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Abstract

Large language models (LLMs) demonstrate
strong performance on multi-step reasoning
tasks by producing intermediate explanations,
commonly referred to as chains of thought
(CoTs). However, the generated rationales
are typically verbose, consuming many addi-
tional tokens, and thus degrading throughput
and increasing inference energy consumption.
Interestingly, we find that verbose and con-
cise CoTs correspond to distinct regions in the
model’s intermediate activation space, suggest-
ing that verbosity is a steerable latent attribute.
Building on this observation, we develop an
inference-time method to automatically steer
the model response towards concise reason-
ing traces without updating model parame-
ters. Our method, dubbed ASC (Activation-
Steered Compression), generates concise CoTs
by directly adjusting internal representations
via activation steering. A key component of
ASC is Contrastive Energy-Based Steering
(CES), a principled procedure to learn a sin-
gle steering vector from a small set of ver-
bose—concise CoT pairs by optimizing a length-
normalized contrastive energy objective. To
further ensure reliable steering and preserve
general utility, CES enforces a differentiable
KL trust region during steering vector op-
timization, explicitly constraining the distri-
bution shift within a specified budget. With
only 100 pairs of verbose—concise examples,
ASC reduces the generated token length by as
much as 69.4% across five reasoning bench-
marks (MATH500, GSM8K, LiveCodeBench,
GSMS8K-Hard, and AQuA-RAT) while main-
taining accuracy across models with 1.5B, 7B,
8B, and 32B parameters. On MATHS500, ASC
achieves an end-to-end inference speed-up of
2.7x on an 8B model.

*Correspondence author (seyedarm @usc.edu)

1 Introduction

Explicit reasoning traces, commonly known as
chains of thought (CoTs), significantly enhance
the performance of large language models (LLMs)
in multistep reasoning and agentic tasks, including
mathematical problem solving and code genera-
tion [30, 7, 28]. However, this advantage often
comes with the drawback of generating unneces-
sarily lengthy and verbose rationales [4, 31]. Due
to the large number of generated tokens, this ver-
bosity increases both the computational burden
and the LLM key-value (KV) cache memory cost.
Thus, long CoTs pose challenges for deployment in
throughput-sensitive and memory-limited scenar-
ios [5]. Additionally, such overthinking endangers
the quality of generation, due to often noisy and
redundant self-verification steps [4].

Existing methods for CoT reasoning compression
can be broadly categorized into three components:
(i) retraining-based method that fine-tunes a model
to produce shorter rationales, using techniques such
as knowledge distillation [23] or reasoning within
compact latent tokens [34]; (ii) prompt-engineering
method that employs carefully designed instruc-
tions to encourage models to “reason briefly” by
utilizing contrastive demonstrations or symbolic
sketches over verbose prose [6, 33]; and (iii) heuris-
tic early-exit method that halts generation once a
confidence or entropy threshold is reached [32].
However, these approaches come with their asso-
ciated limitations. For example, retraining-based
methods incur costly training overhead on top of
a pre-trained model, limiting off-the-shelf adop-
tion. Prompt-based approaches are brittle: rea-
soning models often fail to faithfully obey length
directives, and aggressive compression typically
degrades answer quality. Thus, an efficient and reli-
able alternative for concise CoT generation remains
underexplored.
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To mitigate this gap, we first investigate the differ-
ence between verbose CoTs and their concise coun-
terparts in an intermediate-layer activation space
of the model (see Section 4). We find that the
two CoT types are separable on the t-SNE clus-
ter plots [27], suggesting that the model internally
represents verbose and concise reasoning styles in
distinct regions. Based on this observation, we
then ask the following fundamental question: Is it
possible to constrain the CoT token generation of
an LLM by modifying its hidden representations
without additional model training?

We answer this question affirmatively by present-
ing Activation-Steered Compression (ASC), an
inference-time activation steering method, which
reduces the CoT verbosity by learning a single
steering vector and injecting it into the residual
stream during decoding. ASC does not modify
model weights: it learns only a single vector on
top of a frozen base model and applies it as an
activation-level intervention at inference time. As
a result, ASC is a lightweight solution for open-
weight models where internal activations are ac-
cessible. Moreover, ASC is orthogonal to exist-
ing compression approaches, such as prompt-based
conciseness constraints [31] or early-exit heuristics
[32], which can be composed with steering.

Crucially, ASC replaces the commonly used mean-
of-differences (MoD) activation steering heuristic
with a standalone, principled method: Contrastive
Negative Log-Likelihood Energy-Based Steer-
ing (CES). ' MoD constructs a steering vector by
averaging activation differences between two sets
of exemplars; while simple, this procedure offers
no guarantee that the resulting direction will induce
consistent or meaningful changes in the model’s
output distribution. In practice, MoD vectors can
be noisy, highly sensitive to layer selection, and
brittle to the choice of steering strength, often re-
quiring careful manual calibration to avoid negli-
gible effects or gibberish generations. Moreover,
because MoD operates at the level of model’s hid-
den state only, it does not directly optimize for any
sequence-level behavior, leaving a gap between
activation steering and actual generation outcomes.

CES addresses these limitations by learning the
steering vector through a contrastive sequence-

'"Throughout the paper, we use the terms "Contrastive
Negative Log-Likelihood Energy-Based Steering" and "Con-
trastive Energy-Based Steering" interchangeably.

level objective that explicitly ranks concise rea-
soning traces above verbose ones under the steered
model. By coupling this objective with an explicit
KL trust region, CES provides both a direct opti-
mization signal aligned with the desired generation
behavior and a principled mechanism to control dis-
tributional drift, yielding more reliable and robust
steering than heuristic activation averaging.

