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Abstract

Tool calling, invoking external tools on demand, is central to agentic LLMs, yet
the mechanism that decides whether a model calls a tool or responds directly
remains poorly understood. Agentic prompts are long and heavily scaffolded,
combining role instructions, tool schemas, format templates, and the user’s request
across hundreds of tokens, creating a noisy, highly entangled context in which
no single controllable variable for mechanistic analysis is obvious. To obtain
such a variable, we propose a method that converts complex agentic prompts into
minimal contrastive pairs in which a single request verb determines the tool-call
decision: replacing an execution-verb (e.g., write) with an analysis-verb (e.g.,
discuss) reliably flips the decision, suggesting it is mediated by a compact internal
state. We construct 500 such paired prompts across Python, Java, and C++ (300
for mechanistic analysis, 200 held out for evaluation). We trace the decision to a
vector, ua, that is both causally necessary and sufficient and generalizes beyond
the discovery prompts to native multi-turn 72-Bench trajectories and verb-free
requests. Behavioral ablations show that the scaffold establishes a tool-call prior;
Transcoder decomposition then reveals that analysis verbs suppress this prior
through features signaling that tool use is unnecessary, whereas execution verbs
largely leave it intact. Downstream scaffold-reading attention heads and MLP
features read out the resulting state, and the same mechanism recurs across seven
models from the Qwen, Mistral, and Granite families. Our code is available at
https://github.com/XijieGo/MI4ToolCalling.

1 Introduction

Al agents, from personal Al assistants to software engineering agents, are now widely deployed
across industry and research. These agents are powered by agentic LLMs whose core capability is tool
calling: invoking external tools on demand to act in the world. Given an agentic prompt containing a
tool-call prompt scaffold (role instructions, tool schemas, and format templates) alongside the user’s
request, the LLLM can generate a structured tool call specifying the selected tool and its arguments,
enabling it to search the web, execute code [1, 2]. For any agentic prompt, the LLM faces the decision
of whether to call a tool or respond directly. We call this the call-or-no-call decision. An incorrect
decision causes the model to call tools unnecessarily or fail to call a tool when one is needed.
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Figure 1: Roadmap of the paper’s mechanistic analysis. The three numbered blocks summarize
the stages of our analysis: (1) verb substitution turns long agentic prompts into a controlled causal
interface; (2) the call-or-no-call decision passes through a tool-call vector, ua, that is causally
sufficient and necessary; and (3) this vector reflects suppression of a scaffold-induced tool-call default
and generalizes across the model families. The six lettered steps show how the evidence is built.

Frontier LLMs with dedicated agentic training often signal this call-or-no-call decision through a
special token. In Qwen3, for instance, <tool_call> appears as the first generated token precisely
when the model decides to call a tool [3]. In this setting, the call-or-no-call decision reduces to a
simple question: is <tool_call> the model’s top-1 prediction for the first generated token? This
makes the call-or-no-call decision tractable for mechanistic analysis: a single-token output prediction
is the natural target for mechanistic tools such as activation patching and direct logit attribution.

Yet what drives this decision has not been studied mechanistically. Existing work on tool calling has
focused on whether LLMs select the right tools and how to improve their accuracy [1, 4—7]. Prior
mechanistic work has typically examined short prompts of 10-30 tokens, where a single variable can
be varied while holding the rest fixed [8, 9]. Agentic prompts are fundamentally different: the prompt
scaffold (role instructions, tool schemas, and format templates) is packed alongside the user’s request
across several hundred tokens. With so many components that could each plausibly influence the
decision, it is not clear which single element to vary to construct a reliable contrastive pair [10, 11].
This complexity makes it hard to isolate a single controllable variable for mechanistic analysis.

However, in code completion tasks, we find that the request verb serves as a controllable variable:
replacing an execution verb with an analysis verb switches the first generated token in the retained
pairs. Matched prompts differ only in the request verb, preserving the prompt scaffold, task body,
and available tool. We construct 500 prompt pairs for each of the seven primary models, with 300
used for mechanistic analysis and 200 held out for evaluation. The coding tasks span Python, Java,
and C++, drawing from MBPP, APPS, HumanEval, and CodeContests [12—15]. By holding the
surrounding prompt fixed while varying a single behaviorally decisive token, these pairs isolate a
controlled interface for mechanistic analysis.

We study this mechanism primarily in Qwen3-8B and test whether it generalizes across model scales
and families. Activation patching localizes the decisive residual-stream state to layer 24: patching it
recovers <tool_call> on 100% of corrupt prompts. Averaging the activation difference at this layer
gives the tool-call vector, pua. Adding pa to analysis-verb prompts restores <tool_call>; subtract-
ing it from execution-verb prompts suppresses tool calling. Because these pairs are behaviorally
filtered to exhibit the intended contrast, we test whether pa generalizes beyond this construction.
Furthermore, pua induces and suppresses tool calls in web retrieval, SQL execution, and email
dispatch with new tool schemas and request verbs. The same control extends to native decisions in
multi-turn, multi-tool 72-Bench trajectories across seven models, using model-specific jza without
re-estimation. Even for requests that imply a need for tools without containing the execution or
analysis verbs used in our prompt pairs, subtracting pa still suppresses tool calls. The call-or-no-call
decision passes through a compact tool-call vector shared across prompts.



The natural hypothesis is that execution verbs actively generate a tool-call signal. Our evidence points
to a different picture. The prompt scaffold establishes a tool-call prior: the role instructions, tool
schemas, and format templates bias the model toward predicting <tool_call> first on task-bearing
requests rather than empty or unrelated turns. Analysis verbs activate a family of features that signal
the tool is unnecessary; they write against this prior through layers 21-23. Execution verbs do not
activate them and leave the prior intact. 1A is the inverse direction of the suppression signal that these
features write into the residual stream. Downstream, scaffold-reading heads shift attention toward
the tool-format template and MLP blocks support the opening of a tool-call sequence; both effects
weaken when the suppression features are active. The mechanism replicates across the Qwen3-family
and additional models, and structurally mirrors refusal [16]: a strong prior is present, and a compact
suppressor overrides it. A scaffold-component ablation confirms this pattern behaviorally: the format
template alone installs the near-ceiling call prior, and the tool schema makes it sensitive to wording.

To summarize, we make four contributions: (1) A first-generated-token target and controlled prompt
pairs provide a clean causal interface for studying the call-or-no-call decision in long, scaffolded
prompts (Section 2). (2) A tool-call vector pa at the layer-24 prediction position is causally necessary
and sufficient for the call-or-no-call decision, and this control extends unchanged to real multi-turn
agent trajectories and to requests with no cued verb at all (Section 3, Section 4). (3) ua is the inverse
of the suppression signal that features activated by analysis-verbs write against a scaffold-induced,
request-sensitive call prior; a scaffold-component ablation clarifies this prior behaviorally (Section 5).
(4) Downstream attention heads and MLP blocks read this vector into the first generated token, and
the same mechanism extends across Qwen3 and additional models (Section 6, Section 7).

2 One Verb Flips the Call-or-No-Call Decision

Mechanistic analysis requires a controlled change that
produces a reliable behavioral contrast. Agentic prompts
make such changes difficult to isolate. Role instructions,
tool schemas, formatting rules, and user requests can all
affect the decision. We seek a minimal change that exposes
the call decision while preserving the task and scaffold.
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We find a surprisingly simple control variable in code-
completion tasks: a single request verb can reliably switch
the model between calling a tool and responding directly.
Asking the model to write a function often triggers a tool
call, while replacing write with discuss can instead pro-
duce a text response (Figure 2). We therefore construct
matched code-completion prompts that differ only in the Figure 2: Request verbs change tool-
request verb. Execution-verbs request an action on the call rates across models. Bars show
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We study Qwen3-8B [3] in non-thinking mode, where the first generated token exposes call initiation.
A tool call begins with <tool_call>, and a direct response begins with ordinary text. We use five
execution verbs (add, build, ...) and five analysis verbs (discuss, explore, ...). Tasks come from
MBPP, APPS, HumanEval, and CodeContests [12—15] and cover Python, Java, and C++. The Qwen3-
8B dataset contains 500 pairs, with 300 for mechanistic analysis and 200 held out for evaluation.
Appendix A summarizes the data sources, splits, and prompt format.

Key Setup: A One-Word Causal Interface

Changing the request verb flips the first output between <tool_call> and direct text. The
matched prompts isolate the call decision while preserving the surrounding task and scaffold.

Following activation-patching terminology, we call execution prompts clean, denoted x°, and analysis
prompts corrupt, denoted x*. Each prompt has the form

x = [role instructions, tool schemas, format templates] [v || task body] — y, (1)

prompt scaffold user’s request



Here v is the request verb, y is the first generated token, and yc,n = <tool_call>. The paired
contrast is § = yca11 ON execution prompts and y # ycan on analysis prompts. Only v changes within

a pair. We write h;,l) (x) € Rimodel for the residual activation at layer [ and position p.

3 The Tool-Call Vector

A shared residual vector controls the call-or-no-call decision in Qwen3-8B. We identify the vector
in two steps. Activation patching localizes a tool-call state at the final prompt position. The mean
execution—analysis difference at that state gives the tool-call vector.

3.1 Localizing the Tool-Call State

Activation patching locates the request verb’s effect on the
call decision [17, 18]. For each held-out pair (xf, x}), we 100% 4
patch the analysis state at layer [ and position ¢ with its
execution counterpart. Other positions at that layer stay
fixed; the rest of the model resumes from the patched state.
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The recovery rate (I, ¢) is the fraction of patched prompts
whose first-token top-1 prediction is y..1. We sweep layers o3 10 s 20 24725

at the verb position and the prediction position, the final Layer

prompt position that predicts the first output token. The . .
patching effect shifts from the verb to the prediction position Figure 3: The call signal shifts from
across layers. At L24, patching the prediction-position state the verb to the prediction position.
recovers calls on 100% of held-out analysis prompts. This Layerwise patching finds the L[.24

state is where we add and remove the tool-call vector. residual state that determines when to
call a tool or to give a text reply.
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3.2 Estimating the Tool-Call Vector

We estimate the tool-call vector by averaging the execution-
minus-analysis activation difference over the 300 training pairs at the .24 prediction position p.

A; = h;z‘l) (xf) — h1(,24) (x]), fia = mean A,. 3
We then add i1 to analysis-prompt activations and subtract pia from execution-prompt activations.
Add: l~z1(,24)(x2‘) = h§)24) () + pa, Remove: 711(,24) (xf) = h§,24) (xF) — pa. (€))

Both interventions change a single residual activation before downstream computation resumes. We
measure each intervention’s effect relative to the original execution—analysis logit gap. Let z¢,;, and
z%,11 denote mean tool-call logits on held-out execution and analysis prompts. Superscripts * -+ p and
¢ — p denote addition and removal. The normalized effects are

ZEhe Z¢  — ok

_ Zcall 1l _ Zcall all
Suff(pa) = 25—, Necc(pa) = 25— 5)

Zeall Zeall Zcall Zeall

Addition and removal recover most of the logit gap in their respective directions (Table 1). The same
vector therefore supports both tool-call induction and suppression at the prediction position.

Table 1: The tool-call vector causally controls the call-or-no-call decision. Adding ;1A to analysis
prompts induces tool calls, while removing it from execution prompts suppresses them.

