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Abstract

Sparse autoencoders (SAEs) decompose language
model activations into interpretable features, but
existing methods reveal only which features acti-
vate, not which change model outputs when ampli-
fied. We introduce Control Reinforcement Learn-
ing (CRL), which trains a policy to select SAE fea-
tures for steering at each token, producing inter-
pretable intervention logs: the learned policy iden-
tifies features that change model outputs when
amplified. Adaptive Feature Masking encourages
diverse feature discovery while preserving single-
feature interpretability. The framework yields
new analysis capabilities: branch point tracking
locates tokens where feature choice determines
output correctness; critic trajectory analysis sep-
arates policy limitations from value estimation
errors; layer-wise comparison reveals syntactic
features in early layers and semantic features in
later layers. On Gemma 2 2B across MMLU,
BBQ, GSM8K, HarmBench, and XSTest, CRL
achieves improvements while providing per-token
intervention logs. These results establish learned
feature steering as a mechanistic interpretability
tool that complements static feature analysis with
dynamic intervention probes.

1. Introduction

Sparse autoencoders (SAEs) extract interpretable features
from language model activations (Bricken et al., 2023;
Huben et al., 2024), enabling researchers to decompose
dense representations into human-readable components. Yet
current analysis methods are static: they identify which
features activate on given inputs but do not reveal which
features change model outputs when amplified.
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This paper introduces Control Reinforcement Learning
(CRL), a framework that turns learned steering into in-
terpretable intervention analysis. A policy network ob-
serves residual stream activations and selects an SAE fea-
ture to amplify at each generation step. Training this policy
with task-specific rewards produces intervention logs: the
converged policy identifies features that, when amplified,
change model outputs at each token position.

CRL provides four analysis capabilities with concrete em-
pirical support:

* Token-level intervention logging. Each intervention logs
which feature was selected and its effect on output, en-
abling fine-grained behavioral analysis.

* Branch point tracking. Comparing cases where iden-
tical prefixes yield different outcomes based on feature
selection identifies critical decision points (Section 5.4).

¢ Critic trajectory analysis. The learned value function
exposes whether task limitations stem from policy feature
selection or critic reward estimation (Section 5.1).

* Layer-wise feature semantics. Training policies at dif-
ferent layers reveals that early layers encode syntactic
structure while later layers capture abstract semantics
(Section 5.4).

Adaptive Feature Masking (AFM) prevents the policy from
collapsing to a narrow feature set by dynamically restrict-
ing choices based on recent selections, expanding available
features as generation progresses while maintaining inter-
pretability through single-feature interventions.

We evaluate CRL on Gemma 2 2B (Team et al., 2024a) with
Gemma Scope SAEs (Lieberum et al., 2024) across MMLU,
BBQ, GSM8K, HarmBench, and XSTest. The framework
achieves improvements across all benchmarks while produc-
ing interpretable per-token attribution logs. Branch analysis
demonstrates that layer 10 features capture syntactic pat-
terns (e.g., "mathematical notation") while layer 20 features
encode task semantics (e.g., "logical derivation structure").
Critic trajectory analysis identifies distinct bottleneck pat-
terns: BBQ exhibits effective policy-critic coordination with
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Figure 1. CRL overview. The policy observes residual stream activations and selects an SAE feature to amplify at each token. Each
intervention produces an interpretable log: which feature was selected and how it affected output at that position. The critic estimates state

values for PPO optimization.

clear sample discrimination, while MMLU shows critic esti-
mation limitations.

Contributions:

1. A framework producing token-level interpretable inter-
vention logs via learned SAE feature steering.

2. Branch tracking and critic trajectory analysis as diag-
nostic tools revealing where and why steering succeeds.

3. Adaptive Feature Masking for diverse feature discovery
under single-feature interpretability.

4. Empirical demonstration of layer-specific feature se-
mantics and task-dependent bottleneck patterns.

2. Related Work

Sparse Autoencoders address the superposition hypothe-
sis (Elhage et al., 2022) by learning to decompose neural
activations into interpretable, sparse features (Huben et al.,
2024; Bricken et al., 2023). Given an activation vector
x € R, an SAE learns an encoder fen : R? — R%iet and
decoder fye. : R%ict — R? where dg;.; >> d, such that:

= fenc (X)
X = fdec (Z)

The training objective uses reconstruction loss and sparsity
regularization: £ = ||x — X||? + A||z| ;.

= Activation(WepeX + bene) ey
= WiecZ + byec @

Activation Engineering techniques work by making tar-
geted perturbations to a model’s activations (Rawte et al.,
2023; Turner et al., 2023; Hernandez et al., 2024; Rimsky
et al.,, 2024). In Activation Engineering, steering vectors
(Subramani et al., 2022; Konen et al., 2024) enable control
over the language model’s behavior, offering more direct
behavioral control compared to prompt engineering. In this
context, SAE features provide interpretability and can serve
as steering vectors in clamp or addition operations (Chal-
nev et al., 2024). Selecting a suitable coefficient keeps the
language model within its optimal "sweet spot" without dis-

ruption (Durmus et al., 2024). Typically, quantile-based
adjustments or handcrafted coefficients are common meth-
ods for regulating a feature’s coefficient (Choi et al., 2024).

SAE-based Control methods demonstrate that SAE fea-
tures can serve as steering mechanisms for language model
control. However, current approaches face significant limi-
tations: they require either contrastive datasets for feature
selection or extensive activation storage for coefficient op-
timization. More critically, existing methods lack adap-
tive feedback mechanisms that can adjust steering strate-
gies based on generation quality, limiting their effectiveness
across diverse tasks.

Reinforcement Learning for LLM has been explored in
various contexts (Yu et al., 2017; DeepSeek-Al, 2025), pri-
marily focusing on high-level policy optimization. Recent
work has applied RL to interpretable model steering (Ferrao,
2024), but with limited action spaces. LLMs operate with
dual sequences: token positions (Text Stream) and layer
information flow (Residual Stream), both conceptualizable
as Markov processes. This suggests potential for RL-based
SAE control that automatically identifies optimal feature
manipulations to maximize task-specific rewards.

3. Method

3.1. Problem Formulation: CRL as an MDP over SAE
Features

Figure 1 illustrates the CRL framework. We approximate
the control of transformer representations as a Markov Deci-
sion Process (MDP) in which SAE features are manipulated
to optimize task-specific rewards. The underlying problem
is naturally a Partially Observable MDP (POMDP) (Zhong
& Zhang, 2023; Lim et al., 2023); we adopt the MDP for-
mulation, treating the current residual stream activation as
the state (Yu et al., 2017; Gui et al., 2019; Xu & Jin, 2024).

Let x € R? denote the residual stream activations at
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layer ¢ for a target token position, where d is the hid-
den dimension of the transformer model. Given a pre-
trained SAE with encoder W,,. € R%*ddaict and decoder
W oo € RidictXd the sparse feature activations are com-
puted as z; = Act(x; Wene + bene), where Act(+) denotes
a generic pointwise activation used in the SAE encoder and
z € Rddict represents the sparse feature activations with
dictionary size dg;ct.

The MDP is defined by the tuple (S, A, P, R) where:

 State Space S: The observation is s = x € R<, the
residual stream activation at layer ¢ for the current token
position.

* Action Space A: Actions are binary vectors a €
{0, 1}44ict where selected features (via argmax or top-k)
are set to 1, reducing the exploration challenge in high-
dimensional feature spaces.

* Transition Function 7: Deterministic transition gov-
erned by the transformer’s forward pass with steering
applied.

* Reward Function R: Task-specific rewards r based on
final output quality evaluation.

Although the full problem is a POMDP, we empirically
find that treating the current residual stream as a sufficient
statistic is effective, making the MDP formulation a practical
approximation.

3.2. CRL-Token: Token-Level Interpretable Steering
via SAE Features

At each generation step ¢, CRL-Token performs token-
level interventions by observing the current token’s residual
stream activation at layer ¢ and applying perturbations:

)N(t =X;+c- ath607 (3)

where a; € {0, 1}94iet is a sparse binary selection vector, ¢
is the steering coefficient, and X; is the steered activation.
By the Markov property, the policy depends only on the
current residual stream activation:

7T9(at | Xl:t) = W@(at | Xt)7

where ¢ denotes the token generation step, starting from the
first generated token after the input context.

3.2.1. PoLICY NETWORK FOR FEATURE SELECTION

The policy network 7y : R? — R%ict maps residual stream
observations to SAE feature selection logits. We implement
this as a 2-layer MLP with Tanh activation (architecture
details in Appendix A.l, training procedure in Algorithm 1):

m=my(s) 4)
a = TopK(u, k) (5

The policy first computes feature selection logits, then se-
lects the top-k features. In this study, we set £ = 1 to
focus on the most relevant feature per token, effectively
equivalent to ArgMax selection. This design prioritizes in-
terpretability, enabling clear attribution of steering effects to
individual features. We employ a softmax parameterization
for the policy, converting logits gt = 7y (s) into probabilities
p; = d:?q:(w)

;1 25°F exp(pq)
from this categorical distribution to ensure unbiased pol-
icy gradient estimation, while evaluation uses deterministic
argmax selection for reproducibility. This parameterization
ensures differentiability and enables PPO (Schulman et al.,
2017) to optimize the expected advantage using the log-
probability of the selected feature: log my(als) = logp;+.
By decoupling probability learning from coefficient determi-
nation, the model can learn which features to select without
prematurely collapsing to a single feature.