In general, our contributions can be summarized as
follows:

1. We conceptualize CoT verbosity as a latent,
steerable dimension of model behavior, re-
framing the concise CoT generation prob-
lem as a representation-level control problem
rather than an output-level post-processing
problem.

2. We introduce CES, a principled procedure for
learning a single steering vector by optimiz-
ing a contrastive, length-normalized energy
objective on paired verbose—concise reason-
ing traces. CES is lightweight and does not
require updates to model parameters.

3. We ensure stable steering via an explicit KL
trust region during CES optimization, con-
straining the steered distribution within a spec-
ified budget on a general text set, thereby pre-
serving general utility.

4. We conduct extensive experiments on five
reasoning benchmarks (MATH500, GSM8K,
LiveCodeBench, GSM8K-Hard, AQuA-RAT)
and four model sizes (1.5B, 7B, 8B, and
32B), showing that ASC reduces CoT length
by up to 69.35% without accuracy degra-
dation, and outperforms optimization-based
steering baselines (BiPO, strong MoD). On
MATHS500, ASC achieves an end-to-end in-
ference speedup of 2.7 x on an 8B model.

2 Background

Chain-of-Thought Prompts. CoT prompting im-
proves multi-step reasoning by encouraging lan-
guage models to articulate intermediate steps, often
using signals such as “Let’s think step by step” [30].
Several enhancements have refined this approach.
For example, self-consistency [28] samples multi-
ple rationales and selects the response supported
by the majority. Although effective, these methods
often significantly increase the length of the out-
put. A recent study [4] showed that the ol-style
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reasoning models frequently produce excessively
long CoTs — even for simple questions like “What
is 2 + 37”. This is potentially due to unnecessary
self-verification and backtracking. We term these
inefficiencies as verbosity, and aim to address them
through inference-time activation-level steering.

Activation Steering. Linear activation editing has
emerged as a lightweight alternative to fine-tuning.
Activation Addition (ActAdd) demonstrates that
adding a direction corresponding to “< |positive
sentiment| > can change the tone of the out-
put [26]. Activation engineering has now found use
cases in style transfer [15], factual correction [18],
and gender debiasing [16]. However, existing work
has yet to investigate the correlation between acti-
vation steering and CoT efficiency.

3 Related Work

Previous work has primarily sought to achieve
CoT efficiency through methods that require ad-
ditional training. For example, knowledge dis-
tillation schemes learn concise rationales [23],
while latent token approaches embed reasoning
in compact vectors [34]. Apart from these,
reinforcement-learning-based trajectory shorten-
ing? (e.g., THINKPRUNE [13]), and latent-
reasoning optimizations to fine-tune internal delib-
eration steps [2] have also been effective. However,
these techniques incur considerable computational
cost or architectural modifications.

In addition to training-based approaches, there are
methods that include prompt engineering, which
involves carefully crafting prompts to enforce con-
cise responses [6, 33]. Recently proposed early
exit methods have also demonstrated effectiveness
in concise token generation based on confidence-
based thresholding [32]. However, these methods
require significant manual selection of prompts
and hyperparameters and generally incur a non-
negligible drop in generation quality.

The chain of drafts (CoD) [31] and activation-
steered instruction-following approaches [24] re-
duce verbosity by embedding explicit length con-
straints in the prompt. For example, [24] limits
the final answer to a specified number of sentences
by controlling it via an activation-steering-based

’The trajectory of a prompt response refers to the entire
sequence of steps, intermediate thoughts, actions, and results
that a language model or Al agent takes to generate its final
output.

method. Although such heuristics can shorten out-
puts, they assume that the model will faithfully
obey length directives, a behavior that recent stud-
ies show is unreliable for reasoning models [10].

Optimization-based steering. A recent line of
work learns a single steering direction by opti-
mizing sequence-level objectives on paired data
rather than computing mean activation differences.
BiPO [1] formalizes this via a DPO-inspired ob-
jective that operates on likelihood ratios relative
to the unsteered model. CES differs in both its
objective and control mechanism: (i) CES ranks
verbose vs. concise trajectories using a length-
normalized energy under the steered model rather
than reference-relative likelihood ratios, aligning
the learning signal with concise reasoning, and (ii)
CES enforces a KL trust region during optimiza-
tion, directly constraining distribution shift within
a specified budget on a general text set. This makes
CES a targeted and controllable steering procedure,
and empirically outperforms BiPO at matched cali-
bration budgets (Section 6.2, Table 3).

Amortized steering. Approaches such as
CASAL [20] amortize steering into weights
through submodule training. ASC is complemen-
tary: it is strictly inference-time (plug-and-play,
reversible), optimizes a single vector from 100
pairs, and composes with other inference-time con-
trols. The direction identified by the ASC could
later be distilled into weights when activation-level
access is not available.

The closest work to ours is SEAL [3], which con-
structs its steering vector by manually labeling the
thought segments as execution, reflection, or transi-
tion, and then damping the latter two segment types.
In contrast, (1) we learn a single verbosity axis from
paired VERBOSE—CONCISE CoT's without any man-
ual labels, (ii) rely solely on off-the-shelf prompts
to generate training pairs, and (iii) obtain a domain-
agnostic vector that generalizes across reasoning
tasks. Therefore, our method provides a taxonomy-
free, model-training-free complement to SEAL’s
category-based calibration.

