel vous postulez.<|im_end|>

Voici un exemple de lettre de motivation pour un poste d'assistant :
[Your Name]
[Your Address]
[City, State, ZIP Code]
[Email Address]
[Phone Number]
[
[
[
[
[

Recipient's Name]

Company's Name]

Company's Address)

City, State, ZIP Code]

Dear [Recipient's Name],

T am writing to express my interest in the Assistant position at [Company's Name], as advertised on [where you found the job posting]. With a strong
background in [mention relevant skills or experience], I am excited about the opportunity to contribute to your team and support your operations.

In my previous role as an Administrative Assistant at [Previous Company's Name], I gained valuable experience in [mention key responsibilities and
achievements]. T was responsible for [specific tasks or projects], which allowed me to develop skills in [mention relevant skills]. My ability to
[mention a specific skill or accomplishment] has been particularly beneficial in managing [mention a specific task or project].

T am particularly drawn to [Company's Name] because of [mention something specific about the company or its mission that appeals to you]. T am
impressed by [mention a specific aspect of the company or its work], and I believe my skills and experience align well with your needs.
In my current role, T have honed my [mention relevant skills], which I believe will be valuable in supporting your team. I am proficient in [mention
relevant software or tools], and I am eager to bring my attention to detail and organizational skills to your team.

I am excited about the prospect of contributing to [Company's Name] and am confident that my background, skills, and enthusiasm make me a
strong candidate for the Assistant position. T would welcome the opportunity to discuss how I can contribute to your team further.
Thank you for considering my application. I look forward to the possibility of discussing this opportunity with you.
Sincerely,

[Your Name]
Remember o customize this template to fit your specific situation and the company you are applying to. Good luck with your application!<|
im_end|>

onuser and < | im_start | > tokens for the Question 3 (cover letter task).

M.42 Q3

For Question 3, the Qwen model (Figure 11) shows that moderate amplification of feature 13794
(with a between 50 and 100) leads to more informative and structured responses, providing richer
content and clearer reasoning. This indicates a substantial improvement in output quality within
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this coefficient range. However, further increasing the amplification causes the model to hallucinate,
such as switching languages or generating irrelevant content, and ultimately results in repetitive or
meaningless output.

The Llama model (Figure 12) also exhibits some improvement in informativeness and engagement
when its most active feature is lightly amplified, but this effect is only present at very low coefficients
(up to about av = 25). Beyond this point, the output rapidly deteriorates into repetitive or off-topic
text. Compared to Qwen, Llama’s window for beneficial amplification is much narrower and less
robust.

Question3: lettre de mativation

Llama3.1-8B-Instruct-L18-8X JumpReLU SAE
0 Feature ID: 22642
(act most on "<|start_header_id|>")

Raw Output (a =0)
Je ne comprends pas ce que vous voulez dire avec "lettre de mativation”. Pourriez-vous fournir plus de contexte ou préciser ce que vous voulez

savoir sur ce sujet 2<|eot_id|>

Je ne comprends pas ce que vous voulez dire avec "lettre de mativation”. Pourriez-vous me donner plus de contexte ou préciser ce que vous voulez

savoir ?<|eot_id|>

Je ne comprends pas ce que vous voulez dire avec "lettre de mativation”. Vous voulez peut-étre parler d'une lettre de motivation, qui est un type de
lettre qui est souvent écrite pour exprimer son enthousiasme, sa détermination et ses objectifs a I'égard d'une opportunité, d'un projet ou d'un objectif
spécifique.

Si c'est le cas, voici un exemple de lettre de motivation :

[Votre nom]

[Votre adresse]

[Ville, code postal]

[Date]

[Nom du destinataire]

[Titre du destinataire]

[Nom de I'entreprise ou de I'organisation]

[Adresse de I'entreprise ou de I'organisation]

[Ville, code postal]

Objet : [Objet de la lettre, par exemple "Candidature pour le poste de [poste]"]

Cher(c) [Nom du destinataire],

Je vous écris pour exprimer mon enthousiasme et ma détermination a rejoindre [nom de l'entreprise ou de l'organisation] dans le cadre du poste de
[poste] que vous avez publié. Je suis convaincu que mes compétences, mon expérience et mon passion pour [domaine spécifique] font de moi le
candidat idéal pour ce poste.

Je suis particuliérement attiré(e) par [aspects spécifiques de I'entreprise ou de I'organisation qui vous intéressent, par exemple "votre engagement

envers la qualité et la sécurité" ou "votre culture d' ion et de collat "]. Je suis incu que mon expérience et mes compétences me
P de contribuer 4 la réalisation de ces objectifs et de faire progresser I'entreprise.
Je posséde [liste de vos ¢ et expériences perti pour le poste]. Je suis confiant que mes compétences et mon expérience me

permettront de faire une contribution significative a I'entreprise et de m'y sentir a l'aise.

