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Activation steering controls language model behavior by modifying hidden-state activa-

tions along interpretable concept directions, often constructed using Difference-in-Means
(DiM) over contrastive examples. However, recent work has observed that DiM steering
can degrade general capabilities. In this work, we revisit activation steering from two
complementary perspectives: steering-direction construction and intervention-time token
selection. First, we show that DiM should not be viewed purely as a variance-reduction
problem achieved by averaging more activations. Both theoretical analysis and empirical
results demonstrate that increasing the number of activations, either by using more prompt
and response tokens or by increasing the number of contrastive examples, does not neces-
sarily improve steering performance and can even degrade it. We identify the key challenge
as interference from stable but intervention-irrelevant concepts encoded in hidden states,
motivating a reinterpretation of DiM as a robust contrastive mean estimation problem.
Based on this perspective, we propose Robust DiM, which estimates contrastive directions
using activations that are both representative of their own class and discriminative from
the opposite class. Across three target concepts and four models, Robust DiM improves
target-concept steering by up to 8% while improving general-capability preservation by up
to 5% over standard DiM. Second, we revisit the common practice of applying steering
interventions at every generation step. We show that most steering effects emerge within
the first few generated tokens, while later interventions primarily accumulate distributional
shift and degrade general capability. Motivated by this observation, we propose prefix
steering, which applies steering updates only to an initial generation prefix. Prefix steering
recovers most of the target-control effect of full-generation intervention while substantially
reducing interference with general capabilities. Together, our results suggest that effective
activation steering depends critically on selecting both intervention-relevant construction
activations and intervention-relevant generation positions, rather than uniformly averaging
or steering across all tokens.
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1 Introduction

Large language models (LLMs) exhibit strong capabilities across a wide range of tasks [1-3], but
understanding and controlling their internal representations remains a central challenge [4-6]. A
growing line of work addresses this problem by intervening directly on hidden activations, using
representation-level directions to elicit, suppress, or modify model behaviors [7-9]. Among these
methods, Difference-in-Means (DiM) is especially attractive: given positive and negative examples
of a target behavior, it subtracts the mean hidden state of the negative set from that of the positive
set, and uses the resulting direction for activation steering [10—-12]. Despite its simplicity, DiM often
outperforms other more complicated approaches such as sparse autoencoders [13]. However, recent
work has also shown that activation steering can interfere with unrelated model capabilities, causing
degradation in fluency, reasoning, or benchmark performance [14—17]. Although these trade-offs are
increasingly recognized empirically, the underlying causes remain poorly understood.

In this work, we revisit activation steering from two complementary perspectives:
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Q1: Direction construction. Which activations should be used to construct the steering direction?
Q2: Intervention placement. Which tokens should receive steering interventions during generation?

The standard intuition of DiM is that averaging many activations cancels variation unrelated to the
target behavior while preserving the concept-relevant signal [18-20]. Under this view, using more
activations should produce a cleaner, and thus more effective steering direction. Our starting point is
the observation that hidden-state activations encode many simultaneous concepts beyond the target
behavior, including topic, syntax, stylistic patterns, instruction formats, and other context-dependent
information. Consequently, averaging over more activations does not necessarily improve the quality of
the identified concept direction. Instead, additional activations can introduce stable but intervention-
irrelevant structure that contaminates the estimated direction, creating a gap between directional stability
and steering effectiveness. We observe this gap consistently across various models and target concepts:
averaging all prompt-token activations can underperform averaging only the last few prompt tokens,
prompt-only construction can outperform prompt-response construction, and increasing the number
of contrastive examples can improve directional stability without improving downstream steering.
These results suggest that many token activations contain statistically stable but behaviorally irrelevant
information.

Motivated by this diagnosis, we introduce Robust DiM, a token-selective direction-construction method.
Rather than treating all candidate activations as exchangeable, Robust DiM estimates contrastive
directions from activations that are both representative of their own class and discriminative from the
opposite class. Representative activations reduce within-class nuisance variation, while discriminative
activations preserve the separation needed for behavioral control. Across three target concepts and four
models, Robust DiM improves target-concept steering by up to 8% and improves general-capability
preservation by up to 5% over standard DiM.

We then revisit a second, largely overlooked assumption in activation steering: the standard practice
of applying steering interventions at every generation step [7, 11, 12]. While this uniform intervention
policy is simple, it implicitly assumes that all generated token positions are equally useful intervention
sites. Our experiments through KL divergence and steering performance show instead that most steering
effects emerge within the first few generated tokens, whereas later interventions primarily accumulate
distributional shift and interfere with unrelated computation. Based on this observation, we introduce
prefix steering, which applies steering updates only to an initial prefix of generated tokens. Prefix
steering retains most of the steering gain achieved by all-token intervention, and in some cases matches
it, while substantially better preserving general capability (improving MMLU-Pro performance by up to
6%).

Our main contributions can be summarized as follows:

* We revisit the statistical assumptions underlying DiM and use the resulting analysis to shed light
on several practical design choices, including token position, activation source, and the number of
contrastive examples. Our results show that concept direction is better viewed as a robust contrastive
mean estimation problem rather than a pure variance-reduction problem through averaging.