4 Motivational Study

To understand the differences between the repre-
sentations of verbose natural-language CoTs and
their concise counterparts, we design a key experi-
ment. Specifically, we sample questions from the
MATHS500 [12] and GSMS8K [7] benchmarks and
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Figure 1: t-SNE visualization of residual stream repre-
sentations for verbose and concise CoT responses.
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Figure 2: ASC implementation overview using Con-
trastive Energy-Based Steering (CES) to learn a single
steering vector under a KL trust region.

use two open-weight reasoning models: DeepSeek-
Distill-Qwen-7B and DeepSeek-Distill-LLaMA-
8B. For each sample, we generate two versions of
the CoT: (1) a verbose reasoning chain produced
by the model itself under standard prompting and
(2) a concise reasoning chain produced by GPT-40
prompted to minimize natural language verbosity.
An example of such a pair of responses is shown
in Figure 5 in Appendix D. We feed each input
independently into the model and extract the out-
put of a transformer block at a predetermined later
layer (e.g., layer 16; see Appendix A). We term this
output the residual stream activations. We select a
later layer because activation spaces for different
types of thought are generally easier to separate
at deeper layers [3]. We then visualize the two-
dimensional t-SNE projection [27] of these two
categories of CoT activations, depicted in Figure 1.
Interestingly, the plot reveals a clear separation be-
tween activation clustering for the two reasoning
styles. This motivates the construction of a steering
vector that can guide the model’s hidden represen-
tations toward concise responses.

S Methodology

We now present Activation-Steered Compression
(ASC), a method that shifts the model’s hidden rep-
resentations toward the subspace associated with
concise, math-centric CoTs. The method is sum-
marized in Figure 2 and is detailed in the following
sections. ASC relies on a single activation-addition
direction to shift generation from verbose to con-
cise CoTs. The main question is: how should we
learn this direction from a small calibration set
in a way that directly targets the desired behavior
(concise traces) while avoiding uncontrolled drift
that can degrade general utility? CES answers this
by optimizing a steering vector with a contrastive
objective and an explicit KL trust region.

5.1 Setup and calibration pairs

We assume access to a small calibration set of
paired trajectories D = {(gi, si,1;)};, where ¢;
is a question, s; is a concise CoT, and /; is a verbose
CoT for the same question. The verbose CoT ; is
generated by the target model with standard CoT
prompting [30]. The concise CoT s; is obtained
via one of two routes: (a) ground-truth reference
solutions already present in the benchmark’s train-
ing split, or (b) oracle-generated traces produced
by a strong reasoning model (e.g., GPT-40/GPT-5)
prompted to use concise reasoning with minimal
English. For route (b), we apply strict correctness
filtering: only oracle-generated traces producing
the verified correct final answer are retained, en-
suring the steering vector learns to compress style
rather than content. The oracle receives only the
question and a conciseness instruction; it does not
access the target model’s internal computations,
and the steering vector is learned entirely within
the target model’s own activation space (Section 5),
so the oracle serves only as a textual reference for
style. All 100 pairs are sampled from the training/-
calibration splits, not the evaluation set, to avoid
test-set contamination. This paired construction en-
sures that the supervision targets a style dimension
(verbosity) while maintaining the semantic intent
(solving the same ¢;).

5.2 Latent intervention and steered policy

Let 7wy denote the frozen base model distribution.
Let hf(x;) € RY denote the residual-stream acti-
vation® at transformer layer ¢ at decoding step ¢.

3By residual stream we mean the per-token hidden-state
vectors carried along the residual pathway between trans-
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CES defines a steered policy 7, by adding a single
vector v to the residual stream at a chosen layer /
during decoding:

hf(x¢) « hf(xy)+v® Vit € [1, decoding_steps].

(1)
The vector is transmitted across time steps because
verbosity is expressed globally across a trajectory
rather than at a single token. This intervention is
identical to the standard activation-addition steer-
ing; CES changes only how v is obtained.

5.3 Mean-of-Differences (MoD) Steering

Baseline

Before introducing our proposed objective, we de-
scribe the standard Mean-of-Differences (MoD)
method, which serves as a baseline for extracting
a steering vector. Given a set of calibration pairs
(gi, li, s;), where g; is the question, /; is the verbose
response and s; is the concise response, the MoD
steering vector v’ is computed as:

N
o = 25 (W@ s)l-1) — W (g @ 1)[-1])

=1

where A’ is the residual stream in layer ¢, and @
denotes string concatenation. This vector is then
used to steer the model’s activation toward concise
reasoning. However, the MoD requires manual tun-
ing of steering strength and layer selection, with no
guarantee that the steering will consistently guide
the generation toward the desired behavior. This
makes it sensitive to these choices and often unsta-
ble across different models or tasks. In the next
sections, we define length-normalized energy and
contrastive energy steering to address these issues.

5.4 Length-normalized energy definition

Negative log-likelihood (NLL) and energy in
Energy-Based Models (EBMs) are closely linked:
minimizing NLL assigns low energy to high-
probability states, making energy scores a natural
metric for ranking model behaviors.

For a prompt ¢ and any response trajectory y =
(Y1, -+, Yjy|)> we define the length-normalized en-
ergy under 7. as the length-normalized negative

log-likelihood:
|y

1
Ey(ylq) = ol Z —logmye(ye | ¢,y<t) . (2)
=1

former layers (i.e., the T x d activations k’ at layer £).

This definition has two important properties. First,
E.(y | q) is a per-token cross-entropy of the
steered model on the fixed trajectory y. Second,
dividing by |y| prevents a trivial bias toward shorter
strings that arises if one uses summed NLL; CES is
not rewarding shortness per se, but rather increas-
ing the average tokenwise likelihood of pursuing

concise trajectories relative to verbose ones.

5.5 Contrastive energy ranking objective

CES learns v by ranking the concise trace below
the verbose trace in energy:

Leps(0°) = Bg.s1)op [s0ftplus (Eye (s | q)

3)
— Eu(l]a)].

