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(a) Two failure modes of
language agents

Tool overuse
Q: 1 + 2 + · · ·+ 100 = ?

tool call >>> sum(range(100)) p
Calls a tool it doesn’t need and
gets 4950 from a bug.

Tool underuse

Q: Which is larger, 9.11 or 9.9?

direct answer “9.11 is larger.” p
Skips a tool it needs and
guesses 9.11.

(b) One activation direction
fixes both failure modes

q1
−m: steer toward THINK

j answers directly: 5050
pair 1+100, 2+99, . . . : 50 × 101 = 5050

✓

vℓ

THINK ACT

q2
+m: steer toward ACT

å calls a tool: 9.9
>>> 9.11 > 9.9 False

✓

h̃ℓ = hℓ + mc(x) vℓ

50 pairs training-free per-query ±m

(c) Results: mean over 4 LLMs × 4 benchmarks
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Figure 1: (a) language agents suffer from both tool overuse and underuse. (b) ToA-Steer shifts activations
along one THINK-or-ACT direction with a per-query signed strength mc(x): toward THINK for q1, toward
ACT for q2. (c) Averaged over four LLMs and four reasoning benchmarks, it cuts tool overuse by 20 and
underuse by 11 points over prompt-based control, beating training-based control with no parameter updates.

Abstract
Large language model agents rely on external tools to access information beyond internal reasoning, yet

tool use is not uniformly beneficial: a tool call can correct failed internal reasoning, but it can also introduce
noise, increase cost, or corrupt an otherwise correct answer. We study this problem as a Think-or-Act decision:
whether an agent should rely on internal reasoning or invoke an external tool for a given input, where a
wrong decision shows up either as tool overuse or as tool underuse. To evaluate this decision, we introduce
ToA-Eval, a model-specific protocol that maps each agent’s own decision boundary by contrasting each
input’s outcome with and without tool use, labelling it ACT when the tool fixes an error and THINK when it
corrupts a correct answer. To control this decision, we propose ToA-Steer, a training-free activation-steering
method that adaptively selects the sign and magnitude of a single THINK/ACT steering direction for each
input, instead of applying a globally fixed strength.ToA-Steer projects each input’s hidden representation
into a PCA-reduced latent space, and uses K-Means clustering to automatically select a cluster-specific
steering coefficient, encouraging tool use when beneficial and discouraging it when they hurt. Across four
reasoning benchmarks and diverse LLMs, ToA-Steer achieves the highest accuracy in all 16 model–benchmark
settings, outperforming prompt-based and static-steering baselines and even SFT and GRPO trained on
the same labels without any parameter update. On Qwen3-8B, it raises mean accuracy from 0.598 with
prompting to 0.723 and, relative to no steering, improves accuracy by 16 points on ACT-needed instances
and 9 points on THINK-preferred instances at the same time. Further analysis shows that THINK/ACT
signals concentrate at a consistent relative depth of mid-late layers across all four models, and that optimal
steering is cluster-dependent, supporting instance-conditioned rather than globally fixed tool-use control.
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1 Introduction

Large language models are increasingly deployed as interactive agents that can call external tools such
as calculators, code interpreters, search engines, and retrieval systems (Yao et al., 2024; Yang et al., 2024;
Jin et al., 2025). While these tools extend an agent’s capabilities beyond internal reasoning, they are not
uniformly beneficial: a tool call can fix a failed reasoning trajectory when computation or external lookup is
needed, but it can also add latency, introduce noisy observations, or corrupt an answer the model would
have produced correctly on its own (Qian et al., 2025b; Xu et al., 2025). The bottleneck for capable agents is
therefore not only tool competence, but tool-use selectivity: deciding when to rely on internal reasoning and
when to invoke an external tool, which we frame as Think-or-Act decision in language agents.

The central challenge of the Think-or-Act decision lies in its model-dependent nature: whether tool
use is beneficial depends on what the underlying model can accomplish through internal reasoning alone.
An input that requires external tools for one model may be solved correctly without them by another.
Effective Think-or-Act decisions therefore require agents to recognize the limits of their own reasoning
capabilities. Despite substantial progress in tool-augmented agents, this model-dependent decision remains
challenging to both evaluate and control. Existing benchmarks primarily assess tool-calling accuracy or
overall task success (Qin et al., 2023; Liu et al., 2024; Patil et al., 2024; Huang et al., 2023; Ross et al., 2025),
without explicitly distinguishing when tool use helps or hurts a particular model relative to reasoning
alone. Meanwhile, existing methods primarily improve tool-use capabilities (Qin et al., 2023; Liu et al., 2024;
Patil et al., 2024; Qian et al., 2025a; Feng et al., 2025) or regulate tool invocation through prompting and
training (Yao et al., 2022; Paranjape et al., 2023; Schick et al., 2023), offering limited fine-grained control
over the internal decision process that determines whether a model relies on its own reasoning or invokes
external tools for individual inputs. These limitations raise two questions: (1) For a given model, on which
inputs does tool use help or hurt? (2) Can we steer the model’s internal decision to encourage tool use when
beneficial and suppress it when harmful?

To answer the first question, we introduce ToA-Eval, a model-specific Think-or-Act evaluation protocol.
For each model and input, ToA-Eval compares two controlled executions with same model: one without
tool access and one where the model use a tool before answering. This construction identifies two outcome-
changing cases: ACT, where the no-tool answer is wrong but the answer with tool use is correct, and THINK,
where the no-tool answer is correct but the answer with tool use is wrong. Because the same question
may benefit from tool use for one model but not for another, ToA-Eval derives these labels separately for
each evaluated model. It therefore directly evaluates strategic tool-use control: a successful method should
increase tool use on ACT instances, reduce tool use on THINK instances with improved answer accuracy.

We then address the second question from the representation-intervention perspective (Turner et al.,
2023; Zou et al., 2023). Rather than shaping the THINK/ACT decision through prompts, weight updates,
or an external controller, we intervene directly in the model’s latent space at inference time. As a single
static steering strength is insufficient: some inputs require movement toward ACT, while others require
movement toward THINK. We therefore propose ToA-Steer, a dynamic cluster-routed steering controller that
uses a shared THINK/ACT direction but selects an input-specific intervention through latent-space routing.
ToA-Steer first extracts a lightweight, shared THINK/ACT steering direction from contrastive completion
pairs. It then groups inputs by their hidden states at the decision token using PCA followed by K-means,
and calibrates the strength and direction of each group on a small labeled probe set. At inference, each
input is routed to its group and steered with that group’s strength, so the model is pushed toward tool use
where tools help and away from it where they hurt with the same representation-level mechanism. Further
analysis shows that the THINK/ACT signal peaks at a consistent mid-to-late layer relative depth across all
four models, and that inputs sharing the same best steering strength form coherent regions in hidden space,
supporting routing by latent region rather than a single global strength.

In summary, our contributions are:

• We introduce ToA-Eval, a model-specific evaluation protocol for strategic tool-use decision making that
explicitly measures when tool use helps or harms a given agent.

• We propose ToA-Steer, a dynamic, cluster-routed inference-time control method that selects input-
specific steering strengths along a shared THINK/ACT direction.

• We show that ToA-Steer achieves the highest accuracy in all 16 model–benchmark settings, outperform-
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(a) Instances per source benchmark. (b) Instances per base model.

Figure 2: Statistics of ToA-Eval across four source benchmarks and four base models. (a) Breakdown of
instances across the four source benchmarks. (b) Number of instances per base model. ACT denotes
ACT-needed instances where tool use fixes a no-tool error. THINK denotes THINK-preferred instances
where tool use corrupts an otherwise correct no-tool answer.

ing prompt-based, static-steering, and even training-based baselines, and beats RL-trained GRPO on
selective tool calling without any parameter updates.

• We analyze the latent structure of THINK/ACT control, showing that decision-relevant signals concen-
trate at a consistent relative depth of mid-to-late layers across all four models and that optimal steering
is cluster-dependent, providing evidence for instance-conditioned rather than globally fixed control.