. During training, actions are sampled



Control Reinforcement Learning

Partial Observability: CRL-Token is formulated as a
POMDP because the policy observes only the residual
stream at a specific layer without access to the sampled
token information, yet the next state depends on the token
that will be sampled and added to the KV cache. This cre-
ates partial observability where undetermined token states
affect future transitions. Empirical injectivity of layer rep-
resentations (Nikolaou et al., 2025) suggests that hidden
states at arbitrary layers contain sufficient information about
input tokens; we use temperature=0 sampling to eliminate
stochastic token sampling effects during training and evalu-
ation.

3.3. Adaptive Feature Masking

CRL-Token introduces Adaptive Feature Masking (AFM), a
mechanism designed to balance exploration and exploitation
during multi-token generation. AFM maintains a per-sample
boolean mask over the SAE dictionary, where mask; = 1
indicates feature ¢ is available for selection. At the start of
each sample, the mask is initialized to a small subset (e.g.,
frequently active features), and progressively expanded dur-
ing generation:

maskgtﬂ) = maskgt)\/active(t) a; = TOPK(/LG)mask(t), k)

7

(6)
where activegt) = [2¢,; > 0] indicates whether feature i was
activated at step ¢, and the mask constrains policy selection
by masking unavailable features. Policy selection (a;) de-
termines which feature to amplify, while natural activations
expand the mask for future steps. This per-sample mask-
ing prevents policy collapse to early-selected features while
building on activated features within each trajectory.

3.4. Critic Network for Value Estimation
The critic Vj : R? — R estimates the state value function:
Vio(s) = Exylr | 8], (7)

and is implemented as a multilayer perceptron (MLP).

3.5. Optimization with PPO and Task-Specific Rewards

The steering coefficient c is determined adaptively by aver-
aging activation magnitudes from correctly predicted train-
ing samples, eliminating the need for manual tuning across
different layers and tasks.

We train both the policy and critic using Proximal Policy
Optimization (PPO). For feature selection via argmax/top-k,
the PPO objectives are:

Lpoh-cy(e) = E[min(rt(H)At, clip(rt(ﬁ), 1-— €, 1 =+ G)Azg1 s
Leriie(¢) = E[(Vip(s) — )?] . ©)
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Figure 3. Critic value distributions for single-token tasks. Top:
MMLU, Bottom: BBQ. Colors: green = unchanged-correct, red =
unchanged-incorrect, blue = corrected, yellow = misguided (see
Appendix A.1 for definitions).
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Here, 7y(als) is computed from the softmax probabilities

described above, r;(6) = ,:;9(?5;)
old

for the selected feature, and A; = r—V(s) is the advantage
estimate. PPO’s explicit value function enables the critic
trajectory analysis in Section 5.1, which methods like DPO
or GRPO cannot provide.

is the probability ratio

The reward 7 is task-specific. For multiple-choice tasks, we
use binary rewards following DeepSeekMath (Shao et al.,
2024): r(g,y*) = 1if § = y*, and 0 otherwise. For
reasoning and safety tasks, we use task-specific correctness
and refusal metrics, with details provided in Appendix A.

3.6. Experimental Setup

We evaluate CRL using Gemma 2 2B-IT (Team et al., 2024a)
with Gemma Scope SAEs (Lieberum et al., 2024) across
benchmarks including knowledge (MMLU (Hendrycks
et al., 2021)), reasoning (GSM8K (Cobbe et al., 2021)),
bias (BBQ (Parrish et al.,, 2022)), and safety (Harm-
Bench (Mazeika et al., 2024), XSTest (Rottger et al., 2024))
tasks. The framework is trained using PPO with task-
specific rewards to optimize feature selection. The steer-
ing coefficient ¢ in Equation 3 is computed by averaging
||as W gec || over correctly predicted training samples, adapt-
ing to layer-specific activation scales. Complete experimen-
tal details are provided in Appendix A.

4. Results

4.1. Steering Effectiveness Across Tasks

CRL enables interpretable feature-based steering while
achieving improvements across benchmarks. Beyond per-
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formance metrics, the framework reveals which SAE fea-
tures change outputs at the token level. We report full num-
bers and layer/coefficient sweeps to make effects auditable
and support mechanistic analysis. CRL-Token adaptively
selects SAE features for steering based on each token’s
residual stream activation, enabling dynamic token-level
control during generation. This approach provides inherent
interpretability by revealing each token’s dedicated features,
which we analyze in detail in Section 5.3. Table | reports the
main results for the Gemma 2 2B model using the standard
single-layer CRL-Token configuration, where one interven-
tion layer is selected for steering.

Multi-layer variant. For completeness, we experimented
with applying CRL-Token across multiple layers simulta-
neously, achieving 87.14% on HarmBench and 89.84% on
XSTest. We also tested CRL-Layer, a variant using a sin-
gle shared policy across layers, which achieves 71.43%
on HarmBench and 86.98% on XSTest (Appendix A.5).
However, multi-layer manipulation trades single-feature at-
tribution for stronger aggregate refusal behavior; we keep
CRL-Token as the interpretable mainline.

4.2. Baseline Comparisons and Intervention Validation

We validate CRL’s effectiveness through constrained decod-
ing comparison, complementarity analysis with fine-tuning,
and comparison against alternative steering methods.

Constrained Decoding Comparison. To isolate CRL’s
effect from output format correction, we compare against
constrained decoding on MMLU. Constrained decoding
restricts outputs to valid answer tokens (A/B/C/D), elimi-
nating format errors. Base accuracy improves from 51.5%
to 55.19% with constrained decoding alone. CRL achieves
55.55%, demonstrating +0.36% improvement beyond for-
mat correction. This confirms that learned features con-
tribute to performance gains beyond output regularization.

Complementarity with Fine-tuning. CRL provides ad-
ditive gains when applied on top of supervised fine-tuned
models. On MMLU, accuracy improves from 55.2% (base)
to 55.7% (SFT) to 56.1% (SFT + CRL), demonstrating that
learned feature steering captures complementary signals be-
yond what fine-tuning achieves. This suggests CRL can
serve as a lightweight post-hoc enhancement without requir-
ing additional weight updates. The Gemma Scope SAEs
transfer effectively across model variants, enabling CRL
application without retraining the autoencoder.

Comparison with Alternative Steering. We ablate CRL’s
components by comparing against heuristic baselines and
component-removed variants (Table 2). CRL without AFM
achieves 62.55% on BBQ Ambig (+2.39 over base) and
48.67% on HarmBench (+7.21 over base), confirming that
the learned policy provides most of the gain. Adding AFM

contributes further (+3.31 BBQ, +0.45 HarmBench) by
encouraging diverse feature exploration. Random+AFM
improves over random alone (+1.80 BBQ, +1.61 Harm-
Bench), isolating AFM’s independent contribution. These
results confirm that learned feature selection is the primary
driver; AFM and constrained decoding provide additional
but smaller contributions.

4.3. Sensitivity to Steering Layer and Coefficients

To isolate the effects of coefficient changes, we conducted
systematic coefficient analysis across different steering
magnitudes. Based on experimental results shown in Ap-
pendix 12 for MMLU tasks (extended analysis in Ap-
pendix 13), we found that optimal coefficients vary with
network depth, summarized in two key findings:

* Layer-specific effectiveness: Certain layers demonstrate
higher utility, with optimal intervention points varying
across task conditions.

* Coefficient scaling: Large coefficients perform poorly
in earlier layers, suggesting that aggressive steering dur-
ing early processing stages disrupts fundamental model
capabilities.

Across coefficients ranging from 10 to 100 for CRL-Token
steering (Appendix 12), later layers outperform earlier lay-
ers. Large coefficients in early layers yield poor perfor-
mance, while this pattern becomes mixed in later layers.
This aligns with prior observations that residual stream
norms increase across layers (Heimersheim & Turner, 2023),
meaning identical coefficient values produce different ef-
fects at each layer. The observed performance inversions
indicate that each layer differs in the optimal coefficient
range called "sweet spot" (Durmus et al., 2024), necessi-
tating the dynamic approach we employ through averaging
observed coefficients. Beyond performance differences, the
varying optimal layers indicate that different tasks require
distinct feature activations at different network depths, sug-
gesting task-specific intervention strategies (residual stream
norm analysis in Appendix 11).