What the gradient of Lcgs is doing. For a
calibration triplet (g;, s;,1;), define the length-
normalized energy gap

Ai(W) 2 Ey(si | @) — Byl | 1), (4

and the per-pair loss as L;(v") =
softplus(A;(v)) .. Using Lsoftplus(z) = o(x),
the gradient is

Vo Li(0h) = a(Ai(vﬁ)) - (VUZEUZ(Si | i)

)

— Ve Byl | qi))_
Since we have V. FE,(y ’ Q) _
_ﬁ lfy=|1 Vyelogme(yr | q,y<t), under

gradient descent updates v < v — 1V ¢ L;, when
A;(v*) is positive, the sigmoid factor is close to
one, and the update approximately performs

'UE <~ Uﬁ - nvveEvl(si ‘ Qi) + nvszvz(li ‘ Qi),

(6)
which decreases the length-normalized NLL of
the concise trace s; (increasing its per-token log-
likelihood) while increasing the length-normalized
NLL of the verbose trace I; (decreasing its per-
token log-likelihood) for the same prompt. When
A;(v?) is negative, o(A;(v")) shrinks and the mag-
nitude of the update decreases, stabilizing optimiza-
tion once the concise trace is already preferred.

5.6 KL trust region for utility preservation

Pure optimization of Lcgs can produce vt that over-
fits the calibration pairs and causes unwanted distri-
bution drift. CES therefore enforces a trust region
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relative to the base model my on a general text dis-
tribution G using a tokenwise KL divergence:

||

1
Lia(v) = Bang | 1o DKL (mof- | <)
t=1

)
e x<t>)].

We optimize under an explicit budget e:
m%n ECEs(Uz) s.t. ,CKL(UZ) <e. (®
v

Interpretation. The constraint limits how far
m,¢ can move from 7y on generic text. This con-
ceptually resembles trust-region policy optimiza-
tion in RL [21], allowing for targeted behavioral
change (verbosity) while discouraging broad degra-
dation in unrelated capabilities. Unconstrained op-
timization of v’ can overfit the calibration pairs
by pushing the residual stream into regions where
the model’s token distribution becomes sharply dis-
torted, leading to fragile behavior (e.g., sudden
accuracy collapse) under small changes in scaling
or prompts. The trust region directly prevents this
failure mode by limiting the average token-wise
deviation of the steered policy from the base model
on a broad text distribution G.

5.7 Optimization in practice

In practice, we optimize the steering vector using a
penalized objective rather than a dynamically ad-
justed dual formulation. Specifically, we minimize

L(v") = Leps(vh) + X - max (EKL(UZ) —¢, 0),

€))
where ) is a fixed coefficient and ¢ is the target
KL budget. This hinge-style penalty* encourages
the optimizer to satisfy the trust-region constraint
while avoiding unnecessary suppression of the CES
objective once the KL budget is met. This paral-
lels the practical success of PPO-style relaxations
of hard trust-region constraints in reinforcement
learning [22]: rather than solving a constrained
dual formulation at every step, a penalized proxy
yields stable updates at a fraction of the optimiza-
tion complexity. This simple formulation yields
stable optimization behavior and allows us to use a
single KL budget € consistently across models and

“A hinge-style penalty gives zero loss for confident, cor-
rect predictions (outside the margin), a small loss for near-
boundary points, and an increasing loss for misclassifications.

tasks. We set A = 20 and e = 2 x 1072, selected
once via preliminary tuning and then kept fixed
across all models and tasks.

Inference. After learning v¢, ASC applies the
same activation addition during standard autore-
gressive decoding for new prompts, producing con-
cise CoTs without any model fine-tuning.

6 Experiments

6.1 Experimental Setup

Models, Datasets, and Baselines. We evalu-
ate ASC on several recent open-source reason-
ing models: DeepSeek-R1-Distill-LLaMA-8B [8],
DeepSeek-R1-Distill-Qwen-1.5B [9], DeepSeek-
R1-Distill-Qwen-7B [9], and QwQ-32B [25]. The
evaluation is performed on multiple reasoning
benchmarks, including MATH-500 [12], GSM8K
[7] and LiveCodeBench [14]. As baselines, we
compare ASC against vanilla CoT prompting (no
steering), CoD [31], DEER [32], TCC [19], and
SEAL [3].

Implementation Details. For all experiments, we
use the decoding hyperparameters temperature =
0.7, top_p = 0.9, and repetition_penalty =
1.1; all other settings follow the default configura-
tions. All reported accuracies are pass@1 under
this sampling configuration on all benchmarks, in-
cluding code generation on LiveCodeBench. The
evaluation datasets are accessed through the Hug-
ging Face datasets library. Experiments are con-
ducted on NVIDIA A6000 GPUs, using PyTorch
version 2.5.1+cu124 and the transformers li-
brary version 4.50.1. For each task, we reserve
100 verbose—concise response pairs drawn from
the task’s training/calibration split to optimize the
steering vector (a separate vector per benchmark
in the main tables; cross-task transfer is studied in
Section 7). All other hyperparameters are provided
in Appendix A.

6.2 Main Results

Table 1 presents the performance of ASC com-
pared to baseline CoT compression techniques. On
the DeepSeek-R1-Distill-Qwen-7B model, ASC re-
duces CoT length by up to 69.35% without sacrific-
ing accuracy, outperforming prior methods in com-
pression effectiveness. On the llama model and the
GSMBSK dataset, ASC achieves a compression rate
of 67.43% and slightly improves response accuracy
by 0.2%, matching or exceeding the vanilla CoT
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baseline. On MATH500, ASC achieves a 33.8%
reduction in CoT length, again outperforming all
baselines while maintaining equivalent accuracy.