Je suis particuliérement enthousiaste a I'idée de rejoindre une équipe aussi passionnée et motivée que celle de [nom de lentreprise ou de
T'organisation]. Je suis convaincu que nous pouvons travailler ensemble pour atteindre de grands objectifs et faire progresser l'entreprise.

Je vous remercie de I'attention que vous porterez 4 ma candidature. Je serais ravi de discuter plus en détail de mon profil et de mes compétences

avee vous. Je vous joins [liste de vos documents de candidature, par exemple "mon CV" et "mes réf

Je vous remercie @ nouveau de l'attention que vous porterez & ma candidature. Je suis convaincu que nous pouvons travailler ensemble pour
atteindre de grands objectifs.

Cordialement,

[Votre nom]

N'oubliez pas de personnaliser la letire en fonction de votre propre expérience et de vos compé et de laisser suffisamment de temps pour que

la lettre soit lue et considérée.<| eot_id|>

Figure 12: The steering output generated by Llama3.1-8B-Instruct with Feature ID: 22642, focusing
on <|start_header_id|> tokens for the Question 3 (cover letter task).
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M.4.3 Q4

Qwen2.5-7B-Instruct-L18-8X JumpRelLU SAE
[ouestion4: BEEL TS, Rk ERG B EER SR A2 ]QFeature 0: 13794

(act most on “<|im_start|>" and "user")

Raw Output (o =0)
HRENUGNEIEX FETENNIERFIGE. KREE—MHIE, TEMATERYT. BEIERYE, ENEENRBREIMT. Wik
BN —FEEBIRSIK. R HSUMEMRME, ENIEMRIMME. Bit, KENRSKZ BN EIEXFETENNIEERERT

E. <[im_end|>

HRENUGNETEXFETENNMERAMIGE. KEL2—FIE, TERATHT. BRRKEDE, ENIER2RHNMN. MW
HMRE—FRREBMSIEE. R BEWMEMRNYE, ENEEMREHRE. A, $ENEKZBNEERNETFENNINEMERT
@. <|im_end|>

BEEXNER, BOFET BREMEEE QOERRFEMIEE.

HER-MIR, TEATHE. FORARYE. CREH-MRENSESL EBEHRIMBEIR) M—DFRAM. KEQORITE
ATRENBIES], UETHTEFIERE,

BHR-TEBREI%. 1. HELEAMENYR. BEEEUME, TUARRSISHAREMBENGE. BROTMERS, kR
SRR, ENMBME AR E MR AR ERN.

Hitt, SEMRLHE BN EEX ST ENNIIRE R

1. IheE: KEEEATYERIE, Waid. FERERDE, MRS EERTRSISH RN,

2.5 SER—METAR, RAEMMN: BRNABARSHESBMNES, XA TEABRST.

SFERTA, SREMBZ BN EEXAETENNIEERFE. </im_end|>

Figure 13: The steering output generated by Qwen2.5-7B-Instruct with Feature ID: 13794, focusing
onuser and <|im_start | > tokens for the Question 4 (entity discrimination task).

Llama3.1-8B-Instruct-L18-8X JumpReLU SAE
Questiond: WEVEMTITM, RUSERRSEZ HNEBRIRMHL? ]QFeature D 29047

(act most on "<|start_header_id|>")

Raw Output (a =0)
HREMUGEZ BNEEXFEFENNRIER. SER—FIERESMER, ETRAUMNE, MUK —MutErt, ERAMME, TR
BsksE. <|eotid|>

HRENGZ BN EEXAETFENNBRMER. KEEBRIEUMEN, RIFTRBASME. BENIUMEN, BEUT, TTRIRK%
EREfMBUEYE. <|eotid|>

—REKBEN—RUHKZ AN T EX A THEBSTRMS, MBKN2AEREH ATLRNSENE. SEBER%EN, BT
TR UMK, BAFHE, TURMG%E, <|eotid|>

Figure 14: The steering output generated by Llama3.1-8B-Instruct with Feature ID: 22642, focusing
on < |start_header_id|> tokens for the Question 4 (entity discrimination task).

In Question 4, both models show that feature amplification can enhance Chain-of-Thought (CoT) (Wei
et al., 2023) reasoning and answer quality, but only within specific coefficient ranges. For Qwen
(Figure 13), amplifying the most active feature with o between 25 and 100 produces more convincing,
informative, and well-structured responses. This improvement is especially evident in the quality of
reasoning and the clarity of the final answers. However, excessive amplification again leads to a loss
of coherence and informativeness.

For Llama (Figure 14), a similar pattern is observed but within an even narrower range. Mild
amplification (up to o = 25) can slightly improve the quality of reasoning and engagement, but any
further increase quickly causes the output to become repetitive and less meaningful. This highlights
that while both models benefit from feature amplification, Qwen maintains improved output quality
over a wider range of coefficients, whereas Llama’s useful range is much more restricted.
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