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Abstract

Chain-of-thought reasoning improves large lan-
guage models by spending more tokens at test
time, but this couples accuracy to generation
length. Activation steering offers a lightweight
alternative, yet most steering methods apply a
fixed vector throughout generation and cannot
adapt to different stages of a multi-step solution.
We propose STIR (Self-Distilled Tools for
Internal Reasoning), a test-time framework that
builds a compact library of state-conditioned
correction vectors from the model’s own suc-
cessful and failed rollouts. At inference time,
STIR retrieves candidate corrections at struc-
tural reasoning checkpoints, validates them
with a short lookahead probe, and abstains
when the current trajectory already matches a
high-quality state. Across six mathematical and
knowledge-intensive reasoning benchmarks,
STIR improves average accuracy by 1.9% to
7.5% over Vanilla decoding while reducing av-
erage token consumption by up to 35%. These
results suggest that selective latent interven-
tions can improve the accuracy-cost trade-off
of reasoning without forcing every problem to
generate longer chains. Our code is available at
https://github.com/sznnzs/STIR.

1 Introduction

Large language models increasingly solve hard
problems by spending more computation at test
time (Zhang et al., 2025). Chain-of-thought
prompting serializes intermediate reasoning into ex-
plicit tokens (Wei et al., 2022; Kojima et al., 2022;
Zhou et al., 2023), while tree and graph search,
sampling, and voting methods improve reliability
by exploring multiple candidate paths (Yao et al.,
2023; Besta et al., 2024; Snell et al., 2025). This
token-centric strategy (Xiao et al., 2025a,b, 2026a)
is effective, but it ties stronger reasoning to longer
or repeated generations. In practical deployment,
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additional deliberation often means higher latency,
higher serving cost, and a larger risk of verbose or
repetitive reasoning (Zeng et al., 2025; Sui et al.,
2025; Xiao et al., 2026c).

A complementary direction is to improve rea-
soning inside the model’s hidden states. Work on
implicit reasoning and latent computation suggests
that some intermediate computation can be repre-
sented without exposing every step as text (Hao
et al., 2025; Zhu et al., 2025; Shen et al., 2025).
However, many such methods allocate special la-
tent, pause, or internal tokens, and often require
additional training or careful optimization to keep
the hidden trajectory stable (Zelikman et al., 2024;
Skean et al., 2025; Lin et al., 2025; Kim et al., 2025;
London and Kanade, 2025). These requirements
make them hard to use as lightweight repair mech-
anisms for an already pretrained model. We there-
fore ask whether a model’s reasoning trajectory
can be improved at test time, without retraining the
model or forcing every instance to produce longer
explicit chains.

Activation steering offers a natural mechanism
for this goal because it intervenes directly in the
residual stream without modifying model param-
eters (Rimsky et al., 2024; Turner et al., 2023).
Early steering work focused on global attributes
through function vectors or representation engineer-
ing (Todd et al., 2024), and recent work has begun
to apply steering to reasoning behaviors such as
overthinking or repetitive continuation (Chen et al.,
2025b; Huang et al., 2025; Azizi et al., 2026). De-
spite this promise, most steering protocols still rely
on static control vectors that impose one global bias
across generation. This static paradigm is poorly
matched to multi-step reasoning: a correction that
helps decomposition may differ from one that helps
verification, and an intervention that helps one
phase can disturb another. Reasoning control there-
fore needs to be dynamic, state-aware (Xiao et al.,
2026b), and able to abstain.
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To address these challenges, we propose STIR
(Self-Distilled Tools for Internal Reasoning), a test-
time framework for state-conditioned activation
steering. The key idea is to mine useful control sig-
nals from the model’s own exploration space. Even
when greedy decoding fails, stochastic rollouts may
contain correct subpaths or complete successful so-
lutions. STIR compares successful and failed local
states at structural reasoning checkpoints, extracts
their hidden-state differences as correction vectors,
and stores them as reusable latent tools. The library
also includes null-action anchors for states where
intervention is unnecessary.

STIR has three stages. First, Contrastive Tool
Induction aligns stochastic rollouts at reasoning
checkpoints and computes local contrasts between
successful and failed prefixes. Second, Sparse
Tool Library Construction filters the raw vectors
into a compact and diverse library, reducing re-
dundant corrections during online retrieval. Fi-
nally, Lookahead-Gated Intervention retrieves can-
didate tools for the current hidden state, validates
them with a short lookahead probe, and applies
a bounded correction only when local evidence
supports intervention. If the current state already
resembles a successful prefix, the controller selects
the null action and leaves the trajectory unchanged.

We evaluate STIR on six mathematical and
knowledge-intensive reasoning benchmarks across
four main open-weight model settings. STIR im-
proves average accuracy by 1.9% to 7.5% over
Vanilla decoding while reducing average token cost
by up to 35%. Ablations and diagnostic analyses
clarify which components drive these gains and
how the controller behaves across tasks.

Our contributions are as follows:

• We identify the mismatch between static acti-
vation steering and state-dependent reasoning,
motivating selective interventions at structural
reasoning checkpoints.

• We introduce STIR, which mines correction
vectors from successful and failed rollouts,
organizes them into a compact latent-tool li-
brary, and pairs active corrections with null-
action anchors for principled abstention.

• We design an inference-time controller that
retrieves, probes, and conditionally applies
latent tools, allowing the model to preserve
good trajectories while correcting uncertain
ones.

• We provide an empirical study across six
benchmarks and four main model settings,
showing improved average accuracy-token
trade-offs and ablations that explain where
the gains come from.

2 Related Work

Reasoning with Large Language Models. Cur-
rent strategies for improving large language model
reasoning primarily rely on explicit token gener-
ation (Zelikman et al., 2022). Chain-of-thought
prompting (Wei et al., 2022) shows that eliciting
intermediate steps can substantially improve per-
formance on complex tasks (Kojima et al., 2022).
Later methods organize generation into richer struc-
tures, including tree-based search (Yao et al., 2023)
and graph-based reasoning (Besta et al., 2024),
which support backtracking and lookahead. Sam-
pling and voting methods further improve relia-
bility by aggregating diverse stochastic trajecto-
ries (Snell et al., 2025). These approaches are
effective, but they tie stronger reasoning to addi-
tional generated tokens and leave each sampled
hidden-state trajectory largely unchanged. STIR
complements this line of work by improving a sin-
gle hidden trajectory rather than relying only on
longer or repeated textual deliberation.