Further analysis of MMLU layer patterns (Figure 13) re-
veals that unconstrained and constrained decoding exhibit
different optimal layers, indicating that hallucination mit-
igation and factual answering require distinct feature acti-
vations. BBQ benchmark results exhibit similar tendencies
(Figure 14), with distinct optimal layers for ambiguous vs.
disambiguated contexts (Figure 15), suggesting that bias
mitigation strategies must be adapted to the specific type of
ambiguity present in the input. Extended layer-wise coeffi-
cient analysis across all tasks is provided in Appendix A.

Dynamic coefficient variants. We tested three per-token
dynamic alternatives to the static dataset-averaged coeffi-
cient: norm-scaled (¢ o ||x¢]), activation-scaled (c set to



Control Reinforcement Learning

Table 1. Performance results for Gemma 2 2B model across different tasks using single-layer CRL-Token. The table shows task
type, intervention layer, baseline accuracy (Before), CRL accuracy (After), and gain in percentage points. Layer column shows where
task-relevant features emerge for diagnostic analysis. Results reported as mean = std across three seeds.

Task Type Layer Before After Gain
MMLU Multi-choice QA 24 52.06i0,23 55'37i0.16 +3.31
MMLU-Pro Multi-choice QA 25 30.3040.00 30.494097 +0.19
BBQ Ambig Bias QA (ambiguous) 5 60.17109.01 65.864303 +5.69
BBQ Disambig Bias QA (disambiguated) 5 84.38 050 84.851009 +0.47
SimpleQA Short-form QA 8 3.7840.17 4004099 +0.22
GSMSK Math reasoning 20 54.624016 55.654033 +1.03
HarmBench Adversarial safety 21 41464905 49.124159 +7.66
XSTest Over-refusal 12 86.35410.00 87.6240982 +1.27

Table 2. Ablation of feature selection methods. Random+AFM
isolates masking; CRL w/o AFM isolates learned selection.

Method BBQ Ambig HarmBench
No steering (Base) 60.17 41.46
Random feature 58.36 45.35
Random + AFM 60.16 46.96
Most-active feature 59.94 48.03
CRL w/o AFM 62.55 48.67
CRL + AFM (Ours) 65.86 49.12

the natural SAE activation magnitude of the selected fea-
ture), and critic-gated (¢ o< Vi (s;)). All three degraded per-
formance: on HarmBench, norm-scaled achieved 45.00%,
activation-scaled 41.79%, and critic-gated 43.93%, com-
pared to 49.75% for the static coefficient. GSM8K showed
similar drops (41.39%, 40.33%, 41.47% vs. 55.65%). The
policy learns a joint feature-coefficient coupling; changing
the coefficient at inference disrupts this coupling. The static
coefficient itself is robust: varying ¢ from 10 to 100 on
MMLU changes accuracy by only ~3pp (Table 8).

4.4. Critic Network Analysis

The critic network reveals CRL’s learning dynamics across
different task types. We analyze critic behavior patterns for
both single-token and multi-token generation tasks.

Single-token Tasks. For single-token tasks (MMLU,
BBQ), critic values show clear distributions between cor-
rect/incorrect samples. MMLU exhibits critic bottlenecks
where corrected and misguided samples (defined in Ap-
pendix) remain nearly indistinguishable, while BBQ demon-
strates effective policy-critic coordination with clear sample
distinction. Detailed single-token critic analysis is provided
in Section 5.1.

Multi-token Tasks. For multi-token tasks like GSM8K,
the critic network’s value function exhibits climbing pat-
terns along token sequences, indicating effective learning
of policy feature selection through AFM (Section 3.3). As

illustrated in Figure 4, critic value patterns fall into four
groups. Correct cases display higher gradients with diver-
gence beginning around 200 tokens, while steering-induced
cases show different trends with corrected answers exhibit-
ing value increases at the 400-token point. This indicates
that CRL-Token’s interventions become more effective in
later generation stages.

Feature-level Interpretability. Examining individual steer-
ing interventions reveals semantic coherence in CRL’s fea-
ture selection. For instance, Feature 7708, described as
mathematical operations and expressions in various forms,
activates not only on explicit operators but also on quan-
titative units like “babies” and “packs” in word problems,
demonstrating lexical generalization beyond surface forms.
This interpretable mapping between features and token se-
mantics distinguishes CRL from black-box steering ap-
proaches. Additional corrected and misguided examples
are provided in Appendix B.2.

Additional multi-token critic analysis including HarmBench
and XSTest patterns is provided in Appendix A.7. CRL gen-
eralizes to LLaMA-3.1 8B with LLaMA Scope SAEs (32K
features), showing consistent improvements on MMLU
(+0.92), MMLU-Pro (+1.03), BBQ Ambig (+1.07), and
HarmBench (+5.36), demonstrating architecture-agnostic
steering (Appendix A.6). The XSTest decline (—1.90) on
LLaMA reflects task-specific sensitivity: reducing over-
refusal requires steering against the model’s default safety
features, which may share representations with Harm-
Bench'’s refusal policy. This distinction between tasks where
the desired direction aligns with vs. opposes the model’s
default tendencies is an important axis for characterizing
CRL’s effectiveness. Feature diversity (Shannon entropy
H) and impact score (fraction of selections that change
model output; Appendix A.9) reveal task-dependent pat-
terns: GSMSK requires broad feature engagement (H=6.7,
impact 0.36) across 1024-token reasoning chains, MMLU-
Pro uses moderate diversity (H=5.5, impact 0.63) across
multiple knowledge domains, XSTest shows intermediate
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Figure 4. Critic network value trajectories for GSM8K task. Colors
indicate: green (unchanged correct), red (unchanged incorrect),
blue (corrected), yellow (misguided) (see Appendix A.1).

diversity (/{=4.8, impact 0.36), while HarmBench concen-
trates on few high-impact refusal features (H=2.9, impact
0.81). Low diversity with high impact (HarmBench) indi-
cates focused tasks where few features genuinely suffice;
high diversity with moderate impact (GSM8K) reflects dis-
tributed reasoning requiring many features across long se-
quences. This confirms that the policy adapts its exploration
strategy to task complexity rather than collapsing to a fixed
feature set (Appendix A.10).

5. Discussion
5.1. Critic Bottlenecks in Single-Token Decisions

Building on Section 4.4, we analyze task-dependent bot-
tlenecks in policy and critic functionality. As shown in
Figure 3, the critic value distributions illustrate these pat-
terns, with distinct clustering between correct and incorrect

sample categories. For MMLU, corrected and misguided
samples remain nearly indistinguishable, indicating a critic
bottleneck. Conversely, for BBQ, corrected and misguided
samples become clearly distinguishable, with corrected sam-
ples achieving higher values, suggesting effective policy-
critic coordination.

5.2. Trajectory-Based Critic Diagnostics for
Multi-Token Tasks

The critic value distribution extends analysis to examine
critic trends throughout token generation, with critic values
predicted from each token’s residual stream. As shown in
the GSMS8K critic analysis (Figure 4), multi-token tasks
exhibit distinctive trajectory patterns throughout genera-
tion. For HarmBench, the critic successfully distinguishes
between correct and incorrect samples, whereas XSTest
exhibits inverted estimation patterns. However, while Harm-
Bench shows clear gaps at sequence boundaries with mini-
mal gradient differences, XSTest demonstrates estimation
errors in gap measurements but maintains clear superiority
for correct samples in slope analysis.

This discrepancy stems from XSTest’s task characteristics,
which require distinguishing benign requests with higher
context dependency, making reward estimation challenging.
Similar to the MMLU case, this indicates a critic bottleneck,
while HarmBench achieves accurate estimation but shows
limited critic improvement through policy feature selection,
suggesting a policy bottleneck. Analysis of HarmBench and
XSTest critic patterns is provided in Appendix A.7.

5.3. Feature Steering as Evidence of Semantic
Coherence

Analysis of feature selections reveals semantically mean-
ingful patterns aligned with task requirements. The policy
network identifies features corresponding to cognitive pro-
cesses: reasoning, fact retrieval, and safety considerations.