2 ToA-Eval: A Think-or-Act Tool-Decision Evaluation Protocol

Existing tool-use evaluations mainly assess whether a model can select, format, or execute tool calls once tool
use is assumed (Qin et al., 2023; Liu et al., 2024; Patil et al., 2025). In contrast, our focus is the prior decision
of whether an agent should rely on internal reasoning or invoke an external tool for a given instance. This
decision is not fixed at the question level: a problem that requires a tool for a smaller model may be solvable
internally by a stronger one. We therefore introduce ToA-Eval (Think-or-Act Evaluation), a model-specific
tool-use decision evaluation protocol that derives Think-or-Act decision labels by contrasting executions of
the same base model without and with tool use. Rather than annotating an intrinsic tool need, ToA-Eval
captures whether tool use changes the outcome for the evaluated model, yielding two decision-relevant cases:
ACT, where tools fix a no-tool error, and THINK, where tools corrupt an otherwise correct answer.

Two-pass construction. For each source problem xi, we run two controlled inference passes. In the no-tool
pass, the model answers using the canonical benchmark prompt without external tools, and we record
whether the final answer is correct as cnt

i ∈ {0, 1}. In the with-tool-use pass, the same model receives access to
a fixed set of general-purpose tools and is required to invoke a tool before answering; we record correctness
as cft

i ∈ {0, 1}. Requiring a tool call in the second pass isolates the effect of using a tool: if the no-tool
pass fails but the with-tool-use pass succeeds, the instance favors ACT; if the no-tool pass succeeds but the
with-tool-use pass fails, the instance favors THINK.

Think-or-Act labeling. After two-pass data construction and collection, ToA-Eval keeps the two outcome-
changing samples where:

• ACT (cnt
i = 0, cft

i = 1): internal reasoning fails, but tool use fixes the answer. The desired decision is to
invoke a tool.
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• THINK (cnt
i = 1, cft

i = 0): internal reasoning succeeds, but tool use corrupts the answer. The desired
decision is to answer directly without relying on external tools.

The remaining cases are excluded from the main Think-or-Act evaluation: if both passes are correct, tool use
is redundant for final accuracy; if both passes fail, neither decision is verifiably preferable. Thus, ACT and
THINK define a decision-relevant set in which the two classes require opposite tool-use behavior, allowing
ToA-Eval to evaluate strategic tool-use control: a successful method should calibrate the model’s THINK/ACT
boundary by promoting tool use when it improves correctness and suppressing it when it degrades correctness.

Source tasks and tools. We instantiate ToA-Eval from AIME 2023–2025 (AIME, 2025), MATH (Hendrycks
et al., 2021), GPQA (Rein et al., 2023), and MMLU-Pro (Wang et al., 2024), covering mathematical computation,
symbolic reasoning, scientific knowledge, and broad expert-level reasoning. These benchmarks are chosen to
span both tool-beneficial settings, such as computation-heavy mathematics, and tool-risk settings, where
external search or execution may distract from a correct internal answer. The with-tool-use pass exposes
the same general-purpose tools across all source tasks, including Python execution and Wikipedia search,
so labels are determined by whether tool use changes the evaluated model’s correctness rather than by
dataset-specific tool assumptions. Figure 2a summarizes the breakdown distribution for each source dataset.

Model-specific construction. Because tool necessity depends on the evaluated model, ToA-Eval is con-
structed separately for each base model by re-running the no-tool and with-tool-use passes and deriving
ACT/THINK labels from that model’s own outcomes. We evaluate four open-weight base models, Qwen3-8B
(Yang et al., 2025), Qwen3.5-27B (Team, 2026), Gemma3-12B (Kamath et al., 2025), and Gemma4-31B (Google
DeepMind, 2026), spanning two model families and different capability levels to test whether tool-use
necessity varies across agent capabilities. We retain decision-relevant ACT and THINK instances to cover
both directions of strategic tool-use control: invoking tools when they help and suppressing tools when they
harm. Figure 2 summarizes the resulting distributions, and all experiments use each model’s own ToA-Eval
labels. The labels are stable under repeated construction (97.3–98.9% agreement over five seeds), decoding
randomness, and prompt or tool-output rewording, and the ACT/THINK contrast is driven by the content a
tool returns rather than by the act of calling it (Appendix B).

3 Methodology Design: Think-or-Act Steer

We propose ToA-Steer, a dynamic steering method for THINK/ACT control. At a high level, ToA-Steer
first extracts a shared THINK/ACT steering direction from contrastive completion pairs that differ only
in whether they endorse tool use or direct internal reasoning (Section 3.1). It then uses a cluster-routed
controller to decide, for each input, whether to steer toward ACT or toward THINK and how strongly to
intervene, yielding an input-specific coefficient and applying the resulting input-specific intervention to the
hidden state during inference (Section 3.2).

3.1 Steering Vector Extraction

We extract a steering vector from contrastive completion pairs, following CAA (Panickssery et al., 2023). For
each query xi in the probe set, we construct two prompts that share the same <System> and <User> blocks
and differ only in the final <Assistant> completion:

• Positive (+), ACT: <System> a tool-aware instruction listing the available tools; <User> the probe
query xi; <Assistant> “Use [tools] to address this query.”

• Negative (−), THINK: <System> a tool-aware instruction listing the available tools; <User> the probe
query xi; <Assistant> “Answer directly from your own knowledge.”

We run two forward passes, one ending with the positive completion and one ending with the negative
completion, and read out the hidden state at the final completion token. Let h(+)

ℓ (xi) and h(−)
ℓ (xi) denote
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① ToA-Eval: when does a tool help or harm this model?

problem
xi

no tool → cnt

with tool use → cft

ACT  cnt=0, cft=1
tool fixes an error

THINK  cnt=1, cft=0
tool breaks a right answer

ToA-Eval pool
labels per model

Offline · probe split

② THINK/ACT direction

“Use [tools] to
address this query.”

“Answer directly
from your own
knowledge.”

ℓ

h+ℓ

h−ℓ

h+ℓ, h
−
ℓ: last-token hidden state at layer ℓ

vℓ = meani ( h+ℓ − h−ℓ )

③ Sweep strength
probe xi correct under h +

m· vℓ ?
m −80 −40 0 +40 +80

x1

x2

x3

x4

x5

④ Fit router
PCA + K-means on
decision-token zℓ

m1 = +80

m2 = +20

m3 = −40

mk = arg maxm accuracy
of cluster k

Inference · test split

xA: △ABC, AB=7,
AC=8, BC=9; find
AD/CD. GT: 5/3
ACT (tool helps)

xB: cone, diameter 30
dm, height = 2r;
volume? GT: 2250π
THINK (tool hurts)

Route zℓ(x) → nearest μk → mc(x)

xA → cluster 1
m = +80

xB → cluster 3
m = −40

Steer frozen LLM, layer ℓ, every step t

h̃ℓ,t = hℓ,t + mc(x) · vℓ

m>0: tool call
“Let me use Python to
calculate this.” ⇒ 5/3
✓

m<0: no tool
“I’ll proceed with the
exact value.” ⇒ 2250π
✓

Figure 3: Overview of ToA-Eval and ToA-Steer. 1⃝ ToA-Eval labels each problem for a given model by
comparing its answers without and with tool use: ACT if tool use fixes an error, THINK if it corrupts a
correct answer. On the probe split, ToA-Steer 2⃝ extracts a shared THINK/ACT direction vℓ from contrastive
completions, 3⃝ sweeps the steering strength m, and 4⃝ fits a PCA + K-means router that assigns each cluster
the signed magnitude mk with the best probe accuracy. At inference, each input goes to its nearest centroid
and is steered by h̃ℓ,t = hℓ,t + mc(x)vℓ: m > 0 promotes a tool call and m < 0 favors answering directly.

these last-token hidden states at layer ℓ. The steering vector is computed as the mean per-sample difference:

vℓ =
1
N

N

∑
i=1

(
h(+)
ℓ (xi)− h(−)

ℓ (xi)
)

, (1)

which points from the ”answer-directly” representation toward the ”use-the-tool” representation. We
normalize vℓ to unit ℓ2 norm and use the same notation for the normalized direction hereafter, so that the
perturbation mvℓ added to the hidden state has ℓ2 norm |m|. Because the two forward passes share the same
query and differ only in the final decision completion, this paired contrast helps reduce variation due to
query content and extracts a THINK/ACT-related direction without relying on the model’s unprompted
THINK/ACT choices.