Implicit Reasoning. Recent research investi-
gates how much reasoning can be internalized in
hidden states without explicit token output (Hao
et al., 2025; Zhu et al., 2025; Shen et al., 2025).
Studies on implicit chain-of-thought suggest that
transformer models can perform nontrivial deduc-
tions internally (Zelikman et al., 2024; Skean et al.,
2025), compressing parts of the reasoning process
into the residual stream (Lin et al., 2025). Related
work on pause tokens and internal computation
tokens allocates additional latent capacity by ex-
tending the sequence with non-semantic placehold-
ers (Kim et al., 2025; London and Kanade, 2025).
These methods show that latent computation is use-
ful, but their internal process is difficult to route
toward a specific local failure and may change
the training or inference interface. STIR takes
a complementary approach: it extracts reusable
correction operators from observed success-failure
contrasts and applies them selectively at structural
checkpoints rather than throughout generation.

Latent Representation Steering. Mechanistic
interpretability has enabled direct intervention in a
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Figure 1: Overview of STIR. The offline stage samples stochastic rollouts, aligns prefixes at structural reasoning
checkpoints, and extracts correction vectors from successful versus failed local states. A sparse library then stores
both active corrections and null-action anchors. At inference time, STIR retrieves candidate tools for the current
hidden state, validates them with a short lookahead probe, and applies a correction only when the local evidence
supports intervention.

model’s internal representations (Todd et al., 2024).
Activation steering (Rimsky et al., 2024) and rep-
resentation engineering (Turner et al., 2023) show
that high-level attributes can often be controlled
by extracting and injecting directions in activation
space (Stolfo et al., 2025; Azizi et al., 2026; Huang
et al., 2025). Recent steering work further suggests
that representation-level edits can affect reasoning
length and calibration (Azizi et al., 2026; Huang
et al., 2025). Most existing steering protocols use a
fixed direction during inference, which is suitable
for global attributes but less suitable for multi-step
reasoning. Reasoning trajectories pass through het-
erogeneous phases such as retrieval, decomposi-
tion, deduction, and verification; a correction that
helps one phase may be irrelevant or harmful in an-
other. STIR extends representation steering from a
static global edit to a state-conditioned tool library
that decides which correction to apply and when to
abstain through Lookahead-Gated Intervention.

3 Preliminaries and Problem Formulation

3.1 Latent Dynamics of Generative Reasoning
We analyze the generative reasoning of a
transformer-based large language modelMθ as a
discrete dynamical system. Given an input con-
text x, the model generates a reasoning chain
Y = (y1, . . . , yT ) where the hidden state h

(l)
t at

timestep t and layer l evolves via residual dynam-
ics:

h
(l)
t = h

(l−1)
t + F (l)

θ (h
(l−1)
t ,Attn(h<t)), (1)

Here, the final state h
(L)
t projects onto the vo-

cabulary to determine the next-token probability
P (yt | x, y<t) = softmax(WUh

(L)
t ). This resid-

ual structure implies that applying a targeted pertur-
bation δ to h

(l)
t can steer the generation trajectory

without modifying the parameters θ.

3.2 The Challenge of Temporal Misalignment
Standard activation steering methods assume that a
desired behavior corresponds to a global translation
direction (Chen et al., 2025a; Huang et al., 2025),
injecting a time-invariant vector v∗ into the residual
stream:

h̃t ← ht + α · v∗, ∀t ∈ [1, T ], (2)

This static treatment is poorly matched to multi-
step reasoning. Reasoning states change across
phases such as planning, retrieval, deduction, and
verification, so a direction that supports one phase
may be unhelpful in another. We therefore study
dynamic, state-dependent control, where interven-
tions are selected according to the current reasoning
checkpoint rather than applied uniformly across the
full generation.

4 Methodology

STIR turns activation steering into a state-
conditioned test-time controller. Rather than ap-
plying one global steering vector, it builds a library
of local correction vectors from the model’s own
rollouts and decides at each checkpoint whether a
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correction is warranted. The framework has three
stages. Contrastive Tool Induction extracts can-
didate vectors from successful and failed prefixes.
Sparse Tool Library Construction selects a compact
and diverse library of reusable tools. Lookahead-
Gated Intervention retrieves candidate tools at in-
ference time, validates them with a short lookahead
probe, and applies a bounded correction only when
the evidence supports intervention.

4.1 Contrastive Tool Induction

The offline stage uses the model’s own rollouts as
supervision. For each mining prompt x, we sample
K stochastic solutions and score each solution by
correctness and length. This favors trajectories
that reach the correct answer without unnecessary
continuation, which is important because the mined
vectors are later used to repair or shorten reasoning
rather than to encourage longer deliberation.

R(Y ) = I(Y ∈ Y∗)− η · L(Y )

Lmax
, (3)

where I(·) indicates correctness against ground
truth, L(Y ) denotes the generated length, and η
controls the length penalty.

To extract latent steering impulses, we align sam-
pled trajectories by step index at structural check-
points. In our implementation, a checkpoint is
created by the double-newline delimiter \n\n. We
do not force rollouts with different lengths into a
shared token-level alignment. Instead, each check-
point index m has its own library bucket: only
rollouts that reach step m contribute to the posi-
tive or negative set for that index, while earlier-
terminating rollouts contribute nothing to later in-
dices. During inference, retrieval is also condi-
tioned on the checkpoint index, so tools mined
from one step are not mixed with tools from an-
other.

At a decision point m, we partition the reached
rollout prefixes into a high-reward positive set Pm
and a low-reward negative set Nm. Under the hy-
pothesis that the transition from failure to success
can be locally approximated by a linear transla-
tion (Park et al., 2024), we compute centroid hid-
den states for the two sets:

µ+
m =

1

|Pm|
∑︂

y∈Pm

hm(y),

µ−
m =

1

|Nm|
∑︂

y∈Nm

hm(y),

(4)

The candidate steering impulse is the difference
vm = µ+

m − µ−
m. We use this vector as a local

correction proposal: it points from common failed
prefixes toward nearby successful prefixes at the
same checkpoint, without assuming that one global
direction works for every reasoning state.

We also store evidence for when not to inter-
vene. Each discovered contrast creates two entries.
The correction entry is keyed by the negative cen-
troid k− = µ−

m and stores the active impulse vm.
The anchor entry is keyed by the positive centroid
k+ = µ+

m and stores a null impulse. During infer-
ence, a strong match to an anchor indicates that the
current trajectory already resembles a successful
prefix, allowing the controller to abstain instead of
perturbing a valid solution.

4.2 Sparse Tool Library Construction
Contrastive Tool Induction can produce many sim-
ilar candidate entries. Using all of them would
slow retrieval and make the controller repeatedly
consider near-duplicate corrections. We therefore
select a compact library M ⊂ Ω with budget
|M| ≤ B. The selection objective preserves indi-
vidually useful tools while discouraging redundant
state keys.

