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Manifold-Guided Attention Steering
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Abstract

Large language models frequently produce er-
rors in reasoning tasks despite possessing the un-
derlying knowledge required for correct reason-
ing. One possible approach to improve reasoning
consistency is through activation steering. How-
ever, existing activation steering approaches apply
fixed, pre-computed correction vectors, ignoring
where the model currently sits along its genera-
tion trajectory; the result is indiscriminate pertur-
bation that disrupts already-correct steps as freely
as erroneous ones. We propose Manifold-Guided
Attention Steering (MAGS), a trajectory-aware
inference-time intervention grounded in a geomet-
ric observation: the output activations of specific
attention heads diverge from a low-dimensional
correctness manifold at the point of error, and this
deviation compounds through subsequent steps.
For each identified attention head, we learn a low-
dimensional subspace from contrastive pairs of
correct and incorrect traces that capture the direc-
tions along which error behavior deviates from
correct behavior. During inference, we monitor
each head’s proximity to this manifold and apply
a targeted projection correction when deviation
exceeds a learned threshold, steering the attention
output back toward the correct subspace before
the error propagates. MAGS consistently outper-
forms both unsteered baselines and static steering
approaches across benchmarks spanning mathe-
matical reasoning (MATH-500, GSM8K), code
generation (HumanEval, MBPP), and molecular
generation (SMILES), suggesting that correctness
manifolds are a general feature of LLM attention
geometry.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.

Preliminary work. Under review by the FoGen Workshop at ICML
2026. Do not distribute.

1. Introduction
Large language models (LLMs) frequently produce reason-
ing errors in multi-step reasoning tasks despite possessing
the underlying capability to solve them. Under repeated
sampling, the same model and prompt that produce an incor-
rect solution will often produce a correct one (Chen et al.,
2021; Wang et al., 2023; Cobbe et al., 2021), suggesting
that the capability is present, but its reliable expression is
not. Process-level annotations further confirm that most
errors arise at intermediate reasoning steps rather than from
a terminal absence of knowledge (Lightman et al., 2023;
Uesato et al., 2022). Since errors arise in the generation pro-
cess rather than from missing knowledge, correcting them
at inference time is a natural and practical target.

Existing activation steering methods (Turner et al., 2023;
Zou et al., 2023; Rimsky et al., 2024; Vu and Nguyen, 2025)
apply a fixed correction vector to the residual stream at gen-
eration steps. These approaches are well-suited for persis-
tent, global behaviors (tone, style, sentiment) but are struc-
turally mismatched to reasoning. A reasoning trajectory
may proceed correctly for many steps before committing
a localized error at step t∗; applying constant corrections
may corrupt the correct intermediate steps while offering no
guarantee of intercepting the error.

We hypothesize that reasoning errors manifest as a drift in
a low-dimensional subspace of individual attention heads’
output space: correct and incorrect trajectories occupy geo-
metrically separable regions, and the transition from correct
to incorrect behavior follows a structured, low-rank direc-
tion. We perform diagnostic experiments to confirm this
hypothesis and in fact discover that correct and incorrect
trajectories are highly separable by a low-dimensional sub-
space of attention-head activations. This is consistent with
mechanistic interpretability findings that individual atten-
tion heads are functionally specialized (Elhage et al., 2021;
Wang et al., 2022), and with the linear representation hy-
pothesis (Park et al., 2023), which posits that semantically
meaningful distinctions are encoded along low-dimensional
linear directions.

Therefore, one should steer only when their attention
outputs have drifted into the error subspace.

We propose Manifold-Guided Attention Steering

1
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Figure 1. Comparison of static and Manifold-Guided Attention Steering (MAGS) on an example problem. Step-by-step reasoning
traces for a static baseline and MAGS. Blue boxes denote correct reasoning steps; red boxes denote erroneous ones.

(MAGS): an adaptive intervention that dynamically steers
the attention head outputs when reasoning errors are
detected. MAGS outperforms static steering baselines
across reasoning benchmarks and molecular generation
on three model families, including Llama, Gemma, and
GPT-OSS.

In summary, our contributions are as follows:

1. We hypothesize that reasoning errors manifest as struc-
tured drift in a low-dimensional subspace of individual
attention heads’ output space, and confirm this hypoth-
esis with diagnostic experiments showing that correct
and incorrect trajectories are highly separable (Sec-
tion 3).

2. We propose Manifold-Guided Attention Steering
(MAGS), an adaptive inference-time mechanism that
monitors attention heads for reasoning drift and applies
dynamic correction only when needed (Section 4).