3.2 ToA-Steer: Cluster-Routed Dynamic Steering

Magnitude calibration. As a single global intervention strength is too coarse for THINK/ACT control, we
therefore treat the intervention strength as an input-conditioned quantity. Given the THINK/ACT steering
direction vℓ, we first calibrate a discrete set of candidate magnitudes M ⊂ R on the full probe set. For each
probe example xi and each magnitude m ∈ M, we replace the layer-ℓ residual at every generation step t
during decoding by

h̃ℓ,t = hℓ,t + m vℓ, (2)

and record the resulting final answer â(m)
i , which we compare with the ground-truth answer a∗i . Since vℓ

has unit norm, m sets the size of this shift directly. Positive magnitudes move the representation toward
the “use tool” direction, while negative magnitudes move it toward the “answer directly” direction. This
yields a calibration grid of final-answer correctness {1[â(m)

i = a∗i ]}i, m over probe examples and candidate
magnitudes, used below to assign an intervention strength to each latent region.
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Latent-space routing and magnitude selection. Next, we fit the routing function. For each probe-training
example, we extract a routing representation from the chosen layer zℓ(x) = hℓ,Tx (x), where Tx is the index
of the decision token, namely the last input token before the model emits its first token, at which the
THINK/ACT decision is committed. We fit a PCA map ϕ on these representations and then run K-means
on the PCA-projected probe-training representations. This produces K centroids {µk}K

k=1. Each held-out
example x is assigned to its nearest centroid c(x), and for the held-out subset Pk of cluster k we select the
magnitude mk ∈ M that maximizes held-out accuracy:

c(x) = arg min
k∈{1,...,K}

∥ϕ(zℓ(x))− µk∥2 , mk = arg max
m∈M

1
|Pk| ∑

xi∈Pk

1
[

â(m)
i = a∗i

]
, (3)

where â(m)
i is the final answer generated under magnitude m and a∗i is the ground-truth answer, so each

magnitude is selected by held-out final-answer accuracy. Since mk can be positive or negative, different
clusters can be routed toward ACT or THINK using the same steering vector.

Inference-time Steering. At inference time, the routing process is fixed. For a new input x, we extract
zℓ(x), project it with the fitted PCA map ϕ, assign it to the nearest centroid to obtain c(x), retrieve the
corresponding magnitude mc(x), and apply, for every generation step t,

h̃ℓ,t = hℓ,t + mc(x)vℓ. (4)

Thus, the steering direction is shared across all inputs with both the steering strength and sign selected
according to the input’s latent region. Since each cluster magnitude can be positive or negative, the controller
can encourage tool use for ACT-needed regions while suppressing tool use for THINK-preferred regions
using the same steering vector vℓ. More details on number of clustering selection are in Appendix K.

4 Experiment

4.1 Experiment Setup

Baselines. We compare against four baselines from three families. Prompt gives the model the same tools,
Python execution and Wikipedia search, in the system prompt and instructs it to call tools only when its own
reasoning is unreliable. SFT fine-tunes the model on tool-use traces, and GRPO (Shao et al., 2024) further
trains it with rewards for correct THINK/ACT outcomes. Static Steering applies our direction vℓ at a fixed
magnitude m=±40, exposing the single-direction trade-off. Details are in Appendix F.

Datasets, models and metrics. We evaluate on ToA-Eval with each model’s own labels (Section 2). We
report ACT, the tool-call rate on ACT-needed instances, where higher is better; THINK, the tool-call rate
on THINK-preferred instances, where lower is better; and final-answer Acc. The labeled pool is split into
disjoint subsets, and no test instance is used for steering-vector extraction or clustering (Appendices E and G).

4.2 Results

ToA-Steer wins on all three metrics across every model and benchmark. On every cell of Table 1, ToA-
Steer achieves the highest Acc and the best ACT and THINK tool-call rates. Static Steering moves both rates
in the same direction, so any fixed magnitude trades one class for the other. SFT and GRPO are the strongest
baselines, yet ToA-Steer beats them without any parameter updates, while Prompt barely moves the model.
Calibrated only on GPQA, ToA-Steer also transfers to BFCL V4 and wins in all four settings (Appendix O).

Representation steering effectively controls tool-call behavior that translates into real accuracy gains over
baseline. Fig. 4 sweeps m ∈ [−150,+150] on Qwen3-8B. Within a moderate |m| range, the tool-call rate
tracks m smoothly, confirming vℓ as a clean control axis for tool use. Accuracy peaks above the no-steer
baseline, but the peak location differs across benchmarks, so no fixed m is optimal everywhere. At |m|≈150,
both signals collapse as the residual stream is pushed off-manifold.

6



Table 1: Main results across models and benchmarks. ACT (↑) and THINK (↓) are tool-call rates on ACT-
needed and THINK-preferred instances; Acc (↑) is final-answer accuracy. Row colors mark prompting ,

training-based , static steering , and ToA-Steer . Best in bold, second best underlined.

Method
MATH AIME GPQA MMLU-Pro

ACT ↑ THINK ↓ Acc ↑ ACT ↑ THINK ↓ Acc ↑ ACT ↑ THINK ↓ Acc ↑ ACT ↑ THINK ↓ Acc ↑

Qwen3-8B
Prompt 0.65 0.78 0.71 0.35 0.74 0.40 0.83 0.78 0.59 0.62 0.55 0.69
SFT 0.72 0.65 0.74 0.42 0.55 0.45 0.85 0.65 0.62 0.65 0.45 0.71
GRPO 0.80 0.55 0.77 0.55 0.42 0.55 0.87 0.55 0.70 0.68 0.42 0.73
Static Steering (m=+40) 0.81 0.84 0.76 0.47 0.87 0.58 0.87 0.87 0.48 0.68 0.60 0.72
Static Steering (m=−40) 0.52 0.59 0.62 0.21 0.57 0.36 0.72 0.61 0.68 0.47 0.47 0.65
ToA-Steer (Ours) 0.84 0.54 0.79 0.58 0.34 0.62 0.88 0.52 0.74 0.70 0.40 0.74

Qwen3.5-27B
Prompt 0.59 0.65 0.78 0.36 0.58 0.46 0.80 0.65 0.62 0.58 0.48 0.74
SFT 0.64 0.55 0.80 0.42 0.45 0.50 0.81 0.55 0.65 0.60 0.40 0.76
GRPO 0.69 0.52 0.82 0.50 0.37 0.55 0.83 0.52 0.69 0.63 0.38 0.77
Static Steering (m=+40) 0.68 0.67 0.82 0.43 0.65 0.57 0.82 0.69 0.56 0.60 0.49 0.76
Static Steering (m=−40) 0.50 0.52 0.73 0.27 0.47 0.44 0.73 0.54 0.68 0.47 0.41 0.72
ToA-Steer (Ours) 0.75 0.47 0.83 0.57 0.30 0.59 0.84 0.46 0.72 0.67 0.35 0.78

Gemma3-12B
Prompt 0.58 0.71 0.74 0.32 0.66 0.43 0.79 0.71 0.55 0.57 0.51 0.71
SFT 0.65 0.60 0.78 0.41 0.49 0.52 0.81 0.60 0.62 0.60 0.44 0.73
GRPO 0.69 0.57 0.80 0.46 0.43 0.56 0.82 0.56 0.65 0.61 0.42 0.74
Static Steering (m=+40) 0.73 0.77 0.79 0.43 0.79 0.59 0.83 0.80 0.46 0.62 0.56 0.74
Static Steering (m=−40) 0.48 0.56 0.67 0.21 0.54 0.40 0.70 0.58 0.64 0.44 0.45 0.68
ToA-Steer (Ours) 0.75 0.51 0.82 0.53 0.34 0.62 0.84 0.50 0.69 0.64 0.39 0.76

Gemma4-31B
Prompt 0.59 0.62 0.82 0.39 0.52 0.49 0.78 0.60 0.65 0.57 0.44 0.78
SFT 0.61 0.54 0.85 0.43 0.41 0.54 0.78 0.52 0.69 0.58 0.38 0.79
GRPO 0.63 0.52 0.86 0.46 0.37 0.56 0.79 0.50 0.71 0.59 0.37 0.80
Static Steering (m=+40) 0.66 0.64 0.85 0.44 0.59 0.58 0.79 0.64 0.60 0.59 0.46 0.80
Static Steering (m=−40) 0.51 0.51 0.78 0.31 0.43 0.47 0.71 0.51 0.70 0.48 0.39 0.76
ToA-Steer (Ours) 0.67 0.49 0.87 0.50 0.32 0.60 0.80 0.46 0.73 0.60 0.35 0.81

Figure 4: Final-answer accuracy and tool-call rate as the steering coefficient m is swept on Qwen3-8B across
the four ToA-Eval benchmarks. Within a moderate range of |m| the tool-call rate increases smoothly with m
and accuracy peaks away from the no-steer baseline (m=0, star); at large |m| the activation push moves the
response off-manifold and both metrics collapse.
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Figure 5: Class- and cost-resolved view of ToA-Steer. (a) Aggregate accuracy on ACT vs. THINK; ToA-Steer
gains +16/+9 pp over no steering (m=0). (b) Per-benchmark ∆ accuracy by class; gains are bidirectional on
every benchmark. (c) Avg. accuracy vs. tool-call rate with ToA-Steer dominates.