Let K ∈ RN×N be the similarity kernel, where
Kij = ⟨ki, kj⟩ is the cosine alignment between
state keys, and let q(π) be the quality score of a
tool estimated from reward gain during mining. We
selectM by maximizing

J (M) =
∑︂

π∈M
log(1 + q(π))

+ λ log det(KM + ϵI),

(5)

where λ controls the diversity term and ϵI ensures
numerical stability. The first term favors tools with
higher observed utility, while the determinant term
improves coverage by penalizing highly aligned
keys.

Because exact maximization is NP-hard, we use
the standard marginal-gain approximation for de-
terminantal objectives (Gillenwater et al., 2012).
At each iteration, the next entry is selected by its
marginal gain:

π∗ = argmax
π∈Ω\Mt−1

[︂
log(1 + q(π))

+ λ log σ2
π|Mt−1

]︂
,

(6)

Here, σ2
π|Mt−1

measures how much new coverage
the candidate key adds beyond the current library.
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After selection, all keys are L2-normalized so on-
line retrieval uses cosine similarity consistently
across layers.

4.3 Lookahead-Gated Intervention

At inference time, STIR treats each checkpoint as a
routing decision. Given the current hidden state ht,
it retrieves a small candidate set Ct fromM. Each
tool π receives a retrieval prior Â(π) = K(ht, kπ) ·
q(π), where K is cosine similarity and q(π) is the
historical reward gain. If the strongest match is
an anchor entry rather than an active correction,
the controller prefers the null action and leaves the
trajectory unchanged.

Similarity alone is not reliable enough in high-
dimensional hidden states, so STIR validates the
top candidates with a short lookahead probe. For
each candidate, we run a lightweight Tprobe token
continuation and compare its confidence against
the unperturbed continuation:

G(π) = 1

Tprobe

Tprobe∑︂

j=1

[︂
logPθ(ỹt+j | h̃π)

− logPθ(yt+j | hdefault)
]︂
,

(7)

The probe filters out candidates that are close in
representation space but unhelpful for the current
continuation. STIR combines retrieval and probe
evidence as S(π) = β · Â(π)+ρ ·G(π), selects the
best candidate π∗, and abstains if S(π∗) < τnull.
If an active tool is selected, its injection strength is
scaled by the resulting confidence:

ht ← ht+ clip(kscale ·S(π∗), 0, αmax) · vπ∗ . (8)

Thus, STIR intervenes only when retrieval and
lookahead agree, and the perturbation magnitude
remains bounded by αmax.

5 Experiments

5.1 Experimental Setup

Datasets and Target Models. We evalu-
ate reasoning across six benchmarks. The
mathematical benchmarks are AIME24,
AIME25, AMC23 (math-ai, 2023), and
MATH500 (Hendrycks et al., 2021); the
knowledge-intensive benchmarks are ARC-
Challenge (Clark et al., 2018) and OpenBookQA
(OBQA) (Mihaylov et al., 2018). The main
evaluation uses four open-weight model settings:

DeepSeek-R1-Distill-Qwen-1.5B, DeepSeek-R1-
Distill-Qwen-7B (Guo et al., 2025), Qwen2.5-
3B-Instruct, and Qwen2.5-7B-Instruct (Yang
et al., 2025). These settings compare post-training
style and scale within Qwen-derived models;
Appendix B.3 adds Llama-3.1-8B-Instruct as a
model-family check.

Baselines. We benchmark STIR against represen-
tative inference paradigms. Vanilla decoding mea-
sures the intrinsic single-trajectory capability of
each model under the same prompting format. Self-
Discover (Zhou et al., 2024) represents structure-
driven prompting, while Self-Consistency (Wang
et al., 2023; Chen et al., 2024) tests whether
repeated sampling and voting can recover sim-
ilar gains by spending more test-time computa-
tion. We also compare with DEER (Yang et al.,
2026), an efficient dynamic-reasoning baseline,
and SEAL (Chen et al., 2025b), a representa-
tive activation-steering baseline. Together, these
baselines cover prompt-level structure, sampling-
based compute scaling, efficiency-oriented reason-
ing control, and representation-level steering. Ap-
pendix B.2 reports a beam-style diagnostic that
uses the same short-horizon confidence metric as
STIR but branches over token continuations instead
of applying latent corrections.

Implementation Details. All implementations
are built on EasySteer (Xu et al., 2025) with
a vLLM backend (Kwon et al., 2023) for high-
throughput inference. During offline construc-
tion, each mining example is sampled with K =
8 stochastic rollouts, scored by correctness and
length, and aligned at structural checkpoints. The
resulting positive and negative prefixes are used to
build a compact quality-diversity tool library, while
evaluation examples remain disjoint from the min-
ing set. At inference time, STIR uses the same base
prompt and decoding setup as the corresponding
Vanilla run, adding only retrieval, short-horizon
probing, and bounded latent intervention. We re-
port accuracy and average generated tokens as the
primary metrics; dataset split sizes, generation bud-
gets, and hyperparameters appear in Appendix A.2.

5.2 Main Results
Table 1 reports the main accuracy-token compar-
ison. STIR improves the average accuracy of
the accuracy-oriented setting (kscale = 0.75) over
Vanilla in all four main model blocks, with gains
ranging from +1.9 to +7.5 points. The gains
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Table 1: Main results across six datasets and four main model settings. Values represent Accuracy% (Avg. Tokens).
The final column summarizes average accuracy change and average token reduction relative to Vanilla. Bold denotes
the highest accuracy per block. STIR is reported with two strength settings to expose the accuracy-token trade-off
induced by intervention strength.