3. Empirically, MAGS consistently outperforms static
steering baselines on benchmarks across three model
families, by up to 10.8% while incurring negligible
inference overhead (Section 5).

2. Related Work
We discuss existing inference-time steering methods and
geometric interpretability work. Existing steering methods
apply fixed corrections without error-detection mechanisms;
existing interpretability work establishes the geometric struc-
ture that we exploit and extend for adaptive intervention. To
our knowledge, MAGS is the first method to combine per-
step detection with geometry-aware, conditional correction
at the attention-head level.

2.1. Activation Steering and Inference-time Intervention

Activation steering methods modify internal representations
at inference time without updating model parameters. Acti-
vation Addition (Turner et al., 2023) adds a fixed difference
vector to the residual stream throughout generation. Con-
trastive Activation Addition (CAA; Rimsky et al. 2024)
improves reliability by averaging difference vectors across
many contrastive prompt pairs. Representation Engineering
(RepE; Zou et al. 2023) extracts principal steering directions
from contrastive activations via PCA. Angular Steering (Vu
and Nguyen, 2025) replaces additive correction with a 2D ro-
tation applied uniformly across all layers. Inference-Time In-
tervention (ITI; Li et al. 2023a) shifts attention head outputs
along a probing direction to improve truthfulness. CREST
(Jiang et al., 2024) identifies reasoning-relevant attention
heads and applies fixed steering vectors to them, but does
not adapt the correction to the model’s current trajectory
state.

All of these methods share a common limitation: they steer
along a fixed direction regardless of the current activation
state. MAGS addresses this by introducing a dynamic prox-
imity trigger that fires only when a head drifts toward the
error subspace and applying a step-dependent correction
whose direction is determined by the current activation’s
projection onto the error subspace rather than a fixed vector
(as illustrated in Figure 1).

2.2. Geometric Structure of Transformer
Representations

A growing body of work establishes that transformer repre-
sentations have rich geometric structure that can be lever-
aged for analysis and intervention.

Mechanistic interpretability studies decompose transformer
computation into interpretable circuits. Elhage et al. (2021)
show that attention heads implement primitive operations
(copying, retrieval, inhibition) whose outputs compose addi-
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tively in the residual stream. Wang et al. (2022) shows that
multi-step tasks are implemented by sparse circuits across a
small number of heads. Together, these results suggest that
reasoning failures are likely attributable to specific heads in
failure modes, which motivates our head-level intervention.

The linear representation hypothesis (Park et al., 2023)
posits that semantically meaningful distinctions are encoded
along low-dimensional linear directions in transformer rep-
resentations. Burns et al. (2022) show that truth has a linear
representation findable by contrastive probing, establish-
ing a precedent for our contrastive PCA construction. Zou
et al. (2023) confirm that high-level concepts, including rea-
soning quality, are linearly decodable from residual stream
activations. MAGS extends this line of work to the per-head
level, showing that the correct-to-error transition in reason-
ing trajectories is also linearly structured within individual
head-output spaces.

3. Detecting Error Drift in Attention Heads
We hypothesize that incorrect reasoning traces induce drift
in the output of a subset of attention heads toward a low-
dimensional error subspace, geometrically separable from
the subspace occupied by correct traces. We empirically
validate this hypothesis by constructing a contrastive error
manifold per head and demonstrating that a proximity-based
score achieves strong trajectory-level error detection across
layers and heads.

3.1. Setup and Notation

We consider a set of reasoning problems P = {p1, . . . , pN}.
For each problem pi, we generate S independent reason-
ing traces Ti = {τi,1, . . . , τi,S}. Each trace τ is a to-
ken sequence of length Lτ , and is assigned a binary label
yτ ∈ {0, 1} (1 = correct final answer). Assume |T +

i | ≥ 1
and |T −

i | ≥ 1 for all pi. We write T +
i = {τ ∈ Ti : yτ = 1}

and T −
i = {τ ∈ Ti : yτ = 0} for the correct-trace and

error-trace sets of problem pi.

Given a transformer-based language model with L layers
and H attention heads per layer, where each head operates
on a dh-dimensional output space. For a sample τ and head
(l, h), the sequence of attention head outputs is:

A(l,h)
τ =

[
a
(l,h,τ)
1 , a

(l,h,τ)
2 , . . . , a

(l,h,τ)
Lτ

]
∈ RLτ×dh .