Table 1: Performance comparison of CoT, TCC, DEER,
CoD, SEAL, and ASC on reasoning tasks. M1, M2,
M3, and M4 denote Deepseek-R1-Distill-Qwen-7B,
Deepseek-R1-Distill-LLaMA-8B, and QwQ-32B, and
DeepSeek-R1-Distill-Qwen-1.5B

Model Method | MATH500 | GSM8k
| Acc. (%) 1 Tokens | | Acc. (%) 1 Tokens |
CoT 88.8 3984 88.6 1080
TCC 89.2 3864 88.0 892
Mi DEER 89.8 2143 90.6 917
SEAL 89.4 2661 88.4 811
CoD 88.2 1852 87.9 550
ASC 88.8 1221 88.8 508
CoT 89.2 3554 89.1 2610
vo  DEER 89.2 2830 89.3 2124
CoD 88.8 3028 89.1 914
ASC 89.2 2286 89.3 850
CoT 93.8 4508 96.5 1530
TCC 94.4 4315 95.8 1348
M3  DEER 94.6 3316 96.3 977
CoD 93.8 3400 96.2 1116
ASC 94.0 2165 96.4 801
CoT 69.0 5826 76.0 1570
Ma  DEER 67.8 2497 74.7 984
CoD 69.1 3494 75.4 1044
ASC 70.4 2133 75.4 684

Qwen-78B

Llama3-8B
Models

QwQ-32B

Figure 3: Speed comparison of CoT, CoD, and ASC.
We used MATHS00 for this experiment.

On the larger QwQ-32B model, ASC compresses
CoTs by 52.0% and 47.64% on MATHS500 and
GSMBSK, respectively. Notably, on MATHS500, it
also yields a 0.4% improvement in accuracy over
the vanilla CoT. Upon inspection, we find that the
high token count in some model responses arises
primarily from either examples exceeding their to-
ken budget or exhibiting excessive backtracking
and thought switching during generation. This
aligns with the observations of [29], who show
that LLMs similar to ol tend to generate longer re-
sponses when frequently switching between reason-
ing paths without pursuing any one. This behavior,
termed underthinking, often manifests as verbose
outputs filled with abandoned or partially devel-
oped reasoning trajectories. Among the models
evaluated, QwQ-32B appears particularly suscep-
tible to this issue. ASC mitigates this behavior by

promoting concise reasoning and earlier stopping,
thereby suppressing the long CoTs. In summary,
across all models and datasets, ASC consistently
achieves the highest CoT compression while pre-
serving accuracy.

Model CoT Method Accuracy (%)1 CoT Tokens]

Vanilla CoT 38.7 6380
DeepSeek-R1-Distill-Qwen-7B DEER 40.3 2582
ASC 41.1 1735
Vanilla CoT 58.8 8050
QwQ-32B DEER 56.6 3677
ASC 57.5 3038

Table 2: Performance of ASC on LiveCodeBench.
To further demonstrate the effectiveness of ASC,
we evaluated it on the LiveCodeBench [14] code
generation task, a standard benchmark for reason-
ing models. We use DeepSeek-R1-Distill-Qwen-
7B and QwQ-32B as the base models, and com-
pare ASC against the vanilla CoT baseline and
DEER. The results are presented in Table 2. For
both models, ASC achieves the lowest CoT token
count, reducing the vanilla CoT usage by factors
of 3.67x and 2.64 x, respectively. Moreover, ASC
outperforms both vanilla CoT and DEER on the
Qwen-7B model, and also surpasses vanilla CoT
on QwQ-32B.

Comparison with optimization-based steering.
We compare ASC against BiPO [1], a DPO-
inspired optimization-based steering method, and
against MoD with its steering strength o swept
to find the best operating points that remain safe
(within 2% of vanilla-CoT accuracy). For BiPO,
we adapt the official implementation and train with
the same 100-pair calibration set as ASC. Table 3
reports results on MATHS00 for two model scales.
Across both models, ASC achieves higher com-
pression than both BiPO and the best safe MoD
operating point while matching or exceeding their
accuracy. Notably, MoD requires per-model « cali-
bration to remain accurate; ASC uses a fixed con-
figuration (no « tuning) across all models (see Sec-
tion 7.2).

Stress-testing on harder / distinct rea-
soning. To probe generalization beyond
MATH500/GSMS8K/LiveCodeBench, we evaluate
ASC on two additional benchmarks: GSMS8K-
Hard [11], which substitutes larger, harder
numeric values into GSMS8K questions, and
AQuA-RAT [17], a multiple-choice algebraic
word-problem benchmark. We use DeepSeek-
R1-Distill-Qwen-7B  with the default ASC
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Model Method Acc. (%) 1T Token Ratio | Compr. (%)t

Vanilla CoT 88.8 1.00x —

BiPO [1] 89.0 0.57x 430
DeepSeck-R1

DT;E’I?EWCMB MoD (a=0.65, safe) ~ 89.0 0.39x 613

: MoD (a=0.75, safe) 8.6 0.37x 63.5

ASC (ours) 88.8 031 694

Vanilla CoT 69.0 1.00x —

N~ BiPO [1] 700 0.45% 55.0

g?:‘.’l?wk Rll sp MoD (a=0.30, safe) 69.2 0.49% 514

istill-Qwen-1.5B 10D (0=0.35, safe) 68.6 0.43% 56.7

ASC (ours) 70.4 0.37x 634

Table 3: Comparison with optimization-based steering
(BiPO) and strength-swept MoD on MATHS500. For
MoD we report the best operating points that remain
within 2% of vanilla-CoT accuracy. All methods use
the same 100-pair calibration budget as ASC.

configuration.  As shown in Table 4, ASC
maintains or improves accuracy (4+0.4% on
GSMS8K-Hard, 0.0% on AQuA-RAT) while
reducing reasoning tokens by 18-25%. These
results support the meta-review concern about
under-thinking risks: even on harder arithmetic
(GSM8K-Hard) and on a format (multiple choice)
where concise selection-style reasoning is natural,
ASC does not sacrifice accuracy.