Model Method Math Reasoning General QA Average Stats

AIME 24 AIME 25 AMC 23 MATH500 ARC-C OBQA Acc (∆) / Cost (Drop%)

Vanilla 40.0 (11,282) 30.0 (11,642) 60.0 (7,103) 72.0 (4,688) 59.2 (652) 50.0 (668) 51.9 (–) / 6,006 (1.0x)
Self-Consistency 35.0 (32,761) 35.0 (28,535) 73.3 (17,529) 84.0 (9,441) 54.5 (2,065) 53.8 (2,089) 55.9 (+4.1) / 15,403 (x2.6)
Self-Discover 20.0 (10,837) 20.0 (9,884) 50.0 (7,955) 74.0 (3,979) 57.2 (650) 47.2 (662) 44.7 (-7.1) / 5,661 (↓5%)
DEER 30.0 (9,935) 40.0 (9,208) 66.7 (6,509) 71.0 (2,364) 56.9 (625) 51.2 (656) 52.6 (+0.8) / 4,883 (↓18%)
SEAL 30.0 (11,802) 20.0 (13,262) 60.0 (7,495) 62.0 (5,458) 49.0 (665) 50.0 (640) 45.2 (-6.7) / 6,554 (↑9%)
STIRkscale=1.0 25.0 (11,265) 30.0 (11,031) 70.0 (6,835) 71.5 (3,282) 49.8 (444) 47.8 (446) 49.0 (-2.8) / 5,550 (↓7%)

DeepSeek-R1
Distill-Qwen
1.5B

STIRkscale=0.75 35.0 (11,930) 35.0 (11,383) 70.0 (6,645) 74.8 (4,297) 56.2 (669) 51.4 (629) 53.7 (+1.9) / 5,926 (↓1%)

Vanilla 55.0 (11,240) 45.0 (9,622) 86.7 (5,009) 85.2 (2,760) 77.9 (604) 75.4 (580) 70.9 (–) / 4,969 (1.0x)
Self-Consistency 65.0 (27,942) 45.0 (29,249) 90.0 (14,587) 89.8 (7,974) 79.9 (1,889) 77.4 (1,905) 74.5 (+3.6) / 13,924 (x2.8)
Self-Discover 40.0 (9,548) 45.0 (9,971) 80.0 (3,788) 84.5 (2,133) 76.3 (520) 73.8 (527) 66.6 (-4.3) / 4,415 (↓11%)
DEER 70.0 (9,560) 50.0 (9,070) 83.3 (4,327) 80.8 (2,069) 77.3 (572) 74.0 (550) 72.6 (+1.7) / 4,358 (↓12%)
SEAL 60.0 (8,902) 50.0 (9,417) 90.0 (3,728) 85.0 (3,189) 77.0 (679) 74.0 (643) 72.7 (+1.8) / 4,426 (↓10%)
STIRkscale=1.0 65.0 (9,151) 50.0 (9,288) 90.0 (4,148) 87.0 (2,732) 79.9 (534) 73.2 (374) 74.2 (+3.3) / 4,371 (↓12%)

DeepSeek-R1
Distill-Qwen
7B

STIRkscale=0.75 65.0 (8,941) 60.0 (9,653) 93.3 (4,000) 88.0 (2,638) 82.9 (600) 76.8 (591) 77.7 (+6.8) / 4,404 (↓11%)

Vanilla 5.0 (2,749) 5.0 (2,559) 43.3 (1,416) 65.8 (872) 80.9 (297) 75.4 (263) 45.9 (–) / 1,359 (1.0x)
Self-Consistency 10.0 (2,991) 0.0 (3,090) 36.7 (2,796) 63.2 (1,918) 83.9 (906) 77.6 (804) 45.2 (-0.7) / 2,084 (↑53%)
Self-Discover 10.0 (2,497) 5.0 (1,021) 56.7 (1,446) 62.7 (873) 73.9 (323) 70.0 (289) 46.4 (+0.5) / 1,075 (↓20%)
DEER 10.0 (2,084) 0.0 (2,186) 50.0 (1,566) 61.0 (1,146) 75.9 (354) 69.2 (329) 44.4 (-1.5) / 1,278 (↓6%)
SEAL 0.0 (2,802) 0.0 (2,571) 50.0 (853) 70.0 (1,002) 85.0 (313) 66.0 (276) 45.2 (-0.7) / 1,303 (↓4%)
STIRkscale=1.0 10.0 (1,509) 0.0 (981) 43.3 (875) 65.8 (752) 75.9 (265) 76.4 (256) 45.2 (-0.7) / 773 (↓43%)

Qwen2.5
3B-Instruct

STIRkscale=0.75 20.0 (1,264) 15.0 (1,023) 56.7 (1,432) 67.5 (984) 84.3 (287) 77.2 (259) 53.4 (+7.5) / 875 (↓35%)

Vanilla 20.0 (1,305) 10.0 (1,045) 53.3 (1,853) 74.5 (731) 88.0 (304) 78.2 (279) 54.0 (–) / 920 (1.0x)
Self-Consistency 20.0 (2,998) 25.0 (2,983) 43.3 (2,828) 75.5 (1,919) 88.6 (925) 79.4 (844) 55.3 (+1.3) / 2,083 (x2.3)
Self-Discover 15.0 (1,865) 15.0 (878) 60.0 (821) 71.0 (709) 79.6 (326) 73.6 (280) 52.4 (-1.6) / 813 (↓11%)
DEER 20.0 (1,315) 15.0 (986) 50.0 (935) 73.0 (822) 88.3 (321) 77.8 (294) 54.0 (+0.0) / 779 (↓15%)
SEAL 20.0 (992) 10.0 (1,078) 63.3 (672) 80.0 (717) 86.0 (320) 79.0 (279) 56.4 (+2.4) / 676 (↓26%)
STIRkscale=1.0 20.0 (965) 5.0 (911) 56.7 (797) 70.0 (622) 88.0 (299) 76.8 (239) 52.7 (-1.3) / 639 (↓30%)

Qwen2.5
7B-Instruct

STIRkscale=0.75 25.0 (1,096) 20.0 (937) 66.7 (888) 75.5 (778) 89.0 (305) 80.4 (254) 59.4 (+5.4) / 710 (↓22%)

are especially clear on the larger DeepSeek and
Qwen settings: DeepSeek-R1-Distill-Qwen-7B im-
proves from 70.9% to 77.7% average accuracy
while reducing average tokens from 4,969 to 4,404,
and Qwen2.5-7B-Instruct improves from 54.0% to
59.4% while reducing average tokens by 22%. On
Qwen2.5-3B-Instruct, where Vanilla is weaker on
competition math, STIR obtains the largest aver-
age gain (+7.5 points) while reducing token cost
by 35%. The token column is therefore part of
the main comparison, not merely an efficiency add-
on, because STIR targets single-trajectory improve-
ment under a bounded generation budget.

The comparison highlights a different trade-
off from sampling-based test-time scaling. Self-
Consistency remains a strong way to improve
reliability through repeated sampling, but its
gains require substantially longer generation. On
DeepSeek-R1-Distill-Qwen-7B, Self-Consistency
reaches 74.5% average accuracy with 13,924 av-
erage tokens, whereas STIR reaches 77.7% with
4,404 tokens. The efficiency-oriented STIR setting
(kscale = 1.0) often reduces token cost more ag-
gressively, although it can sacrifice accuracy on
harder model-task combinations. These patterns

motivate reporting accuracy and token cost jointly
rather than optimizing either metric alone.