(1)

3.2. Contrastive Error Manifold Construction

Given correct and incorrect reasoning traces, we construct a
per-head error subspace by identifying the low-dimensional
directions along which correct and incorrect activations di-
verge.

Figure 2. Schematic of the contrastive error manifold. Correct and
error activation spaces are separated along the learned subspace
span(B). Given an error activation at, the projection B⊤B gives
the direction to map back toward µ

(l,h)
c .

Per-problem difference vectors. For each problem and
each head (l, h), define the per-class mean:

µ
(l,h)
c,i =

1∑
τ∈T +

i
Lτ

∑
τ∈T +

i

Lτ∑
t=1

a
(l,h,τ)
t , (2)

µ
(l,h)
e,i =

1∑
τ∈T −

i
Lτ

∑
τ∈T −

i

Lτ∑
t=1

a
(l,h,τ)
t . (3)

The contrastive difference vector for problem pi and head
(l, h) is:

δ
(l,h)
i = µ

(l,h)
e,i − µ

(l,h)
c,i ∈ Rdh . (4)

By construction, δ(l,h)i cancels all directions uniformly acti-
vated by problem pi regardless of correctness, isolating the
directional shift attributable to the error.

Difference matrix. For a set of N problems, we stack the
difference vectors row-wise:

(D(l,h))T =
[
δ
(l,h)
1 . . . δ

(l,h)
P

]
∈ Rdh×N . (5)

Error subspace via PCA. Compute the compact singular
value decomposition D(l,h) = UΣV ⊤. Define the error
subspace basis as the top-k right singular vectors:

B(l,h) = V ⊤
:,1:k ∈ Rk×dh , (6)

where the rows of B(l,h) are orthonormal. The error sub-
space captures the k directions in head-output space along
which correct-to-incorrect deviation has the greatest vari-
ance across problems, as illustrated in Figure 2.
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Figure 3. Per-head error detection AUROC across four monitored layers for the Math-Instruct dataset with Llama-3.1-8b-Instruct. Dots
mark heads with AUROC > 0.65. The signal is sparse and concentrated in specific heads.

Global correct-state centroid. Compute a global refer-
ence point from all correct traces:

µ(l,h)
c =

∑
i

∑
τ∈T +

i

Lτ∑
t=1

a
(l,h,τ)
t∑

i

∑
τ∈T +

i

Lτ

. (7)

This serves as the centering reference at inference time,
since per-problem means are not available during genera-
tion.

Remark 1. The choice to fit PCA on difference vectors
rather than on the raw error-state vectors is critical. If
PCA were fit on E(l,h) directly (pooled baseline), the dom-
inant directions would reflect problem-level features (e.g.,
problem difficulty or topic) rather than the intrinsic error
direction. The contrastive construction ensures that D(l,h)

has zero mean in any direction that is uniformly correlated
with problem content, leaving only the error-specific signal.

3.3. Proximity-Based Error Detection

To detect when a head has drifted into the error subspace,
we measure how much its current output projects onto the
learned error subspace. A large projection indicates the head
is behaving similarly to how it behaves in erroneous traces.
At each decode step t during inference, for each monitored
head (l, h), we compute the proximity score:

d
(l,h)
t =

∥∥∥B(l,h)
(
a
(l,h)
t − µ(l,h)

c

)∥∥∥2
=

(
a
(l,h)
t − µ(l,h)

c

)⊤
B(l,h)⊤B(l,h)

(
a
(l,h)
t − µ(l,h)

c

)
.

(8)

This is the squared norm of the projection of the centered
head output onto the error subspace. A large value indicates
that the current head output has a substantial component
along the learned error directions.

To avoid flagging normal generation steps, we calibrate a
per-head threshold on correct traces and trigger only when

the proximity score exceeds it. We fire a correction only
when the proximity score exceeds a per-head threshold cali-
brated on correct traces, ensuring that already-correct steps
are left undisturbed. A trigger fires at step t for head (l, h)
when:

d
(l,h)
t > τ (l,h), (9)

where τ (l,h) is set to the q-th percentile of {d(l,h)t } computed
over all token steps from correct trajectories in the training
set.

3.4. Empirical Validation of the Drift Hypothesis

We validate whether the learned error subspace carries a
detectable signal for distinguishing correct from incorrect
reasoning trajectories. Using Math-Instruct traces from
Llama-3.1-8B-Instruct collected at layers {8, 16, 24, 31},
we perform a problem-level 70/30 train/test split, ensuring
that all traces of a given problem land in the same split and
the manifold never observes test problems during construc-
tion. We build the contrastive error manifold on the training
split and evaluate on the held-out test split.