ToA-Steer’s gains are bidirectional across classes and cost-efficient against every baseline. Aggregated
across four benchmarks, ToA-Steer gains 16 points on ACT-needed and 9 points on THINK-preferred in-
stances over no steering (m=0; Fig. 5a), and both classes improve on every benchmark from the same direction
routed to opposite magnitudes (Fig. 5b). ToA-Steer also reaches the highest accuracy at a moderate tool-call
rate (Fig. 5c), so its gains come from better-calibrated rather than more frequent tool use (Appendix M).

5 Analysis

Table 2: Decision quality on the full evaluation pool, pooled over the four models (mean ± SD over five
independent runs). Each instance is grouped by the outcomes of its no-tool and with-tool-use passes.
Headroom recovered is the accuracy gain over no steering (m=0) on decision-relevant instances divided by
that of an oracle that always takes the better action. ToA-Steer has the largest gain on both decision-relevant
groups and leaves decision-irrelevant instances unaffected.

Method ACT-needed↑ THINK-preferred↑ Both-correct Both-wrong Headroom recovered↑

No steering (m=0) 54.8 ± 2.4 71.0 ± 2.2 97.2 ± 0.6 2.8 ± 0.8 0%
SFT 62.6 ± 2.8 66.8 ± 2.6 96.5 ± 0.7 2.2 ± 0.7 3%
GRPO 66.0 ± 3.0 64.2 ± 2.9 96.8 ± 0.7 1.9 ± 0.6 3%
Static-best 62.5 ± 2.6 72.9 ± 2.4 97.2 ± 0.5 2.5 ± 0.8 14%
ToA-Steer 70.4 ± 2.7 79.2 ± 2.5 97.3 ± 0.6 2.8 ± 0.8 36%

Table 3: Label agreement (%) with the original ToA-Eval
labels over five re-built label sets.

Model Agree.↑ ACT↑ THINK↑
Qwen3-8B 97.8 ± 0.6 96.9 ± 0.9 98.5 ± 0.5
Qwen3.5-27B 98.6 ± 0.4 97.9 ± 0.6 99.1 ± 0.3
Gemma3-12B 97.3 ± 0.8 96.1 ± 1.1 98.2 ± 0.6
Gemma4-31B 98.9 ± 0.3 98.3 ± 0.5 99.3 ± 0.2

Do the gains hold on the full evaluation pool?
We rerun every method on the full evaluation
pool and group instances by the outcomes of
their no-tool and with-tool-use passes (Table 2).
These groupings are reliable: re-building the
labels with five independent seeds reproduces
97.3 to 98.9% of them on every model (Table 3).
SFT and GRPO gain on ACT-needed instances
but lose on THINK-preferred ones, so each
recovers only 3% of the oracle headroom. ToA-
Steer improves both groups, by 15.6 and 8.2 points, and recovers 36%, more than twice as much as the best
static magnitude, while leaving both-correct instances unchanged. Its full-pool gains therefore come from the
instances where the THINK/ACT decision matters.
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Table 4: Decision-point control on the full evaluation pool (Overall accuracy, %, mean ± SD over five
independent runs). First action only applies the routed intervention until the model commits to its first action
and then removes it. Steering the decision point alone already beats the tuned static baseline on every model,
while hard routing with a linear classifier falls below it.

Method Qwen3-8B Qwen3.5-27B Gemma3-12B Gemma4-31B Average

Static-best 65.9 ± 1.3 79.5 ± 1.1 72.1 ± 1.3 84.3 ± 1.0 75.5 ± 1.0
Linear router 62.7 ± 1.8 76.1 ± 1.7 68.3 ± 1.9 80.8 ± 1.6 72.0 ± 1.4
ToA-Steer (first action only) 66.8 ± 1.5 81.2 ± 1.4 73.2 ± 1.5 85.9 ± 1.3 76.8 ± 1.1
ToA-Steer (full) 67.3 ± 1.4 82.2 ± 1.2 73.8 ± 1.4 86.9 ± 1.1 77.6 ± 1.0

Figure 6: PCA-2D projection of decision-token activations on each benchmark, with each instance coloured
by the steering magnitude m∗ that maximises its accuracy. The per-benchmark K is shown in the panel
header. Instances sharing the same optimal m∗ form coherent clusters.

Does ToA-Steer control the decision or perturb the whole trajectory? Since ToA-Steer steers every
decoding step, its gains could come from altering later reasoning rather than the decision itself. We therefore
stop steering once the model commits to its first action, a tool call or an answer. This variant alone beats
Static-best on all four models and recovers 62 to 65% of the full method’s gain over it (Table 4). A linear
router that hard-classifies each input as ACT or THINK instead falls 3.5 pp below Static-best, since every
misclassified input is pushed the wrong way. The gain therefore comes mainly from decision steering instead
of perturbing the whole generation.

Where is the THINK/ACT boundary encoded? A logit lens at the prompt-end token shows that | logit(tool)
− logit(skip) | stays near zero in early layers, rises sharply across ℓ ∈ [20, 28], and peaks at ℓ=26 (Fig. 7a).
The per-sample oracle bound agrees: among ℓ ∈ {22, 26, 30}, ℓ=26 is highest on three of four benchmarks
(Fig. 7b). We therefore steer at ℓ=26 on Qwen3-8B, and the same analysis places the peak at 0.71–0.72 L on
all four models (Appendix I).

How many decision regimes does each benchmark contain, and is cluster-routing feasible? Fig. 6 projects
decision-token activations onto two PCs and colours each instance by its best steering magnitude. Instances
sharing the same best magnitude form coherent regions, so an unsupervised partition can recover useful
routing groups. The number of regimes differs by benchmark, from K=2 on MATH to 5 on GPQA, suggesting
richer structure on knowledge-heavy tasks. Routing is necessary and robust: a random direction, random
clusters, or removing a routing component costs 4.9 to 13.2 points, while a fixed K or imbalanced calibration
costs at most 1.8 (Appendix L).

How many contrastive pairs are needed to find the steering direction? We re-fit vℓ from N ∈ {5, 10, 25, 50,
100, 200} contrastive pairs and re-run cluster-routed steering with each resulting direction. Accuracy rises
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(a) Logit-lens decoding of the tool/skip preference at the prompt-end residual
stream. The signal rises through ℓ ∈ [20, 28] and peaks at ℓ=26.

(b) Per-sample oracle upper bound at
ℓ ∈ {22, 26, 30}. ℓ=26 wins on 3/4
benchmarks.

Figure 7: Layer-wise justification for steering at ℓ=26. (a) The logit lens shows the THINK/ACT signal
forming inside ℓ ∈ [20, 28] and peaking at ℓ=26. (b) The per-sample oracle ranks ℓ=26 highest on 3/4
benchmarks. The two analyses converge on ℓ=26.

sharply from N=5 to N=50 and then plateaus on every benchmark (Fig. 9), so we use N=50 pairs throughout
the paper. Fitting the direction therefore takes only 100 forward passes and no gradient computation, far less
supervision than the tool-use traces and rollouts needed to train SFT and GRPO.