5.3 Geometry of Contrastive Latent States

We next inspect whether successful and failed
rollout states provide useful signals for local cor-
rections. Figure 2 projects latent states from
MATH500 and OBQA rollouts into two dimen-
sions using t-SNE (Maaten and Hinton, 2008).
The projected states overlap globally, but many
local neighborhoods still contain consistent di-
rections from failed prefixes toward successful
prefixes. The visualization therefore supports a
neighborhood-level interpretation rather than a
global separability argument.

This local organization is compatible with
STIR’s controller because the method does not re-
quire one universal steering direction. The library
stores localized contrasts keyed by hidden state and
checkpoint index, so overlapping global geometry
remains compatible with effective local corrections.
The controller only needs a nearby displacement
candidate for the current state, not a dataset-level
classifier that separates all successes from all fail-
ures. This evidence supports mining paired rollout
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Figure 2: t-SNE visualization of contrastive latent states.
Red triangles denote failure states, green circles denote
successful states, and directed edges indicate mined
correction vectors between local contrasts.

contrasts and routing them state by state instead of
applying one static vector to the full trajectory.

Figure 3 reports PCA diagnostics for contrastive
latent states. OBQA shows clearer right/wrong
organization in the leading components, while
MATH500 has more overlap. These plots moti-
vate local contrastive routing: even when global
separation is weak, nearby success-failure contrasts
can still provide useful correction directions. Thus,
the PCA view supports local routing rather than a
global classifier over outcomes.

5.4 Sensitivity Analysis

We also examine the sensitivity of STIR to two
control parameters: injection strength kscale and in-
tervention layer depth. Figure 4 shows that AMC23
is more sensitive to both choices, while MATH500
varies more mildly. Across these settings, very
weak perturbations often fail to move the model
away from its default trajectory, while overly strong
perturbations can over-correct and reduce accuracy.
The useful region is therefore a moderate interven-
tion range rather than the largest possible steering
magnitude.

Layer placement shows a similar calibration ef-
fect. Intervening too early risks editing low-level
contextual features before the reasoning state has
stabilized, while intervening too late leaves little
opportunity for the correction to affect subsequent
reasoning. The best region in Figure 4 lies around
intermediate normalized depths, consistent with the
view that multi-step reasoning decisions are most
steerable after the model has formed a task rep-
resentation but before final token prediction dom-
inates. We use these sweeps to choose a stable
operating range for the main experiments, while
allowing the final setting to vary across models and
datasets.

Table 2: Ablation study on DeepSeek-R1-Distill-Qwen-
7B. We report accuracy (%) and average tokens after
removing individual offline and online components.

Configuration
AMC 23 MATH 500

Acc. Avg. Cost Acc. Avg. Cost

STIR (Full) 93.3 4000 88.0 2639

Offline Library Construction
w/o Contrastive Tool Induction 83.3 (-10.0) 5041 (+1041) 83.0 (-5.0) 2904 (+265)

w/o Diversity (Top-k) 76.7 (-16.6) 6048 (+2048) 87.3 (-0.7) 2543 (-96)

Online Control Policy
w/o Lookahead Probing 90.0 (-3.3) 5180 (+1180) 81.0 (-7.0) 2096 (-543)

w/o Anchor Gating 86.7 (-6.6) 5203 (+1203) 85.8 (-2.2) 2855 (+216)

w/o Adaptive Injection 93.3 (-0.0) 4488 (+488) 80.3 (-7.7) 3405 (+766)

5.5 Ablation Study
To validate the architectural decisions in STIR, we
conduct a component ablation on DeepSeek-R1-
Distill-Qwen-7B using AMC23 and MATH500.
Table 2 shows that both library content and rout-
ing policy contribute materially to performance.
Removing Contrastive Tool Induction reduces ac-
curacy by 10.0 points on AMC23 and 5.0 points
on MATH500, indicating that the correction vec-
tors cannot be replaced by arbitrary perturbations.
Removing diversity selection also degrades per-
formance, especially on AMC23, suggesting that
redundant tools fail to cover distinct failure modes.

The online policy is equally important. Remov-
ing lookahead probing reduces accuracy, showing
that nearest-neighbor retrieval alone can select plau-
sible but unhelpful corrections. Removing anchor
gating also hurts performance and increases cost
on both datasets, matching the intended role of an-
chors: when the current state already resembles a
successful prefix, the appropriate action is often to
abstain. Finally, removing adaptive injection leaves
the controller unable to scale intervention magni-
tude to local evidence, producing a particularly
large drop on MATH500. These results support the
full Lookahead-Gated Intervention policy over a
simpler always-steer policy.

5.6 Cross-Task Reuse of Latent Tools
To investigate whether distilled latent tools cap-
ture reusable reasoning patterns, we evaluate li-
braries built from one source dataset on other target
datasets. Figure 5 shows the resulting reuse matrix.
The strongest off-diagonal behavior appears within
related mathematical tasks, where tools mined from
AIME, AMC23, or MATH500 can still provide
useful corrections on other math benchmarks. We
also observe several cross-domain cases with im-
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Figure 3: PCA visualization of contrastive latent states. The plots provide diagnostic evidence of local right/wrong
organization, with clearer separation on OBQA and more overlap on MATH500.
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Figure 4: Sensitivity analysis of key control hyperparameters. Subplots (a) and (b) vary injection strength kscale;
subplots (c) and (d) vary normalized layer depth. AMC23 shows the clearest dependence on strength and layer,
while MATH500 is comparatively smoother.

Table 3: Computational overhead analysis across model
scales. Avg. tokens denotes the mean cumulative count
of additional tokens required by Lookahead-Gated Inter-
vention, while ratio reports this overhead as a percentage
of the total inference cost.

Dataset
DeepSeek-R1-1.5B DeepSeek-R1-7B

Avg. (Total) Tokens Ratio Avg. (Total) Tokens Ratio

AIME24 138.80 (11930) 1.16% 130.51 (8941) 1.46%
AIME25 134.80 (11383) 1.18% 138.54 (9653) 1.44%
AMC23 140.00 (6645) 2.11% 56.00 (4000) 1.40%
MATH500 128.79 (4297) 3.00% 132.84 (2638) 5.03%

proved accuracy or reduced token cost, suggesting
that some tools encode general operations such as
checking constraints or decomposing a problem.

The reuse matrix also shows clear source depen-
dence. Some source-target pairs mainly change
token cost or yield only small accuracy shifts, in-
dicating that latent tools remain partly tied to the
distribution from which they are mined. This is
expected if tools encode local operations: reuse
appears when a target needs the same operation
and weakens under source-specific shortcuts. Ap-
pendix B.4 reports selected source-target pairs rela-
tive to Vanilla for easier numerical comparison.