For each trace, we aggregate the per-step proximity scores
{d(l,h)t } into a single scalar using max aggregation, and clas-
sify the trace as incorrect if the score exceeds a threshold
τ (l,h) calibrated on the training set by maximizing balanced
accuracy. We report trajectory-level AUROC for each (l, h)
pair independently. Figure 3 shows the per-head AUROC
across all monitored layers. The signal is sparse and concen-
trated in specific heads (marked dots for AUROC > 0.65),
confirming that error drift is a structured, localized phe-
nomenon rather than a diffuse property of all heads.

4. Manifold-Guided Attention Steering
Having established that proximity scores reliably detect drift
toward the error subspace, we now describe how MAGS
exploits this signal to apply a targeted correction to the
attention head output at inference time.

4
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Head selection. Rather than monitoring all L×H heads,
we pre-select the top-K heads by held-out AUROC: for each
head, AUROC is computed between the trajectory-level
error label and the mean proximity score over the trajectory,
on a held-out problem split. Monitoring only the top-K
heads reduces per-step overhead from O(L ·H · k · dh) to
O(K · k · dh).

Steering by error-component correction. When head
(l, h) triggers at step t, we apply the following in-place
correction to its output before it is passed to the output
projection of layer l, W (l)

O :

ã
(l,h)
t = a

(l,h)
t − αB(l,h)⊤B(l,h)

(
a
(l,h)
t −µ(l,h)

c

)
, (10)

where α ∈ (0, 1] is a steering strength hyperparameter that
we can control empirically.

Suppose α = 1, and let P (l,h)
⊥ = Idh

− B(l,h)⊤B(l,h)

denote the orthogonal projector onto the complement of the
error subspace. Then (10) can be written equivalently as:

ã
(l,h)
t = µ(l,h)

c + P
(l,h)
⊥

(
a
(l,h)
t − µ(l,h)

c

)
. (11)

This form makes the semantics transparent: we decompose
the deviation of the head output from the correct-state mean
into an error-subspace component and a complement compo-
nent, then discard only the former. Algorithm 1 summarizes
the complete inference procedure, combining the proximity
check (Section 3.3) and the error-component correction into
a single decode loop.

We formalize the key advantage over full residual stream
correction: the dh − k directions unrelated to the error
manifold are completely untouched.

Proposition 1 (Information Preservation). The correction
(10) preserves all information in a

(l,h)
t that lies in the

(dh − k)-dimensional complement of the error subspace.
Specifically, for any vector v ∈ Rdh with B(l,h)v = 0:〈

ã
(l,h)
t , v

〉
=

〈
a
(l,h)
t , v

〉
. (12)

The overhead of MAGS per decode step is dominated by the
K proximity score computations. Each requires a matrix-
vector product B(l,h)v of cost O(k · dh), followed by a
norm computation of cost O(k). The conditional correction,
when triggered, requires one additional matrix-vector prod-
uct B(l,h)⊤(B(l,h)v) of cost O(k · dh). The total per-step
overhead is O(K · k · dh).

Compositional Steering for Multiple Objectives. A fun-
damental challenge in multi-objective steering is that naively
combining steering vectors for different constraints can pro-
duce conflicting corrections. We sidestep this problem by

Algorithm 1 Manifold-Guided Head Steering (MAGS) —
Inference

Require: Pre-computed manifolds {B(l,h),µ
(l,h)
c , τ (l,h)}

for top-K heads; prompt x1:prompt

0: t← 0
0: while generation not complete do
0: t← t+ 1
0: Run forward pass for token t

0: Collect a(l,h)
t for all monitored (l, h)

0: for each monitored head (l, h) in layer order do

0: Compute d
(l,h)
t ←

∥∥∥B(l,h)(a
(l,h)
t − µ

(l,h)
c )

∥∥∥2
0: if d(l,h)t > τ (l,h) then
0: v ← B(l,h)⊤B(l,h)(a

(l,h)
t − µ

(l,h)
c )

0: ã
(l,h)
t ← a

(l,h)
t − αv

0: Replace a
(l,h)
t with ã

(l,h)
t

0: end if
0: end for
0: Complete the forward pass; sample next token xt+1

0: end while=0

introducing MAGSu, which treats each objective indepen-
dently from the start. For each objective ck, MAGSu extracts
a dedicated error manifold, which naturally yields disjoint
head sets H1, . . . ,HK during head selection. Then, at in-
ference time, MAGSu steers the union of all selected heads,
applying each head’s correction through its own indepen-
dently learned manifold.