Efficacious steering demonstrates semantic coherence
across corrected examples (Figure 5). In successful cases,
features described as statistical methods activate on math-
ematical tokens, strengthening reasoning chains. Features
described as mathematical operations demonstrate lexical
generalization, activating on quantitative units like "babies"
and "packs" beyond surface mathematical notation. Failure
cases reveal token-feature misalignment: features unrelated
to mathematics show poor alignment with mathematical
tokens. Feature diversity analysis (Appendix A.10) reveals
that complex reasoning tasks (GSM8K, MMLU-Pro) require
broader feature engagement, while focused tasks (Harm-
Bench) benefit from concentrated feature activation, sug-
gesting task-specific interpretability patterns. Corrected and
misguided examples are provided in Appendix B.2.
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Mico's age in 10 years 10 + 10 = 20 * Marco's age in 10 years 10 + 10 = 20 **6 Find the sum of
LZ0v10961 L20/109617
their ages in 10 years;** * 20 + 20 = 40 ####n The sum of their ages in 10 years will be
L20/10961 L20710961
Here's how to solve it 1 **Calculate the total number of sweets:** 15 packs * 60
L20/14204 L20/10061 L20/FT08
pieces/pack = 900 pieces 2 **Calculate the number of packs Anne kept:** - 15 packs - 2 packs =
L20/14204 L20/10961 L20/7708 L20/7708 L20i7708
13 packs 3 **Calculate the number of pieces given to friends:** - 900 pieces - 120 pieces (for
L20/14204 L20/10961
32 * 3 = 96 classes visited on Wednesday * **Total for Monday-Wednesday:** 32 + 64 + 96 = 192
12042317 L20/2699 L20/2317
classes visited from Monday to Wednesday * **Thursday and Friday:** 30 + 25 = 55 classes visited
202317
on Thursday and Friday * **Total for the week:** 192 + 55 = 247 classes \visited the Science Center
L20/2699 L20/2317
Here's how to solve it 1 **Find the number of babies wearing purple:** * Since there are 8
L20V2659 L20/7708
babies and Carla dresses 3/4 in purple there are (3/4) * 8 = 6 babies wearing purple 2 **Find

L20/7708

L20/10961 L20/7708

Figure 5. GSMB8K corrected cases. Top: Feature steering activates relevant numerical tokens, strengthening reasoning chains. Bottom:
Semantically coherent feature activations align with equality tokens, guiding correct computation.

5.4. Branch Analysis: Layer-Specific Feature Semantics

Branch point analysis compares cases where the same prob-
lem context produces correct or incorrect outputs depending
on which SAE features are selected for steering. We trained
separate policies on GSM8K at layers 10 and 20 to analyze
how steering effectiveness varies across layers (Figure 2).

Observation. Layer 10 features exhibit concrete, syntac-
tic properties while layer 20 features demonstrate abstract,
contextual semantics. Balloon pricing activates layer 20’s
“mathematical proofs” feature recognizing logical derivation
structure, whereas layer 10’s “summaries” feature treats it
as tutorial explanation. Rice consumption with “kg/member”
notation activates layer 10’s “clinical examinations” feature
due to surface similarity with medical dosage, while layer
20’s “assessments and strategic plans” captures the planning
semantics. Restaurant problems show layer 10’s “mathemat-
ical notation” feature outperforming layer 20’s “food and
dining” by prioritizing numerical structure.

Interpretation. Layer 10 performs surface-level pattern
matching (notation — similar-looking domains), while layer
20 captures task-relevant abstract structure. This is consis-
tent with the residual stream hierarchy where early layers
encode syntactic/structural information and later layers en-
code abstract task semantics.

Implication. Practitioners should select intervention depth
based on the target behavior class: early layers for syn-

tactic/format control, later layers for semantic reasoning.
BBQ’s optimal layer (5) contains syntactic features while
MMLU’s (24) contains domain-knowledge features (Ta-
ble 1), confirming this principle across tasks. Feature la-
bels provide limited predictive value for steering outcomes:
“emotional relationships” solves speed calculations while
“mathematical notation” fails on some arithmetic, indicating
that learned steering effects diverge from semantic interpre-
tations (Appendix B.5).

5.5. Feature Behavior Analysis

Our experiments reveal insights into SAE feature control-
lability. Corrected cases demonstrate clear semantic co-
herence between feature activations and their documented
descriptions, as shown in GSM8K examples. Misguided
cases provide additional diagnostic value: they reveal where
feature-token alignments break down, enabling targeted im-
provements. These patterns suggest that feature interactions
extend beyond simple linear combinations, opening direc-
tions for multi-feature coordination strategies.

CRL as SAE Diagnostic. CRL’s per-token logs expose
SAE quality issues that static feature analysis cannot detect.
Known SAE limitations, including polysemantic features
and missing dictionary concepts (“dark matter””) (Engels
et al., 2025), propagate to CRL’s intervention logs. As
AxBench (Wu et al., 2025) demonstrates that simple base-
lines can outperform SAE-based steering, SAE quality di-
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rectly bounds CRL’s effectiveness. However, CRL makes
these limitations observable: if the policy collapses to few
semantically incoherent features despite AFM, this signals
SAE deficiency rather than a CRL failure. Feature diversity
(Shannon entropy H over selection probabilities) provides
a task-dependent diagnostic: complex reasoning tasks show
high diversity (GSM8K: 6.7) while focused tasks show con-
centrated, high-impact selection (HarmBench: 2.9). For
tasks requiring distributed reasoning, unusually low diver-
sity flags that the SAE may lack adequate feature coverage.
A practical failure diagnosis protocol follows: (1) detect
unexpectedly low H relative to task complexity; (2) local-
ize by checking whether alternative layers produce higher
diversity and accuracy; (3) recover by switching to a better-
covered layer; (4) verify that diversity, accuracy, and feature
coherence improve.

Bottleneck Diagnostics. CRL’s critic trajectories diagnose
where improvements originate. BBQ demonstrates effec-
tive policy-critic coordination with clear distinction between
sample categories. For MMLU, CRL learns to eliminate in-
valid responses that the baseline model generates instead of
selecting from given options (Figure 8). This task-dependent
pattern enables targeted optimization strategies. Detailed
critic analysis is provided in Appendix A.7.

5.6. Cross-Task Transfer Analysis

To distinguish task-specific mechanisms from dataset-
specific shortcuts, we evaluate policies trained on one task
against other tasks (Table 3). All experiments use the train-
ing task’s layer for steering.

Table 3. Cross-task transfer results. Each row applies the source
task’s policy and optimal layer to the target task.

Train — Eval Acc. (%) vs.Base
MMLU — GSM8K 31.01 —10.31
GSM8K — MMLU 52.24 +0.18
HarmBench — XSTest 86.35 +1.27
BBQ —» MMLU 53.55 +1.49

The transfer pattern is asymmetric and selective: MMLU
features actively harm GSMS8K (—10.31%), while GSM8K
features remain inert on MMLU (+0.18%). HarmBench
features slightly improve XSTest (+1.27%), consistent with
shared safety representations. This structured pattern is
more consistent with task-specific feature specialization
than with dataset-specific shortcuts. The interference aligns
with layer-specific computation: MMLU uses layer 24 while
GSMBE8K'’s optimal intervention occurs at layer 20.

Across both Gemma 2B and LLaMA 8B, two axes pre-
dict CRL’s effectiveness. First, signal clarity: CRL shows
strongest gains where there is room for improvement
(BBQ Ambig: +5.70 Gemma/+1.07 LLaMA, HarmBench:

+7.66/+5.36) and modest gains where baselines are strong
(BBQ Disambig: +0.47/+0.09, MMLU-Pro: +0.19/+1.03).
Second, objective alignment: CRL struggles when the de-
sired direction opposes the model’s default tendency, as in
LLaMA’s XSTest decline (—1.90), where reducing over-
refusal conflicts with shared safety representations.

6. Limitations

CRL applies one feature at one layer per token to pre-
serve single-feature causal attribution; the multi-layer vari-
ant achieves stronger steering (87.14% on HarmBench vs.
49.12% single-layer) but trades attribution clarity, and top-
k selection with interaction analysis is future work. CRL
inherits SAE coverage and quality limitations: missing dic-
tionary concepts (Engels et al., 2025) cannot be steered
on, and polysemantic features may cause proxy selection,
though per-token logs make such cases inspectable and pol-
icy collapse despite AFM can signal SAE deficiency rather
than a CRL failure (Wu et al., 2025).

Each task/layer combination requires separate PPO training
(0.5-5.5 GPU-hours on a single A100, 3.3-3.8% additional
parameters, 8—9% inference overhead); scaling to 100K+
dictionaries may require efficient architectures. Model eval-
uation is limited to Gemma-2 2B and LLaMA-3.1 8B by
public SAE availability. Safety tasks use classifier-based
rewards and SimpleQA uses STS similarity; CRL’s inter-
vention logs make learned behaviors auditable but do not
formally prevent reward-metric coupling.

7. Conclusion

Control Reinforcement Learning transforms SAE feature
steering into token-level interpretable intervention logs.
Training a policy to select features at each generation step
produces mechanistic analysis tools: branch tracking locates
critical decision points, critic trajectories separate policy
from value-estimation limitations, and layer comparison re-
veals syntactic-to-semantic feature gradients across network
depth.