Intervention Top-1 before Top-1 after A top-1 Logit before Logit after A logit Suff. Necc.
Add pa 0.00% 100.00% 1 100.00 25.11 32.50 1739 103 -
Remove pa 100.00% 0.00% | 100.00 32.28 24.80 1748 - 1.04

Circuit searches identify relevant components, but high-fidelity replay requires distributed computa-
tion (Appendix G). The vector gives us a compact causal target for tracing how those components
form and read out the call decision at the first generated token.



4 Generalization Beyond Verb-Cued Coding

The Qwen3-8B discovery prompts combine a coding task, an explicit request verb, and a single-turn
scaffold. We test how the tool-call vector behaves as these conditions change. The tests cover
new domains and wording, native multi-turn trajectories, and implicit requests. Every Qwen3-8B
intervention keeps the coding-derived direction fixed at the L24 prediction position; cross-domain
experiments calibrate its norm, while 72 and verb-free tests apply fixed gains to the original vector.

4.1 Transfer Across Tools, Domains, and Action Wording

We test transfer to web retrieval, read-only SQL execution, and email dispatch using 100 held-out
call/no-call pairs per domain. The prompts retain the discovery scaffold and introduce new task
content and tool schemas. Call-side verbs such as retrieve, execute, and dispatch fall outside the
coding action vocabulary. Within each pair, only the leading request token changes. We keep the
coding-derived direction fixed at the .24 prediction position and rescale the vector to match the
call-no-call contrast norm estimated from separate target-domain training pairs.

Vector addition induces tool calls on all corrupt prompts, and vector removal suppresses tool calls on
clean prompts (Table 2). The normalized logit shift averages 0.88 for addition and 0.94 for removal.
A norm-matched random vector changes no top-1 decisions. The coding-derived vector supports
bidirectional control of the first-token call decision across tools and action vocabularies.

Table 2: The coding-derived vector controls tool calling across web retrieval, SQL execution,
and email dispatch. Qwen3-8B interventions keep the coding-derived direction fixed at L24 and
match the vector norm to each target domain. /N counts held-out pairs. Induction and suppression
rates measure first-token switches from no-call to call under addition and from call to no-call under
removal, respectively. Norm. shift is the mean <tool_call> logit increase for Add or decrease for
Remove, divided by the baseline call-no-call logit gap. Means weight domains equally.

Add pa Remove pa
Target Tool N Induction (%) Norm. shift ~ Suppression (%) Norm. shift
Web retrieval web_search 100 100.0 0.93 100.0 0.75
SQL execution run_sql 100 100.0 0.79 100.0 0.77
Email dispatch send_email 100 100.0 091 100.0 1.30
Mean — 300 100.0 0.88 100.0 0.94

4.2 Native Multi-Turn, Multi-Tool Trajectories

We next apply the coding-derived vector, without re-estimation, inside ongoing agent interactions.
We evaluate native 72-Bench Telecom trajectories [19] with 5,385-15,690 context tokens, 1643
available tools, and prior interaction and call history. We intervene at the next decision point without
changing the request, using 200 decision points in each of the removal and induction arms.

At 1x gain, vector removal suppresses 36.7% of baseline tool calls, and vector addition induces tool
calls on 70.0% of turns with a baseline text response (Table 3). A norm-matched random vector
switches the call decision on 1.5% and 0.0% of these turns, respectively. Across the 200 evaluated
decision points in each arm, removal decreases the mean <tool_call> logit by 5.55, while addition
increases it by 19.42. These paired logit changes capture a shift in call preference beyond the
decisions whose top-1 token flips. The coding-derived vector therefore remains effective under long
contexts, multiple tools, and the accumulated history of interactions and tool calls.

4.3 Verb-Free Requests

Requests can also imply a need for tool use without an explicit instruction to act. We construct 600
non-imperative requests across code, search, database, and API tasks. The requests include questions
such as Is it true that . .. 7 and statements such as [ haven’t gotten to . .. yet. We call these requests
verb-free because they contain no explicit action verb specifying what the model should do.



Table 3: The coding-derived Qwen3-8B vector transfers beyond the discovery prompts. All
entries use 1x gain at L24. N counts evaluated decision points. Top-1 flip is the fraction of baseline
calls suppressed by removal or baseline text responses changed to calls by addition. Az, is the
mean paired after-minus-before change in <tool_call> logit over all [V points. Top-1 rate gives the
call rate before and after intervention over the same N points. Appendix C gives random controls
and shows how the verb-free results vary with the chosen intervention gain.

Setting Intervention N Top-1 flip (%) Mean Azqa Top-1 rate (before — after)
72-Bench, native call Remove 200 36.7 —5.55 99.5% — 63.0%
72-Bench, native text Add 200 70.0 +19.42 0.0% — 70.0%
Verb-free, native call Remove 160 93.1 —-9.95 100.0% — 6.9%

Among 160 evaluated requests with a baseline Qwen3-8B tool call, vector removal suppresses 93.1%
of calls at 1x gain. At 1.5x gain, the suppression rate reaches 100.0%, compared with 16.2% for a
norm-matched random vector at the same gain. The paired logit changes in Table 3 show a decrease
in tool-call preference. This supports reuse of the call-state direction on requests that omit the explicit
verb cues used to discover ua. Appendix C.2 gives the request construction and selection procedure.

Finding: A General Tool-Call Vector Within the Model

Using controlled verb contrasts and activation patching, we identify a tool-call vector pa
within the model. Intervening along this direction controls the call-or-no-call decision across
tools and domains, including native multi-turn trajectories and implicit requests.

5 How Does the Tool-Call Vector Form?

The vector’s transfer raises a mechanistic question. How do the scaffold and request create the state
captured by pa? We return to the controlled Qwen3-8B setting, establish the scaffold’s behavioral
effect, and trace the vector’s formation to individual layers and features.

5.1 The Scaffold Establishes a Tool-Call Prior

The scaffold creates a strong tendency to call tools on task-bearing requests. On held-out tasks, neutral
requests produce a mean call probability of 0.8486, while analysis requests reduce the probability to
0.0038. We separate the scaffold into role instructions (R), tool schemas (7"), and format templates
(F') to identify the source of this tendency. The format template establishes the call prior, while
the tool schema makes the resulting call tendency sensitive to the request (Table 4). Removing
F nearly eliminates calling. With F' alone, call probabilities approach one for both request types.
Removing T" weakens the neutral-analysis separation. A length-matched replacement for T" produces
an intermediate separation, indicating that both schema content and context length contribute.

The prior is gated by the presence of task-relevant content. Empty turns and unrelated questions elicit
no top-1 calls. The task body alone yields a 32.3% call rate. Execution requests reach 100%, while
analysis requests reduce the rate to 0% in this baseline experiment. We therefore use scaffold-induced
call prior to denote this task-conditioned tendency to call tools.

Table 4: The scaffold creates a request-sensitive call prior. Entries are mean first-token call
probabilities on 200 held-out Qwen3-8B tasks. Appendix D.1 gives all component combinations and
a control that replaces the tool schema with text of the same length.

Scaffold Neutral request ~ Analysis request
R+ T + F (full) 0.8486 0.0038
R + T (no format template) 6.32 x 1077 8.31 x 1071°
R + F (no tool schema) 0.9521 0.4108
F only 1.0000 0.9952




5.2 MLPs Dominate Tool-Call Vector Formation

We track the call signal by projecting residual activations onto the unit direction fin = pua/||pa |-
At the prediction position, the mean execution—analysis gap at layer [ is
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We also project each MLP and attention-head output onto fia to measure component contributions.

The gap g; stays near zero through the first fifteen layers, grows modestly in the middle layers, and
rises sharply in L20-L.23. Thus, we call L20-L23 the formation window. MLPs supply 77.7% of
the projected write in this window, compared with 22.3% for attention heads (Figure 4). MLP23
contributes the largest single write, equal to 22.5 on the g; scale.
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Figure 4: MLPs dominate formation-window writes. Left, Qwen3-8B component outputs projected
onto fia. Right, the Transcoder architecture used to decompose MLP writes.

5.3 Suppression Shapes the Vector in the Formation Window

We decompose formation-window MLP writes with Transcoders, which approximate each output
with feature-weighted decoder directions [20]. Feature selection uses 300 training pairs; scores and
interventions use 200 held-out pairs and the fixed L24 vector.

MLP® (z) ~ b5 + 3 agp(z) w!, )

where a¢f(z) > 0 is the ReLU feature activation of the normalized MLP input at the prediction
position, and wgf) is its decoder direction. The bias cancels in paired contrasts. We score each feature

by its activation contrast and projection onto i,
_ (fC  _ =% @ - 8
"Wf—(azf aef)<wf NINE @
where a7, and aj, are mean activations on clean and corrupt prompts.

Positive « increases the execution—analysis gap; negative x reduces it. The gap can arise from
execution-active features writing along fia or analysis-active features writing against it. We sum
contribution magnitudes by activation side,
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We label each layer’s 80 largest positive and 80 largest negative training-~ features using max-
activating prompts, activation patterns, and decoder tokens. Both the statistics for feature families
and those for the full feature set use the same held-out « values.



Table 5: Features more active on analysis prompts dominate the formation window. Ko rupt
and K jean sum |x| over all features with higher analysis and execution activations, respectively, on
200 held-out pairs. Share is each layer’s fraction of the net Transcoder feature write over L20-L23.
Appendix D.4 gives the statistics for the labelled families of Transcoder features.

Layer Dominant Kcorrupt Kclean Kcorrupt/Kclean Share (%) Semantic label

L20  Clean 0.24 0.93 0.26 4.6 Execution requests
L21 Corrupt 1.47 1.10 1.34 16.7 Non-necessity

L22  Corrupt 1.85 1.33 1.39 22.8 Analysis-task contexts
L23  Corrupt 5.98 1.43 4.18 559 Analysis-verbs

Analysis-active features dominate L21-1.23 (Table 5). The largest family by contribution contains
115 labelled analysis-non-execution features, with mean held-out |x| of 0.0633 versus 0.0156 for
the 292-feature execution-request family. Its total is 7.28, within the full-feature total of 14.34; the
window-level Kcorrupt/Kclean ratio is 1.99. Activating contexts span non-necessity, analysis tasks,
and analysis-verbs. Most of these features are more active on analysis prompts and write against ia .

Zeroing prediction-position writes of the five training-selected suppressors with highest ||, all in the
analysis-non-execution family, shifts the held-out analysis-side L24 input state by +5.30 along fia .
This closes 8.82% of ¢; and raises the mean call margin by +1.38. Call rate rises from 3.0% to 25.5%,
with 22.5% strict recovery (45/200). A layer-matched random suppressor control shifts the state by
+-0.14 (0.23% gap closure) and yields 0.5% strict recovery. For mediation, we replace execution-side
L20-L23 prediction-position MLP outputs with paired analysis-side outputs. Restoring only the lost
[ia projection at .24 recovers the baseline gap and 100% of clean calls (200/200; Appendix D.4).

Mechanistic Insight: Suppression Shapes the Tool-Call Vector

The scaffold establishes a conditional tool-call prior. Analysis requests activate suppressor
features that write against the tool-call direction fia, while execution requests largely preserve
the prior. This asymmetry between request types shapes the tool-call vector.