5.7 Computational Overhead Analysis
We quantify the online cost of STIR by tracking the
additional probe tokens introduced by Lookahead-
Gated Intervention. Table 3 shows that this over-

head is small relative to the full reasoning trace:
across the evaluated DeepSeek settings, the added
probe budget is typically around 56 to 140 tokens,
corresponding to roughly 1.1% to 5.0% of the total
generated-token cost.

This overhead remains limited because looka-
head probes are short and can be batched over can-
didate tools with shared prefix states. STIR adds
validation before steering, but its added cost scales
with probe horizon rather than full output length,
making the overhead local rather than sample-wide.
A fuller wall-clock decomposition, including the
reusable offline library build cost, is provided in
Appendix B.5.

5.8 Reasoning Length Distribution

We analyze AMC23 output lengths as an efficiency
diagnostic. Figure 6 shows that STIR often shifts
outputs away from very long generations, espe-
cially on the DeepSeek-R1-Distill-Qwen settings.
This pattern is consistent with length-regularized
mining and checkpoint-level abstention, which pre-
serve useful reasoning steps while limiting repeated
continuation. Because average cost can be domi-
nated by a small number of long chains, the his-
tograms clarify whether savings come from broad
shortening or from suppressing the long tail of re-
peated verification loops.

Figure 6 complements the average token counts
in Tables 1 and 3: averages cannot distinguish
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Figure 5: Cross-task reuse analysis. Rows indicate the source dataset used to construct the library, and columns
indicate the target evaluation dataset. The left panel reports accuracy, while the right panel reports average generated
tokens. The off-diagonal entries show that some latent tools transfer across related tasks, with effectiveness
depending on source-target relatedness.
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Figure 6: Token usage distribution on AMC23. We compare STIR (green) and Vanilla (red) across four model
settings with kscale = 0.75 (top) and kscale = 1.0 (bottom). The plots show that STIR often reduces the long-token
tail, though the magnitude varies by model and strength setting.

broad shifts from a few extreme generations. The
central mass and the long-token tail change by
different amounts across backbones, and the two
intervention-strength settings do not induce a uni-
form shift. We therefore interpret efficiency to-
gether with accuracy rather than treating shorter
output as an objective by itself. A useful interven-
tion may preserve a longer chain when the task
still requires verification, whereas anchor-based
abstention avoids spending probe and generation
budget when the current trajectory already resem-
bles a successful state. Taken together with the
overhead measurements, these distributions indi-
cate that STIR’s cost profile is shaped by two local
effects: a bounded probing expense at selected
checkpoints and model-dependent changes in con-
tinuation length. This joint view distinguishes typi-
cal outputs from rare extremes. The overlap in the
central bins further shows that STIR does not uni-
formly shorten every response. Visible differences
are concentrated mainly in longer continuations.

6 Conclusion

We introduced STIR, a test-time framework that
casts activation steering as a routed library of latent
reasoning tools. STIR mines contrastive correction
vectors from the model’s own rollouts, sparsifies
them into a diverse library, and applies a candidate
only after state retrieval and short-horizon probing.
Across six benchmarks, STIR improves accuracy-
token trade-offs over Vanilla, with gains depend-
ing on local geometry, component design, calibra-
tion, and conditional reuse rather than repeated
full generations. By coupling sparse retrieval, ab-
stention, and lookahead validation, STIR reframes
steering as selective control over intermediate com-
putation rather than as a global edit. Latent reason-
ing control should be local, evidence-conditioned,
and cost-aware: interventions are most appropri-
ate when a retrieved contrast matches the current
checkpoint and probe evidence predicts a better
continuation; otherwise, the controller should pre-
serve the model’s intrinsic trajectory.
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Limitations

STIR has two main limitations. First, the method
depends on an offline library built from labeled cor-
rectness and stochastic rollouts. This cost can be
amortized when a library is reused, but transfer re-
mains source-dependent: some source-target pairs
improve accuracy or token cost, whereas others
show only small or mixed effects. Second, STIR is
a local intervention method rather than a guarantee
of trajectory correctness. Its checkpoint heuristic
may miss errors inside dense reasoning segments,
and activation edits can still perturb otherwise cor-
rect continuations. Anchor gating and lookahead
probing reduce this risk, but broader backbone cov-
erage and more robust checkpointing remain im-
portant future work.
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A Implementation Details

This appendix provides the technical specifications
needed to reproduce STIR. It summarizes nota-
tion, hyperparameters, and algorithmic details for
Contrastive Tool Induction, Sparse Tool Library
Construction, and Lookahead-Gated Intervention,
complementing the main methodology in Section 4.

A.1 Notation Summary
Table 4 summarizes the mathematical symbols used
to describe the interaction between the language
model and the tool library. The notation covers
residual-stream states, sparse-library geometry, re-
trieval scores, probing gains, and gating thresh-
olds. It also distinguishes correction entries, which
carry active steering impulses, from anchor entries,
which represent high-quality local states where the
controller should abstain.

A.2 Hyperparameters
Table 5 lists the hyperparameters used in STIR. For
Contrastive Tool Induction, we use K = 8 stochas-
tic rollouts per mining example and a length penalty
coefficient η = 0.01. Sparse Tool Library Con-
struction uses a maximum library size B = 256
and diversity weight λ = 0.5. For Lookahead-
Gated Intervention, the retrieval top-k is 8 and the
lookahead horizon is Tprobe = 4, so validation re-
mains lightweight while still providing an instance-
specific signal.

A.3 Algorithms and Engineering
STIR is organized into offline library construction
and online Lookahead-Gated Intervention. Algo-
rithms 1 and 2 make this division explicit and in-
stantiate the three components described in Sec-
tion 4.

Offline Library Construction. Algorithm 1 dis-
tills a compact set of steering primitives from
stochastic model rollouts. Each rollout is evaluated
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Table 4: Mathematical notations and their descriptions used in the STIR framework.

Symbol Description

Mθ Target transformer-based Large Language Model.
h
(l)
t Latent hidden state at timestep t and layer l.

π = (k, v, q) Steering tool unit comprising a state key, steering impulse, and quality score.
k ∈ Rd State key (context anchor) used for tool retrieval.
v ∈ Rd Steering impulse (directional vector) for trajectory correction.
q(π) Historical quality score derived from reward gain during offline discovery.
M Sparse tool library used for retrieval during intervention.
Ω Raw candidate set of discovered tools before sparse selection.
Ct Locally retrieved candidate set of steering tools at timestep t.