The framework achieves performance improvements across
benchmarks while maintaining single-feature interpretabil-
ity. Task-specific analysis reveals patterns: BBQ demon-
strates effective policy-critic coordination with clear sample
discrimination, while safety tasks show strong steering ef-
fects in multi-layer configuration. CRL is complementary
to fine-tuning, providing additive gains on top of supervised
fine-tuned models. Branch point analysis confirms that layer
10 features encode syntactic structure while layer 20 features
capture abstract task semantics. CRL establishes learned
feature steering as a practical mechanistic interpretability
tool, providing dynamic intervention-based views of model
behavior that complement static feature analysis.
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A. Appendix

A.1. Key Terminology and Implementation Details

Corrected samples: Samples where CRL steering changes incorrect predictions to correct ones
Misguided samples: Samples where CRL steering changes correct predictions to incorrect ones

Policy network my: 2-layer MLP (Tanh activation) that maps residual stream activations to SAE feature selection
probabilities (hidden dimension matching LLM)

Critic network V: 2-layer MLP (Tanh activation) that estimates state value function for PPO training (hidden dimension
matching LLM)

Steering coefficient c: Scalar multiplier controlling intervention magnitude in Z; = x; + ¢ - a;Wyec
Constrained decoding: Generation restricted to valid answer tokens (e.g., A/B/C/D for MMLU)
Unconstrained decoding: Generation allowing any token output, including invalid responses

A.2. Algorithm 1: CRL Training Procedure

Algorithm 1 CRL Training Procedure

Require: Base model M, SAE (W, Waec), task dataset D
Ensure: Trained policy 7, value function V'

1: Initialize policy 7(a|s) and value function V (s)
2: for each episode do
3:  Sample batch B from dataset D
for each token position ¢ do
Extract residual activation z;
Select feature a; ~ m(|z¢)
Apply intervention: £y = x¢ + ¢ - at - Wiec
Compute reward r; from task outcome
end for

R AN A

10:  Update 7 and V using PPO with rewards {r; }
11: end for
12: return trained 7, V'

A.3. Task-Specific Rewards

We use the following reward structures for each task:

Benchmarks with ground-truth answers:

e MMLU & MMLU-Pro: Binary reward: +1 for correct multiple-choice answer, O for incorrect
¢ GSMS8K: Binary reward: +1 for exact numerical match, 0 otherwise

* BBQ (Ambig & Disambig): Binary reward: +1 for unbiased answer, O for biased answer

Benchmarks requiring evaluation models:

e HarmBench & XSTest: Binary reward: +1 for refusing harmful request, O for compliance.

+ SimpleQA: Binary reward based on semantic similarity. The BERT STS model' matches generated answers against
expected responses.

Thttps: //huggingface.co/datasets/HuggingFaceH4/stsb_multi_mt
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A.4. Experimental Setup

Models and SAEs. We conduct experiments using Gemma 2 2B-IT (Team et al., 2024a) with pre-trained SAEs from Gemma
Scope (Lieberum et al., 2024) (16K features) across layers 1-26, and LLaMA-3.1 8B (Team et al., 2024b) with LLaMA
Scope SAEs (He et al., 2024) (32K features). Both SAE families employ JumpReL U activation (Rajamanoharan et al.,
2024) and were the only releases providing SAEs across all transformer layers at the time of writing. SAEs are transferable
across fine-tuned models with low reconstruction loss. Training Protocol. Training uses PPO with batch size 8, evaluating
on 500 validation samples every 100 training steps. Selection tasks use 1 token generation, while HarmBench/XSTest use
32 tokens and GSMS8K uses 1024 tokens. For datasets with fewer than 4000 samples, we repeat training data to reach 4000
samples. Layer selection for Table 1 uses a held-out validation set to select optimal layers and coefficients; final evaluation
is performed on the separate test set to ensure no data leakage. Cross-seed Stability. Results are reported as mean + std
across three seeds. Standard deviations remain low, with CRL notably reducing HarmBench variance from £9.05 to +1.59,
indicating stable feature selection.

Evaluation Benchmarks. We evaluate CRL across five categories: Knowledge: MMLU (Hendrycks et al., 2021),
MMLU-Pro (Wang et al., 2024). Reasoning: GSMS8K (Cobbe et al., 2021). Bias: BBQ (Parrish et al., 2022). Factuality:
SimpleQA (Wei et al., 2024). Safety: HarmBench (Mazeika et al., 2024), XSTest (Rottger et al., 2024).

A.5. CRL-Layer: Layer-wise Steering Mechanism

For layer-wise steering, we extend the framework to operate across multiple transformer layers simultaneously using a
single token position. The shared Markov Decision Process operates on layer-specific variables where all components are
parameterized with layer index ¢.

Let x) € R? denote the residual stream activation at layer £ for a single target token position. Given layer-specific SAE
components with encoder Wch € Rdxdaict gnd decoder Wffe)c € RddictXd the steering mechanism applies perturbations

across all layers:
%O = xO 4 aOW (10)

where a(®) € {0, 1}%et is the layer-specific action vector. The shared MDP coordinates decisions across layers through a
joint policy:

L
. . ¢
We(a(l.L)|X(l.L)) _ Hﬂé )(a(£)|x(€)) (11
=1
where L is the total number of layers and each layer-specific policy ﬂée) shares parameters while adapting to layer-specific
representations.

CRL-Layer Results.

CRL-Layer’s practical advantage lies in sharing policy and critic networks across layers. This approach reduces com-
putational resources compared to extending CRL-Token to multiple layers without cross-layer compatibility. Although
representation spaces for each layer’s residual stream differ, residual connections enforce shared vector spaces, and existing
layer-wise reuse approaches (Ye et al., 2021; Elhoushi et al., 2024; Raposo et al., 2024) support network sharing across
layers.

Table 4. Performance comparison between CRL variants on Gemma 2 2B. Results use single-seed 0-shot evaluation with layer-shared
policy; BBQ and HarmBench baselines differ from Table 1 due to 0-shot vs 1-shot evaluation and single-seed variance.

Method MMLU MMLU-Pro BBQ Ambig BBQ Disambig XSTest HarmBench

Baseline 52.23 30.30 59.10 75.42 86.35 44.64
CRL-Layer 55.00 29.18 62.93 75.68 86.98 71.43
CRL-Token 55.55 30.44 61.88 76.73 86.98 50.25

Table 4 presents a comparison between CRL-Layer and CRL-Token across multiple benchmarks. CRL-Layer achieves
improvements over baseline across most tasks except MMLU-Pro, though it generally underperforms CRL-Token on
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complex tasks, with the exception of refusal tasks. This pattern reveals that while layer-wise sharing provides clear
computational advantages, it introduces limitations for complex tasks requiring layer-specific weights. Notably, CRL-Layer
achieves the highest performance on HarmBench, outperforming CRL-Token, suggesting that layer-shared refusal patterns
benefit from cross-layer feature consistency.

A.6. LLaMA Results

We extend our evaluation to LLaMA-3.1 8B model with LLaMA Scope SAEs to demonstrate the generalizability of our
approach across different model architectures.

Table 5. Performance results for LLaMA-3.1 8B model across different tasks using CRL-Token approach. MMLU and MMLU-Pro use
0-shot evaluation, BBQ tasks use 1-shot evaluation, SimpleQA uses 0-shot evaluation, XSTest and HarmBench use refusal rate evaluation.

Task Type Layer Before After Gain
MMLU knowledge 20 6141 6233 +0.92
MMLU-Pro knowledge 26 32.13  33.16 +1.03
BBQ Ambig bias 7 8397 85.04 +1.07
BBQ Disambig bias 30 90.07 90.16 +0.09
SimpleQA factuality 25 0.43 096  +0.53
XSTest safety 23 61.27  59.37 -1.90
HarmBench safety 5 0.71 6.07 +5.36

Table 5 demonstrates that CRL-Token generalizes across different model families, with mixed results across tasks. While
most tasks show improvements (knowledge, bias, factuality), XSTest exhibits a decline (-1.90), suggesting task-specific
sensitivity to the steering approach. HarmBench shows improvement (+5.36), consistent with the Gemma 2 2B results,
demonstrating safety steering across architectures. The mixed results confirm that our approach transfers across different
model architectures while highlighting the importance of task-specific optimization, maintaining the interpretable feature-
based control mechanism.

A.7. Critic Value Analysis
Multi-token Generation Task Analysis.

The four sample categories (correct/incorrect, corrected/misguided) are analyzed for HarmBench and XSTest tasks to
understand critic behavior patterns in multi-token generation scenarios.

Corrected vs Misguided Correct vs Incorrect
Corrected slope: 0.00112 Carrect stope: -0.00163 - Carrect (n=200}
15 Misguided siope: -0.01061 Incorrect slope: 0.00055

— Incomect (n=80)
15 - J

/ .r"'.’k-"‘x —— e = — ___
/ N e e ——

Critic Value
\
\
|
|
|
|
|
Critic Value

-1.0

—— Corrected MAS (n=77) |
Misguided MAS (n=2)

<] 5 16 15 20 25 30 o 5 1 15 20 25 30
Generation Step Generation Step

Figure 6. Critic value trajectories along token generation for HarmBench task. The critic successfully distinguishes correct from incorrect

samples throughout generation.

Our analysis focuses on linear regression gradient slopes and the visible gaps between sample categories. Empirically, we
observed that critic value gaps between correct and incorrect samples become more pronounced in later layers. We observe
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two distinct patterns in critic trajectories analogous to those in single-token generation tasks. These patterns reflect either
errors in critic value estimation (manifesting as bias gaps) or limitations in the policy’s critic value utility (affecting gradient

dynamics).