5. Experiments
5.1. Reasoning Benchmarks

Setup and metrics. We evaluate across two reasoning do-
mains chosen to span difficulty and output structure: math-
ematical reasoning on MATH-500 (Lightman et al., 2023)
and GSM8K (Cobbe et al., 2021), and code generation
on HumanEval (Chen et al., 2021) and MBPP (Austin
et al., 2021), where correctness is verified by executing test
cases rather than by string matching. To assess generality
across model families, we run all reasoning and code exper-
iments on two instruction-tuned language models: Llama-
3.1-8B-Instruct (Grattafiori et al., 2024) and Gemma-4-
E4b-it (Gemma Team, Google DeepMind, 2025).

Baselines. We compare against two families of inference-
time steering methods.

Representation-level methods. Inference-Time Interven-
tion (ITI;Li et al. 2023a), which steers individual attention
head outputs along a fixed linear probe direction; Angular
Steering (AS; Vu and Nguyen 2025), which applies a fixed
2D rotation in the mean-difference span across all layers.
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Table 1. Performance and output fluency (perplexity, ↓) of steering methods on Llama-3.1-8B-Instruct. Best accuracy per benchmark in
bold; best perplexity in italics.

MATH-500 GSM8k HumanEval MBPP

Method Acc.↑ PPL↓ Acc.↑ PPL↓ Acc.↑ PPL↓ Acc.↑ PPL↓
Unsteered 0.478 1.229 0.860 1.196 0.561 1.121 0.562 2.978

ITI 0.498 1.227 0.855 1.335 0.573 1.136 0.548 2.250
AS 0.506 1.232 0.857 1.335 0.591 1.131 0.546 2.214
CD 0.492 1.295 0.858 1.271 0.591 1.152 0.555 2.291

MAGS 0.530 1.227 0.867 1.194 0.604 1.130 0.574 2.970

Table 2. Performance and output fluency (perplexity, ↓) of steering methods on Gemma-4-E4b-it. Best accuracy per benchmark in bold;
best perplexity in italics

MATH-500 GSM8k HumanEval MBPP

Method Acc.↑ PPL↓ Acc.↑ PPL↓ Acc.↑ PPL↓ Acc.↑ PPL↓
Unsteered 0.614 1.107 0.899 1.710 0.560 1.231 0.587 5.169

ITI 0.646 1.121 0.913 1.293 0.463 1.267 0.557 5.053
AS 0.566 1.279 0.900 1.416 0.518 1.334 0.548 5.475
CD 0.604 1.130 0.874 1.107 0.433 1.272 0.593 4.748

MAGS 0.648 1.108 0.913 1.210 0.604 1.281 0.604 5.059

Since ITI and AS were originally designed for behavioral
alignment rather than reasoning, we adapt them to our set-
ting by treating correct and incorrect solution traces as the
desired and undesired contrast sets, respectively, replacing
their original prompt-pair construction.

Decoding-level methods. Contrastive Decoding (CD; Li
et al. 2023b) contrasts the token distributions of a large ex-
pert model and a smaller amateur model at each decoding
step, providing a baseline that operates at the output distri-
bution level and a more computationally expensive method
than all steering methods.

Manifold construction. For each benchmark, we collect
contrastive trace pairs (i.e., same problem, one correct so-
lution and one incorrect) from the corresponding training
split: Math-Instruct (Yue et al., 2023) for MATH-500, the
GSM8K (Cobbe et al., 2021) training set for GSM8K, and
APPS (Hendrycks et al., 2021) for both HumanEval (Chen
et al., 2021) and MBPP(Austin et al., 2021). Traces are
generated by sampling the base model; problems for which
both a correct and an incorrect trace cannot be obtained
within 8 samples are discarded.

Result. As shown in Table 1 and Table 2, MAGS consis-
tently outperforms the unsteered baseline and all three steer-

ing methods across both models and all four benchmarks.
On MATH-500, where multi-step derivations provide the
most opportunities for error compounding, MAGS achieves
the largest gains: +5.2 points over the unsteered Llama base-
line and +3.4 points over the unsteered Gemma baseline. On
GSM8K, where problems are shorter and errors more local-
ized, the margin over baselines narrows, consistent with the
intuition that proximity-triggered correction is most valu-
able when correct steps substantially outnumber erroneous
ones.