Benchmark Method Acc. (%) 1 Tokens| Compr. T
Vanilla CoT 53.5 3575 —

GSMBK-Hard g (ours) 53.9 2942 17.7%
Vanilla CoT 85.8 2222 —

AQUA-RAT g (ours) 85.8 1676 24.6%

Table 4: ASC on harder / distinct reasoning benchmarks
with DeepSeek-R1-Distill-Qwen-7B. ASC preserves or
improves accuracy while cutting 18-25% of tokens.

End-to-end latency. Since one of the primary
goals of CoT compression is to reduce end-to-end
response latency, we measure the average genera-
tion time for three models, DeepSeek-R1-Distill-
LLaMA-8B, DeepSeek-R1-Distill-Qwen-7B, and
QwQ-32B, on the MATHS500 dataset. Latency is
measured on an NVIDIA A6000 GPU. We then
compute and report the inverse latency (i.e., gener-
ation speed) for three decoding strategies: standard
CoT, Chain-of-Drafts (CoD), and our proposed
ASC, as shown in Figure 3. Specifically, the re-
ported speed value for a method is obtained by di-
viding the average end-to-end response time of the
CoT baseline by that of the method, averaged over
all evaluation samples; a value of 2.7x therefore
means ASC completes generation 2.7 X faster than
standard CoT in wall-clock. The results indicate
that ASC improves the generation speed of CoT-
based reasoning by up to 2.7x on MATHS500, with
no loss in answer accuracy. Analogous speedups
on GSMS8K are reported in Appendix E (up to
3.26x on LLaMA3-8B), confirming the latency

gains transfer across benchmarks.

7 Discussion and Ablations

7.1 Cross-Task Generalization

In this section, we examine the alignment of ASC
steering vectors extracted from different reasoning
tasks. Specifically, we analyze whether steering
vectors derived from one dataset generalize to an-
other. We conducted this study using the DeepSeek-
R1-Distill-Qwen-7B model and two benchmarks:
GSMS8K and MATHS500. Following the ASC
methodology, we independently compute steering
vectors for each dataset using 100 paired examples.
We then assess the cosine similarity between the
two vectors to quantify their alignment. In addition,
we evaluate cross-task generalization by applying
each dataset’s steering vector to compress CoTs in
the other dataset, measuring both length reduction
and accuracy retention. The results are presented
in Table 5. First, the cosine similarity between the
two steering vectors is 0.92, indicating strong align-
ment in the vectors from verbose to concise CoTs in
MATHS500 and GSM8K. Second, the performance
of cross-dataset steering matches closely that of
in-dataset vectors. Although there is a slight drop
in accuracy and a slight increase in token count,
ASC with cross-dataset steering still outperforms
the vanilla CoT baseline (Table 1). These findings
suggest that verbosity reduction occupies a largely
shared latent direction across reasoning tasks, sup-
porting our initial hypothesis that CoT efficiency is
attributable to latent representations.

Dataset Steering Vector Source  Accuracy (%) 1 CoT Tokens |

MATHS500 (in-dataset) 88.8 1221

MATHS500 GSMBK (cross-dataset) 88.8 1482
GSMBSK (in-dataset) 88.8 508
GSM8K MATHS500 (cross-dataset) 88.4 611

Table 5: Performance of ASC on MATHS500 and
GSMSK using dataset-specific vs. cross-dataset steering
vectors. The model used is DeepSeek-Distill-Qwen-7B.

7.2 CES vs Mean of Differences Steering

A key limitation of MoD steering is that its direc-
tion cannot be applied directly and must be scaled
by a hand-tuned strength «,

hE(xe) < hf(xe) + o, (10)
making the accuracy—compression trade-off highly
sensitive. Figure 4a (DeepSeek-R1-Distill-Qwen-
7B on MATHS500) shows an abrupt regime change:
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Accuracy (%)

0 20 40 60 EC 16 18 20 22 24 26 28
CoT Compression Rate (%) Layer Index

(a) Effect of the steering
strength o on MATHS500 ac-
curacy.

(b) Effect of the steering layer
on MATHS500 accuracy.

Figure 4: Comparison of MoD and CES

increasing a from 0.4 to 0.5 improves compression
from 73% to 83%, but decreases accuracy from
60.0% to 39.8%; by a = 1.0, the accuracy col-
lapses to 5.2% while forcing close to a 90% com-
pression. This instability is consistent with MoD’s
heuristic nature, where scaling a difference vector
can push hidden states off-manifold and yield de-
generate generations. In contrast, CES exhibits a
smooth and reliable trade-off over the same sweep
a € {0,0.1,0.2,0.3,0.4,0.5,1.0}: the accuracy
remains essentially unchanged (88.8% — 89.2%)
while the compression increases steadily up to
69.35% at o = 1.0. We emphasize that this sweep
is an ablation of the already-learned vector; in all
main-table experiments, ASC applies v* directly
(i.e., « = 1) as in Eq. (1) and does not tune a
strength multiplier. The learned vector’s norm is
shaped by the CES objective itself under the ex-
plicit KL trust region (fixed budget ¢ = 2 x 1072
across all models and tasks), which is what makes
per-task strength tuning unnecessary. This is
in sharp contrast to the MoD, which must be cali-
brated per model.