¢ We introduce Robust DiM, which selects discriminative activations for contrastive direction construc-
tion. Across three target concepts and four models, Robust DiM improves target-concept steering by
up to 8% and improves general-capability preservation by up to 5% over standard DiM.

* We introduce prefix steering, which applies the steering update only to early generated tokens. Prefix
steering recovers most of the steering gain of full-generation intervention while substantially reducing
interference with general capabilities (improving MMLU-Pro performance by up to 6%).

2 Activation Steering Preliminaries

Transformer Decoder-only transformers [21] map input tokens t = (¢, to, ..., t,) € V™ to output

probability distributions over the vocabulary V. Let hy) € R? denote the residual stream activation
of the i-th token at the /-th layer, where d is the dimensionality of the hidden state. Each of the L
transformer layers applies a sequence of attention and MLP transformations to update the residual
stream:

~ (¢ ~(¢ ~(£
Y = hO 4 A @ (RY), R =R 4 MLPO (). (1)
The final-layer residual stream is then projected by the unembedding matrix and normalized with a

softmax to produce next-token probabilities.



Linear representation hypothesis. A central assumption underlying many representation-steering
methods is the linear representation hypothesis [18], which posits that high-level, semantically mean-
ingful concepts are approximately encoded as linear directions in activation space'. For notational
simplicity, we omit the layer index when considering activations at a given layer, writing h; for the
residual-stream activation of the i-th token. Under this view, h; can be written as

hi =Y i+ €, 2)

J
where 7r; denotes a concept or feature direction, c; ; is the corresponding activation coefficient or
strength at token position ¢, and €; captures residual variation not explained by this linear decomposition.
This perspective motivates methods for understanding, monitoring, and controlling model behavior
through interventions on internal representations.

Contrastive direction construction. Given the linear-direction framework, a key challenge lies in
estimating the specific direction that corresponds to a target behavior. Various methods have been
proposed to isolate such concept directions [24—26]. Among them, Difference-in-Means (DiM) is a
simple and widely used approach that compares activations induced by positive and negative examples
[27-29]. Recent studies have shown that DiM outperforms more complex approaches such as sparse
autoencoders [13]. Let DF and D~ denote datasets corresponding to two contrastive classes for a target
concept or behavior. For a given layer, we collect token activations from the two datasets and denote
them by

AT ={h;(z) :2 € DT, i e S(z)}, A™ ={hi(z) : 2 € D™, i€ S(x)}, 3)

where S(z) is a token-selection rule specifying which token positions of example x are used to construct
the direction. The positive and negative mean activations are then computed as

1 1
+ -
B= h, noo= h. “)
2,2 LSRN
The DiM direction is » = pu™ — u~. Following prior work [30], we use the normalized direction
T = W’ so that the steering strength is controlled only by a scalar intervention coefficient rather than

by the norm of the estimated direction.

Activation steering. Given an identified concept direction 7, activation steering modifies the hidden-
state activations during autoregressive generation. Let hj denote the hidden-state activation correspond-
ing to the k-th generated token at a given layer. At each generation step, we can either elicit the target
behavior by adding the steering direction, or suppress the target behavior by ablating the activation
component along that direction:

hy < hy +aF  or  hy < hy — B hy. 5)
Here a > 0 controls the additive steering strength, while b controls the ablation strength. Since 7 points
from the negative-class mean toward the positive-class mean, the additive update shifts generated-token
activations toward the target concept. When 3 = 1, the ablation update fully removes the component of
hy along 7. In the standard formulation, this intervention is applied at every generation step, i.e., to the
hidden-state activation of every generated token during inference. This implicitly treats all generated
token positions as equally useful intervention sites.

3 Robust Difference-in-Means

While DiM has been widely used in practice, its statistical foundations remain relatively underexplored,
with the notable exception of the pioneering work of [31], which studies a simplified single-concept
Gaussian setting. In this section, we revisit the statistical assumptions underlying DiM and use the
resulting analysis to shed light on several practical design choices, including the prompt-token positions
and activation sources used for constructing steering directions, as well as the role of the number of
contrastive examples. Our analysis and experiments suggest that DiM should be viewed not merely
as a variance-reduction problem through averaging, but rather as a robust contrastive mean estimation
problem under heterogeneous and interfering concepts. Motivated by this perspective, we then develop
a Robust DiM approach that retains the simplicity of standard DiM while more reliably identifying
intervention-relevant concept directions.

I'While some concepts may exhibit non-linear structures or lack a singular global direction [19, 22, 23], linear directions
frequently serve as effective approximations for behaviorally relevant features.



3.1 Rethinking the Statistical Assumptions Behind DiM

To begin, let 7. denote the direction associated with the target concept. We can decompose (2) as
hi = 04 cTe + Z Q; 5T +€;. (6)
j#c
Let Eji and € denote the averages of the concept coefficients {«; ;}; and residuals €; over A*,
respectively. We further define the corresponding differences in means as Aa; and Ae:

1 1
—+ _ + ot + e et _
aj_WZam, € _eri’ Aaj =a; —aj, Ae=€¢" —€ . @)
7 7
Substituting this decomposition into the DiM direction 7 = pu+ — p~ gives
1 1
T:W Z hlim Z h%: Aacrc + ZAOZJ'TJ' + A€ . (8)
h;c At h;e A~ target concept Jj#c residual
———

non-target concepts
We now characterize the alignment between the DiM direction 7 and the target concept direction 7.