Code generation reveals a sharper contrast. MAGS improves
HumanEval pass@1 by approximately 4 points over the un-
steered baseline on both models. All three baselines degrade
HumanEval performance relative to the unsteered Gemma
model, suggesting that unconditional interventions disrupt
syntactic coherence even when the model’s reasoning is
already correct. MAGS avoids this failure mode since its
proximity trigger suppresses corrections at steps where no
drift is detected.

Beyond accuracy, we evaluate output fluency via perplexity
to assess whether steering distorts the model’s generation
distribution. MAGS consistently matches or approaches
unsteered perplexity across benchmarks, confirming that
the proximity threshold suppresses corrections on already-

6
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correct steps and leaves the output distribution largely intact.
ITI and Angular Steering generally raise perplexity rela-
tive to the baseline, indicating that static interventions can
potentially distort the generation distribution.

5.2. Molecular Generation

Task. Molecular generation requires producing syntac-
tically and chemically valid SMILES strings (Weininger,
1988). Unlike natural language, SMILES has rigid grammar
rules: a single misplaced token renders the entire molecule
invalid. Beyond validity, we additionally steer toward im-
proved binding affinity against a target protein, measured
via the AutoDock-GPU docking score (Santos-Martins et al.,
2021). Since an ideal molecule would be both syntactically
valid and chemically strong binding, this task induces a
natural multi-objective structure.

Setup and Metrics. For molecular generation, we eval-
uate using GPT-OSS 20B (OpenAI, 2025). We report Va-
lidity (fraction of generated SMILES parseable; higher is
better) and Binding Affinity (measured as AutoDock-GPU
scores; lower is better). We generate 500 molecules per
method. Contrastive Decoding is excluded as it requires
a smaller companion model; no publicly available version
of GPT-OSS below 20B parameters exists at the time of
writing.

Table 3. Molecular generation by steering GPT-OSS-20B. Valid-
ity: higher is better (%). Binding Affinity: lower score is bet-
ter(kcal/mol).

Method Validity (↑) Binding Affinity (↓)
Unsteered 50.4 -7.36
Angular Steering 51.4 -7.44
ITI 57.8 -7.20
MAGS 54.8 -7.54
MAGSu 54.8 -7.56

Result. As shown in Table 3, ITI illustrates the conse-
quence of the entanglement of objectives: it substantially
improves validity but incurs a significant drop in binding
affinity, a sign of overcorrection toward common valid scaf-
folds that are grammatically safe but chemically generic.
MAGSu avoids this interference by learning two indepen-
dent manifolds: the affinity manifold (contrasting high and
low binding affinity) and the validity manifold (contrasting
valid and invalid molecules). At inference time, the union of
both subspaces applies each correction in its own indepen-
dent direction, allowing binding affinity to improve without
the validity–affinity interference observed in joint methods.

Figure 4. Latent-space trajectories of attention-head activations
projected onto the top-4 principal components of the contrastive
error subspace. Filled contours: kernel-density estimate of the
correct-output activation distribution. Purple: unsteered mean
trajectory (light → dark = early → late generation steps). Orange:
MAGS-steered mean trajectory. Teal: ITI-steered mean trajectory.
Faint lines show individual problem traces. Dashed connectors
mark a correction step for MAGS and ITI.

6. Discussion
Ablation on hyperparameter sensitivity. While we de-
tail the experiment hyperparameters in Appendix B, Table 4
reveals a clear contrast in robustness across methods. Steer-
ing Llama-3.1-8B on MATH-500, MAGS accuracy varies
narrowly (0.492–0.530) across all configurations tested, in-
dicating that the proximity threshold already governs when
corrections are applied and reduces sensitivity to other hy-
perparameters. ITI spans a much wider range (0.214–0.498),
with performance collapsing at high steering strength, con-
firming that static interventions are brittle to miscalibration.
Angular Steering shows the greatest variance (0.206–0.506),
with accuracy swinging dramatically across rotation angles.

Latent trajectory analysis. To visualize how MAGS af-
fects the model’s internal representations during generation,
we project the attention-head output activations at a steered
layer onto the top-4 principal components of the contrastive
error subspace. We compare MAGS against ITI as ITI also
operates directly on attention-head representations. We run
parallel steered and unsteered decodes on the same set of
problems, collect per-step activations, and plot the resulting
trajectories in the PC1-PC2 plane.