Â(π) Similarity-weighted quality score used as the retrieval prior.
G(π) Lookahead gain estimated by short counterfactual probing.
S(π) Unified utility score for final tool selection and gating.
τnull Hard abstention threshold (null action threshold).
kscale Scaling factor for adaptive injection strength.
β, ρ Weighting coefficients for prior score and probing gain, respectively.
λ Diversity weight in the Sparse Tool Library Construction objective.

Tprobe Horizon length (tokens) for lookahead previewing.
B Total library budget (maximum entries in the library).

Table 5: Hyperparameter configurations employed in the STIR framework.

Phase Hyperparameter Value

Contrastive
Tool Induction

Rollout count per example (K) 8
Positive pool size (kpos) 2
Negative pool size (kneg) 3

Length penalty coefficient (η) 0.01
Sampling temperature 0.7

Sparse Tool
Library Construction

Total library size (B) 256
Diversity weight (λ) 0.5

DPP stability term (ϵ) 10−4

Lookahead-Gated
Intervention

Retrieval top-k 8
Candidate pool size (L) 4

Lookahead horizon (Tprobe) 4
Prior weight (β) 2.0

Probing weight (ρ) 0.1
Normalized layer depth 0.6
Strength scale (kscale) 1.0

with the length-regularized reward in Eq. 3. At
structural checkpoints, trajectories are partitioned
into positive and negative prefix sets, converted
into latent centroids using Eq. 4, and contrasted
to obtain candidate steering impulses. Sparse Tool
Library Construction then uses marginal-gain deter-
minantal selection (Gillenwater et al., 2012), favor-
ing high-utility entries while reducing redundancy
under Eq. 6. All state keys are L2-normalized,
which keeps online retrieval based on cosine simi-
larity consistent across layers.

Online Lookahead-Gated Intervention. Algo-
rithm 2 implements Lookahead-Gated Intervention.
At each decision point, the controller retrieves can-
didate tools by angular similarity to the current

hidden state and first checks whether anchor evi-
dence supports abstention. For the remaining active
candidates, a short-horizon counterfactual probe es-
timates the dynamic reward gain in Eq. 7. The
controller combines retrieval and probe evidence
into a unified utility score, applies a null-threshold
check, and injects the selected steering impulse
only when the local evidence is strong enough. The
perturbation magnitude is then scaled by decision
confidence according to Eq. 8, preventing every
retrieved tool from becoming a fixed-strength edit.

Engineering Infrastructure. The implementa-
tion uses EasySteer (Xu et al., 2025) with a vLLM
backend (Kwon et al., 2023). Offline rollout gener-
ation can be parallelized across GPUs. During on-

51826



Table 6: Mining/evaluation split sizes and maximum
generation budgets.

Dataset Mining Eval Tmax

AIME25 10 20 16384
AIME24 10 20 16384
AMC23 10 30 16384
ARC-C 100 299 1024

MATH500 100 400 16384
OBQA 100 500 1024

line inference, lookahead probes are batched over
candidate tools and reuse the current generation
context when possible. This keeps validation over-
head closer to short local probing than to running
separate full generations for every candidate.

B Additional Results and Diagnostics

B.1 Mining and Evaluation Splits
Table 6 reports the mining and evaluation sizes
used to construct and test the STIR libraries. The
protocol keeps mining and evaluation examples dis-
joint: mining examples produce stochastic rollouts
for library construction, while evaluation examples
are reserved for final testing and are never used
to build the library. For datasets whose public re-
lease uses the same split name for both subsets,
the split name identifies the public source partition;
the item-level mining and evaluation subsets are
sampled separately.

B.2 Search-Only Diagnostic Baseline
Because STIR uses a short lookahead probe, we
include a search-only diagnostic that uses the same
confidence signal (Shi et al., 2025b) but branches
over token continuations instead of applying la-
tent corrections. Table 7 shows that lookahead
confidence alone does not explain STIR’s gains
on DeepSeek-R1-Distill-Qwen-7B: Beam Search
improves only modestly over Vanilla, while STIR
reaches higher average accuracy at a comparable
average token cost.

This comparison is intended as a diagnostic
rather than as a full decoding study. It controls
for the possibility that the probe signal simply be-
haves like a lightweight search heuristic. The gap
between Beam Search and STIR suggests that the
main benefit comes from applying a retrieved latent
correction to the current reasoning state, not merely
from spending the same probe budget on nearby
token continuations.

B.3 Additional Model-Family Evidence
We view this run as additional model-family evi-
dence. Under the same mining and intervention
protocol, it evaluates whether the rollout-derived
controller remains effective when the target back-
bone differs from the main Qwen-derived settings.
The result therefore tests protocol-level transfer
rather than only within-family reuse.

B.4 Cross-Dataset Reuse
Table 9 reports selected source-target reuse pairs
relative to the Vanilla target model, complementing
the full cross-dataset matrix in Figure 5. The se-
lected rows give representative cases where reuse
improves accuracy, reduces tokens, or trades one
objective for the other.

The selected rows highlight two recurring be-
haviors. First, mathematically related libraries
can transfer useful local checks across datasets,
as in AIME25→MATH500. Second, some cross-
domain reuse is beneficial when the target problem
requires a general reasoning operation such as con-
straint checking. The token column is included
because reuse can improve accuracy while increas-
ing cost, so both dimensions are needed to interpret
transfer behavior.

B.5 Engineering Cost Decomposition
Table 10 separates online inference from offline

library construction. The Self-Consistency column
corresponds to three repeated Vanilla samples un-
der the same decoding setup. STIR incurs an of-
fline cost, but the resulting library can be reused
across evaluation examples and related tasks. The
decomposition separates per-query online overhead
from amortizable preparation cost, which are oper-
ationally different.

The wall-clock results also clarify the difference
between STIR and sampling-heavy alternatives.
Self-Consistency scales almost linearly with the
number of repeated samples, whereas STIR pays
for short probes and latent-vector operations during
a single controlled trajectory. The offline build time
is therefore best viewed as a reusable indexing cost:
it matters for a one-off deployment, but becomes
less dominant when the same library is applied to
multiple evaluation batches or reused for related
analyses (Shi et al., 2025a).