6 How Does the Tool-Call Vector Control the Call Decision?

Downstream attention heads and MLP features read the L.24 tool-call state into the first generated
token. We trace this readout with direct logit attribution (DLA) and single-component patching over
L25-1L.35. DLA measures each component’s direct contribution to the tool-call logit [21].

6.1 Scaffold-Reading Heads Support Tool Calling

L29H9, L33H11, and L33H29 form a group of scaffold-reading heads. Execution prompts shift all
three heads strongly toward the tool-format template and away from role instructions (Figure 5B).
The heads also provide stronger direct support for <tool_call>, with L33H29 showing the largest
attention-head DLA increase of +13.45 (Table 24). The shared attention pattern links the call-
supporting writes to how these heads read the prompt scaffold. Adding pa to analysis prompts at
L24 raises all three heads” DLA toward their execution-side values. L33H29 rises from 11.13 to
24.43, close to its execution baseline. The coordinated response shows that multiple scaffold-reading
heads read the same vector-controlled state and translate it into support for the call opening.

6.2 Committing to the Tool-Call Opening

MLP34 has the strongest single-component patching effect in the readout sweep. On the 200 held-out
feature-evaluation pairs, patching MLP34 yields a 41.0% call rate. Transcoder feature F109925
responds to tool-schema boundaries and writes toward the tool-call opening (Figure 5C). Adding pa
raises its mean activation from 67.6 to 126.0 (projected call-token write from 3.35 to 6.25), close to
the execution-side values of 124.4 and 6.17 (Appendix E). Replacing only F109925’s analysis-side
activation with its paired execution-side value at the prediction position yields a 37.0% call rate,
compared with 6.5% for the fixed non-structural control F91365. F109925 contributes to structural
readout, with a smaller effect than the full MLP34 patch.
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Figure 5: Scaffold-reading heads and a late structural feature read out the tool-call state. (A)
Execution-minus-analysis DLA for the <tool_call> logit across Qwen3-8B attention heads in
L25-1L.35. (B) L29H9, L33H11, and L33H29 share a shift toward the tool-format template and
away from role instructions on execution prompts (blue) relative to analysis prompts (red). (C) Max-
activating contexts for L34/F109925 highlight tool-schema boundaries, supporting its interpretation
as a structural readout feature for the opening of a tool call.

Takeaway: From Scaffold Prior to Tool-Call Output

The scaffold establishes a conditional tool-call prior. Analysis requests activate suppressor
features that write against the tool-call direction [ia, while execution requests preserve the
prior. Scaffold-reading heads and late structural MLP features then read the resulting state into
the <tool_call> opening as the first token of the response.

7 The Tool-Call Vector Across Scales and Model Families

We ask whether the mechanism established in Qwen3-8B replicates across model scales and families,
and whether the resulting vectors generalize beyond the discovery prompts: (i) the decision state
localizes to a prediction-position layer (I, (I, p)); (ii) ;1a passes causal intervention tests at that layer
(Suff., Necc.); (iii) the vector generalizes beyond the controlled verb contrasts to new domains, native
multi-turn 72-Bench trajectories, and verb-free requests (Domains, 72, Verb-free); (iv) formation-
window writes are MLP-dominated and suppressor-driven (MLP/Attn, Kcorrupt/Kclean); and (v)
scaffold attention varies with the call state (Max Attn). We test Qwen3-4B and 14B, Qwen3.5-4B
and 9B, Mistral-Small-3.2-24B, and Granite-3.3-8B at the fixed block-input layers in Table 6.

Table 6: The tool-call mechanism recurs across seven models and generalizes beyond the
discovery prompts. Domains and 72 average conditional intervention rates; Verb-free reports
suppression at unit gain. Domains uses norm calibration (Appendix I.1). Max Attn summarizes
clean-minus-corrupt scaffold-attention shifts (Appendix F.3). For hybrid Qwen3.5, MLP/Attn is
omitted and attention is summarized only for layers with full attention.

Localization Intervention Generalization (%) Formation Readout
Model I r(l,p) (%) Suff. Necc. Domains 72 Verb-free MLP/Attn Kecorrupt / Kclean Max Attn (pp)
Qwen3-4B 26 100.0 097 0.71 87.7 722 100.0 2.08 3.26 82.6
Qwen3-8B 24 100.0 1.03 1.04 1000 533 93.1 3.48 1.99 72.6
Qwen3-14B 34 100.0 097 0.84 100.0 85.0 100.0 6.87 241 87.3
Qwen3.5-4B 31 99.0 0.84 0.61 91.1 479 100.0 - 1.58 50.3
Qwen3.5-9B 31 100.0 092 0.88 100.0 80.2 100.0 - 1.30 52.2
Mistral-Small-3.2-24B 25 100.0 090 0.76 100.0 83.5 100.0 3.93 1.61 40.5
Granite-3.3-8B 35 93.5 0.81 0.72 43.0 703 355 7.52 2.11 36.5

Across all seven models, localization and causal intervention remain consistently strong, while the
strength of generalization and downstream readout varies across architectures. Full-state patching
recovers calls on 93.5-100.0% of analysis prompts. Vector interventions yield normalized sufficiency



scores of 0.81-1.03 and necessity scores of 0.61-1.04. More importantly, Kcorrupt > Kclean 10
every model, preserving the central asymmetry identified in Qwen3-8B: the tool-call vector is shaped
primarily by suppressive computation on the analysis side rather than by an execution-specific signal.
Together, these results suggest that the specific layers and components vary across models, while the
functional organization of the call decision remains stable across these models.

8 Related Work

Tool-use research develops and evaluates models that decide whether and how to invoke external
tools [1, 4, 2, 6, 7]. These studies establish the call-or-no-call decision as a central agent capability.
Its causal internal representation remains largely uncharacterized. Mechanistic interpretability
localizes causal states and resolves component computations [17, 18, 9, 20], while representation
engineering, function vectors, and refusal directions show that compact residual directions can
mediate behavior [22, 23, 16]. We connect these lines of work by extending causal mechanistic
analysis to a core agent behavior: deciding whether to initiate tool use. Controlled request contrasts
isolate this decision in long, scaffolded prompts, revealing a localized tool-call vector that transfers
across tools, domains, and request forms. Tracing its formation and downstream readout explains
how request semantics suppress a scaffold-induced call prior, linking behavioral tool-use evaluation
to an internal causal account of action initiation. Appendix H provides a review of related literature.

9 Conclusions

A single tool-call vector gives causal control over the call-or-no-call decision at the first output
token in Qwen3-8B. The vector is estimated from one-word request contrasts and transfers without
re-estimation to native multi-turn trajectories and verb-free requests. The mechanistic analysis
explains how the controlled contrast arises. The scaffold establishes a call prior on task-bearing
requests, analysis requests activate suppressor features, and execution requests largely preserve the
prior. Downstream attention and MLP features read the resulting state into the tool-call opening. The
vector connects these computations through a compact, reusable representation, providing a concrete
account of how the model uses request semantics to regulate tool calling.

10 Limitations

Our scope is the mechanism of the binary call-or-no-call decision. The primary formation analysis
uses behaviorally screened coding pairs under a fixed scaffold, so its applicability to other prompt
constructions remains to be established. We do not evaluate the broader correctness of tool use,
including whether a call selects an appropriate tool, produces valid arguments, or completes the
underlying task. The formation analysis identifies a scaffold-induced call prior, a vector, and broad
suppressive feature families. It does not yet resolve the fine-grained computation that maps scaffold
information and request semantics to the vector. Transfer supports reuse of a downstream call state,
but does not establish identical formation mechanisms for explicit and implicit requests.

10
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A Experimental Setup and Dataset Construction

This appendix describes the model-specific paired-prompt datasets and the controls that support the
Tool-Call Vector. Each model in the seven-model comparison has 500 clean/corrupt pairs. Within
a pair, the task or conversation and tool interface stay fixed while the request verb changes. Call
outcomes are measured at the first output token.

A.1 Source Tasks

The model-specific corpora use programming tasks from APPS, CodeContests, HumanEval, and
MBPP, or conversation contexts from 72-Bench Telecom. Source families vary by model; Table 7
summarizes the assignment.

Table 7: Source families represented in the model-specific paired corpora.

Source family Models Task content
APPS, CodeContests, Qwen3-4B, Qwen3-8B, Programming tasks with
HumanEval, MBPP Qwen3-14B, Qwen3.5-9B, statements, function signatures,
Granite-3.3-8B examples, tests, or reference
solutions.
72-Bench Telecom Qwen3.5-4B, Conversation histories with a
Mistral-Small-3.2-24B controlled request-verb contrast.

For coding tasks, normalization preserves the function behavior, programming language, and available
examples or tests. The paired prompts keep each model’s task context and tool interface fixed while
varying the request verb.

A.2 Agentic Prompt Template

The Qwen3-8B discovery prompts use Qwen’s chat template. The system turn provides the
write_file tool and states the required <tool_call> serialization format. The assistant pre-
fix uses the non-thinking completion form used by Qwen3. The boxed template below shows the
structure; braces mark fields filled by each task. Cross-model corpora use each model’s native prompt
template and call-opening token.

Agentic prompt template for the controlled Qwen3 coding pairs.

<|im_start|>system
# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>

{"type":"function","function":{"name":"write_file",

"description":"Write file.",
"parameters":{"type":"object","properties":{"file_path":{"type":"string"},
"content":{"type":"string"}},"required": ["file_path","content"]}}}
</tools>

For each function call, return a json object with function name
and arguments within <tool_call></tool_call> XML tags:
<tool_call>

{"name": <function-name>, "arguments": <args-json-object>}
</tool_call><|im_end|>

<|im_start|>user

{REQUEST_VERB} the function body in {TARGET_FILE} based on the function
definition and docstring below:

{TASK_BODY}

<|im_end|>

<|im_start|>assistant

<think>

</think>
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The tool list, tool schema, output format instruction, target file, task body, and assistant prefix are
identical within each pair; the request verb at the beginning of the user turn is the only change.

The call marker is <tool_call> for Qwen3 and Qwen3.5, [TOOL_CALLS] for Mistral, and
<|tool_calll|> for Granite. The evaluation compares the native token’s logit with all compet-
ing first tokens. For inputs stored as native token IDs, evaluation uses those IDs directly.

A.3 Pair Construction Pipeline

The paired corpora are organized separately by model. Pairs are retained for an execution-call/analysis-
text behavioral contrast. Each model has 500 pairs, with the split and source family shown in Table 8.
Verb pools are model-specific. Vector fitting uses training pairs only, and intervention results are
evaluated on held-out pairs. The main paired-prompt experiments use 300 training pairs and 200
held-out pairs for every model. Additional appendix controls use the evaluation cohorts specified in
their respective subsections.

Table 8: Per-model paired-prompt corpus sizes and splits.

Model Source family Train  Held-out
Qwen3-4B Coding tasks 300 200
Qwen3-8B Coding tasks 300 200
Qwen3-14B Coding tasks 300 200
Qwen3.5-4B 72-Bench Telecom 300 200
Qwen3.5-9B Coding tasks 300 200
Mistral-Small-3.2-24B  72-Bench Telecom 300 200
Granite-3.3-8B Coding tasks 300 200

A.4 Construction Results

The Qwen3-8B corpus contains 500 pairs, split into 300 training and 200 held-out pairs. Its verb
counts by split are given in Table 9; the source composition is given in Table 10.