Lemma 1. Suppose that the concept directions r; are orthogonal and have unit norm, and the residual
terms €; are i.i.d. Gaussian random vectors with zero mean. Then, with high probability, the correlation
between the DiM direction r and the concept direction r. satisfies

Aa, 1

cos(r,r.) = 0]
RN S ST TN

)- €))

Proof. Since each €, is an iid Gaussian random vector with zero mean, the averaged residuals %ii =
ﬁ > ef are also Gaussian random vectors whose variances scale as ﬁ, respectively. Since | AT |

and |.A~| are typically equal or at least of the same order, the residual difference Ae = gzr —€; is also

Gaussian with mean zero and variance scaling as ﬁ. By standard concentration inequalities, this
implies ||Ael|? = O(ﬁ) with high probability. Substituting this and the decomposition of the DiM

direction r from (8) into cos(r,r.) = HY\‘I’\T;) T and using the assumption that the concept directions 7

are orthogonal with unit norm yields (9). 0

Lemma 1 assumes that the concept directions are orthogonal in order to simplify the analysis; in practice,
many concepts are approximately orthogonal. When concept directions are not orthogonal, identifying
the target concept direction becomes more complicated due to interactions between correlated concepts.
Nevertheless, the main insight of the analysis still holds: ignoring the residual term, (9) shows that the
alignment between the DiM direction = and the target concept direction r. depends on two competing
factors.

* Target concept (signal): the target concept difference A, = @ — @, should be as large as possible.

» Non-target concepts (interference): the differences associated with non-target concepts Aa;; =

—+ —_ . § .
a; —a;,j 2 ¢ should be as small as possible.

From this perspective, averaging over many token activations primarily serves to cancel non-target
concepts so that @j ~ o forj # ¢, rather than directly increasing the target signal A«,.. However,
transformer activations encode many simultaneous concepts and features, including topic, syntax,
instruction format, stylistic patterns, and other context-dependent factors. Thus, a single prompt, or
even a single token activation, may contain substantial non-target concept components. In practice,
the strengths of these non-target concepts are difficult to balance across DT and D~. As a result, the
cancellation condition a;f ~ o; may fail even when a large number of examples are used. Moreover,
increasing the number of construction examples can introduce additional stable non-target structure
shared within each dataset. Consequently, averaging over more activations can reduce the random
residual term Ae, while still preserving some systematic non-target concepts.

This perspective suggests that DiM construction should not be viewed purely as a variance-reduction
problem through larger sample averages. Instead, it is more naturally viewed as a robust contrastive
mean estimation problem, where the key challenge is to estimate the target concept direction while



mitigating interference from stable but intervention-irrelevant concept directions. Before introducing
new methods in the next subsection, we first use experiments to support this perspective.

Experimental Setup We evaluate DiM construction choices across two model families and three
target concepts. The models are OLMo03-7B, OLMo03-32B [32], Qwen3-1.7B, and Qwen3-14B [33].
The target concepts are safety [11], politeness [34], and sentiment [9]. For each concept, construction
and evaluation data are disjoint. Construction data are used only to estimate DiM directions, while
held-out evaluation data are used to measure the effect of the resulting intervention. We evaluate
safety on HarmBench, sentiment on SST-2, and politeness on PoliteGuard [35-37]. To isolate direction
construction, we keep the downstream intervention protocol fixed across all construction rules. Thus,
differences in target-concept score and general capability primarily reflect differences in the constructed
direction rather than differences in how the direction is applied. Implementation details for the fixed
intervention protocol are provided in Appendix A.

Since the concept directions 7; are unknown a priori and difficult to verify directly in practice, we
report two complementary measurements. Directional stability is measured by the cosine similarity
between DiM directions estimated from independent trials, indicating how reproducible a construction
rule is under resampling. In addition, following prior work, we use downstream steering performance
as a causal indicator of the quality of the identified target concept direction. We evaluate steering
performance on the constructed target dataset as a measure of target steering effectiveness, and on the
general benchmark MMLU-Pro [38] as a measure of the impact of steering on general capability.

Observation 1: Not All Prompt Tokens Are Equally Useful. Prior work often constructs steering
directions from the final prompt token, while recent-token windows are also used as practical heuristics
in representation steering and related intervention methods [39-43]. These choices implicitly assume
that prompt-token position matters for DiM construction. We therefore ask whether averaging more
prompt tokens yields a better direction, or whether different prompt positions contribute different
amounts of intervention-relevant signal.

We compare DiM directions constructed from recent prompt-token windows and from all prompt tokens.
For each token-selection rule, we fix the construction budget to 200 selected prompt-token activations
per class. Thus, all rules use the same activation budget and differ only in prompt positions.

As shown in Figure la, token selection strongly affects both directional stability and downstream
performance. All-token construction often gives weaker safety steering and larger general-capability
degradation than recent-token construction. This suggests that earlier prompt tokens can introduce
more task-irrelevant information, while later prompt tokens are closer to the generation boundary and
more directly encode the information that conditions the target behavior. Thus, averaging more prompt
tokens can add stable but intervention-irrelevant structure, rather than producing a more useful steering
direction. Additional results for sentiment and politeness are provided in Appendix B.