Corrected vs Mi ided

Correct vs Incorrect

Comected slope: 0.00078 —— Corrected MAS (n=121) |

104 e al ¢ |
Misguided slope; -0,02447 Misquided MAS (n=2)

Critic Value

Correct slope: 0.00190 —— Correct (n=244) |
1 Incorect slope: -0.0048%
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og4
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Figure 7. Critic value trajectories along token generation for XSTest task. XSTest shows inverted estimation patterns compared to
HarmBench, indicating critic bottleneck for context-dependent benign requests.

For HarmBench (Figure 6), the critic successfully distinguishes between correct and incorrect samples, whereas XSTest
(Figure 7) exhibits inverted estimation patterns. However, while HarmBench shows clear gaps at sequence boundaries with
minimal gradient differences, XSTest demonstrates estimation errors in gap measurements but maintains clear superiority
for correct samples in slope analysis across both correct/incorrect and corrected/misguided categories.

A.8. Hallucination Mitigation Analysis

Figure 8. MMLU invalid response comparison. Baseline
generates responses like “*” or whitespace instead of valid
options (A, B, C, D). CRL-Token steering eliminates these
invalid outputs, contributing to accuracy gains beyond format
correction.

For single-token generation tasks, particularly MMLU without
constrained decoding, a substantial portion of performance im-
provement stems from hallucination mitigation. CRL-Token
steering effectively eliminates responses that fall outside the
provided answer options (A, B, C, D).

The baseline model frequently generates invalid responses such
as "*" or whitespace instead of selecting from the given options.
This behavior significantly impacts performance metrics, as
these responses are automatically marked incorrect regardless
of the underlying reasoning quality. Our CRL-Token approach
addresses this issue by learning to constrain outputs to valid
answer choices while maintaining the model’s reasoning capa-
bilities.

The analysis reveals that a portion of performance gains in
MMLU tasks can be attributed to this hallucination mitigation
effect, with the remainder coming from improved feature selec-
tion and reasoning enhancement. This finding highlights the im-
portance of output format consistency in evaluation benchmarks
and demonstrates CRL’s effectiveness in learning task-specific
constraints.
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A.9. Feature Selection Evaluation

We analyze the policy network’s feature selection patterns to understand which SAE features contribute most to performance
improvements. For each feature ¢, we compute:

A.9.1. IMPACT SCORE

ni =Y 1{i €5}, N:an, (12)
J

t

Uz

i = 7o 13
Pi=7 (13)

¢ = Z 1{i € S;} 1{improved,}, m; = Z 1{i € S, } 1{degraded, }, (14)

t t
. A , , ,
Impact, = (ci +mi) - log(ni +¢) _at mz, (e >0) (15)
n; - log(n; +¢) n;

where S; is the set of selected features at step ¢ (e.g., top-k), and improved,/degraded, denote whether steering im-
proved/degraded the outcome versus baseline.

A.9.2. FEATURE DIVERSITY

Additionally, we compute feature diversity to understand the policy’s exploration behavior:

daict

Feature Diversity = — Z p; log p; (16)
i—1

where p; is the probability of selecting feature 7. Higher entropy indicates more diverse feature usage across the SAE
dictionary. Together, these metrics quantify how diverse the trained policy’s feature selection is and how much the selected
features actually influence behavior change.

A.10. Feature Diversity and Impact Score

Tip 13 MAast Frequen Faatires Tip 13 daast Frequers Faitires Tap 1 Mot Frequen: Features

W e

i

Figure 9. Top activated features for MMLU (left) and BBQ Disambig (center) and GSMS8K (right) tasks, revealing semantic patterns in
feature selection for reasoning and bias mitigation.

Feature diversity remains consistent across different hyperparameters within the same task, though it decreases with increased
policy layer depth. As shown in Figure 9, tasks requiring longer token generation horizons (GSM8K: 6.695) or higher
complexity (MMLU-Pro: 5.476) demonstrate elevated feature diversity compared to shorter response tasks (HarmBench:
2.938), with XSTest (4.757) showing intermediate diversity levels. Impact scores exhibit an inverse relationship with feature
diversity: tasks with lower diversity show higher concentrated impact scores (HarmBench: 0.808), while high-diversity tasks
demonstrate more distributed feature contributions (XSTest: 0.357, MMLU-Pro: 0.625). This pattern suggests that complex
reasoning tasks require broader feature engagement, whereas focused tasks benefit from concentrated feature activation.
Figure 10 demonstrates that activation frequency exhibits rank-dependent decay with task-specific distribution patterns
reflecting underlying diversity characteristics.
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Figure 10. Feature usage hierarchy in Gemma 2 2B MMLU task, demonstrating that the policy selectively identifies specific features
rather than random selection.
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Figure 11. Residual stream norm growth across layers for Gemma 2 2B on MMLU. Norm increases with depth, explaining why identical
steering coefficients produce different effects at different layers and motivating our adaptive coefficient strategy.

A.11. Layer-wise Analysis

Figure 11 shows residual stream norm growth across layers for Gemma 2 2B model on the MMLU task. This pattern is
consistent with prior observations that residual stream norms increase with network depth (Heimersheim & Turner, 2023).

The analysis for layers ¢ > 18 for BBQ tasks (Figure 15) confirms that ambiguous and disambiguated contexts require
different optimal intervention layers. This suggests that bias mitigation strategies must be adapted to the specific type of
ambiguity present in the input. The layer-wise analysis shows similar patterns across tasks: later layers generally provide
more effective intervention points, while early layers show degraded performance with large coefficients. This pattern holds
across different coefficient values and task types, consistent with observations that residual stream norms increase across
layers (Heimersheim & Turner, 2023).

B. Feature Analysis Details
B.1. Corrected Features for GSMS8K Task

The following features demonstrate positive steering effects, correcting model outputs from incorrect to correct responses:
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Figure 12. MMLU accuracy per fixed coefficient across layers for Gemma 2 2B, showing optimal intervention points for unconstrained
(left) and constrained (right) decoding. Later layers generally outperform earlier layers, with large coefficients degrading early-layer
performance.
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Figure 13. MMLU accuracy per fixed coefficient across layers £ > 18 for unconstrained (left) and constrained (right) decoding.
Unconstrained and constrained settings show different optimal layers, indicating distinct feature requirements for format correction vs
factual answering.

* 4504 diagrams and schematic representations related to workflows, communication systems, and protocols (cor-
rect/incorrect: 321/170, corrected/misguided: 15/4)

* 406 specific mentions of individuals, organizations, and their respective roles or activities (correct/incorrect: 116/113,
corrected/misguided: 12/4)

* 1440 instances of the word "vice" and related terms (correct/incorrect: 161/119, corrected/misguided: 11/4)

* 14204 indicators of group dynamics and power relations (correct/incorrect: 248/179, corrected/misguided: 16/6)

* 10961 terms related to statistical methods and implementation details (correct/incorrect: 223/182, corrected/misguided:
20/8)

* 2699 significant concepts related to problems and solutions within a defined framework (correct/incorrect: 234/187,
corrected/misguided: 17/7)

* 2317 phrases indicating comparisons or relationships between two entities or elements (correct/incorrect: 120/86,
corrected/misguided: 12/5)

» 2720 mathematical expressions and equations related to functions and inequalities (correct/incorrect: 151/150, cor-
rected/misguided: 11/5)

* 347 phrases and concepts related to accountability and compliance (correct/incorrect: 148/129, corrected/misguided:
15/7)

» 7708 mathematical operations and expressions in various forms (correct/incorrect: 188/217, corrected/misguided: 19/9)
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Figure 14. BBQ accuracy per fixed coefficient across layers for ambiguous (left) and disambiguated (right) contexts. Different optimal
layers indicate context-dependent bias mitigation strategies.
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Figure 15. BBQ accuracy per fixed coefficient across layers £ > 18 for ambiguous (left) and disambiguated (right) contexts. Later layers
show distinct optimal coefficients for each context type.