Table 9: Qwen3-8B execution- and analysis-verb counts by split.

Split Execution verbs Analysis verbs

Train (300) add 60, build 60, complete 60, save 60, discuss 75, explore 75, review 75, study 75
write 60

Held-out (200)  add 53, build 20, complete 20, save 53, discuss 40, explore 40, inspect 40, review
write 54 40, study 40

Table 10: Source composition of the Qwen3-8B paired-prompt corpus.

Source Train  Held-out
APPS 188 51
CodeContests 63 135
HumanEval 17 4
MBPP 32 10
Total 300 200
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A.5 A Representative Clean/Corrupt Prompt Pair

The following pair illustrates the prompt for one retained Python example. The system turn, tool
schema, task body, and assistant prefix are identical. Only the first word of the user turn changes.

Representative clean prompt.

<|im_start|>system
# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>

{"type":"function","function":{"name":"write_file",

"description":"Write file.",
"parameters":{"type":"object","properties":{"file_path":{"type":"string"},
"content":{"type":"string"}},"required": ["file_path","content"1}}}
</tools>

For each function call, return a json object with function name
and arguments within <tool_call></tool_call> XML tags:
<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call><|im_end|>
<|im_start|>user
Save the function body in solve.py based on the function definition and
docstring below:
def isLongPressedName(name: str, typed: str) -> bool:
win
Given strings name and typed, return whether typed could result from
typing name where characters may be long-pressed and repeated one or
more times.
>>> isLongPressedName(’alex’, ’aaleex’)
True
win
pass
<|im_end|>
<|im_start|>assistant
<think>

</think>

Paired analysis request. All remaining prompt content is unchanged.

Explore the function body in solve.py based on the function definition and
docstring below:

B Identifying the Tool-Call Vector

The main text localizes the call-or-no-call state to the prediction position and summarizes it with
the mean clean—corrupt residual difference pta. The controls below test whether the causal effect
depends on the selected layer and direction. They use the same first-token call metric as the main
experiments and separate the learned orientation from perturbation norm.

B.1 Layer and Position Controls

The neighboring-layer control tests how the causal effect depends on the intervention layer. We fit a
mean-difference direction at the input residual stream of L22, .23, .24, and L25 using 200 training
pairs and evaluate each direction on 300 disjoint held-out pairs from a separate control corpus. This
neighboring-layer control uses a 200/300 split; the main Qwen3-8B vector uses the 300/200 split
above. Each learned vector is compared with an equal-norm random direction at the same layer.
Matching layer and norm isolates the contribution of the learned orientation.

The bidirectional effect becomes strong in the L.23-L.25 window. Addition induces calling on all
evaluated analysis prompts from L23 onward, while removal suppresses every evaluated execution-
side call at L24 and L25. The random control produces substantially smaller changes at the same
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Table 11: Neighboring-layer control with independently fitted directions. Entries are held-out post-
intervention call rates. Random controls match the learned direction’s norm at each layer.

Intervention L22 L23 L24 L25
Analysis +pa 82.0% 100.0% 100.0% 100.0%
Execution —pa 45.7% 12.0% 0.0% 0.0%
Analysis + random 0.0% 0.3% 18.7% 0.0%

Execution — random  100.0% 99.7% 97.7%  100.0%

coordinates. .24 combines the high full-state recovery in the localization sweep with complete
bidirectional control in this neighboring-layer check. We therefore use .24 as the reference state

throughout the primary mechanistic analysis.

C Generalization and Transfer

The paired prompts keep each model’s task context and tool interface fixed while varying the request
verb. This section tests whether the same call state persists when the task domain, tool schema,
context, or wording changes. Within each model, the fitted direction stays fixed during transfer;
experiments that match the target-domain norm change only the scale, not the direction.

C.1 72-Bench: Full Cross-Model Results

We evaluate 72-Bench [19] trajectories at each model’s next native decision point: Telecom for the
Qwen models and Retail for Mistral and Granite. Each evaluation arm begins with 200 candidate
decision points. Across models, not every candidate decision point produces an active tool call
at unperturbed baseline: for instance, Qwen3-8B produces 199 baseline native tool calls (a 99.5%
baseline call rate in Table 3). Table 12 reports strict suppression flip rates among the subset of
actual baseline tool-call decisions N,y (Where the unperturbed first token is <tool_call>), so
Qwen3-8B’s 36.7% removal reflects 73 flips out of 199 active calls. Table 13 reports induction flip
rates among baseline native text decisions (Niexy = 200 across all models, where the unperturbed
first token is regular text). We apply each model’s fitted ua and a norm-matched random direction at
unit gain. Table 12 and Table 13 report strict first-token flip rates among native tool-call and native

text decisions, respectively.

Table 12: 72-Bench removal: strict first-token flip rate among native tool-call decisions (/N baseline
tool calls per model; N = 199 for Qwen3-8B).

Model ua, 1x  Random, 1Xx
Qwen3-4B 61.3% 0.5%
Qwen3-8B 36.7% 1.5%
Qwen3-14B 97.0% 8.0%
Qwen3.5-4B 88.4% 0.0%
Qwen3.5-9B 91.3% 17.3%
Mistral-Small-3.2-24B 75.0% 0.5%
Granite-3.3-8B 95.5% 2.0%

Table 13: 72-Bench induction: strict first-token flip rate among native text decisions.

Model ua, 1x  Random, 1x
Qwen3-4B 83.0% 0.0%
Qwen3-8B 70.0% 0.0%
Qwen3-14B 73.0% 0.0%
Qwen3.5-4B 7.5% 0.0%
Qwen3.5-9B 69.0% 0.0%
Mistral-Small-3.2-24B  92.0% 0.0%
Granite-3.3-8B 45.0% 0.0%
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At unit gain, the fitted direction exceeds the norm-matched random control for both intervention
directions in every model.

C.2 Implicit, Verb-Free Requests: Full Cross-Model Results

We construct 600 verb-free requests from APPS [13], FEVER [24], Spider [25], and an API do-
main, using five non-imperative phrasing patterns with 30 requests per domain—pattern combination.
Requests are rendered in each model’s native template. After evaluating the baseline on all 600
requests, we select up to ten tool-call-positive requests per domain—pattern combination in source
order. This subset is fixed across the removal and random-control interventions. We subtract pa at
gains o € {1,1.5} and compare against a norm-matched random direction at &« = 1.5. Table 14
reports the strict drop rate of each model’s native tool-call marker among these baseline-positive
requests.

Table 14: Implicit, verb-free generalization across all seven models. N is the evaluated baseline-
positive subset; r is a norm-matched random direction.

Model N (—pa),a=1 (—pa),a=15 (-r),a=15
Qwen3-4B 117 100.0% 100.0% 34.2%
Qwen3-8B 160 93.1% 100.0% 16.2%
Qwen3-14B 161 100.0% 100.0% 44.7%
Qwen3.5-4B 186 100.0% 100.0% 33.9%
Qwen3.5-9B 187 100.0% 100.0% 73.8%
Mistral-Small-3.2-24B 147 100.0% 100.0% 5.4%
Granite-3.3-8B 200 35.5% 88.5% 27.5%

The fitted direction suppresses more baseline calls than the random control in all seven models,
supporting reuse of the call-state direction on verb-free requests.

D Formation of the Tool-Call Vector

The formation analysis asks how the scaffold and request wording produce the state identified in
Appendix B. We first establish the scaffold and request baselines, then separate early recoverability
from late causal commitment, and finally summarize the feature-level evidence for the suppression
account.

D.1 Scaffold and Request Baselines

We ablate role instructions (R), tool schemas (7"), and format templates (') on the 200 held-out tasks
in the balanced Qwen3-8B dataset. A length-matched control replaces the tool schema 7', while
retaining R and F'. The neutral requests use a balanced assignment of Consider, Handle, Take, Use,
and Process. Table 15 gives the component ablations and the length-matched control.

Table 15: Scaffold-component ablation, Qwen3-8B, 200 held-out prompts per condition. p.,1 is the
mean first-token <tool_call> probability; P is the neutral-minus-analysis gap.

Scaffold components Neutral pcan~ Analysis pean P

R+ T + F (full scaffold) 0.8486 0.0038 0.845

R + F' (no tool schema) 0.9521 0.4108 0.541

R + T (no format template) 6.32x 1077 831x107 6.3x1077
F only 1.0000 0.9952 0.005

T only 1.87x107%  2.05x107  1.9x107°8
R only 877 x107° 7.14x107*  87x107°
Empty system scaffold 6.80 x 10716 1.05 x 10715 —3.7x 107'¢
R + length-matched neutral text + F’ 0.7311 0.1553 0.576

The length-matched control isolates the effect of schema content from the effect of deleting its tokens.
Its neutral-analysis probability gap of 0.576 lies between the full scaffold’s 0.845 and the no-schema
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condition’s 0.541. Thus, both schema semantics and context length contribute to the behavioral
separation.

Table 16 varies the request on a separate evaluation cohort of 300 coding tasks with the full scaffold.
These measurements define a conditional call prior on task-bearing requests. Empty or unrelated user
turns do not elicit calls, while neutral and execution requests preserve a high call probability and
analysis requests strongly reduce it.

Table 16: Qwen3-8B request baselines on a 300-task evaluation cohort. Empty, greeting, and
unrelated turns are evaluated once each. The full scaffold is present except in the final row.

Request Call top-1  Mean call probability
Empty turn, greeting, or unrelated question 0.0% ~5.0x 107" (max.)
Task body only 32.3% 0.3310
Neutral verb and task body 86.7% 0.8547
Analysis verb and task body 0.0% 0.0080
Execution verb and task body 100.0% 0.9993
Execution verb and task body, no scaffold 0.0% 6.56 x 10717

D.2 Request-Tool Affordance Alignment

Request meaning depends on the available tool. We cross the verbs Write and Review with a
writing tool (write_file) and a review tool (submit_review), using 100 requests per condition.
Table 17 shows that Review produces calls when the tool supports review submission. The matched
request—tool pairs both reach 100% calling. The crossover supports a context-dependent decision that
combines request semantics with tool affordances.

Table 17: Request—tool crossover on Qwen3-8B. Entries are first-token call rates, with 100 requests
per condition.

Request verb write_file submit_review

Write 100.0% 34.0%
Review 4.0% 100.0%

D.3 Early Separability vs. Late Causal Commitment

The single-model Qwen3-8B diagnostics in this subsection and the seven-model diagnostics in
Appendix F.2 differ in forward framework and normalization conventions and are reported separately.

In this subsection, diagnostics are evaluated via TransformerLens with unpadded, exact
single-sample passes. The logit-lens probe projects the residual stream at the output of
each block ! through the model’s final RMSNorm into the unembedding vector, logit(l) =
unembed(RMSNorm () )<too1_ca11>- At the final layer L35, this yields Clean logit 32.33 and
Corrupt logit 25.24, producing a clean-minus-corrupt gap of 7.093 (95% CI [6.687, 7.498]), exactly
aligning with the true unperturbed model output logits in Table 1 (32.28 —25.11 = 7.17). In contrast,
the cross-model diagnostics in Appendix F.2 use native HuggingFace transformers with left-padded
batching. In HuggingFace, the final element of hidden_states already contains the post-final-norm
state; applying the diagnostic pipeline’s unembedding normalization step applies RMSNorm a second
time on the final layer alone, rescaling the nominal final gap to 14.030 [13.335, 14.725]. For all
intermediate layers LO-L34, both protocols evaluate identical pre-norm residuals and yield matching
trajectories (e.g., both identify L27 as the first layer where the gap exceeds 1.0, at +1.44, and L29 as
the first sharp jump, at +5.19).