6 Related Work

Evaluating tool-use decisions. Most tool-use benchmarks measure tool competence, that is, whether a
model selects, formats, and executes calls correctly (Qin et al., 2023; Liu et al., 2024; Patil et al., 2024).
MetaTool and When2Call (Huang et al., 2023; Ross et al., 2025) ask whether a model should call a tool at
all, but do not measure whether a call changes the correctness of the final answer. ToA-Eval measures this
outcome effect in both directions and separately for each model.

Adaptive tool use in LLM agents. Tool use is elicited through prompting (Yao et al., 2022; Paranjape
et al., 2023), supervised fine-tuning (Schick et al., 2023; Qin et al., 2023; Liu et al., 2024; Patil et al., 2024), or
reinforcement learning (Li et al., 2025b; Feng et al., 2025; Qian et al., 2025a). As the bottleneck shifts from tool
competence to tool necessity, recent work learns when to call tools through reflection tokens (Asai et al., 2023)
or metacognitive cost-benefit policies (Qian et al., 2025b; Li et al., 2025a), typically with additional training or
an auxiliary controller. We instead control the decision at inference time inside the model’s own latent space.

Activation steering. Activation steering extracts a desired direction in the hidden states to control attributes
such as truthfulness, refusal, sentiment, or persona without parameter updates (Zou et al., 2023; Turner
et al., 2023; Panickssery et al., 2023; Chen et al., 2025). These methods assume a monotonic control axis,
where moving further along the direction strengthens the target behavior. Tool-use decisions break this
assumption, because ACT-needed and THINK-preferred inputs require opposite signs along the same axis.
ToA-Steer therefore extends steering from monotonic behavioral control to instance-dependent dynamic
agent decision-making (Appendix D).

7 Conclusion

In this paper, we studied Think-or-Act decision making in language agents: when to rely on internal
reasoning and when to call a tool. To evaluate this, ToA-Eval maps each model’s own decision boundary by
comparing its answers with and without tools, revealing two opposite failure modes, tool overuse and tool
underuse. ToA-Steer corrects both with dynamic, input-specific steering, routing each input via PCA and K-
means to a signed strength along a single THINK/ACT direction. Without any parameter update, it achieves
the highest accuracy in all 16 settings and outperforms SFT and GRPO, showing that this decision can be
controlled directly in the model’s hidden space, rather than only shaped through prompts or retraining.
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A Limitations

Our study focuses on open-weight LLM agents and a controlled tool-use setting with two general-purpose
tools. This design allows us to isolate the THINK/ACT decision and evaluate whether representation steering
can improve strategic tool use, but future work can extend the framework to richer tool ecosystems, longer
multi-step agent trajectories, and interactive environments where tool decisions interact with planning,
memory, and feedback. A further direction is to study how repeated THINK/ACT interventions accumulate
over extended agent workflows, where early tool-use decisions may influence later context, confidence, and
downstream actions.

B Label Reliability Details

Each ToA-Eval label comes from one no-tool and one with-tool-use execution. We test whether the labels are
reproducible and what drives the contrast between the two passes.

Stability under re-construction. We re-run both passes with five independent seeds and compare the
re-built labels with the original ones. Agreement is the fraction of instances whose label is reproduced;
ACT/THINK recall is the fraction of original ACT-needed/THINK-preferred instances that keep their label.
Agreement is 97.3–98.9% across models (Table 3), 99.9% under greedy decoding and above 95% up to
temperature 0.4 (Table 5), and 97.5–98.6% under semantically equivalent prompt paraphrases and tool-output
renderings (Table 6). ACT labels are slightly more sensitive than THINK labels because tool-using trajectories
add variation through tool selection, arguments, observations, and post-tool reasoning.

Table 5: Label agreement (%) under decoding ran-
domness (five seeds per setting, averaged over
models and benchmarks).

Decoding Agree. ACT rec. THINK rec.

Greedy (T=0) 99.9 ± 0.1 99.8 ± 0.2 100.0 ± 0.0
T=0.2, p=0.95 98.4 ± 0.5 97.6 ± 0.8 99.0 ± 0.4
T=0.4, p=0.95 96.6 ± 1.1 95.2 ± 1.6 97.7 ± 0.8
T=0.7, p=0.95 92.7 ± 1.9 90.8 ± 2.6 94.1 ± 1.5

Table 6: Label agreement (%) under semantically equiv-
alent prompt paraphrases and tool-output renderings
(five paired reconstructions).

Prompt Tool output Agree. ACT rec. THINK rec.

Canonical Canonical 99.2 ± 0.3 98.7 ± 0.5 99.6 ± 0.2
Paraphrased Canonical 98.6 ± 0.5 97.8 ± 0.8 99.1 ± 0.4
Canonical Reformatted 98.2 ± 0.6 97.3 ± 0.9 98.9 ± 0.5
Paraphrased Reformatted 97.5 ± 0.8 96.4 ± 1.2 98.4 ± 0.6

Tool content versus the act of calling a tool. A with-tool-use execution differs from a no-tool one not only
in the information the tool returns but also in the tool schema, the generated call, the interrupted trajectory,
and the continuation after the call. To separate these factors, we rerun the with-tool-use pass in two controls.
In the empty-result control, the tool-calling procedure, tool-message structure, and post-tool continuation are
kept, but the tool returns no content. In the hidden-result control, the model-generated tool call is executed but
its output is hidden from the model. Table 7 reports accuracy on the two label subsets. Calling a tool without
receiving its content changes accuracy by at most 3.2 pp relative to the no-tool pass, whereas exposing the
actual result changes it by +86.8 pp on ACT-needed and −87.7 pp on THINK-preferred instances relative
to the hidden result. The label contrast is therefore carried by what the tool returns, not by the tool-calling
scaffold. Because both subsets are defined by the outcomes of the with-tool-use pass, this audit explains
what drives the contrast under our protocol; it does not measure tool utility independently of the protocol.

C Case Study

Fig. 8 contrasts Prompt and our ToA-Steer on two short MATH problems for Qwen3-8B. Each panel quotes
the model’s actual tool-decision sentence verbatim from its generation. In Case 1 Prompt commits to a
Python call and returns only the decimal 7068.58, although the exact form 2250π is required, while steering
pushes ToA-Steer toward an in-context derivation that recovers the exact answer; in Case 2 the directions
are reversed, Prompt stays inside symbolic trigonometry and runs out of budget, while steering triggers a
Python call that closes the ratio. The two cases need opposite tool decisions, so a single fixed-magnitude
steering cannot recover both.
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Table 7: Tool content versus the act of calling a tool: accuracy (%, five seeds) on the two label subsets. The No
tool and Actual result columns are close to 0 or 100 by construction, since the subsets are defined by these
two outcomes. The informative comparison is between the no-tool pass and the two controls that call a tool
without receiving its content (∆call), and between the hidden and the actual result (∆content).

Subset No tool Empty result Hidden result Actual result ∆call ∆content

ACT-needed 4.6 ± 1.2 6.1 ± 1.8 7.4 ± 2.0 94.2 ± 1.7 +1.5 / +2.8 +86.8
THINK-preferred 96.8 ± 0.9 95.1 ± 1.4 93.6 ± 1.9 5.9 ± 1.6 −1.7 / −3.2 −87.7

∆call: empty result − no tool / hidden result − no tool. ∆content: actual result − hidden result.

Case 1: cone volume (over-use).
The diameter of a cone is 30 decimeters. If the height is two
times the radius, what is the volume of the cone in cubic
decimeters? GT: 2250π.

Prompt: “Let me write a Python snippet to compute that.”
Python returns 7068.58 ⇒ 7068.58 ×
exact form 2250π required; the tool returned a decimal.

ToA-Steer (Ours): “I’ll proceed with the exact value.”
no tool ⇒ 2250π ✓
skipping the call kept π symbolic.

Case 2: chord ratio (under-use).
In △ABC, AB=7, AC=8, BC=9; D lies on the circumcir-
cle so that AD bisects ∠BAC. Find AD/CD. GT: 5/3.

Prompt: “Let me try to calculate sin(ϕ) directly.”
no tool ⇒ no answer ×
stuck in trig identities, budget exhausted.

ToA-Steer (Ours): “Let me use Python to calculate this.”
Python returns 1.281 rad ⇒ 5/3 ✓
tool call closed the computation.