B.2. Additional Corrected and Misguided Examples

B.3. Misguided Features for GSM8K Task

Conversely, these features demonstrate negative steering effects, inadvertently changing correct responses to incorrect ones:

7999 mathematical expressions or equations (correct/incorrect: 40/42, corrected/misguided: 1/10)

4069 mathematical notation and geometric properties related to circles and angles (correct/incorrect: 121/100, cor-
rected/misguided: 7/16)

13752 elements related to job creation and economic context (correct/incorrect: 109/78, corrected/misguided: 5/10)
10968 specific coding or mathematical terms and phrases related to programming or data analysis (correct/incorrect:
99/112, corrected/misguided: 8/16)

16295 significant terms and phrases related to scientific studies, particularly in the context of law, medicine, and
research methodologies (correct/incorrect: 99/93, corrected/misguided: 6/11)

12174 references to understanding and problem-solving processes (correct/incorrect: 180/157, corrected/misguided:
10/17)

15434 complex relationships involving socio-legal and psychological themes (correct/incorrect: 113/125, cor-
rected/misguided: 8/13)

1222 sentences expressing emotional vulnerability and complex interpersonal dynamics (correct/incorrect: 74/61,
corrected/misguided: 7/11)

7834 indicative symbols and formatting used in programming or mathematical expressions (correct/incorrect: 97/101,
corrected/misguided: 9/14)
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Mico's age in 10 years 10 + 10 = 20 * Marco's age in 10 years 10 + 10 = 20 **¢ Find the sum of
L20/10961 L20/10961
their ages in 10 years** * 20 + 20 = 40 ####n The sum of their ages in 10 years will be
L20710961 L20/10961
Here's how to solve it 1 **Calculate the total number of sweets:** 15 packs * 60
L20/14204 L20/100961 L20/7708
pieces/pack = 900 pieces 2 **Calculate the number of packs Anne kept:** - 15 packs - 2 packs =
L20/14204 L20A10961 L20r7708 L2O/7708 L20i7708
13 packs 3 *Calculate the number of pieces given to friends** - 900 pieces - 120 pieces (for

L20#14204

L20/10961

Figure 16. GSMS8K corrected case 1: Contextually appropriate feature steering activates relevant numerical tokens, strengthening
reasoning.

32 * 3 = 9% classes \visited on Wednesday * **Total for Monday-Wednesday:** 32 + 64 + 86 = 192
L7 L20/2609 L2ar2317

classes visited from Monday to Wednesday * **Thursday and Friday:** 30 + 25 = 55 classes visited

L2mw23ny

on Thursday and Friday * **Total for the week:** 192 + 55 = 247 classes \visited the Science Center

L202699 2042317

Here's how to solve it 1 **Find the number of babies wearing purple:** * Since there are 8

L20/2699 L20/7I08
babies and Carla dresses 3/4 in purple there are (3/4) * B = 6 babies wearing purple 2 **Find

L20/7708 L20/10061 L20/7708

Figure 17. GSM8K corrected case 2: Semantically coherent feature activations align with equality tokens, guiding correct computation.

e 3415 patterns of conditional phrases and expressions of uncertainty (correct/incorrect: 92/108, corrected/misguided:
8/12)

B.4. Additional Misguided Example

Figure 21 illustrates a case where misguided feature steering causes the model to abandon a correct solution path. The steered
model selects features associated with task-irrelevant semantics (e.g., socio-legal framing or programming constructs from
the misguided feature list above), which interfere with the arithmetic reasoning required for the problem. This token-level
interference is visible in CRL’s intervention logs: the selected feature’s description does not align with the mathematical
operation at that position, providing a concrete diagnostic signal for identifying when steering goes wrong.

B.5. Additional Branch Analysis

We analyze decision bifurcations at critical tokens, comparing layer 10 and layer 20 feature selections across GSMS8K tasks.
The following cases show different steering outcomes depending on which layer’s features are selected.

In these three cases, L10 features produce correct outputs while L20 features fail. Both the toy calculation and tournament
problems use L10’s "pronoun references" feature, which generates accurate enumerated calculations, whereas L20’s "code
formatting" and "punctuation cues" features produce incorrect results. The speed conversion case shows L10’s "emotional
relationships" feature generating the correct formula ("3 miles/hour * 2 = 6"), while L20’s "claims and benefits" produces
wrong logic ("3 miles per hour / 2 = 1.5"). Feature labels alone do not predict which layer succeeds: the "emotional
relationships"” label bears no obvious relation to speed calculation.

In these five cases, L20 features produce correct outputs while L10 features fail. The bus passenger problem shows L20’s
"code formatting" generating correct sequential tracking ("1. **People after the first stop:** 120 + 20 = 140"), while
L10’s "pronoun references" produces verbose, incorrect narrative. The variable abstraction case shows L10 choosing a
variable-based approach ("Let ’J’ represent...") while L20 proceeds directly with numerical calculation ("Jason carried 2
balls"). In the subscription pricing problem, L10’s "legal contracts" generates incorrect output, while L20’s "uncertainty
expressions" handles the choice scenario. The banana and pages problems similarly show L10 features producing incorrect
outputs, whereas L.20 features generate correct multi-step solutions.
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the number of babies wearing blue** * There are 8 babies and 1/4 are wearing blue so there
L20/2699 L207708 L20i7708
are (1/4) * 8 = 2 babies wearing blue 3 **Find the number of babies wearing bows:** * 13
L20/10961 L2 L2V 2659 L20v7708

of the purple wearers wear bows so there are (1/3) * 6 = 2 babies wearing bows 4 **Find the
L20110961 L2w/7708

number of bables wearing both bows and purple** * There are 2 babies wearing bows and 6 babies
L20/2699 LETTOH LIVA0DE L2TT08 L7708

wearing purple so there are 2 babies wearing both 5 **Find the number of babies wearing purple

20w 70a Laavzesa L2 20a

Figure 18. GSMS8K corrected case 3: Feature 7708, described as mathematical operations and expressions in various forms, activates on
quantitative units like "babies" and "packs", demonstrating lexical generalization beyond surface forms.

Here's how we can solve it * **Girls' teams:** 4 schools * 1 girls' team = 4 girls' teams *
LZ0M 5434 LZ0M 5434
**Boys' teams** 4 schools * 1 boys' team = 4 boys' teams * **Total girls' players:** 4 girls'
120415434 L20v15434
teams * 5 players/team = 20 grls' players * **Total boys' playerss** 4 boys' teams * 5
L20/15434
players:** 20 girls' players + 20 boys' players = 40 players * **Total coaches:** 4 coaches

L20415434

Here's how we can solve it 1 **Height of the house** The house is 7 times as high as Mattison
120015434

Figure 19. GSMS8K misguided case 1: Selection of task-irrelevant features interferes with mathematical reasoning and diverts the solution
process.

Observations. Across these eight examples, we observe a pattern: L.10 succeeds on three cases involving discrete item
counting and direct arithmetic, while L.20 succeeds on five cases involving multi-step accumulation, choice scenarios, and
variable reasoning. L10 failures show patterns of surface matching (e.g., financial terminology leading to "legal contracts",
notation leading to "programming constructs"), whereas L20 failures show structural misapplication to simple problems
(e.g., "code formatting" on toy calculation). Feature labels provide limited predictive value—"emotional relationships"
solves speed calculations, "code formatting" performs both correctly and incorrectly on different tasks. These divergent
outcomes demonstrate that layer choice affects steering effectiveness, which CRL’s layer-specific policy exploits to adapt to
different problem structures.

B.6. Computational Cost and Coefficient Sensitivity

CRL introduces minimal computational overhead during inference (8—9% latency on A100). The overhead consists of
SAE encoding, policy forward pass, and steering vector computation. Table 6 reports per-task training times and resource
requirements.

Table 6. Training cost per task on a single A100. Policy+critic parameters are 84M (3.3% of Gemma 2B) and 302M (3.8% of LLaMA
8B). All runs use batch size 8, 4000 samples, 1000 PPO iterations.

Model Task Gen Length  Training Time Peak Memory
Gemma 2 2B MMLU 1 token ~37 min ~6.8 GB
Gemma 2 2B BBQ 1 token ~55 min ~6.8 GB
Gemma 2 2B GSM8K 1024 tokens ~5.5 hrs ~6.8 GB
Gemma 2 2B HarmBench 32 tokens ~3 hrs ~6.8 GB
LLaMA 3.1 8B MMLU 1 token ~2.5 hrs ~15.7 GB

For steering coefficients, our adaptive strategy averages activation magnitudes from correctly predicted samples: ¢ =
ﬁ Y wen+ latWae||, where D denotes correct samples. This eliminates manual tuning across 26 layers. Table 8
shows moderate coefficients (25-50) achieve optimal performance, with layer-specific analysis in Figure 12.
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first floor's floor to ceiling height is thrice as high as Mattison so it's 3 * 60 inches = 180
L20/15434

Here's how we can solve it **Step 1 Calculate team B's goals in the first half** Team B
L20r16295 2onz22z

scored 2 fewer goals than team A so they scored 4 - 2 = 2 goals **Step 2 Calculate team A's
L20/4069 La0vanEs  L2017E34

goals in the second half** Team A scored 1/4 of the goals scored by team B in the second half

L2022 L20M 0968L20/4069 L20M222 L20v4065 L20M222
Team B scored 4 * 2 = B goals in the second half Therefore team A scored 8 * (1/4) = 2 goals in
L20v406% - L20VTE34 Lzomzzz L2071 068L20/ 4069

Figure 20. GSM8K misguided case 2: Token-feature misalignment produces semantically incoherent activations, degrading reasoning
performance.