The two diagnostic tables also differ in component scope and ranking criteria for Direct Logit Attribu-
tion (DLA): Table 18 specifically isolates MLP block writes (DLA,p(!) = hook_mlp_out[l]- W),
which provide uniformly positive direct attribution in the late layers, ranking L35 (A = +15.17),
L34 (A = +15.16), and L33 (A = +6.22). In contrast, Table 28 evaluates full-block net writes
(attention and MLP combined: Ah; = h;+1 — h;) ranked by signed positive A, identifying 1.34
(+19.42), L33 (+18.89), and L29 (48.49) as the top direct promoters while excluding the final
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Table 18: Held-out early-signal diagnostics and layer-wise gap accumulation on the 200 held-out
pairs (single-sample TransformerLens protocol with standard single RMSNorm).

Diagnostic Result

Probe AUC > 0.9 first layer L1

Logit-lens gap > 1 first layer L27

DLA top-3 layers (MLP write) L35,134,L33

Final gap mean (single RMSNorm, 95% CI)  7.093 [6.687, 7.498]
First 10% / 25% / 50% of final gap L25/1L29/L29

Largest increments 129,133,124, 127,132

layer’s negative bounding write (A = —51.61; if ranked by absolute magnitude |A|, L35, L34, and
L33 remain the top three).

On the 200 held-out pairs, the held-out probe reaches AUC > 0.9 at L1, showing that the clean/corrupt
distinction is linearly recoverable very early. However, linear recoverability and causal commitment
come apart here: the logit-lens gap first exceeds 1.0 only at L27, while the DLA mass is concentrated
even later. The signal is present early, but the model does not commit to the tool-call outcome until
the upper half of the stack, with the largest positive increments accumulating late at .29, 1.33, .24,
L27, and L32.

D.4 Feature-Level Formation Summary

The main text defines the feature contribution score and the two activation-side masses. Feature
families are labelled on 300 training pairs, using the 80 largest positive and 80 largest negative
training-~ candidates per layer, giving 640 distinct layer—feature candidates across L20-L23. A
candidate receives its highest-scoring semantic family label only if that family’s fixed score threshold
is met. This labels 426 candidates; the remaining 214 fall below the threshold and remain unlabelled.
We retain all 426 labelled candidates. The unlabelled candidates remain included in the full-feature
K accounting. Family means and totals are evaluated on the same 200 held-out pairs and with the
same & tensors as the full-feature accounting across L20-L23.

Table 19 covers all 426 labelled candidates in the four assigned families.
Table 19: Formation-window feature families selected on training pairs. Side is the majority activation

side on training pairs. Counts cover 426 of 640 candidates; 214 remain unlabelled. Mean and sum
use held-out |x|.

Family Side Ny Mean Sum Interpretation
analysis_non_execution corrupt 115 0.0633 7.2787 Analysis requests and non-
necessity semantics.
execution_request clean 292 0.0156 4.5634 Execution requests and action
verbs.
analysis_plain_discourse corrupt 15 0.0020 0.0294  General analysis discourse.

schema_boundary_formatting corrupt 4 0.0466 0.1862 Code and format boundaries.

The labelled families sum to 12.0577 in held-out |«|, within the full-feature total of 14.3410. The
analysis-non-execution family’s mean is about four times the execution-request family’s mean; 102
of its 115 training-labelled features are corrupt-higher and write against jia. All totals are computed
before rounding.

D.5 Suppression Accumulates Across the Formation Window

L21 marks the shift from clean-higher to corrupt-higher feature mass in Table 20. Its mass ratio
is 1.34, and its share of the net feature write is 16.7%. L23 contributes 55.9% and has the largest
mass ratio, 4.18. The activation-side ratio and net-write share measure different properties, but both
place substantial suppression contributions before the L24 intervention state. The formation window
integrates several layers of evidence.
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Table 20: Layer-wise formation on the 200 Qwen3-8B feature-evaluation held-out pairs. K¢orrupt
and K jean sum || over features with higher activation on the corresponding side. Net-write share is
the layer’s sum of « divided by the total over L20-L.23.

Layer Kcorrupt Kclean Ratio  Net-write share

L20 0.24 093 0.26 4.6%
L21 1.47 1.10 1.34 16.7%
L22 1.85 1.33 1.39 22.8%
L23 5.98 143 4.18 55.9%

Zeroing the five training-selected suppressor feature writes at their source MLP prediction positions
shifts the L.24 input state by +5.30 along [ia and closes 8.82% of the held-out execution—analysis
gap. The call rate rises from 0.0% (0/200) to 25.5% (51/200), with 51/200 strict recoveries (25.5%)
and a mean call-token margin increase of +1.38. The layer-matched random suppressor control
shifts the state by +0.14 (0.23% gap closure), yields 1/200 strict recoveries (0.5%), and yields a
post-intervention call rate of 0.5% (1/200).

For mediation, we swap all L20-L23 MLP outputs at the prediction position with their paired
opposite-side outputs. At L24 input, we restore only the lost projection along fin. On execution
prompts, this restores the baseline gap and all 200 calls. Orthogonal and full-state restoration provide
controls; Table 21 also reports the reverse arm on analysis prompts.

Table 21: Formation-window mediation on the 200 feature-evaluation pairs. Each arm computes ¢;
against the untouched paired opposite-side state. Call rate is the post-intervention top-1 rate.

Execution prompts  Analysis prompts

Condition qi Call (%) g Call (%)
Baseline 60.06 100.0  60.06 0.0
MLP-output swap 15.78 93.0 15.09 95.0
Swap + fia restoration 60.06 100.0  60.06 0.0
Swap + orthogonal restoration ~ 15.78 58.0 15.09 99.5
Swap + full-state restoration 60.06 100.0  60.06 0.0

D.6 Candidate Suppression-Signal Hypotheses and Exclusion Rationale

Several alternative accounts are worth separating.

Global-direction hypothesis. This is the closest counterpart to the global-direction approach of
Arditi et al. [16], but it is too coarse a target. Following Arditi et al. [16], global directional ablation

modifies every token position across all layers simultaneously: hgl) — hl(-l) — (hz(-l) - fin)fin. Starting
from a baseline of 100.0% clean tool calls on the held-out prompt pool, this sequence-wide and
layer-wide global ablation reduces the clean tool-call rate to only 40.04% top-1 (suppressing 59.96%
of calls; evaluated across the held-out sample pool). In contrast, local subtraction of pa strictly at the
single prediction position of layer 24 completely eliminates clean tool calls, dropping top-1 to 0.00%
on the 200 held-out pairs (Necc = 1.04; Section 3). Source-layer all-position addition on corrupt
prompts is similarly weaker than the local layer-24 intervention. A shared direction exists, but the
specific localized layer-24 state is what governs call initiation.

Single-head router hypothesis. The routing validation does not support a privileged head.
Sequence-wide clean/corrupt output swaps for L24H30 show 0%/2% flip, and no single attention head
in the formation window dominates the flip rate. Several formation-window components contribute
to the state.

Pure execution-detector hypothesis. The layer-wise feature masses favor a suppressor account.
Execution-side features contribute to the formation window, while corrupt-higher features account
for more mass in L21-L.23. The request—tool crossover in Table 17 also shows that an analysis verb
can support calling when the available tool matches the request.
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Table 22: Selected downstream attention heads in the L25-1.35 component sweep (N = 300
candidate pairs; baseline corrupt tool-call rate is 3.6%). DLA delta is clean minus corrupt for the
<tool_call> logit. Figure SA’s heatmap displays this component sweep cohort (with L33H29 DLA
A = 7.91). In contrast, Section 6.1 and Table 24 report on the dedicated 200 balanced held-out pairs
(where LL33H29 exhibits Clean DLLA 24.58 and Corrupt DLA 11.13, giving A = 13.45). Recovery
shift and strict flip are measured by replacing the corrupt-side head output with the clean-side output.

Head stage DLA A recover shift corrupt top-1  strict flip
L25H6  earlier 0.06 1.28 40.4% 36.9%
L28H3  earlier 0.26 1.38 36.1% 32.5%
L26H14 earlier 0.04 0.91 24.3% 20.7%
L29H9  earlier 4.15 1.34 21.3% 17.8%
L33H29 late 791 0.62 8.5% 4.9%
L33H11 Ilate 3.32 -0.39 2.4% 0.0%

Generic analysis/discourse hypothesis. This hypothesis captures a real pattern but is too broad to
constitute a complete account. The feature comparison shows that analysis_plain_discourse
remains only as a weak secondary family, whereas analysis_non_execution remains the strongest.
The best-supported interpretation is a suppressor family centered on non-necessity semantics, with
plain analysis/discourse features as a weaker secondary family.

The controls support a context-dependent suppression account. Early linear separability precedes
causal commitment, and formation-window MLPs integrate analysis-side evidence before L24. The
resulting state depends on both the request and the available tool.

E Reading Out the Tool-Call Vector

The vector becomes behaviorally visible through downstream attention and MLP components. This
section follows the state from layer 24 to the first output token. The component sweep covers
layers 25-35, downstream of the localized state. Complementary attention measurements retain their
original 200-pair Qwen3-8B evaluation sets. Transcoder feature measurements use the 200 held-out
pairs from Appendix D.4. The component sweep, its patching subset, and feature evaluation are
reported separately.

Across the experiments below, the evidence supports three conclusions. First, readout is distributed:
no single downstream attention head is a faithful bottleneck, although several heads are reliable readers
of the layer-24 tool-call vector. Second, scaffold-reading heads combine attention redistribution
with direct support for the call token. Their DLA and patching effects vary across layers, with the
largest direct output writes coming from late attention heads and MLP blocks in L33-L35. Third,
the late MLP write is structurally interpretable: the most localized feature-level evidence points to a
boundary/serialization family that opens the tool-call format, separately from the semantic decision
encoded in the tool-call vector.

E.1 Downstream Attribution and Component Patching

For each downstream attention head and MLP block, we measure two quantities. The first is the
clean-minus-corrupt DLA delta for the <tool_call> logit. This asks whether the component writes
more toward the tool-call token when the tool-call vector is present. The second is a single-component
patching score. For a component m, we replace its corrupt-side output with the clean-side output
at the same layer and position, then record both the mean <tool_call> logit shift and the strict
flip rate. We also run the reverse intervention on clean prompts and record the corresponding logit
drop. The tables order components by strict flip rate and report DLA separately. The two metrics
distinguish direct support for the output token from an intervention’s effect on later computation.