Figure 8: Two MATH cases on Qwen3-8B with verbatim model output. Both cases show opposite tool-use
errors by Prompt, whereas ToA-Steer corrects both by suppressing the harmful call and triggering the
helpful one.

D Extended Related Work

Adaptive Tool Use in LLM Agents. External tools extend LLMs beyond parametric knowledge, with early
prompting-based methods eliciting tool use through in-context demonstrations and reasoning formats (Yao
et al., 2022; Paranjape et al., 2023), and later training-based approaches improving tool competence via
supervised tool-use traces (Schick et al., 2023; Qin et al., 2023; Liu et al., 2024; Patil et al., 2024) or reinforcement
learning from environmental feedback (Li et al., 2025b; Feng et al., 2025; Qian et al., 2025a). As agents
become more capable, the key challenge shifts from tool competence to tool necessity: unnecessary calls
waste resources and may corrupt correct answers, while missed calls leave models relying on unreliable
internal reasoning. Recent work addresses this decision problem with learned reflection tokens (Asai et al.,
2023) or metacognitive policies that trade off internal knowledge against query cost (Qian et al., 2025b; Li
et al., 2025a; Xu et al., 2025), typically via fine-tuning, reinforcement learning, or an auxiliary controller. In
contrast, we frame tool-use control as an inference-time intervention within the model’s latent space itself,
using dynamic steering to modulate the model’s THINK/ACT tendency without parameter updates.

Latent Representation Steering. Latent representation steering controls LLM behaviour by intervening
on hidden activations at inference time, typically deriving steering directions from contrastive examples
to modulate attributes such as truthfulness, refusal, toxicity, sentiment, or style without updating model
parameters (Zou et al., 2023; Turner et al., 2023; Panickssery et al., 2023; Chen et al., 2025). Recent work further
explores more conditional forms of activation control, such as input-dependent gating or modulation of
steering strength across generation (Lee et al., 2024; Parekh et al., 2025). However, these applications usually
assume a relatively monotonic control axis, where moving further along a direction consistently strengthens
or suppresses the target behavior. Tool-use control poses a different challenge: the desired direction depends
on the instance, since the model should move toward ACT when tools are helpful but toward THINK when
tools are unnecessary or harmful. Therefore, we explore whether representation steering can be extended
from monotonic behavioral control to instance-dependent agent decisions, using dynamic steering to calibrate
the model’s latent THINK/ACT tendency without globally increasing or suppressing tool use.
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E Benchmark Details

We evaluate on four reasoning benchmarks that span computation-heavy and knowledge-heavy regimes.
AIME consists of competition mathematics problems drawn from the AIME 2023, 2024, and 2025 contests;
MATH (Hendrycks et al., 2021) covers algebra, geometry, and number theory at high-school competition level;
GPQA (Rein et al., 2023) is a graduate-level science question-answering benchmark across physics, chemistry,
and biology; MMLU-Pro (Wang et al., 2024) is a more challenging variant of MMLU with longer questions
and harder distractors, from which we use a balanced subset across professional and STEM categories. The
per-model ToA-Eval pool sizes obtained by retaining only ACT-needed and THINK-preferred instances after
ToA-Eval labelling are shown in the main text (Figure 2b).

F Baseline Details

Prompt. The target model under the default tool-available setting, with Python execution and Wikipedia
search exposed via the system prompt, which prepends the instruction shown in the box below. No other
change is made to the input or the decoding configuration.

Prompt baseline: system instruction

You have access to two tools: a Python interpreter (python) and a Wikipedia search engine (wikipedia_search). Call a tool
only when (i) the problem requires precise numerical computation you cannot reliably perform yourself, or (ii) the problem
requires a fact you are not confident about. If you can solve the problem confidently from internal reasoning, do not call any
tool.

SFT. We fine-tune the target model on supervised tool-use traces drawn from the ToA-Eval training
partition, keeping only trajectories whose final answer matches the ground truth. Each trace is rendered in
the model’s chat template with the structure shown in the box below. ACT-needed traces contain at least
one <tool_call>...</tool_call> block; THINK-preferred traces contain none. Training uses LoRA (rank
16, α=32) on the attention and MLP projections, AdamW with learning rate 2×10−5, batch size 32, cosine
schedule with 3% warmup, 2 epochs over the training pool, and a maximum sequence length of 4096 tokens.

SFT chat-template trace

<system> You are a problem-solving assistant with access to two tools (python, wikipedia_search).
Use them only when external computation or factual lookup would help. </system>
<user> {problem} </user>
<assistant> {chain_of_thought}
<tool_call>{name}({args})</tool_call>
<tool_result>{output}</tool_result>
{continued_reasoning}
\boxed{{final_answer}} </assistant>

GRPO. We further train the SFT model with group-relative policy optimization (Shao et al., 2024) on tool-
use rollouts. For each prompt x with ToA-Eval label y ∈ {ACT, THINK}, every group of G=8 trajectories is
constructed to contain both tool-using and tool-skipping behaviors so that the relative-advantage estimate
has gradient signal for either decision: 4 trajectories are sampled under the standard tool-available chat
template (under which the policy may emit a <tool_call> block), and 4 are sampled under a no-tool variant
of the same prompt in which the tool schema is removed from the system message, forcing a fully internal
trajectory. Letting c(τ) ∈ {0, 1} denote final-answer correctness and t(τ) ∈ {0, 1} denote whether trajectory
τ contains a tool call, the per-trajectory reward is

r(τ) = c(τ) + λ
(
2 1[ t(τ) = 1[y=ACT] ]− 1

)
, (5)

which gives +1 for a correct final answer plus ±λ depending on whether the trajectory’s tool-use action
matches the ToA-Eval label; we set λ=0.5. Within each group, the relative advantage is computed across all
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G=8 rewards (mixing tool-using and tool-skipping trajectories), so the policy is updated toward whichever
behavior accumulates more reward on this particular prompt. We optimize with KL coefficient β=0.04
against the SFT reference policy, learning rate 1×10−6, group size G=8, prompt batch size 64, and 2 epochs
over the ToA-Eval training pool. Rollout decoding uses temperature 0.7 and top-p 0.95.

Static Steering. Static Steering applies the same direction vℓ as our method at the same layer (ℓ=26) but
uses a single fixed magnitude m ∈ {+40,−40} for all inputs, with no clustering or per-instance routing.
Static-best (Table 4) instead selects the single magnitude with the highest development-split accuracy from
the same grid M, using the same direction, layer, development split, and calibration budget as ToA-Steer.

Linear router. A logistic-regression classifier on the decision-token representation zℓ(x), trained on the
same development split and labels available to ToA-Steer, predicts ACT or THINK; the input is then steered
with the signed magnitude selected for that class from M by held-out final-answer accuracy.

First-action-only steering. Routing, magnitudes, and layer are identical to ToA-Steer, but the intervention
is applied only until the model emits its first action (the first <tool_call> token or the first answer token)
and is removed afterwards.

G ToA-Eval Construction and Train/Probe/Test Splits

ToA-Eval labels are obtained by running the target model without and with tool use on each benchmark
and keeping only the disagreements: ACT-needed (no-tool fails, with-tool-use succeeds), THINK-preferred
(no-tool succeeds, with-tool-use fails). Items where both modes succeed (tool-redundant) and items where
both fail are excluded from the supervision pool.

Four disjoint splits. From the per-model labelled pool we form four disjoint, stratified-by-class splits, each
used exclusively at one stage of the pipeline. Their roles are summarised in Table 8; the key property is
that no Test instance is used for steering-vector extraction, PCA / K-means fitting, K selection, magnitude-grid search,
prompt selection, SFT, or GRPO training, for ToA-Steer or any baseline. Concretely, the Test split is held out
before any other split is constructed, and final-answer accuracy and ACT/THINK tool-call rates in Table 1
are computed only on Test. The Dev/probe split contains 50 instances per benchmark (25 ACT-needed
and 25 THINK-preferred) drawn balanced by class; for benchmark/model combinations with fewer than
25 instances in either class after ToA-Eval filtering (e.g., AIME on smaller models), we use the maximum
balanced subset available.

Table 8: Per-(model, benchmark) data split for ToA-Steer and all baselines. The four splits are disjoint and
stratified by class: no Test instance is used for vector extraction, PCA / K-means fitting, K selection, magnitude-grid
search, prompt selection, SFT, or GRPO training.