Figure 4 reveals a clear divergence between methods. The
unsteered trajectory (purple) drifts steadily away from the

7
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correct-output distribution and fails to recover, consistent
with the hypothesis that reasoning errors manifest as direc-
tional activation drift. MAGS (orange) intervenes at the
correction step (orange dashed connector) and immediately
redirects the trajectory back toward the high-density cor-
rect region, where it remains for the rest of the generation.
ITI (teal), even after intervention, continues to diverge and
settles in a region far from the correct-output distribution,
which geometrically explains why static interventions can
degrade performance: without a subspace constraint, the cor-
rection vector pushes activations in an imprecise direction
that does not align with the correct-output manifold.

Visualization of the effect of steering on attention graph.
To examine how MAGS reshapes information routing, we
visualize the relative attention shift at a layer after the cor-
rection layer, denoted ℓbip. Since MAGS modifies the head
output ah = AhVh rather than the routing matrix Ah di-
rectly, the corrected residual is written into the key-value
cache at position tfire. Then, subsequent query steps can
attend to this corrected entry. To isolate the effect of accu-
mulated KV-cache differences, both steered and unsteered
streams are run on the same forced token sequence (the
steered model’s greedy outputs), so the two caches diverge
solely through the corrections. For each problem we average
attention weights over all heads and compute

∆W

W
=

Wsteered −Wunsteered

Wunsteered + ε
.

Figure 5 shows an example problems from the MATH-500
dataset for Gemma-4-E4b-it; red (blue) indicates positions
attended to more (less) by the steered model relative to the
baseline.

The strongest signal in both panels is a set of vertical
stripes: certain key tokens receive consistently higher at-
tention across all subsequent query steps. This reveals that
MAGS does not merely fix a single prediction in isolation,
but makes the corrected reasoning step a more retrievable
context anchor: the entire generation following the correc-
tion keeps routing information through those tokens, rein-
forcing their influence persistently. The effect is consistent
across both problems despite their different mathematical
content, suggesting that this “attention anchoring” behavior
may be a general mechanism by which MAGS steers the
model back onto a correct reasoning trajectory.

7. Conclusion
We presented Manifold-Guided Attention Steering (MAGS),
an inference-time method that corrects attention-head acti-
vations by projecting them back onto a low-rank manifold
learned from correct-output traces, intervening only when
a proximity threshold τ signals that the current activation
has drifted clearly off-manifold and leaving already-correct

Figure 5. Relative attention shift ∆W/Wunsteered at layer ℓbip for an
example problems from MATH-500, steered with Gemma-4-E4b-
it. Each cell shows the head-averaged attention change between the
steered and unsteered model on the same forced token sequence.
The dashed horizontal line marks the first correction step. tfire

steps undisturbed. Across mathematical reasoning, code
generation, and molecular generation on three model fam-
ilies, MAGS consistently outperforms ITI, Angular Steer-
ing, and Contrastive Decoding. The manifold perspective
further reframes steering as a drift detection problem: the
low-rank basis B identifies the subspace most predictive of
error onset, providing interpretable geometric structure that
scalar-magnitude methods lack, as visualized through latent-
space projections of steered trajectories being pulled back
into the high-density region of correct-output activations.

Limitations and future work. MAGS requires a set of
contrastive-output traces for manifold fitting, which may
be difficult to curate in low-resource domains. The current
method also operates on a fixed set of target heads identified
offline; an adaptive scheme that selects heads dynamically
based on generation context could reduce reliance on this
pre-selection step. More broadly, we treat each head in-
dependently; jointly modeling interactions between heads
may yield stronger corrections at lower computational cost.
Finally, while our experiments cover three domains, the
degree to which the learned manifold transfers across tasks
within a domain (e.g., arithmetic to symbolic reasoning) re-
mains an open question. We leave these directions to future
work.
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A. Proof of Proposition 1
Proof. Expanding using (10):〈

ã
(l,h)
t , v

〉
=

〈
a
(l,h)
t , v

〉
−

〈
B(l,h)⊤B(l,h)(a

(l,h)
t − µ(l,h)

c ), v
〉

(13)

=
〈
a
(l,h)
t , v

〉
−

〈
B(l,h)(a

(l,h)
t − µ(l,h)

c ), B(l,h)v
〉

(14)

=
〈
a
(l,h)
t , v

〉
−

〈
B(l,h)(a

(l,h)
t − µ(l,h)

c ), 0
〉

=
〈
a
(l,h)
t , v

〉
.