Table 22 reports the top downstream attention heads. The scaffold-reading heads differ in their DLA
and patching effects. L25-1L.29 heads usually have modest DLA but high single-head recovery, and
their patched outputs help re-establish the downstream state. L33 heads have much larger DLA deltas:
they are closer to the final output implementation, although a single L33 head alone is still far from
sufficient.
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Table 23: Top downstream MLP blocks in the L25-1L.35 component sweep (N = 300, baseline
corrupt top-1 call rate 3.6%), separate from the 200-pair prediction-position patching subset (42.5%
top-1/39.0% strict recovery) and the 200-pair feature-evaluation cohort (41.0% top-1). Each row
patches only one MLP output from clean into corrupt, or from corrupt into clean for the reverse drop
measurement.

MLP recover shift drop shift corrupt top-1  strict flip

L34 1.74 232 53.3% 49.7%
L27 1.32 0.82 52.3% 48.7%
L25 1.70 0.96 44.8% 41.2%
L35 0.84 1.27 31.8% 28.2%
L31 0.90 0.90 28.6% 25.0%
L29 0.38 1.58 26.6% 23.1%

The MLP sweep is more concentrated (Table 23). Across downstream blocks in the L25-L.35
component sweep (/N = 300, baseline corrupt top-1 rate 3.6%), MLP34 achieves the highest single-
block recovery, reaching 53.3% corrupt top-1 calling (49.7% strict flip). On the separate 200-pair
held-out patching subset (N = 200, baseline corrupt top-1 rate 3.5% = 7/200), patching MLP34
output strictly at the prediction position recovers the tool-call opening token as top-1 on 42.5% of
analysis prompts (85/200; 39.0% strict recovery rate, 78/200, with mean logit shift +1.72 and margin
delta +3.34). This patching subset is further distinct from the 200-pair feature-evaluation cohort in
Section 6.2 and Table 26 (baseline corrupt top-1 rate 0.0%), where joint feature evaluation yields
41.0% top-1 calling. MLP25 and MLP27 also have large single-block recovery rates in the sweep,
consistent with a distributed readout stack across several downstream MLP blocks.

E.2 Vector-Dependent Scaffold Attention

On the 200 balanced held-out pairs, L29H9, L33H11, and LL33H29 shift attention toward the tool-
format template on execution requests. The format-region increases are 72.6, 40.7, and 51.3 percent-
age points, respectively. Attention to the role-instruction region decreases in all three heads. The
heads therefore select different scaffold content as the call state changes.

Adding pia at L24 also restores the heads’ direct support for <tool_call>. Table 24 reports DLA
before and after the intervention. L33H29 contributes the largest clean-minus-corrupt difference,
while all three heads approach their clean DLA after vector addition.

Table 24: Attention-head response to L.24 vector addition on the 200 balanced Qwen3-8B held-out
pairs. Entries are mean DLA for the call-opening token.

Head Clean Corrupt Corrupt +pa

L29H9 6.99 1.43 6.91
L33H11 5.60 1.46 5.30
L33H29 24.58 11.13 24.43

E.3 MLP34 Structural Readout

L34 F109925 links the vector-controlled state to the call-opening format. The feature responds to
tool-schema boundary contexts and has a positive decoder projection onto the <tool_call> token.
Table 25 separates feature activation from the projected output write. Adding pa at L24 brings both
measurements close to their clean values.

Table 25: L34 F109925 on the 200 Qwen3-8B feature-evaluation held-out pairs. Projected write is
activation multiplied by the feature decoder’s projection onto the call-token unembedding direction.

Measurement Clean Corrupt  Corrupt +-pa
Mean activation 124.43 67.63 126.00
Projected call-token write 6.17 3.35 6.25
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Feature replacement acts only at the last non-padding input token, replacing its analysis-side activation
with the paired execution-side value through the feature’s decoder write. The encoding uses the native
normalized MLP input. F91365 is the fixed non-structural control from the original feature catalogue.
Table 26 reports post-intervention call rates over all 200 pairs. F109925 replacement increases the
mean call-token logit by 0.56 and the margin by 0.92; the full MLP34 patch gives increases of 1.71
and 3.35, respectively.

Table 26: L34 feature replacement and controls on the same 200 held-out pairs. All interventions act
at the prediction position.

Condition Call (%)
Corrupt baseline 0.0
Corrupt +pa at L24 100.0
Replace F109925 37.0
Replace F91365 6.5
Patch full MLP34 41.0

The feature response connects a decision-level residual direction with a late structural output contri-
bution. The tool-call vector carries the call state, and downstream components express that state in
the model’s serialization format.

E.4 Alternative Downstream Path Controls

Two controls rule out the simplest serial-path explanations. First, zeroing the selected L25-L.29
scaffold-reading heads (L29H9, L28H3, L29H11, L26H14, and L29H14) on 500 clean evaluation
prompts (baseline clean top-1 = 100.0%) does not erase the late DLA: L33H29 retains 97.8% of its
DLA, L33H11 retains 80.4%, and MLP34 retains 67.0%. Output behavior is also virtually unchanged,
with clean top-1 remaining at 99.8% (499/500), because the remaining downstream writers preserve a
positive call margin. Late writers retain substantial output support after the earlier heads are removed.
This persistence argues against a strict serial path through those heads.

Second, removing the 1.24 tool-call vector directly reduces late-layer DLA mass. On the canonical
200 held-out evaluation pairs, subtracting pa strictly at the prediction position completely suppresses
clean tool calls, reducing top-1 call rate from 100.00% to 0.00% (Section 3, Table 1). In the broader
neighboring-layer control evaluation (N = 300 held-out pairs; Table 11), subtracting ua at L.24
suppresses top-1 calling from 100.00% to 1.78% (a 98.22% suppression rate) and removes 35.45% of
the total L30-L35 DLA. The largest absolute drops are in L34 (19.46), L33 (16.28), and L35 (15.93),
with layer-level drop fractions of 43.0%, 39.9%, and 26.3%, respectively. This intervention links the
late writers’ output contributions to the L.24 vector.

Finally, group ablations across the control prompt pool (N = 500, baseline clean top-1 = 100.0%)
confirm the distributed nature of readout. Zeroing single readout modules has little effect on clean
top-1, but it reduces the tool-call logit by different amounts: 1.02 for L29H9, 0.47 for L28H3,
0.44 for L33H29, 0.24 for L33H11, 2.33 for MLP34, and 0.96 for MLP25. Combining the earlier
scaffold-reading heads with the late heads and MLPs gives a 5.02 logit drop, a combined effect 2.16
times larger than the best single-module result. The strict top-1 drop under this combined intervention
is 0.99% (5/500 flips to non-call). The logit reduction is larger than the top-1 change because clean
prompts begin with large positive call margins. These group controls support a distributed set of
downstream writers.

F Cross-Model Validation

Cross-model validation tests whether the decision-level representation extends beyond Qwen3-8B. We
compare localization and direction interventions across the Qwen3 family and additional architectures,
then summarize formation and scaffold-attention measurements.

F.1 Per-Model Localization and Shared-Direction Results

For each model, L* is the fixed intervention layer listed in Table 27. Layer numbers are zero-based,
and L* denotes the input residual of that decoder block (pre hook). We measure prediction-position
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full-state patching at this layer, estimate pa from 300 training pairs, and evaluate necessity and
sufficiency on 200 held-out pairs (Section 3.2).

Table 27 reports the localization and shared-direction results for all seven models and expands the
summary in Table 6.

Table 27: Per-model localization and shared-direction results. L* is the commitment layer; (I, p)
is the top-1 native call-token recovery rate at the prediction position. Suff. and Necc. are the causal
sufficiency and necessity scores for the shared direction pa .

Model Liot L™ r(l,p) (%) Suff. Necc.
Qwen3-4B 36 L26 100.0 0.97 0.71
Qwen3-8B 36 L24 100.0 1.03 1.04
Qwen3-14B 40 L34 100.0 0.97 0.84
Qwen3.5-4B 32 L3l 99.0 0.84 0.61
Qwen3.5-9B 32 L3l 100.0 092  0.88
Mistral-Small-3.2-24B 40  L25 100.0 0.90 0.76
Granite-3.3-8B 40 L35 93.5 0.81 0.72

F.2 Cross-Model Early Separability vs. Late Commitment

To test whether early linear separability precedes late output-space expression across architectures
and scales, we measure triplet diagnostics in all seven models. The diagnostic evaluation cohorts
contain 200 pairs for Qwen3-8B, 240 for Granite-3.3-8B, and 300 for each of the other five models;
Table 28 reports these sample counts separately from the 200-pair intervention evaluations. For each
model, we measure: (i) the linear probe AUC along the residual stream to detect when clean and
corrupt representations become linearly separable; (ii) the logit-lens gap Alogit(l) = logit ., () —
10git .orrupt (1) projected onto the model’s native tool-call opening token unembedding direction; and
(iii) the layer-wise Direct Logit Attribution (DLA) ADLA(!) = DLAiean(!) — DLAorrupt (1) to
measure when individual layers write directly toward the tool-call token in output space.

Table 28 summarizes the timing landmarks across all seven models, and Figure 6 displays the full
layer-by-layer curves.

Table 28: Early-signal and timing diagnostics across all seven models on held-out prompt pairs. L*
is the causal commitment layer from Table 6; Probe AUC > 0.9 is the first layer where the linear
probe achieves > 0.9 AUC; Gap > 1.0 is the first layer where the logit-lens clean-minus-corrupt gap
exceeds 1.0; Top-3 DLA reports the layers with the largest signed positive net direct logit attribution
differences (ADLA > 0). L* denotes a block input; probe and lens layer labels denote block-output
residuals, and DLA labels denote block writes.

Model Lyw L* N Probe AUC > 0.9 Gap> 1.0 Top-3 DLA layers
Qwen3-4B 36 L26 300 LO L26 134,133,132
Qwen3-8B 36 L24 200 L1 L27 134,133,129
Qwen3-14B 40 L34 300 L1 L25 L34,137,L38
Qwen3.5-4B 32 L3l 300 LO L14 L31, 130, L27
Qwen3.5-9B 32 L3l 300 LO L21 L27,130, L23
Mistral-Small-3.2-24B 40  L25 300 LO L17 139,137,134
Granite-3.3-8B 40 L35 240 L1 L16 L39, L38, L37

The cross-model regularity exhibits three consistent properties:

1. Early probe separability: In every model, linear probe AUC clears 0.9 at LO or L1. The
prompt distinction is linearly recoverable in the lowest measured block-output residuals.
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Figure 6: Triplet diagnostics across all seven models, arranged with one model per row and three
diagnostics per row. From left to right, each row shows the linear probe AUC, the logit-lens
clean-minus-corrupt gap, and the layer-wise DLA sweep. Evaluation cohorts contain 200 pairs for
Qwen3-8B, 240 for Granite-3.3-8B, and 300 for each of the other five models. Across all seven
models, probe separability appears at LO-L1, while the largest DLA writes occur in upper layers.



2. Later logit-lens separation: Despite early probe separability, the output logit gap first
clears 1.0 at L14-L27. This output-space threshold and the causal intervention layer L*
measure different properties and need not coincide.

3. Upper-layer direct attribution: In all seven models, the three largest signed positive DLA
writes occur in upper layers: L34-L.39 in 40-layer models, L29-1.34 in 36-layer models,
and L23-L31 in 32-layer models. Several architectures (e.g., Qwen3-8B and Qwen3-14B)
display large negative DLA writes at the final layer due to final-layer output vocabulary
normalizations and bounding operations, which are excluded from positive writer ranking
(Appendix D.3).