Observation 2: Prompt Activations Are More Intervention-Relevant than Responses In addition
to the input prompt, response tokens may contain continuation-specific information, such as stylistic
patterns, generation dynamics, and other concepts expressed in the completion. Both prompt-only
activations and prompt-response activations have been used for constructing DiM directions [9, 11, 12].
This raises a natural question: do response tokens provide a stronger concept signal for DiM construction,
or do they instead introduce additional variation that is less useful for intervention? To answer this, we
compare prompt-only and prompt-response construction under matched token-selection rules. Prompt-
only directions use activations drawn only from the prompt, while prompt-response directions use
activations drawn from the concatenated prompt and response. For each source, we consider the last
token, the last five tokens, and all tokens, and we fix the construction budget to 200 selected activations
per class for every source—selection combination.

Figure 1b shows that prompt-only directions generally achieve stronger safety steering under the same
token-selection rule. Thus, tokens that explicitly express the target behavior are not necessarily the
most useful tokens for constructing an intervention direction. A likely explanation is that response
activations contain additional non-target structure from the generated continuation, which can dilute the
prompt-level signal relevant for steering. Within each source, token choice remains important: all-token
construction often underperforms more selective token choices. These results show that source choice is
not a cosmetic implementation detail: DiM directions are strongest when constructed from activations
that condition the target behavior, rather than from tokens that merely express it.
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(a) Varying prompt-token positions under a matched 200-activation budget per class.
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(b) Comparing prompt-only and prompt-response construction under matched activation budgets.
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(c) Varying the number of construction examples NN for standard last-5-token DiM construction.

Figure 1 Diagnosing construction choices. We vary three construction choices: token position, activation source,
and example number. Panels report directional stability, safety steering performance, and general capability. For
each setting, we run three independent construction trials and report the mean and standard deviation. Additional
results for more concepts are provided in Appendix B.

Observation 3: More Examples Improve Stability but not Steering We now turn to the question of
whether increasing the number of contrastive examples will reduce sampling noise and yield a more
reliable estimate of the target-concept direction. This question is also practically important because prior
work uses widely varying construction-set sizes, from a few contrastive pairs to hundreds or thousands of
examples [7-9, 12]. We vary the number of construction examples /N while keeping the token-selection
rule fixed to last-five prompt tokens, which yields a robust estimation according to previous experiments.
For each N, we estimate directions from three independently sampled construction subsets and evaluate
directional stability, steering performance, and general capability.

Figure 1c shows that increasing N generally improves directional stability, as directions become more
similar across independent trials. However, this reproducibility does not consistently translate into
better downstream steering. Safety steering is often strongest at small or medium construction sizes
and can decrease as NV grows, while general capability remains flat or declines. These results show that
more examples reduce finite-sample variation but do not necessarily produce more useful intervention
directions. Larger construction sets can make stable non-target structure more reproducible as well.
Thus, the averaging problem cannot be solved by scale alone: effective DiM construction requires
selecting intervention-relevant activations, not merely averaging more of them.

3.2 Robust DiM: Representative and Discriminative Activation Selection

The preceding analysis shows that DiM quality depends not only on how many activations are averaged,
but also on which activations are used to estimate the class means. Importantly, the quality of the concept
direction identified by DiM does not necessarily improve as the number of prompts increases. This
supports our earlier view that identifying the target concept direction 7. from hidden states hf should be
treated as a robust contrastive mean estimation problem rather than a pure variance-reduction problem.
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Figure 2 Effect of Robust DiM construction. We compare Robust DiM with a last-five-token DiM using the same
candidate pool. Results are averaged over three independent runs. Robust DiM selects high-margin activations
before computing the contrastive mean, yielding stronger safety steering and better general-capability preservation.
Additional concept results are provided in Appendix B.

Motivated by this perspective, we propose Robust DiM, which retains the simplicity of standard DiM
while more reliably identifying intervention-relevant concept directions. Following the analysis in (9),
the key idea behind Robust DiM is to preferentially select hidden states that exhibit a large target concept
difference A while minimizing interference from non-target concepts, i.e., small Aq; for j # c, by
selecting those that are both representative of their own class and well separated from the opposite class.

Specifically, for each hidden state h € AT (we illustrate the construction for the positive class; the
negative class is handled analogously), we define the relative-margin score as
12 2
vopy =T l5 — [l — 3
(h) = 3 2R R (10)
. o , R =3+ A= gt ,
This score is high when h is substantially closer to its own class center than to the opposite-class center.
Consequently, high-scoring activations are both representative of their own class and contrastively
separated from the opposing class. We then select the top-K high-margin activations under this score,

denoted as AT = TopKc 4+ st (h). The resulting Robust DiM direction is computed as
1 N TR—DiM

= Z h— — Z h, TR-DIM =— 77— - (11)
A heA+ A heA- Irr—pinl2
From the robust estimation perspective, this procedure acts as a filtering step that suppresses activations
dominated by unstable or non-target concepts before mean estimation, analogous in spirit to filtering-
based robust estimators such as trimmed means or median-of-means methods. Robust DiM differs
from standard DiM only in which activations are used to estimate the class means. The intervention
rule remains unchanged: #r_py\ can be used for additive steering to elicit the target behavior, or for
directional ablation to suppress it.