B. Additional Experimental Details
B.1. Ablation on Hyperparameter Sensitivity

For ITI, we follow the hyperparameter ranges reported in the original paper (Li et al., 2023a), sweeping over the number
of steered heads in {24, 48, 96} and intervention strength α ∈ {0.5, 1.0, 5.0}. For Angular Steering, rotation angles are
sampled uniformly across the full 360◦ range as evaluated in the original work (Vu and Nguyen, 2025). For MAGS, we
select hyperparameters to minimize unnecessary interference: we restrict the number of steered heads to a small set (top-1
or top-3 by manifold signal strength) and sweep projection strength α ∈ {0.3, 0.5, 0.7, 1.0}, reflecting the principle that
corrections should be both targeted and conservative. Corrections are applied only to heads where drift is detected and only
to the extent required to return activations to the correct-output manifold.

Table 4. Hyperparameter ablations on MATH-500 (Llama-3.1-8B-Instruct). Best result per method in bold.

(a) MAGS: top-k heads and steering
strength α.

Config α Acc.

top-3 0.3 0.502
top-3 0.5 0.498
top-3 0.7 0.492
top-3 1.0 0.530

top-1 0.7 0.492
top-1 1.0 0.530

(b) ITI: number of steered heads K and strength
α.

Strength α

K 0.5 1.0 5.0

24 0.476 0.472 0.298
48 0.488 0.472 0.214
96 0.498 0.480 0.314

(c) Angular Steering: rotation angle.

Angle Acc.

0◦ 0.488
30◦ 0.506
60◦ 0.466
90◦ 0.284
120◦ 0.206
150◦ 0.334
180◦ 0.412
210◦ 0.400
240◦ 0.344
270◦ 0.430
300◦ 0.500
330◦ 0.468

B.2. Computational infrastructure.

Experiments with Llama-3.1-8B-Instruct and Gemma-4-E4b-it were conducted on NVIDIA RTX 4090 GPUs (24 GB
VRAM) with model weights loaded in float16 precision. GPT-OSS 20B experiments were run on NVIDIA H200 GPUs
(141 GB HBM3) due to the larger memory footprint of the model.
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C. Statistical Significance
All confidence intervals are 95% percentile bootstrap CIs with B=10000 resamples (seed = 42). Point estimates are original
trial accuracies.

Table 5. Bootstrap 95% CIs on Gemma-4-E4b-it across all benchmarks (B=10,000 resamples, percentile method).

MATH-500 (N=500) GSM8k (N=1319) HumanEval (N=164) MBPP (N=427)

Method Acc. 95% CI Acc. 95% CI Acc. 95% CI Acc. 95% CI

Unsteered 0.614 [0.572, 0.656] 0.899 [0.887, 0.911] 0.560 [0.482, 0.634] 0.587 [0.543, 0.635]

ITI 0.646 [0.604, 0.688] 0.913 [0.897, 0.927] 0.463 [0.384, 0.537] 0.557 [0.511, 0.604]
AS 0.566 [0.522, 0.610] 0.900 [0.883, 0.915] 0.518 [0.445, 0.592] 0.548 [0.501, 0.595]
CD 0.604 [0.562, 0.646] 0.874 [0.856, 0.892] 0.433 [0.360, 0.506] 0.593 [0.546, 0.639]

MAGS 0.648 [0.606, 0.690] 0.913 [0.898, 0.928] 0.604 [0.524, 0.677] 0.604 [0.557, 0.649]

Table 6. Bootstrap 95% CIs on Llama-3.1-8B-Instruct across all benchmarks (B=10,000 resamples, percentile method).

MATH-500 (N=500) GSM8k (N=1319) HumanEval (N=164) MBPP (N=427)

Method Acc. 95% CI Acc. 95% CI Acc. 95% CI Acc. 95% CI

Unsteered 0.478 [0.428, 0.516] 0.860 [0.841, 0.879] 0.561 [0.494, 0.640] 0.562 [0.515, 0.609]

ITI 0.498 [0.456, 0.540] 0.855 [0.836, 0.874] 0.573 [0.494, 0.646] 0.548 [0.501, 0.595]
AS 0.506 [0.462, 0.550] 0.857 [0.839, 0.876] 0.591 [0.512, 0.665] 0.546 [0.499, 0.593]
CD 0.492 [0.456, 0.542] 0.858 [0.839, 0.876] 0.591 [0.518, 0.665] 0.555 [0.508, 0.602]

MAGS 0.530 [0.486, 0.574] 0.867 [0.848, 0.886] 0.604 [0.524, 0.677] 0.574 [0.527, 0.621]
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