We also evaluate the robustness of the choice of
steering layer. Figure 4b reports MATHS500 accu-
racy at a fixed compression level of &~ 50% while
varying the intervention layer from 16 to 28. MoD
is substantially layer-sensitive, with an accuracy
ranging from 88.6% down to 83.0%, while CES
remains stable across layers (88.4%-89.4%). This
robustness follows from CES’s sequence-level op-
timization, which adapts the learned direction to
each layer’s representational geometry rather than
relying on raw activation differences; consequently,
CES does not require careful task-specific layer
selection to avoid accuracy degradation.

7.3 Effect of ASC on overthinking

ASC reduces overthinking behaviors that lengthen
CoT. We quantify two events from model-

Setting Self-verifications | Backtracking |

3.16 £0.88 534+ 1.16
1.48 £ 0.67 2.62 +£0.75

Unsteered
Steered (ASC)

Table 6: Mean =+ standard deviation of self-verification
and backtracking events per solution (50 MATHS00
problems; DeepSeek-R1-Distill-Qwen-7B).

generated text using simple trigger-based matching.
A self-verification event begins when the model
enters an explicit checking mode (e.g., “Wait,
let’s check”, “to confirm”, “double-check”, “make
sure””) and ends when it resumes forward derivation
or emits a final conclusion. A backtracking event
begins when the model retracts a line of reasoning
(e.g., “Alternatively,”,“Another thought”,) and then
switches to an alternative route. Table 6 reports
the average number of these events per solution.
The steered model produces substantially fewer
self-verifications and backtracks than the unsteered
baseline, indicating that steering not only shortens
CoTs but also suppresses hesitation loops that con-
tribute little to correctness. This suggests that the
contrastive energy objective indirectly discourages
latent representations associated with unproduc-
tive reasoning patterns, steering generation toward
more direct problem-solving trajectories.

8 Conclusion

We presented ASC, a novel activation steering
framework that reduces CoT verbosity without
updating model weights. ASC uses Contrastive
Energy-Based Steering to learn a single steering
vector from paired verbose—concise traces via a
length-normalized contrastive energy objective,
while a KL trust region constrains distributional
drift. Across multiple reasoning benchmarks and
model sizes, ASC achieves substantial CoT com-
pression and speedups without accuracy loss, and
is markedly less sensitive than mean-of-differences
steering layer choice, while not needing to tune
the steering strength. These results suggest that
verbosity is a controllable latent axis that can be
reliably steered through targeted interventions.
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9 Limitations

Our approach requires access to internal activa-
tions and backpropagation through the model to
optimize the steering vector, limiting its applica-
bility to open-weight or otherwise introspectable
deployments and excluding typical API-only LLM
settings. Although CES uses only a small number
of paired traces, the learned steering direction can
still reflect biases of the pairing procedure (e.g.,
teacher-generated “concise” rationales), and its be-
havior may depend on the representativeness of the
calibration set for the target domain. Finally, while
the KL trust region empirically improves stability
and utility preservation (and is explicitly computed
on non-reasoning general text to constrain drift on
broadly applicable capabilities), it does not provide
a formal guarantee of downstream task correctness,
robustness, or safety. In particular, we do not con-
duct a comprehensive audit of how ASC steering
affects non-reasoning behaviors such as factuality,
alignment, or refusal of safety-sensitive prompts; a
systematic study of these axes, including whether
the learned verbosity direction is entangled with
safety-relevant directions in activation space, is an
important direction for future work.
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A Steering-vector optimization
hyperparameters.

We use the following optimization hyperparam-
eters and setup to learn the steering vector across
all reported models: Adam optimizer with learn-
ing rate 1072, batch size 2, weight decay 0, and
3000 optimization steps. Unless stated otherwise,
we inject the vector at layer 16. For the KL trust
region, we use a fixed budget € = 2 x 1072 with
Lagrangian coefficient A = 20, and estimate the
KL term using 2000 samples from the WikiText
general-text dataset.

B Ablation on the KL budget ¢ and
penalty coefficient \

We ablate the two hyperparameters controlling the
KL trust region on MATH500 with DeepSeek-R1-
Distill-Qwen-7B. Table 7 varies the KL budget
€ with A fixed at its default, and Table 8 varies
the penalty coefficient A\ with € fixed at its de-
fault. Both ablations confirm that ASC’s behav-
ior is predictable and well-behaved: loosening the
trust region (larger €) or weakening enforcement
(smaller \) produces more aggressive compression
at a modest accuracy cost, while the default set-
ting (e = 2 x 1072, X\ = 20) sits near the Pareto
frontier. Accuracy varies by at most +0.4% across
€ €[5x1073,5x1072]and A € {10, 20}, so ASC
is not sensitive to precise hyperparameter values
within reasonable ranges. This is consistent with
our use of a single fixed (e, A) configuration across
all models and tasks in the main experiments.

C Compute cost of CES optimization

We quantify the one-time cost of learning a steer-
ing vector via CES. Setup: DeepSeek-R1-Distill-
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€ Accuracy (%) T Avg Tokens |
1x 107! 87.2 1074
5x 1072 88.4 1204
2 x 1072 (default) 88.8 1221
5x 1073 88.8 1296

Table 7: KL budget ¢ ablation (with A = 20 fixed).
MATHS500, DeepSeek-R 1-Distill-Qwen-7B.

A Accuracy (%) 1 Avg Tokens |
1 87.4 1107
10 88.8 1288
20 (default) 88.8 1221

Table 8: Penalty coefficient A\ ablation (with € = 2 X
10~2 fixed). MATHS500, DeepSeek-R1-Distill-Qwen-
7B.