TR-DIM =

Robust DiM identifies higher-quality concept directions that improve both target steering perfor-
mance and general capability. We compare Robust DiM with a last-five-token DiM baseline. Both
methods use the same candidate pool, consisting of 200 activations per class collected from the last
five prompt tokens. The baseline averages all candidate activations, while Robust DiM selects the top
K = 50 high-margin activations per class. All other settings are kept fixed.

Figure 2 shows that Robust DiM improves over the last-five-token DiM baseline across all four models.
Under the same candidate pool, selecting high-margin activations yields stronger safety steering and
better MMLU-Pro preservation than averaging all recent-token activations. This supports our central
claim that steering vectors benefit from filtering construction activations rather than treating all selected
prompt activations as equally useful. We also observe that larger models tend to preserve general
capability better, but do not necessarily achieve higher safety steering scores, suggesting that scale alone
does not remove the need for better construction-token selection.

Ablation study. We next ablate the two selection choices in Robust DiM: the number of selected
activations K and the number of candidate activations available before filtering. The first ablation varies
K while keeping the candidate pool fixed. The second fixes K = 50 and varies the candidate-pool
size. As shown in Figure 3(a), very small K gives unstable estimates, while very large K reintroduces
lower-ranked activations and weakens the steering—capability trade-off. Compared with Figure 1(c),
Figure 3(b) shows that Robust DiM achieves improved stability, steering performance, and general
capability as the number of candidate activations increases. This contrasts with standard DiM, where
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(b) Varying the candidate-pool size with fixed K = 50.

Figure 3 Robust DiM ablations. On OLMo3-7B, we ablate the number of selected activations and the candidate-
pool size. Results are averaged over three independent runs. Compared with using all candidate activations directly,
selecting high-margin activations improves stability and downstream performance over averaging all candidates.
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Figure 4 Prefix-length ablation. Using OLMo3-7B, we vary the number of generated tokens that receive the
steering update. Results are averaged over three independent runs. Left: KL comparisons between prefix steering,
the unsteered baseline, and all-token steering. Right: steering—capability trade-off. Short prefixes recover most
of the all-token steering effect while inducing less distributional shift.

steering performance degrades as more activations are averaged. These results suggest that filtering
suppresses lower-quality activations and allows larger candidate pools to improve estimation without
introducing as much non-target interference. In the following experiments, Robust DiM selects K = 50
from a candidate pool of 200 activations per class.

4 Prefix Steering: Early Tokens Are Sufficient for Control

The previous section studied which activations should be used for computing the steering direction.
We now turn to the second token-level choice in activation steering: which generated token positions
should receive the intervention. A common default is to apply the same steering update in Eq. (5)
at every generated position k, implicitly treating all generated tokens as equally useful intervention
sites [7, 11, 12]. However, while a steering update is intended to bias the model toward a target behavior,
the same intervention can also interfere with unrelated computation, especially after the overall response
trajectory has already been established. This raises an important question of whether steering should be
applied uniformly across all generated tokens.

To answer this question, we apply the steering update only to an initial prefix of generated tokens,
with prefix length m, and study how the number of steered tokens affects both the model’s
predictive distribution and its downstream behavior. To this end, we introduce two KL-based
comparisons computed via teacher-forced replay. Let munstcereds Tprefix(m)> and 7,y denote the
unsteered model, the model steered only on the first m generated tokens, and the model steered at

every generated token, respectively. We further let yi%stecred and yf;ﬁx(m denote continuations
generated by Tuysteered AN Tprefix(m)» Tespectively, and we evaluate both KL comparisons over a
window of w = 5 generation steps immediately following the prefix.

For the first comparison, we replay the unsteered continuation y{‘}%mcm‘l under both 7,stcereq and
Tprefix(m)- BOth runs are conditioned on the same token history (z, yi’%smmd) at every position,
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Figure 5 All-token vs. prefix steering. Results are averaged over three independent runs. Across models, five-token
prefix steering retains most of the all-token intervention effect while better preserving MMLU-Pro performance.
Additional results for more concepts are provided in Appendix B.

yet their internal states differ because 7.5 (.n) applies the steering update. We then define

1 m—+tw

KLpreﬁx || unsteered (TTI) - E Z Dy, (ﬂ'preﬁx(m)(' ‘ I7yilzsteered) || ﬂ'unsteered(' ‘ x7y2rzsteered)) s
t=m-+1

(12)

which measures how much steering the first m tokens shifts the subsequent distribution away
from the unsteered baseline, while holding the continuation fixed across the two models.

For the second comparison, we replay the prefix-steered continuation y{)f;ﬁx(m) under both
Tprefix(m) and 7,1 Both runs are therefore evaluated along the same prefix-induced token trajec-
tory, but 7.; continues steering after position m, whereas 7,.cf(mm) stops. We define
1 s refix(m refix(
KLpreﬁxH all(m) - E Z DKL (ﬂ'preﬁx(m)(' | xz, yzte (m)) H 77,111(‘ ‘ I,ygte (rn))) . (13)
t=m+1
This quantity measures how closely prefix-only steering matches all-token steering along the
trajectory actually induced by the prefix intervention. By construction, KL, cfy | an(m) — 0 as
m — T, since T, cfix(m) and 7,1 coincide once the prefix covers the full generation.