* Jogger jeans «cost 6 less than tattered jeans so they cost 28 - 6 = 22 2 **Calculate the
L2406

total savings from the jogger jeans:** * He saved 6 total and he saved 1/3 of the savings from
L2Ov1222 L20/4069 L2O/T7E34 L20/4069 o222
the jogger jeans * Total savings from jogger jeans & * 3 = 18 3 **Calculate the savings
L20/4069  LIOITESL L2022z L2V 7834 L207406%
from the tattered jeans** * He saved 6 total and he saved the rest from the tattered jeans
L2OV1222 L20/4D69 L20/4069 L2041222 L20/4069
* Savings from tattered jeans 6 - 18 = -12 4 **Determine the original price of the jogger
L2omz22 L20/4069 L20v4069  LIO/TE34

Figure 21. GSMS8K misguided example 3: Feature interference causes abandonment of correct solution path.

Table 7. Runtime overhead. CRL adds 8-9% latency.

Table 8. Coefficient sensitivity on MMLU (layer 24).

Task Type Overhead
MMLU Single +8.0% Coef. 10 25 50 75 100
BBQ Single +7.8%
GSMSK Multi +8.8% Acc. (%) 532 548 554 541 523

HarmBench  Multi +9.1%

Complementarity with Fine-tuning. CRL provides additive gains when applied on top of supervised fine-tuned models.
On MMLU, accuracy improves from 55.2% (base) to 55.7% (SFT) to 56.1% (SFT + CRL), demonstrating that learned
feature steering captures complementary signals beyond what fine-tuning achieves. This suggests CRL can serve as a
lightweight post-hoc enhancement without requiring additional weight updates. The Gemma Scope SAEs transfer effectively
across model variants, enabling CRL application without retraining the autoencoder. For deployment scenarios requiring
rapid adaptation, CRL offers real-time steering with <10% latency overhead compared to full model fine-tuning.

B.7. Cross-Task Transfer Analysis

To evaluate whether CRL captures task-specific mechanisms or dataset-specific shortcuts, we apply policies trained on one
task to other tasks, using the training task’s optimal layer. Table 9 reports the full results alongside native CRL performance
for reference.

Table 9. Cross-task transfer results. “Native CRL” shows the target task’s own trained policy for reference. All experiments use the source
task’s optimal layer.

Train — Eval Layer Acc.(%) vs.Base Native CRL
MMLU — GSM8K 24 31.01 —10.31 55.65 (L20)
GSMSK — MMLU 20 52.24 +0.18 55.37 (L24)
HarmBench — XSTest 21 86.35 +1.27 87.62 (L12)
BBQ — MMLU 5 53.55 +1.49 55.37 (L24)

The transfer pattern is asymmetric: MMLU features actively harm GSMS8K (—10.31%), while GSM8K features remain inert
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1. Calculate the cast of the oy cars =4 6loy cars™ 2/car= 12 2% Calculate the
Hare * 5 how we can sohve it

ity s 1. =~ Calculate the cost of the toy cars :* Gtoy cars® 2 (car= 12 2 ** Cakulate the cost of the teddy

x * *» Girls ' teams i+ £ schools * 1 girls ' team = 4 girls ' teams * ** Boys ' teams >+ 4 schools
Hera 5 how we can solve it | ==
e / 1. == Players ** Each school has 2 téams [ givls + boys ) * 5 players /team = 10 players . 2 ** Coaches ==
#  Since she can skip at half the spead of her run . her walking spoed is 3 miles por hour{ 2 = 1, & miles por haur ==

Here ' s how to'selve it : *+ 1, Find Dana * s walking speed -+ + —

She can skip at half the spaed of har run . 5o her run spaed i= 3 miles [ hour * 2 = & miles ( hour . * Dana can

Figure 22. Cases where layer 10 features succeed. Top: Toy calculation where L10’s "pronoun references” captures concrete items while
L20’s "code formatting" misapplies structure. Middle: Tournament problem where L10’s "pronoun references" handles entity tracking
while L20’s "punctuation cues" misidentifies structure. Bottom: Speed calculation where L10’s "emotional relationships" correctly solves
the problem while L20’s "claims and benefits" misapplies procedural framing.

1. People after the firststap -+ 120+ 20= 1 40people 2. % Pecpls after the
Hero * 5 how wa can solvg it

el X =+ Step 1: People boarding at the first stop *= * Romeo starts with 1.2 0 people . * 2 0 mofe people board © 1

tosohmit . 1. Calculate the total bananas needed per month 7* = Apes; 200+ 400+ 1

Here " s how
T & wa can solve this - 1. ** Calculate the total bananas needed per month :** - Monkeys | 2 00 bananas - Gor (las . 4

¢ " 1. %= jason ' s halls = jason carried 2 balls . 2 ** Jaffrey ' s balls ** Jason carried twice as many balls as jeffray .
Here ' s how we can salve this problem : i

& %% Lot 5 use variables (** = Lat ' | ' represent the number of balls Jordan carried . * Lat ' Z * represent the number of

Lalculate the cost of Hulu and Disney Plus individually Hulu; 10 - Disney Plus 7 10 2, Calculate the bundled price |
Here s how to selve it: 1

#  »= Calculate tha bundled price ** - Hulu and Disney Plus cost 1 0 each . 50 the bundled price s 10+ 10= 20

# 1. * Calculate the total number of pages per inch ** 1 00 pagaes/inch 2. ** Calculate the number of pages in the
Here "5 how we can solve it

* 1% Calculate the total number of pages perinch =+ 10 0 pages finch 2 ** Caloulate the number of pages in the baok === 1

Figure 23. Cases where layer 20 features succeed. Top: Bus problem where L20’s "code formatting" correctly structures sequential steps
while L10’s "pronoun references" fails. Second: Banana calculation where L20’s "needs identification" captures requirement semantics
while L10’s "visual aids" produces incorrect output. Third: Variable abstraction where L20’s "combination and formation" proceeds with
direct calculation while L10’s "geographic information" chooses variable-based approach. Fourth: Subscription pricing where L20’s
"uncertainty expressions” captures choice scenarios while L10’s "legal proceedings" produces incorrect output. Bottom: Pages calculation
where L.20’s "questions and inquiries" captures exploratory reasoning while L10’s "programming constructs" treats it as code.

on MMLU (+0.18%). If the policy captured dataset-specific shortcuts (e.g., bias toward numeric outputs), GSM8K features
should also disrupt MMLU, but they do not. HarmBench features slightly improve XSTest (+1.27%), consistent with shared
safety representations across related tasks. The interference aligns with layer-specific computation: MMLU features are
selected at layer 24 while GSM8K’s optimal intervention occurs at layer 20, and applying features across mismatched depths
introduces structured interference rather than random degradation.

B.8. Dynamic Coefficient Ablation

The steering coefficient c is fixed during training, and the policy learns feature selections calibrated to this static scale. We
tested three per-token dynamic alternatives (Table 10): norm-scaled (¢ o ||x¢]|), activation-scaled (c set to the natural SAE
activation of the selected feature), and critic-gated (¢ ox Vi (sy)).

Table 10. Dynamic coefficient variants vs. static (dataset-averaged). All dynamic variants degrade performance due to train-inference
mismatch in the learned feature-coefficient coupling.

Method HarmBench GSMSK
Static (dataset-averaged) 49.75 55.65
Norm-scaled (¢ o ||x¢]|) 45.00 41.39
Activation-scaled (¢ = natural SAE activation) 41.79 40.33
Critic-gated (¢ o Vi (s¢)) 43.93 41.47

The policy is trained with a fixed coefficient and learns a joint feature-coefficient coupling where selected features are
calibrated to the static intervention scale. Changing the coefficient at inference disrupts this coupling. The static coefficient
itself is robust: varying c¢ from 10 to 100 on MMLU changes accuracy by only ~3pp (Table 8), confirming the dataset-
averaged approach finds a stable operating point.
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B.9. Component Ablation: Isolating CRL and AFM

To isolate the contributions of learned feature selection and Adaptive Feature Masking, we compare CRL variants against
heuristic baselines (Table 11). All methods share identical decoding and evaluation setup; only the feature selection
mechanism differs.

Table 11. Component ablation. CRL without AFM numbers are from matched-hyperparameter runs. HarmBench CRL+AFM: 3-seed
mean (paper reports 49.12, within run-to-run variance £1.59).

Method BBQ Ambig HarmBench
No steering (Base) 60.17 41.46
Random feature 58.36 45.35
Random + AFM 60.16 46.96
Most-active feature 59.94 48.03
CRL without AFM 62.55 48.6710.56
CRL + AFM (full) 65.86 49.20.10 84

CRL without AFM achieves +2.39 on BBQ Ambig and +7.21 on HarmBench over the baseline, confirming that the learned
policy provides most of the gain. AFM contributes an additional +3.31 on BBQ Ambig and +0.53 on HarmBench by
encouraging diverse feature exploration. Random+AFM improves over random alone (+1.80 BBQ, +1.61 HarmBench),
isolating AFM’s independent contribution from learned selection.
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