Qwen-7B with bf16 precision, 3—4k reasoning to-
kens per trace, 100 calibration pairs, 3000 CES
optimization steps, batch size 2 (matching Ap-
pendix A), single NVIDIA A6000 GPU. Under
this configuration, the full CES optimization com-
pletes in approximately 1.0 hour of wall-clock (~1
minute per 50 steps) and uses approximately 28
GB of peak GPU memory (weights + long-context
activations/KV + autograd buffers). CES adds neg-
ligible parameter-state overhead beyond the for-
ward/backward pass because it optimizes only a
single d-dimensional vector.

Comparison to full fine-tuning. Full fine-tuning
of the same 7B model requires storing optimizer
state and gradients for all parameters, typically ex-
ceeding 70-90 GB of GPU memory and necessitat-
ing multi-GPU setups. CES avoids weight updates
entirely, keeping memory close to inference-scale.
At inference, ASC adds only a single activation-
addition per decoding step (cf. Eq. (1)), introducing
no measurable per-token latency overhead.

D Concise vs. verbose example pair of
responses

Figure 5: A representative pair of verbose vs. concise
CoTs used for generating the steering vector.

Question: Let f(z) = —3x% 4z — 4, g(z) = —5z2 + 3z — 8,
and h(z) = 5z2 + 5x + 1. Express f(x) + g(x) + h(z) as
a single polynomial, with the terms in order by decreasing degree.
Let’s think step by step.

Concise Chain of Thought (251 tokens)

\[\n f(x) + g(x) + h(x) = (-3x"2 + x = 4) + (-5x"2 + 3x
- 8) + (5x*2 + 5x + 1)\]\n\nCombine like terms:

\n\n1. **Quadratic terms*x:\n \[-3x*2 - 5x*2 + 5x*2 = (-3
- 5+ 5)x*2 = -3x"2 \]\n\n2. *xLinear terms

*%:\n \[ x + 3x + 5x = (1 + 3 + 5)x = 9x \]\n\n3.
*xConstant terms**:\n \[-4 - 8 + 1 = =11 \]\n\n
Combine results:\n\[f(x) + g(x) + h(x) = -3x*2 + 9x

- 11 \]\n\nFinal answer:\n\[\boxed{-3x*2 + 9x - 11}

\1]

\.

Verbose Chain of Thought (603 tokens)

First, I need to add the three functions f(x), g(x), and
h(x) together. To do this, I should start by writing down
each function separately.\n\nSo, f(x) is -3x"2 + x - 4,
g(x) is -5x"2 + 3x = 8, and h(x) is 5x"2 + 5x + 1.\n\nNext,
I’11 add them term by term. That means I’1ll combine the
coefficients of the x"2 terms, the x terms, and the
constant terms separately.\n\nLet’s start with the x"2
terms. For f(x), the coefficient is -3, for g(x) it’s -5,
and for h(x) it’s 5. Adding these together: -3 + (-5) +
5.\n\nWait, that’s -3 -5 +5. Hmm, that simplifies to (-3
-5) +5, which is -8 +5, resulting in -3.\n\nOkay, so the
x"2 term in the sum is -3x"2.\n\nNow, moving on to the x
terms. For f(x), the coefficient is 1, for g(x) it’s 3,
and for h(x) it’s 5. Adding these: 1 + 3 +5.\n\nThat’s
straightforward: 1+3 is 4, plus 5 is 9. So the x term is
9x.\n\nFinally, the constant terms. For f(x), it’s -4,
for g(x) it’s -8, and for h(x) it’s 1. Adding these: -4 +
(-8) +1.\n\nThat’s -4 -8 +1, which is (-12) +1, resulting
in -11.\n\nPutting it all together, the sum is -3x"2
+9x -11.\n\nWait, let me double-check my calculations
to make sure I didn’t make any mistakes.\n\nFor the x"2
terms: -3 (from f) + (-5) (from g) +5 (from h) = (-3 -5)
+5 = -8 +5 = -3. That seems correct.\n\nFor the x terms:
1 (from f) +3 (from g) +5 (from h) = 1+3+5=9. That’s
correct.\n\nFor the constants: -4 (from f) + (-8) (from
g) +1 (from h) = (-4 -8) +1 = -12 +1 = -11. That’s
correct.\n\nSo, combining these, the final polynomial
is -3x"2 +9x -11.\n\nI think that’s all. I don’t see any
mistakes in the addition.\n\n**Final Answer**\nThe sum
of the polynomials is \boxed{-3x"2 + 9x - 11}.\n</think>

E Additional latency measurements on
GSMSK

We repeat the end-to-end latency measurement of
Figure 3 on GSMS8K to verify that the speedups
transfer across benchmarks. Table 9 reports the
wall-clock generation speed on GSMS8K for CoT,
CoD, and ASC, normalized such that vanilla CoT
on each model is 1.00x. ASC achieves the high-
est speedup across all three models and reaches
up to 3.26x on LLaMA-3-8B. Consistent with the
MATHS500 results in the main text, the speedup cor-
relates with the degree of token-level compression:
models that were previously generating the most
verbose reasoning (LLaMA-3-8B) benefit the most
from ASC.

Model CoT CoD ASC
DeepSeek-R1-Distill-Qwen-7B 1.00x  2.08x  2.27x
DeepSeek-R1-Distill-LLaMA-8B  1.00x  3.06x  3.26x
QwQ-32B 1.00x  1.55x  1.98x

Table 9: End-to-end generation speed on GSM8K, nor-
malized to vanilla CoT per model (higher is better).
Measured on a single NVIDIA A6000 GPU.
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