We compute both quantities on the target-concept evaluation set and on MMLU-Pro, allowing us
to separately track concept-directed shift and general-distribution shift. Figure 4(a) shows that the
effect of prefix steering is concentrated in the first few generated tokens. On the target-concept set,
KLprefix || unsteered inCreases rapidly and then saturates, indicating that a short prefix already moves
the model away from the unsteered concept distribution. Conversely, KL, q || a1 drops sharply
toward zero as m increases, showing that prefix-only steering quickly approaches the behavior of
all-token steering. On general response, both KL values remain much smaller, suggesting that the
prefix mainly induces a targeted concept shift rather than a broad distributional disruption.

We then examine the steering—capability trade-off in Figure 4(b), fixing the steering strength to
0.17 (with 7 the average activation norm) and sweeping the prefix length m from one token to all
generated tokens. Starting from the unsteered model, the concept score rises steeply over the first
few tokens and nears the all-token level by m = 5. Longer prefixes add little additional concept
gain while continuing to erode general capability, bending the curve back toward the all-token
reference. A short prefix of about five tokens thus captures most of the all-token steering effect at
a markedly smaller capability cost.

This motivates our proposed prefix steering, which applies the steering update in (5) only to the first m
generated tokens, leaving later tokens unmodified. All construction, layer, and steering-strength settings
are kept fixed. Based on the above observations, we instantiate prefix steering using a fixed window
of five generated tokens. This choice is not intended to optimize the prefix length for each individual
model, but rather to test whether a simple, model-independent intervention policy can capture most
of the benefits of full all-token steering. More adaptive strategies, such as dynamically selecting the
steering window based on context or generation dynamics, may further improve performance and are
left for future work.

Prefix steering preserves most steering benefits while better maintaining general capability. Fig-
ure 5 shows the performance of prefix steering across different models. Prefix steering recovers most of
the target-control effect achieved by full-generation intervention, while consistently preserving higher
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Figure 6 Joint effect of steering strength and prefix length. On OLMo03-32B, we sweep the steering strength and
the prefix length, where L denotes steering over the entire generation. Results are averaged over three independent
runs. Top: general capability measured by MMLU-Pro. Bottom: target-concept steering score.

MMLU-Pro performance. This behavior is consistent with the KL analysis in Figure 4: short-prefix
interventions remain much closer to the unsteered model, especially on general-task inputs, whereas
longer intervention windows continue to accumulate distributional shift even after the target-control
effect has largely saturated. Thus, prefix steering improves the steering—capability trade-off by concen-
trating the intervention on the early generated tokens that are most important for shaping the response
trajectory, while avoiding unnecessary perturbations at later generation steps.

Joint sweep over strength and prefix length. We further study the joint effect of steering strength
and prefix length on OLMo03-32B, sweeping both axes as summarized in Figure 6. Increasing either
strength or prefix length consistently improves the target steering score but degrades MMLU-Pro
performance, and the two are partially interchangeable: a longer prefix at moderate strength can
match the steering effect of a shorter prefix at higher strength. This trade-off saturates quickly ,
even a one-token prefix already captures most of the gain achievable with full-sequence steering,
so short-prefix, higher-strength interventions occupy the most favorable operating point.

A likely explanation for this interchangeability is that, because generation is autoregressive, the
effect of early steered tokens propagates through the model’s own generated context rather than
requiring repeated intervention: once the trajectory is shifted, the concept signal is already
encoded in the realized token history, so continuing to steer later positions yields diminishing
target-concept gain while still perturbing activations relevant to unrelated computation. This
asymmetry is consistent with why the target score saturates quickly while MMLU-Pro degradation
continues to accumulate over longer steering windows.

5 Conclusion

We studied DiM steering as a token-level robust contrastive mean estimation problem. Both theoretical
analysis and empirical results demonstrate that increasing the number of activations, either by using more
prompt and response tokens or by increasing the number of contrastive examples, does not necessarily
improve steering performance and can even degrade it. We identify the key challenge as interference
from stable but intervention-irrelevant concepts encoded in hidden states, motivating a reinterpretation
of DiM as a robust contrastive mean estimation problem.

We introduced Robust DiM, which constructs directions from high-margin activations that are both
class-representative and contrastively separated. Across three target concepts and four models, Robust
DiM improves target-concept steering while improving general-capability preservation. We further
introduced prefix steering, which applies the intervention only to early generated tokens, which recovers
most of the target-control effect of full-generation intervention while substantially reducing interference
with general capabilities.
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Appendix

A Experimental Details

Dataset. For each concept, we use separate construction and evaluation data.

» Safety. We construct the safety direction using LLM-LAT/benign-dataset as the positive set and
LLM-LAT/harmful-dataset as the negative set [44], and evaluate downstream safety behavior on
HarmBench [35].

* Sentiment. We construct sentiment directions using the SST-2 training split and evaluate on the
SST-2 validation split [36].

 Politeness. We construct politeness directions using the PoliteGuard training split and evaluate on the
PoliteGuard test split [37]. We restrict the dataset to the two endpoint labels, polite and impolite, and
exclude intermediate politeness labels.

All reported concept scores are computed on evaluation examples that are disjoint from the examples
used to construct the DiM directions.