These diagnostics show a shared timing pattern across dense and hybrid architectures from 4B to
24B: early linear separability precedes later output-space separation and upper-layer direct writing.
Causal commitment is tested separately through the interventions at L*.

F.3 Cross-Model Formation and Readout Summary

The formation summary reports the write ratio and feature-mass ratio for each model, matching the
cross-model comparison in Table 6.

Table 29: Formation-window summary across models. Kcorrupt /K clean 18 the ratio of corrupt-higher
to clean-higher feature mass. Qwen3.5-4B feature mass is evaluated over L28-L.30.

Model MLP/Attn  Keorrupt/ Kclean
Qwen3-4B 2.08 3.26
Qwen3-8B 3.48 1.99
Qwen3-14B 6.87 241
Qwen3.5-4B - 1.58
Qwen3.5-9B - 1.30
Mistral-Small-3.2-24B 3.93 1.61
Granite-3.3-8B 7.52 2.11

Every model has greater corrupt-higher than clean-higher feature mass. The formation measurements
support an analysis-side suppressor contribution across model scales.

Complementary measurements on native held-out pairs characterize scaffold attention (Table 30).
Qwen-family readers increase attention to the format region, while the selected Mistral and Granite
heads increase attention to the tool schema. The table reproduces the model-level Max Attn summary
in Table 6.

Table 30: Cross-model scaffold-attention summary on native held-out pairs. Max Attn reproduces
Table 6, in percentage points. Attention shifts are averaged over held-out pairs, then maximized over
measured heads. The shift is clean minus corrupt in the target scaffold region. Qwen3-8B uses its
three reported scaffold readers; Qwen3.5 uses full-attention layers only.

Model Max Attn (pp)
Qwen3-4B 82.6
Qwen3-8B 72.6
Qwen3-14B 87.3
Qwen3.5-4B 50.3
Qwen3.5-9B 52.2
Mistral-Small-3.2-24B 40.5
Granite-3.3-8B 36.5

Reader identities and scaffold regions vary across architectures. The shared pattern is that scaffold
attention changes with the call state and selects scaffold content relevant to the model’s output format.
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G Representation-Level Analysis and Circuit Diagnostics

The Tool-Call Vector provides a compact causal target in the residual stream. ACDC, EAP-IG, and
Circuit Tracing describe the components and connections that contribute to the decision. These
diagnostics connect the representation-level intervention with the distributed computation around it.

G.1 ACDC

ACDC [9] frames circuit discovery as a pruning problem. Starting from a large computational graph,
it repeatedly tests whether an edge can be removed while preserving a task metric under activation
patching. Edges whose removal changes the metric beyond a chosen threshold are retained; the
intended output is a small subgraph whose retained edges are sufficient for the behavior and whose
removal is necessary for the behavior.

For the tool-call task we apply the same faithfulness logic to clean/corrupt prompt pairs. Sufficiency
asks whether the ACDC circuit, run with non-circuit computation corrupted or ablated, still restores
the clean <tool_call> decision. Necessity asks whether removing the discovered circuit from
the clean run suppresses the <tool_call> decision. Table 31 reports sparse forward-core replay
measurements across Qwen3 scales.

Table 31: Sparse forward-core replay across Qwen3 scales. Core nodes and edges are taken from the
aggregated forward sparse graph. Suff. is the mean replay ratio of the discovered core relative to the
clean baseline, Removal is the mean ratio under clean-run removal, Rand. Suff. is the mean replay
ratio of size-matched random cores, and Gap is the mean advantage of the discovered core over the
random baseline.

Model Core nodes Coreedges  Suff. Removal Rand. Suff. Gap

Qwen3-1.7B 18 54 0.9891  0.9824 0.8812 0.1078
Qwen3-4B 18 69 0.9979  0.8319 0.8712 0.1266
Qwen3-8B 18 63 1.0000  0.5975 0.9768 0.0232
Qwen3-14B 20 86 0.9999  0.4077 0.9554 0.0446

At 8B and 14B, the discovered core has near-unit sufficiency, while size-matched random cores also
have high replay ratios. The respective gaps are 0.0232 and 0.0446. High core sufficiency therefore
provides limited evidence for a uniquely selected route. The vector intervention tests the call state
directly at the localized residual coordinate.

G.2 EAP-IG

EAP-1IG [26] replaces repeated causal edge patching with a scalable attribution score. For each edge,
it estimates the effect of changing the edge activation between clean and corrupt runs; integrated
gradients are used to avoid relying only on the local gradient at one endpoint. Related work introduces
EAP-GP [27] to mitigate gradient saturation in gradient-based circuit identification. Edges are then
ranked by score, and a circuit is obtained by taking the highest-scoring edges or by greedily adding
high-scoring edges that connect to the current subgraph. The relevant standard is faithfulness: after
non-circuit edges are corrupted, the retained circuit should still reproduce the original task behavior
[26].

In the 100-pair Qwen3-8B sweep, 10,000 retained edges yield a mean sufficiency score of —5.19.
Retaining 50,000 edges raises the score to 3.77 with 937 induced nodes, compared with a clean
baseline of 14.50. At 100,000 edges, the score reaches 9.25 with 1,075 nodes. The retained nodes
cover the full 18-node forward core from 2,000 edges onward, while faithfulness continues to increase
with the edge budget. Clean-side removal scores are —13.06, —13.00, and —13.38 at 10,000, 50,000,
and 100,000 edges, respectively.

G.3 Circuit Tracing

Circuit Tracing [28] describes prompt-specific interactions among feature activations, attention-
mediated transfers, residual-stream components, and output logits. Appendix D.4 summarizes the
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EAP-IG faithfulness vs. number of retained edges
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Figure 7: EAP-IG top-k faithfulness curve for the tool-call task, normalized between the corrupt and
clean baselines. The curve relates retained edge budget to recovery of the <tool_call> signal.

Table 32: EAP-IG top-k sweep on Qwen3-8B using 100 equal-length clean/corrupt prompt pairs.
Faith. normalizes sufficiency between the corrupt and clean baselines. Suff. is the mean logit-
difference score under corrupt-side replay with only the retained edges active. Nodes counts the
retained component set induced by the edges; core overlap counts shared nodes with the 18-node
forward core.

Retained edges ~ Faith.  Suff. logit diff Nodes Core overlap

1,000 -0.005 -13.12 139 17/18
2,000 -0.014 -13.38 229 18/18
5,000  0.043 -11.81 417 18/18
10,000  0.284 -5.19 553 18/18
20,000  0.451 -0.59 708 18/18
30,000  0.470 -0.08 805 18/18
50,000  0.610 3.77 937 18/18
100,000  0.809 9.25 1,075 18/18

formation-window features used to interpret the Tool-Call Vector. Figure 8 provides a feature-level
view of the contributors to a tool-call decision.

G.4 Analysis Granularity

The circuit diagnostics and vector interventions answer complementary questions. Edge and feature
analyses describe where computation flows and which components contribute. The EAP-IG sweep
shows that substantial faithfulness requires a large retained edge set under the tested protocol. The
L24 intervention summarizes the call decision with a single residual direction and directly tests its
causal effect.

We therefore organize the mechanistic account around the prediction-position state. Activation
patching localizes the state, direction interventions test its necessity and sufficiency, and feature and
attention measurements explain its formation and downstream readout.

31



Pruning: ® o080 save

Figure 8: Prompt-specific feature graph from Circuit Tracing [28]. Nodes represent features or
residual-stream components, and edges represent direct-effect attribution weights. The graph de-
scribes local contributors to the tool-call computation.

H Related Work

This section provides an extended review of related literature, situating our causal mechanistic analysis
of the tool-call decision within three established paradigms: agentic tool-use systems, mechanistic
interpretability across representation, circuit, and feature levels, and behavior-mediating residual
directions. We also discuss the conceptual connections between the observed default-and-suppression
architecture and inhibitory gating mechanisms in cognitive neural systems.

H.1 Tool-Calling and Agentic Systems in Large Language Models

Training and prompting for tool use. Enabling large language models to interact with external
environments has progressed across several training and prompting paradigms. Early methods
introduced tool-calling capabilities by fine-tuning models on synthetically generated or bootstrap-
filtered tool execution trajectories [1, 4, 5, 29]. Concurrent prompting frameworks established
multi-step interaction protocols, most notably ReAct [2], where models alternate between reasoning
traces and environment actions. Modern open-weight foundation models, such as the Qwen family
[3], IBM Granite, and Mistral-Small, incorporate dedicated agentic pre-training and instruction
tuning, allowing models to natively output structured special tokens (e.g., <tool_call>) and parse
tool response blocks without external wrapper scripts.

Evaluation benchmarks and execution environments. Evaluation suites span single-turn API
selection, stateful tool use, and agentic instruction following. MetaTool evaluates tool awareness
and selection [6], while BFCL covers function calling and stateful multi-step agentic evaluation [7].
7-Bench [30] and 72-Bench [19] evaluate sequential interaction in simulated domains, while AgentIF
focuses on instruction following under long and complex agentic constraints [11]. Code-generation
benchmarks, including MBPP [12], APPS [13], HumanEval [14], and CodeContests [15], provide
naturally structured environments where a tool interface (e.g., write_file or an interpreter) is
embedded directly into complex problem specifications. Robustness evaluations further reveal that
tool-calling models can be sensitive to superficial prompt variations, format drift, and adversarial
perturbations [31-33].
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Behavioral outcomes versus internal mechanisms. Despite the breadth of benchmark evaluations
and alignment strategies, virtually all existing tool-use literature treats the decision to invoke a
tool as an external behavioral outcome to be optimized, benchmarked, or steered via prompting.
Studies analyze pass rates, tool selection accuracy, and argument formatting errors, but treat the
forward pass leading to the first token as an unexamined black box. The internal computational
process by which an agentic model deliberates and commits to a tool call—specifically, whether to
output an action initiation token or commence a direct natural language response—has not previously
been characterized. Our work provides the first causal mechanistic account of this fundamental
action-initiation step.

H.2 Mechanistic Interpretability: Representations, Circuits, and Features

Mechanistic interpretability aims to reverse-engineer neural networks into human-understandable
computational graphs and representational states. We contextualize our methodology across three
distinct levels of granularity: the representation level, the circuit level, and the feature level.

Representation-level localization and causal interventions. At the representation level, early
diagnostic methods probed internal representations linearly to test whether task-relevant properties are
linearly readable across layers [34—36]. Projections into vocabulary space, such as the logit lens and
tuned lens [37], inspect how token predictions evolve across transformer depth. Direct logit attribution
(DLA) [21] quantifies the unmediated contribution of specific attention heads and MLP blocks to
the final logits. To establish causality beyond correlation, activation patching and interchange
interventions [17, 18] isolate specific (layer, position) coordinates whose internal activations govern
model outputs. Beyond linear projections, recent work demonstrates that model behaviors and
alignment goals can also be localized to specialized functional units: for example, Su et al. [38]
characterize value neurons that steer moral and value generations, while Dong et al. [39] isolate
language-specific and universal privacy neurons to mitigate information leakage. Moreover, dynamic
representational trajectory analyses demonstrate that multi-step reasoning evolves through geometric
progression and stability rather than static scalar shifts [40]. In our work, representation-level patching
provides the backbone for localizing the tool-call decision state to the prediction position at a specific
intermediate layer (Section 3 and Section 7), while DLA decomposes the late readout heads that
project the final call token (Section 6).