B.6 Case Studies
We summarize representative interventions in prose
rather than reproducing full generations. The cases
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Algorithm 1 STIR Offline: Contrastive Tool Induction and Sparse Tool Library Construction

Require: Training set D, modelMθ , checkpoints M , library budget B
Ensure: Sparse tool libraryM
1: // Stage I: Contrastive Tool Induction
2: for each example (x, y) ∈ D do
3: Sample K stochastic rollouts {Y1, ..., YK} fromMθ

4: Compute rewards {R1, ..., RK} using Eq. (3)
5: for each checkpoint m = 1 to M do
6: Identify positive prefixes Pm and negative prefixesNm

7: Extract latent centroids µ+
m and µ−

m via Eq. (4)
8: vm ← µ+

m − µ−
m {Steering impulse}

9: Calculate quality score qm based on reward gain
10: Store correction entry π = (µ−

m, vm, qm) and anchor entry (µ+
m, 0) in Ω

11: end for
12: end for
13: // Stage II: Sparse Tool Library Construction
14: Select B entries from Ω by maximizing Eq. (6)
15: // Stage III: Indexing
16: Normalize all keys k ∈M such that ∥k∥2 = 1
17: returnM

Table 7: Beam-style search diagnostic on DeepSeek-R1-Distill-Qwen-7B. Beam Search uses the same short-horizon
confidence metric as STIR but does not apply activation steering. Avg. reports average accuracy / average tokens.

Method AIME24 AIME25 AMC23 MATH500 ARC-C OBQA Avg. Acc / Tok

Vanilla 55.0 45.0 86.7 85.2 77.9 75.4 70.9 / 4969
Beam Search 60.0 50.0 86.7 76.5 82.6 74.8 71.8 / 4396

STIR 65.0 60.0 93.3 88.0 82.9 76.8 77.7 / 4404

illustrate three roles of the retrieved latent tools: re-
covering a missing algorithmic substep, encourag-
ing invariance checking under cross-dataset reuse,
and redirecting a shallow association toward a task-
relevant constraint.

Recovering a missing arithmetic substep. On
a MATH500 problem asking for the number of
trailing zeros in 42!, Vanilla follows the standard
factorial-zero strategy but stops after counting mul-
tiples of 5, giving ⌊42/5⌋ = 8. STIR changes the
local reasoning state so that the continuation also
accounts for the additional factor of 5 contributed
by 25, computing ⌊42/5⌋+ ⌊42/25⌋ = 8+ 1 = 9.
This case illustrates the intended behavior of a lo-
cal correction: the intervention keeps the overall
solution strategy intact while restoring a missing
step inside it.

Checking invariance in a math transfer case.
In a cross-dataset reuse example from common-
sense to mathematics, the target question involves
distributing indistinguishable balls into boxes.
Vanilla applies a stars-and-bars-like pattern for dis-
tinct boxes and returns six ordered allocations. Af-
ter STIR intervention, the model treats box permu-
tations as equivalent and enumerates the unordered
partitions (0, 5), (1, 4), and (2, 3), producing the

correct count of three. The qualitative change sug-
gests that the retrieved tool encourages an invari-
ance check, helping the model avoid a surface for-
mula match when the problem objects are indistin-
guishable.

Redirecting a shallow association in common-
sense transfer. In a math-to-commonsense trans-
fer example, the prompt asks for the most ap-
propriate completion of a desert-related question.
Vanilla follows the salient lexical association be-
tween “desert” and “cactus.” With STIR, the con-
tinuation instead focuses on the decisive environ-
mental constraint that water is scarce in deserts and
selects “stream.” This example does not imply that
a mathematical tool directly encodes commonsense
knowledge; rather, it shows that cross-domain la-
tent tools can sometimes act as local constraint-
checking operators when the target problem re-
quires rejecting an intuitive but under-specified as-
sociation.
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Table 8: Llama-3.1-8B-Instruct results. Accuracy is reported in percent and tokens are average generated tokens.

Method AIME24 AIME25 AMC23 ARC-C MATH500 OBQA Avg. Acc / Tok

Vanilla Acc 0.0 5.0 30.0 81.3 52.3 79.8 41.4
STIR Acc 5.0 10.0 33.3 82.6 54.8 79.9 44.3

Vanilla Tok 6217 5369 6429 282 2012 256 3427
STIR Tok 3932 3890 4805 287 1970 250 2522

Table 9: Selected cross-dataset reuse results on DeepSeek-R1-Distill-Qwen-7B, reported relative to the Vanilla
target model.

Source→ Target STIR Acc Vanilla Acc ∆Acc STIR Tok Vanilla Tok ∆Tok

OBQA→ AIME24 65.0 55.0 +10.0 8846 11240 -2394
AIME25→MATH500 87.0 85.2 +1.8 2834 2760 +74

AMC23→ ARC-C 78.9 77.9 +1.0 595 604 -9
MATH500→ AIME25 55.0 45.0 +10.0 10183 9622 +561

Table 10: Wall-clock cost decomposition on DeepSeek-R1-Distill-Qwen-7B. Times are reported as h:mm:ss.

Dataset Vanilla Self-Consistency SEAL STIR Online STIR Offline Build STIR Total

MATH500 0:16:10 0:48:30 21:56:39 1:13:21 0:40:31 1:53:52
OBQA 0:01:59 0:05:57 3:36:05 0:52:27 0:27:04 1:19:31
ARC-C 0:01:26 0:04:18 1:43:48 0:38:39 0:18:03 0:56:42
AMC23 0:07:38 0:22:54 7:08:55 0:12:08 0:11:16 0:23:24
AIME25 0:08:26 0:25:18 7:12:19 0:12:21 0:15:37 0:27:58
AIME24 0:08:57 0:26:51 7:09:53 0:11:54 0:19:08 0:31:02

Algorithm 2 STIR Online: Lookahead-Gated Intervention

Require: Prompt z, current prefix p, checkpoint index m, tool libraryM
Ensure: Controlled segment or abstention
1: Extract latent descriptor ϕm,l from the residual stream of p at layer l
2: Ct ← Retrieve top-k entries fromM conditioned on ϕm,l

3: Âanchor ← Extract maximum similarity score from retrieved anchor entries
4: if Ct is empty or Âanchor is dominant then
5: return abstain {Consistency-based gating to trust intrinsic generation}
6: end if
7: Filter Ct to retain top-L candidates based on prior Â
8: for each candidate πi ∈ Ct do
9: Execute short-horizon preview for Tprobe tokens using a shared KV-cache

10: Estimate average log-prob gain G(πi) via Eq. (7)
11: S(πi)← β · Â(πi) + ρ · G(πi) {Compute unified utility score}
12: end for
13: π∗ ← argmaxπi∈Ct S(πi)
14: if S(π∗) < τnull then
15: return abstain
16: else
17: α← min(kscale · S(π∗), αmax) {Adaptive strength with clipping}
18: Apply steering impulse vπ∗ to h

(l)
t with strength α

19: return Generate next segment viaMθ(·|h(l)
t + αvπ∗)

20: end if
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