Generation and evaluation protocol. For target-concept evaluation, we apply interventions during
autoregressive generation and use greedy decoding with a maximum generation length of 512 tokens,
following HarmBench [35]. Decoding settings are fixed across different settings.

For safety, we evaluate elicitation on HarmBench prompts using the HarmBench evaluation protocol.
Since HarmBench consists of harmful-behavior prompts rather than a paired positive—negative classi-
fication dataset, we use it only to measure whether additive steering increases safe behavior on these
prompts; we do not evaluate a corresponding suppression setting for safety. For sentiment and politeness,
we evaluate both elicitation and suppression on held-out labeled examples. Elicitation is evaluated by
applying additive steering to negative-class inputs. Suppression is evaluated by applying directional
ablation to positive-class inputs.

To measure capability preservation, we evaluate the intervened model on MMLU-Pro [38] using the
standard multiple-choice evaluation protocol. We refer to the resulting score as the general score, which
measures whether the intervention preserves general task performance.

When constructing prompt-response directions, we collect activations from the concatenated prompt
and model response. For all-token prompt-response construction, we cap the response length at 50
generated tokens before collecting activations. This prevents a small number of long responses from
dominating the activation budget and ensures that each direction is constructed from activations drawn
from multiple examples.

Intervention layer. For each model-concept pair, we select the intervention layer on a held-out tuning
split and then keep it fixed for all reported evaluation experiments. The same selected layer is used for all
construction rules and intervention policies within that model-concept pair. This avoids method-specific
layer tuning and ensures that comparisons isolate the effect of direction construction and intervention
placement.

Intervention strength. We scale the additive intervention coefficient by the typical norm of the
model’s hidden activations. For each model and intervention layer, let 7 denote the average /> norm of
the residual-stream activations at that layer. We evaluate o € {0.017, 0.17, #}. For scalar summaries,
we select the coefficient that achieves the highest concept score among coefficients whose general
score remains within 90% of the unsteered model’s general score. This criterion favors strong target-
behavior control while excluding interventions that substantially degrade general capability. All methods
being compared under a given setting use the same rule. For directional ablation experiments, we use
B € {0.01,0.1, 1} and apply the same coefficient rule to experiments.

A.1 Concept-Score Evaluation

For safety evaluation, we follow the standard HarmBench evaluation protocol [35], which allows direct
comparison with prior activation-steering methods. For sentiment and politeness, we use an LLM-as-a-
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judge protocol to classify each generated response [45], with GPT-5.5 as the judge model. The judge
receives the input prompt and the model response and uses the same judge prompt for all methods within
each concept.

For both sentiment and politeness, the judge assigns one of three labels: the positive endpoint, the
negative endpoint, or NEUTRAL_OR_MIXED. The positive endpoint is POSITIVE for sentiment and
POLITE for politeness. For elicitation, the concept score is the fraction of responses labeled with the
positive endpoint, while for suppression, the concept score is the fraction of responses not labeled with
the positive endpoint. Therefore, suppression is evaluated as removal of the target behavior, rather than
forced generation of the opposite behavior.

Sentiment judge prompt.

Task.  Classify the sentiment of the assistant response as one of POSITIVE, NEGATIVE, or
NEUTRAL_OR_MIXED.

Rules. Judge the sentiment expressed by the assistant response itself, not the sentiment of the user prompt.
Use POSITIVE for responses expressing approval, praise, satisfaction, optimism, or favorable evaluation. Use
NEGATIVE for responses expressing criticism, dissatisfaction, pessimism, dislike, or unfavorable evaluation.
Use NEUTRAL_OR_MIXED when the response is neutral, ambiguous, mixed, off-topic, or does not express a
clear sentiment.

Return only valid JSON:
{"label": "POSITIVE" | "NEGATIVE" | "NEUTRAL_OR_MIXED"}

User prompt: {prompt}
Assistant response: {response}

Politeness judge prompt.
Task. Classify the politeness of the assistant response as one of: POLITE, IMPOLITE, or NEUTRAL_OR_MIXED.
Instructions. Judge only the tone of the assistant response.
» Use POLITE for respectful, courteous, or tactful responses.

¢ Use IMPOLITE for rude, hostile, dismissive, insulting, or unnecessarily blunt responses.

¢ Use NEUTRAL_OR_MIXED when the tone is neutral, ambiguous, mixed, off-topic, or too short to
determine.

Output format. Return only valid JSON:
{"label": "POLITE" | "IMPOLITE" | "NEUTRAL_OR_MIXED"}

User prompt: {prompt}
Assistant response: {response}

B Additional Evidence Across Target Concepts

To test whether the trends observed for safety are concept-specific, we repeat the same construction and
intervention analyses for sentiment and politeness. For each concept, we follow the same evaluation
protocol as in the main experiments: construction data are kept disjoint from evaluation data, all
comparisons use matched activation budgets where applicable, and each setting is run with three
independently sampled construction sets.