Split Used for Uses ACT/THINK label? In Table 1?

Vector-train Contrastive vector vℓ (Eq. 1); SFT supervised
traces; GRPO rollout prompts

label-free contrast / yes (training) no

Router-train PCA fit and K-means centroids {µk} (Eq. 3) label-free (unsupervised) no
Dev/probe Per-cluster magnitudes mk (Eq. 3); per-

benchmark K; static-best m for the Static Steering
baseline

yes (used for selection) no

Test Final-answer Acc and ACT/THINK tool-call
rates

yes (only for evaluation) yes
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H Steering Vector Extraction

The steering vector vℓ is extracted from N contrastive completion pairs that share the same system and user
blocks but differ in the final assistant completion (use tools versus answer directly; Section 3.1), following
CAA-style activation differencing. Per-benchmark accuracy as a function of N is shown in Fig. 9; accuracy
saturates by N≈50 on every benchmark, so we use N=50 pairs throughout the paper. The layer choice ℓ=26
is justified in Section 5.

Figure 9: Sample efficiency: steering accuracy as a function of the number of contrastive pairs N used to fit
the steering vector, on the four ToA-Eval benchmarks (Qwen3-8B). Accuracy saturates by N≈50 on every
benchmark, so the per-benchmark steering vectors throughout the paper are fitted with N=50 pairs.

I Per-Model Layer Selection

The main-text logit-lens analysis (§5) is run on Qwen3-8B and identifies ℓ=26 (≈ 0.72 L) as the depth at which
the THINK/ACT signal is most crisply written into the residual stream. To check that the same selection rule
transfers to the other three backbones, we re-run the same analysis (logit-lens of | logit(tool)− logit(skip) |
at the prompt-end token across the four ToA-Eval benchmarks) on each of Qwen3.5-27B, Gemma3-12B, and
Gemma4-31B. Figs. 10–12 show the resulting curves. The qualitative pattern matches Qwen3-8B on every
model: | logit(tool)− logit(skip) | stays small in early layers, rises through a contiguous mid-to-late band,
peaks at a single layer, and collapses (often flipping sign) in the last few layers as the residual is rewritten for
token-level prediction. The peak lands at ℓ=46 for Qwen3.5-27B (64 layers, ≈ 0.72 L), ℓ=34 for Gemma3-12B
(48 layers, ≈ 0.71 L), and ℓ=43 for Gemma4-31B (60 layers, ≈ 0.72 L). All four peaks fall within ≈ 0.71–0.72 L,
supporting the choice of an analogous proportional-depth layer per model rather than a single absolute
index.

J Steering Magnitude Sweeps by Layer Group

To complement the logit-lens evidence (Appendix I) with a causal probe of where steering actually changes
behaviour, we sweep the intervention magnitude m at every candidate layer on Qwen3-8B and plot the
resulting probe-set accuracy and tool-call rate, grouped into early (ℓ ∈ [3, 15]), mid (ℓ ∈ [18, 28]), and late
(ℓ ∈ [30, 35]) bands. Three regimes emerge. Early layers (Fig. 13, left; Fig. 14, left) are inert: both accuracy
and tool-call rate are essentially flat in m, with all curves collapsing onto the baseline at m=0. The residual
at these depths does not yet carry the THINK/ACT decision, so additive intervention has no leverage
over downstream behaviour. Mid layers (centre panels) show the opposite: tool-call rate is strongly and
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Figure 10: Logit-lens decoding of the tool/skip preference at the prompt-end residual stream on Qwen3.5-27B
(64 layers). All four ToA-Eval benchmarks show a tightly concentrated rise inside the tool-decision band
ℓ ∈ [43, 48] followed by a sharp post-peak collapse, with several benchmarks flipping sign within two layers
of the peak; the cross-benchmark mean magnitude (right, black stars) places ℓ=46 as the unique peak.

Figure 11: Logit-lens decoding of the tool/skip preference at the prompt-end residual stream on Gemma3-
12B (48 layers). The signal rises gradually from a non-trivial early-layer baseline and forms a broad shoulder
over ℓ ∈ [29, 36] before peaking at ℓ=34; the post-peak decay is gentle and largely positive, in contrast to the
sharp dive seen on Qwen models.

Figure 12: Logit-lens decoding of the tool/skip preference at the prompt-end residual stream on Gemma4-
31B (60 layers). Several benchmarks show a non-monotonic pre-peak shape, with an intermediate sub-peak
around ℓ≈ 25 followed by a brief dip before the true peak inside ℓ ∈ [40, 45]; the cross-benchmark mean
places the peak at ℓ=43, and the post-peak signal is oscillatory rather than uniformly negative.
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monotonically modulated by m (negative m suppresses tool calls, positive m encourages them) and accuracy
traces a clear non-trivial profile with sharp drops at extreme magnitudes and a peak near a layer-specific
small |m|. This is the layer band at which the decision feature is causally accessible to additive steering.
Late layers (right panels) move tool-call rate but accuracy degrades and becomes noisy: at these depths the
residual is already being rewritten for token-level prediction, so a magnitude push perturbs the committed
plan rather than redirecting the underlying decision. The mid band, and within it the layer chosen by the
logit-lens analysis (ℓ=26 on Qwen3-8B), is therefore the only depth at which steering changes behaviour
controllably.

Figure 13: Probe-set accuracy as a function of steering magnitude m on Qwen3-8B, grouped by layer band:
early (ℓ ∈ [3, 15], left), mid (ℓ ∈ [18, 28], centre), and late (ℓ ∈ [30, 35], right). Early-layer curves are flat in m;
mid-layer curves form a non-trivial profile with sharp drops at extreme magnitudes; late-layer curves move
with m but become noisy and drift below the m=0 baseline.

Figure 14: Tool-call rate as a function of steering magnitude m on Qwen3-8B, with the same layer grouping as
Fig. 13. Early-layer tool-call rates are unaffected by m (curves collapse onto the baseline). Mid-layer tool-call
rates are monotonically and strongly modulated by m, increasing toward 1 for m>0 and decreasing toward 0
for m<0. Late-layer tool-call rates also move with m but with weaker leverage and at the cost of accuracy
(Fig. 13, right).

K Cluster-Routed Controller

Choice of K per benchmark. We do not use a single K across benchmarks. Instead, the cluster count is set
per benchmark following the structure recovered from the PCA-2D projection of decision-token activations
(Fig. 6, §5): MATH at K=2, AIME at K=3, MMLU-Pro at K=4, and GPQA at K=5. These values are the
smallest K at which held-out accuracy of cluster-routed steering crosses the static-best baseline (Fig. 15);
larger K yields no reliable further gains on held-out data and widens the overfit gap of the per-cluster
magnitude search. The main results in Table 1 use these per-benchmark values throughout.

Distribution of cluster magnitudes. Each cluster magnitude mk is selected on the probe set from the
discrete grid {−150,−80,−40,−20, 0,+20,+40,+80,+150}, which includes mk=0 (no intervention) and
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(a) MATH (K=2). (b) AIME (K=3). (c) MMLU-Pro (K=4). (d) GPQA (K=5).

Figure 15: Per-benchmark K selection for the cluster-routed controller on Qwen3-8B. Each panel sweeps
K ∈ [2, 10] and plots cluster-routed steering accuracy on the training partition (blue) and the held-out
probe partition (red); the dotted line is the static-best steering baseline on that benchmark, and the green
vertical line marks the chosen K. The chosen K is the smallest value at which the held-out (red) curve
crosses the static-best baseline; beyond this point the shaded overfit gap between training and held-out
accuracy widens with no reliable held-out gain. The four benchmarks select different K values (2/3/4/5 for
MATH/AIME/MMLU-Pro/GPQA), confirming that decision-regime granularity is benchmark-specific and
that a single fixed K would either under-fit (too few clusters for knowledge-style tasks) or over-fit (too many
for computation-heavy MATH).

signed values that encourage (mk>0) or suppress (mk<0) tool use. Across the four benchmarks on Qwen3-
8B (with the per-benchmark K above, so 14 selected magnitudes in total), the selected {mk} span both
signs and a range of strengths: clusters whose centroids correspond to ACT-needed regions select mk>0,
clusters in THINK-preferred regions select mk<0, and a small fraction of clusters select mk=0 when the local
population is balanced enough that no single magnitude improves held-out accuracy. The mass concentrates
on |mk|∈{20, 40, 80}, with extreme magnitudes (±150) chosen only on AIME, the smallest benchmark. This
split, with the same direction vℓ used in both signs depending on cluster identity, is the empirical signature
of bidirectional control along a single steering axis.