Circuit-level analysis and the challenges of long scaffolds. Circuit analysis seeks to identify
sparse subgraphs of attention heads and MLP layers that faithfully reproduce a specific end-to-end
task computation [8, 9, 41]. Techniques such as Automated Circuit Discovery (ACDC) and Edge
Attribution Patching (EAP) have succeeded in isolating compact subgraphs for stylized, short algorith-
mic behaviors (e.g., indirect object identification or simple induction). Recent improvements in circuit
discovery, such as EAP-GP [27], mitigate gradient saturation effects in automated circuit pruning, and
self-influence analyses of transformer circuits [42] reveal how head interactions support intermediate
reasoning. However, in realistic agentic settings, the call-or-no-call decision integrates contextual
information across extensive prompt scaffolds containing tool definitions, schema constraints, and
conversation histories. As detailed in Appendix G, automated circuit discovery diagnostics reveal
distinct structural limitations: while ACDC discovers compact subgraphs with near-unit sufficiency
replay ratios (= 1.00), size-matched random cores achieve almost identical replay performance
(with gaps as narrow as 0.0232 at 8B and 0.0446 at 14B; Table 31), indicating that high sufficiency
reflects diffuse task-readiness across the network rather than a uniquely privileged sparse circuit
route. Concurrently, attribution-based pruning via EAP-IG requires a large retained edge set under
the tested protocol to approach faithful task restoration. This motivates organizing our causal account
around a compact representation-level causal target—the Tool-Call Vector ya—complemented by
feature-level Transcoder decomposition.

Feature-level decomposition via Transcoders. To unpack computation inside non-linear MLP
layers, mechanistic analyses have transitioned from treating MLPs as black-box key-value stores that
write semantic concepts into the residual stream [43] to explicit sparse dictionary learning. Standard
Sparse Autoencoders (SAEs) [44—47] reconstruct activations in a chosen internal activation space,
enabling fine-grained insights into concepts such as cultural representations [48] and pathology
explanations such as the repeat curse [49]. Concurrently, the efficiency and fidelity trade-offs of
amortized dictionary inference in SAEs have been rigorously characterized [50]. Whereas SAEs
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reconstruct their input activations, Transcoders [20] directly model the input-to-output mapping of
an MLP layer. By decomposing an MLP block’s output into a sparse sum of interpretable feature
decoders (Wyec), transcoders resolve both what activates a feature and what it writes back into the
residual stream. This decomposition provides the interpretability tool needed to identify the semantic
suppressor feature families in the formation window (Section 5.3 and Appendix D.4), as well as
the structural boundary features in the readout window (Section 6.2 and Appendix E). Furthermore,
building on recent evidence that latent planning features emerge with model scale [51], our cross-
scale Transcoder evaluations demonstrate that suppressor-dominated feature dynamics generalize
consistently across parameter sizes.

H.3 Behavior-Mediating Directions and Steering Vectors

Representation engineering and activation steering. A growing body of literature demonstrates
that complex model behaviors can be mediated and controlled by compact directions in residual-
stream space. Representation engineering [22] extracts behavioral concepts via contrastive pairs and
injects them to control model attributes. Related steering techniques, including activation addition
[52], Contrastive Activation Addition (CAA) [53], and Inference-Time Intervention (ITI) [54], show
that targeted vector additions can alter truthfulness, sycophancy, or stylistic persona without retraining
model weights. Recent frameworks further refine steering precision and stability: Jiang et al. [55]
introduce Global Evolutionary Steering to enforce cross-layer consistency, Yu et al. [56] develop
PIXEL for adaptive position-wise injection with subspace calibration, and Yu et al. [57] propose
MARI to calibrate representation interventions across multi-adapter architectures. Similarly, function
vectors [23] demonstrate that in-context task execution routines compress into localized vectors that
can trigger specific behaviors when injected into zero-shot contexts.

The refusal direction and default-and-suppression dynamics. The closest conceptual precedent
to our findings is the refusal direction described by Arditi et al. [16]. They show that refusal in
safety-aligned language models is mediated by a single residual-stream direction: ablating this
direction suppresses refusal, while adding it can induce refusal on harmless requests. Our analysis
reveals an analogous functional organization in tool calling: the prompt scaffold establishes a strong
call prior on task-bearing inputs, while analysis requests activate suppressor features that write against
[ia to inhibit call initiation (Section 5).

Key distinctions: localization and cross-context transfer. While sharing structural similarities
with refusal directions, the Tool-Call Vector pa exhibits fundamental differences in localization and
specificity:

1. Precise layer and position localization: Arditi et al. [16] select their refusal direction
from layer- and position-specific candidates. They apply activation addition across all token
positions at the selected layer and directional ablation across all layers and positions. Our
intervention targets a single prediction-position state at a specific layer. When a global
direction ablation is applied to our tool-calling setting, the held-out clean tool-call rate
remains at 40.04% top-1 (suppressing only 59.96% of calls; Appendix D.6). Local removal
of un strictly at the prediction position of layer 24 completely suppresses clean tool calls
(reducing top-1 call rate from 100.00% to 0.00%, Necc = 1.04; Section 3), supporting a
localized causal bottleneck for tool-call initiation.

2. Transfer across domains and request contexts: The coding-derived Qwen3-8B direction
stays fixed during transfer. Cross-domain experiments calibrate only its norm using target-
domain pairs disjoint from those used to report intervention rates. The 72-Bench and
verb-free tests instead apply fixed gains to the original fitted vector without re-estimation
(Section 4 and Appendix C). These results support reuse of the same action-initiation
direction across diverse agentic scenarios.

H.4 Prompt Scaffolds, Inductive Priors, and Cognitive Action Inhibition

Agentic scaffolding and contextual preparatory states. Modern agent systems rely heavily on
structured system prompts that specify available tool schemas, invocation syntaxes, and behavioral
policies. While prompt engineering studies observe that scaffolding heavily influences task comple-
tion rates, mechanistic investigations into how models maintain and process long scaffolds remain
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scarce. Our scaffold ablation experiments (Appendix D.1) show that the scaffold establishes a
preparatory state with an elevated tool-call prior on task-bearing requests. On the separate 300-task
request-baseline cohort, neutral requests yield a mean call probability of 0.8547 and a top-1 call rate
of 86.7%; execution requests reach 100.0%, compared to 32.3% for the task body alone. Empty or
unrelated turns yield a 0.0% call rate (Table 16; Section 5.1).

Parallels to inhibitory gating in cognitive systems. The default-and-suppression mechanism
uncovered in this work offers a functional analogy to inhibitory control in cognitive neuroscience.
Inhibitory control can pause or stop prepared motor responses through prefrontal-basal ganglia
networks [? ]. In basal ganglia models of action selection, competing motor programs are inhibited
while the selected program is released through disinhibition [? ]. Our findings suggest a related role
for inhibitory gating in instruction-tuned agentic LLMs: the scaffold pre-primes the tool-call pathway,
while semantic request interpretation can activate suppressor features that brake call initiation.

I Implementation and Reproducibility

The implementation uses PyTorch and Hugging Face Transformers. Frozen prompt manifests record
the construction models, data splits, and file hashes. Model-specific templates preserve the native
tool-call serialization.

I.1 Evaluation Protocol

Vector fitting uses training pairs only. Evaluation applies interventions at the final input-token position
and measures the logits of the first output token. The localization sweep compares the request-verb
and prediction positions across decoder layers. The Qwen3-8B attention and feature-response
analyses cover L25-L.35 on the 200 balanced held-out pairs. Cross-model attention measurements
use each model’s native held-out inputs and native call-opening token. The main paired experiments
use a fixed 300/200 training/held-out split and the fixed block-input intervention layers. Additional
appendix controls use the cohorts specified in their subsections.

Cross-domain transfer preserves the fitted direction and calibrates only its norm. Across Qwen3,
Qwen3.5, Mistral, and Granite, the target-domain pairs used for norm calibration are disjoint from
the held-out pairs used to report intervention rates. The reporting pairs are not used to estimate the
calibration norm. The 72 and verb-free tests apply fixed gains to the original fitted vector.

1.2 Code, Data, and Intermediate Artifacts

The release comprises experiment code, the model-specific paired datasets, and intermediate artifacts
needed to reproduce the conclusions, including Transcoder checkpoints. The repositories are:

* Code and experiment instructions: https://github.com/XijieGo/MI4ToolCalling.

e Paired datasets and manifests: https://huggingface.co/datasets/XijieGong/
MI4ToolCalling.

* Newly trained Transcoders and checkpoint documentation: https://huggingface.co/
XijieGong/MI4ToolCalling.

Repository README files and per-model manifests document the directory layout and input formats;
the Transcoder model card provides checkpoint descriptions and loading instructions. Appendix A
documents the prompt construction and per-model splits.

Our original code, dataset-construction materials, and newly trained Transcoders use Apache License
2.0. Source benchmark content and third-party checkpoints retain their original licenses, summarized
in Table 33. The base models in the primary comparison are Qwen3-4B, Qwen3-8B, Qwen3-14B,
Qwen3.5-4B, Qwen3.5-9B, Mistral-Small-3.2-24B-Instruct-2506, and Granite-3.3-8B-Instruct. All
seven use Apache License 2.0. The Qwen3 Transcoders of Hanna and Ameisen [51] are available
in the mwhanna/qwen3-{4b,8b, 14b}-transcoders repositories under the MIT license. PyTorch
uses the BSD 3-Clause license, and Hugging Face Transformers uses Apache License 2.0.
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https://huggingface.co/XijieGong/MI4ToolCalling
https://huggingface.co/XijieGong/MI4ToolCalling
https://huggingface.co/Qwen/Qwen3-4B
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-14B
https://huggingface.co/Qwen/Qwen3.5-4B
https://huggingface.co/Qwen/Qwen3.5-9B
https://huggingface.co/mistralai/Mistral-Small-3.2-24B-Instruct-2506
https://huggingface.co/ibm-granite/granite-3.3-8b-instruct

Table 33: Licenses of the source benchmarks. Links identify the original resources; the original
papers are cited in the dataset and transfer sections.

Source benchmark  License

APPS MIT

HumanEval MIT

MBPP CCBY 4.0

CodeContests CC BY 4.0 (data); Apache 2.0 (code)
72-Bench MIT

FEVER CC BY-SA 3.0 (data)

Spider 1.0 CC BY-SA 4.0 (data); Apache 2.0 (code)

L3 Compute Resources

Training our Transcoders required approximately 800 NVIDIA B200 GPU-hours in total, including
debugging and production training. Using the provided checkpoints, the other reported experiments
can be reproduced on a single NVIDIA RTX PRO 6000 Blackwell GPU with 96 GB of memory.

1.4 LLM Usage

GPT-5 was used to generate debugging examples for the data-construction pipeline. The primary
mechanistic experiments evaluate Qwen3-4B, Qwen3-8B, Qwen3-14B, Qwen3.5-4B, Qwen3.5-9B,
Mistral-Small-3.2-24B, and Granite-3.3-8B (Section 7 and Appendix F). The additional sparse
forward-core replay diagnostic includes Qwen3-1.7B (Appendix G.1).
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