Figures 7 and 8 show that the main conclusions extend beyond safety. Across both sentiment and
politeness, DiM performance remains sensitive to which activations enter the contrastive mean. Recent
prompt-token directions often outperform all-token directions under the same activation budget, and
prompt-only construction generally matches or improves over prompt-response construction. These
patterns support the view that additional token activations are not automatically beneficial: they can
also introduce stable, concept-irrelevant structure into the estimated direction. Similarly, increasing
the number of construction examples improves directional reproducibility, but does not consistently
improve steering performance or general-capability preservation.
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The two proposed interventions show the same qualitative behavior on these additional concepts. Robust
DiM improves over the last-five-token DiM baseline by selecting more representative and discriminative
construction activations. Prefix steering, using only the first five generated tokens, recovers most of the
target-control effect of all-token intervention while better preserving MMLU-Pro performance. Together,
these results indicate that both token selection during direction construction and token placement during
intervention are general design choices for DiM steering, rather than artifacts of the safety setting.

C Related Works

Activation steering and Difference-in-Means directions. A growing line of work studies how
model behavior can be controlled by intervening directly on internal activations rather than modifying
model weights [46-50]. These methods use directions in activation space to elicit, suppress, or modify
behaviors at inference time [51-53]. Among them, DiM is a simple and widely used approach: given
positive and negative examples of a target behavior, it subtracts the mean activation of the negative
set from the mean activation of the positive set and uses the resulting direction for steering [27-29].
DiM-style directions have been applied to behaviors such as sentiment, refusal, truthfulness, safety,
and reasoning-related patterns [54-56]. Their appeal comes from requiring only contrastive examples,
without training an additional model or solving an optimization problem. However, most prior work
focuses on whether such directions can control behavior, while the practical choices that determine how
the direction is estimated and applied are often left implicit.

Token granularity in direction construction and intervention. Although DiM is usually presented
as an averaging procedure, the average must be taken over a particular set of token activations. Existing
steering methods instantiate this choice in different ways, including using final-token activations, recent-
token activations, all-token averages, prompt-only activations, or activations collected from both prompts
and responses [15, 57, 58]. A related choice appears during intervention: many methods apply the
same steering direction at every generated position, while adaptive or dynamic steering methods suggest
that the necessary intervention strength may vary over the course of generation [28, 59, 60]. These
token-level choices affect the granularity at which steering operates, but they are usually treated as
implementation details rather than as objects of study. Our work makes this granularity explicit by
treating DiM as a token-level robust contrastive mean estimation problem, in which token selection
affects both how the direction is estimated and how the intervention is applied.

D Limitations

Our study focuses on DiM-style linear activation steering. Although Robust DiM improves contrastive
direction construction, a single linear direction may not fully capture behaviors that are multidimensional,
nonlinear, or strongly context-dependent. Extending token-selective construction to multi-directional
steering methods remains an important direction for future work.

Our experiments cover four models from two model families and three target concepts: safety, sentiment,
and politeness. These settings provide evidence that the observed token-level effects are not specific to a
single model or behavior. However, they do not cover long-horizon agentic behavior, multilingual gener-
ation, multi-turn dialogue, or settings where the target behavior changes over time. The effectiveness
of Robust DiM and prefix steering may therefore depend on the structure of the target concept and the
quality of the contrastive construction data.

Our general-capability evaluation uses MMLU-Pro as the main preservation metric. While MMLU-
Pro provides a useful measure of broad multiple-choice performance, it does not capture all possible
forms of capability degradation, such as changes in factuality, calibration, reasoning style, instruction
following, or long-form generation quality. In addition, our sentiment and politeness evaluations rely on
an LLM-as-a-judge protocol, which may introduce judge-specific biases despite using the same judge
prompt across methods.

E Broader impacts

This work studies inference-time activation steering, aiming to improve behavioral control while better
preserving general capabilities. More precise direction construction and localized interventions may
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make steering methods easier to evaluate and less disruptive, especially for safety-relevant behaviors
that need to be encouraged or suppressed without retraining.

Activation steering is a general model-control technique, so safeguards are important when applying it
beyond controlled experiments. Steering directions should be built from explicit and auditable contrastive
datasets, and interventions should be evaluated for both target-behavior control and unintended side
effects. Localized policies such as prefix steering may help reduce broad distributional shifts by limiting
interventions to the generated positions where they are most useful. In deployment settings, these
methods should be paired with task-specific safety evaluations, monitoring, and appropriate access
controls.

F LLM Usage

We used LLMs to assist with language editing, writing clarity, and formatting during manuscript
preparation. We also used LLMs to help draft, refactor, and debug portions of the experimental and
plotting code. All generated text and code were reviewed and edited by the authors.

In addition, our sentiment and politeness evaluations use an LL.M-as-a-judge protocol, with GPT-5.5
as the judge model. The judge is used only to assign predefined concept labels to generated responses
under fixed prompts shared across all methods within each concept. This usage is part of the evaluation
protocol and is described in Section A.1.
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(a) Varying prompt-token selection rules under a matched activation budget.
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(b) Comparing prompt-only and prompt-response construction.
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(e) Comparing all-token intervention with prefix intervention.

Figure 7 Additional sentiment results. We report sentiment counterparts of the main construction and intervention
analyses. The panels follow the same order as in the main text: prompt-token selection, activation source, number
of construction examples, Robust DiM construction, and intervention placement. These results further support that
effective DiM steering depends on which token activations define the direction and which generated token positions
receive the intervention.
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Figure 8 Additional politeness results. We repeat the main construction and intervention analyses for politeness,
following the same order as in the main text. The results show the same qualitative pattern: DiM depends strongly
on which token activations define the direction and which generated token positions receive the intervention.
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