L Routing Necessity and Sensitivity

We test whether the learned direction and the learned routing are both necessary, and how sensitive ToA-Steer
is to its calibration choices. All experiments use Qwen3-8B on the ToA-Eval test split. The random controls
are averaged over five independent randomizations and go through the same accuracy-gated calibration
pipeline as ToA-Steer.

Direction and routing are both necessary. A norm-matched random direction reaches 0.591, barely above
no steering at 0.585, so the learned THINK/ACT direction accounts for 13.2 of ToA-Steer’s 13.8-point gain
over no steering (Table 9). Shuffling the cluster assignments while keeping the direction and re-selecting the
magnitudes recovers only part of the gain and trails the full method by 4.9 points. Removing PCA, replacing
K-means with PC1 quantile routing, or sharing one magnitude across all clusters costs 5.0, 8.0, and 8.8 points
on average, so the gain comes from routing inputs to appropriate signed strengths rather than from steering
alone.

Sensitivity to K and to the calibration distribution. Using one fixed K between 2 and 5 for all benchmarks
stays within 0.8 to 1.8 points of the benchmark-specific K, and calibrating on the natural or a 70:30 imbalanced
ACT/THINK ratio instead of a balanced one costs 0.7 to 1.4 points (Table 10).
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Table 9: Controls and component ablation of the routing pipeline (Qwen3-8B, ToA-Eval test split, accuracy).
Random controls report mean ± SD over five randomizations.

Variant MATH AIME GPQA MMLU-Pro Average

ToA-Steer (full) 0.790 0.620 0.740 0.740 0.723
No steering (m=0) 0.700 0.380 0.580 0.680 0.585

Random direction, norm-matched 0.704 ± 0.011 0.394 ± 0.018 0.589 ± 0.014 0.676 ± 0.012 0.591 ± 0.009
Random clusters, magnitudes re-selected 0.753 ± 0.013 0.558 ± 0.021 0.672 ± 0.016 0.713 ± 0.014 0.674 ± 0.011

w/o PCA: K-means on raw hidden states 0.747 0.557 0.684 0.702 0.673
w/o K-means: PC1 quantile routing 0.719 0.521 0.651 0.681 0.643
w/o cluster-specific magnitudes: shared strength 0.716 0.498 0.641 0.686 0.635

Table 10: Sensitivity to the cluster count and to the ACT/THINK ratio of the calibration data (Qwen3-8B,
ToA-Eval test split, accuracy). The default uses benchmark-specific K and a balanced calibration set.

Factor Setting MATH AIME GPQA MMLU-Pro Average

Default K∗=(2, 3, 5, 4), balanced 0.790 0.620 0.740 0.740 0.723

Cluster count

Fixed K=2 0.790 0.598 0.708 0.723 0.705
Fixed K=3 0.781 0.620 0.726 0.731 0.715
Fixed K=4 0.776 0.607 0.733 0.740 0.714
Fixed K=5 0.767 0.595 0.740 0.735 0.709

Calibration ratio
Natural ratio 0.784 0.611 0.735 0.734 0.716
ACT-heavy 70:30 0.778 0.600 0.728 0.731 0.709
THINK-heavy 30:70 0.782 0.604 0.724 0.736 0.712

M Per-Benchmark Accuracy–Cost Trajectories

Fig. 16 shows the per-benchmark trajectories from Baseline through Static-best to ToA-Steer on Qwen3-8B.
ToA-Steer reaches the highest accuracy on every benchmark, and the trajectory shape (right then up-left)
shows that ToA-Steer does not simply increase tool use; on every benchmark it finds an accuracy higher than
Static-best at a tool-call rate close to Baseline. Fig. 17 additionally plots the aggregate accuracy–cost scatter
for all baselines and ToA-Steer on Qwen3-8B, with the per-benchmark scatter overlaid in lighter shades.

N Static-Steering Frontier and Per-Sample Oracle Headroom

To quantify how much accuracy a dynamic, instance-conditioned controller can in principle recover beyond
any single-magnitude static intervention, we plot, per benchmark and on Qwen3-8B, the static-steering
frontier traced by sweeping m at ℓ=26 (Fig. 18, blue line), the baseline at m=0 (black star), and the per-sample
oracle (red cross) which selects the best m independently for each test instance. The orange band marks the
accuracy region a successful dynamic controller should reach. The oracle exceeds the best static point by
+38 pp on AIME-2026, +20 pp on GPQA, +9 pp on MATH, and +5 pp on MMLU-Pro: the harder, more
ACT-needed benchmarks have the largest static-to-oracle gap, indicating that on these tasks the optimal
magnitude varies sharply across instances and a single global m cannot capture it. This headroom is the
upper bound that ToA-Steer’s per-cluster routing aims to recover with K clusters per benchmark; the gap
between the static-best point and the oracle measures, in accuracy terms, the value of dynamic routing at this
layer.

O Transfer to a Realistic Web-Search Environment

To test whether ToA-Steer generalizes beyond the clean tools and benchmarks it is calibrated on, we apply it to
the Web Search category of BFCL V4, a live web-search environment, on Qwen3.5-27B. The steering direction,
layer, routing, and per-cluster magnitudes are calibrated on GPQA with the Wikipedia tool and applied
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Figure 16: Per-benchmark accuracy–cost trajectories on Qwen3-8B: Baseline (•) → Static-best (▲) → ToA-Steer
(⋆). ToA-Steer reaches the highest accuracy on every benchmark; the trajectory shape (right then up-left)
shows that ToA-Steer does not simply increase tool use: on every benchmark it finds an accuracy higher than
Static-best at a tool-call rate close to Baseline.

Figure 17: Aggregate accuracy versus tool-call rate across all four benchmarks (Qwen3-8B). Each marker is
one method; per-benchmark scatter is shown in light shades for context.

without re-calibration. Web Search Overall is the unweighted mean of the official Snippet and No-Snippet
settings, 50% Fetch Success evaluates the No-Snippet setting when each URL fetch succeeds with probability
0.5, and Irrelevance measures whether the model abstains from calling tools that are irrelevant to the query.
ToA-Steer achieves the best mean score in all four settings (Table 11). It improves over Prompt by 4.0 points
on Web Search Overall and by 4.3 points under 50% fetch failure, and stays ahead of GRPO by 0.8 to 1.1
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Figure 18: Per-benchmark accuracy vs. tool-call rate on Qwen3-8B at ℓ=26. Each panel shows the static-
steering frontier obtained by sweeping a single magnitude m (blue line, scatter), the baseline at m=0 (⋆),
and the per-sample oracle that picks the best m for each test instance (red cross). The orange band marks
the accuracy region a dynamic controller should reach. The static-to-oracle gap (+38 pp AIME-2026, +20 pp
GPQA, +9 pp MATH, +5 pp MMLU-Pro) is the headroom available to instance-conditioned routing beyond
any single-magnitude static intervention.

points in every setting.

Table 11: Transfer from GPQA to BFCL V4 Web Search without re-calibration (Qwen3.5-27B, accuracy %,
mean ± SD over five seeds).

Method Web Search Overall↑ No-Snippet↑ 50% Fetch Success↑ Irrelevance↑

Prompt 44.6 ± 2.3 40.0 ± 2.8 31.7 ± 3.2 88.8 ± 0.8
SFT 46.4 ± 2.0 41.9 ± 2.5 33.6 ± 2.9 90.7 ± 0.7
GRPO 47.5 ± 2.1 43.1 ± 2.6 34.9 ± 3.1 91.8 ± 0.6
Static-best 47.4 ± 1.9 42.6 ± 2.4 34.0 ± 2.8 91.2 ± 0.6
ToA-Steer 48.6 ± 1.9 44.1 ± 2.3 36.0 ± 2.7 92.6 ± 0.5
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