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Abstract

When a tool-calling agent picks the wrong tool,
the failure is invisible until execution: the email
gets sent, the meeting gets missed. As agents
take on consequential actions (running code,
moving money, approving transactions), one
bad tool call can do real damage, and we cur-
rently have no way to look inside the model
and catch the mistake before it happens. This
paper shows that we can. Inside the model,
the choice of tool is carried by a single di-
rection in activation space, one direction per
pair of tools. Adding that direction during gen-
eration switches which tool the model picks.
Across 12 instruction-tuned and 6 base mod-
els spanning Gemma 3, Qwen 3, Qwen 2.5,
and Llama 3.1 (270M to 27B), this works at
83—-100% accuracy on 4B+ instruction-tuned
models on a 15-tool synthetic benchmark and
at 77-94% on the real-API benchmark 7-bench
airline. The JSON arguments that follow au-
tomatically adapt to the new tool’s schema, so
flipping the name is enough. The same per-tool
directions also flag likely errors before they
happen: queries where the model is unsure
between two tools fail 21 x more often than
queries where it is not (Gemma 3 27B). This
is not just topic injection: random vectors at
the same magnitude give a 0% switch rate, a
probe within a single domain (14 airline tools
that all share one topic) still reads which tool
the model will call at top-1 61-89% across five
4B-14B models, and the causal effect concen-
trates along the model’s own first-token output
direction. Even base models already carry the
right tool internally before they can emit it:
reading the chosen tool off the model’s internal
state (cosine readout) recovers 61-82% accu-
racy on the BFCL function-calling benchmark
while base generation lands at 2—10%, suggest-
ing pretraining forms the representation and
instruction tuning later wires it to the output.
Our results cover single-turn, fixed-menu set-
tings, and on multi-turn agent loops the same
intervention is less stable (matched-baseline

gain or loss of up to 30 percentage points with
no consistent direction). The linear signal we
identify gives both a practical hook for catch-
ing wrong tool calls before they execute and
a mechanistic foothold for understanding how
language models decide what to do.

1 Introduction

Imagine an LLLM assistant is asked to “follow up
with the client about tomorrow’s meeting.” It has
access to send_email, schedule_meeting, and
search_contacts. The model picks send_email,
writes a plausible message, and fires it off. But
the user wanted to reschedule, not send a reminder.
The email goes out; the meeting is missed. This
kind of silent failure is common: on the 7-bench
airline benchmark (Yao et al., 2024), even 4B-
parameter models only succeed 25% of the time,
and most failures come down to picking the wrong
tool (Schick et al., 2023; Qin et al., 2024). As
agents get access to actions that matter (running
code, moving money, approving transactions), one
bad tool call can do real damage (Hendrycks et al.,
2023).

The tricky part is that we currently have no idea
why a model picks one tool over another. It outputs
a tool name and some JSON arguments, but there
is no way to peek inside and catch a mistake before
it happens. Recent work has started looking at this:
Healy et al. (2026) detect tool-calling hallucina-
tions from hidden states, and Wang et al. (2026)
improve binary decisions about whether to call a
tool at all (F1: 0.18—0.50). But neither of these
traces the actual circuit responsible for selection,
and neither shows how to control which specific
tool gets chosen when there are many candidates.
The question we ask is simple: how do language
models internally pick among tools, and can we
intervene on that process?

We investigate this by combining five inter-
pretability methods across three model families
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Figure 1: Overview of the three-stage circuit and steering demonstration. Adding a mean-difference vector redirects
tool selection and automatically restructures arguments. Validated across 12 IT models in 3 families (Gemma 3,

Qwen 3/ Qwen 2.5, Llama 3.1; 270M-27B).

(Gemma 3 (Gemma Team, 2024), Qwen 3 /
Qwen 2.5 (Qwen Team, 2025), and Llama 3.1
(Grattafiori et al., 2024)), spanning 270M to 27B
parameters across 12 instruction-tuned and 6 base
models. Figure 1 gives the overview.

The core finding is simple: the choice of tool is
carried by a single direction in the model’s internal
state, with one direction per pair of tools. Adding
that direction switches which tool the model picks.
Across 12 instruction-tuned and 6 base models
spanning Gemma 3, Qwen 3, Qwen 2.5, and
Llama 3.1 (270M to 27B), this works at 83—-100%
on 4B+ instruction-tuned models on a synthetic
15-tool benchmark using only tool names. Adding
short tool descriptions makes at most a small dif-
ference on 4B+ models and hurts some sub-1B
models, where the longer prompt overwhelms the
smaller model (Appendix A.24). The JSON argu-
ments that follow automatically adapt to the new
tool’s schema (Section 4.4). The same per-tool di-
rections also flag likely errors before they happen:
when the model is unsure between two tools, it is
much more likely to pick the wrong one (Section 5;
correction in Appendix A.9).

We are careful about the geometric framing.
PCA over 15 tool means fits in about 10 directions,
but a matched-prompt control where we keep the
15-tool prefix and only change the user query gives
the same compactness, so the 15-tool dimensional-
ity on its own is not evidence of tool-specific com-
pression (Section 4.1). At 200 real APIs from Tool-
Bench the picture is similar: 36 directions cover

the tools but the matched control sits at 39, so part
of what looks like tool-specific structure reflects
the shared prompt prefix. The interventional re-
sults, not the dimensionality, are what carries the
linearity claim.

Base (pretrained-only) models extend this pic-
ture. On BFCL v3, a Gemma 3 4B base model gen-
erates the correct tool on only about 3% of queries,
but reading the closest mean-activation direction
from its residual stream recovers 75%; the gap is
similar on Gemma 1B, 12B, and Llama 3.1 8B base
models (56-72 percentage points). Instruction tun-
ing, it seems, mostly wires the existing internal tool
signal into the output layer, rather than creating the
signal.

To understand how this works, we trace the com-
ponents that push the model toward the right tool
(Section 4.2). Patching components in and out one
at a time, we find a rough three-stage pathway:
dedicated features light up at early layers when
a specific tool is relevant, attention heads at mid-
layers pull in the right context, and late layers make
the final pick. A few specific attention heads carry
the decision on Gemma (like L17 HO and H1 in
Gemma 3 4B), but the picture is model-dependent:
on Qwen 3 4B the top-k heads and top-k MLPs
are essentially tied (Section 4.2, Table 22). The
circuit is not always present: it is absent at 270M
parameters, starts emerging at 1B, and gets sharper
with instruction tuning (Section 4.5).



2 Related work

Most work on tool use in LLMs focuses on mak-
ing models better at calling tools, whether through
specialized training (Schick et al., 2023; Patil et al.,
2023; Qin et al., 2024), benchmarks (Yao et al.,
2024; Li et al., 2023b), or prompt design (Hao
et al., 2023). We are asking a different question:
not how to improve tool use, but how it works in-
ternally. Two recent papers look in this direction.
Healy et al. (2026) show that tool-calling halluci-
nations leave a detectable trace in hidden states,
and Wang et al. (2026) steer binary tool/no-tool
decisions (F1: 0.18—0.50). We go further, from
binary to multi-class: steering among 15+ tools
with structured output adaptation.

Our work builds on the idea that language mod-
els represent high-level concepts as directions in
activation space, sometimes called the linear rep-
resentation hypothesis (Park et al., 2024; Nanda
et al., 2023). This has been confirmed for things
like sentiment (Tigges et al., 2023), truthfulness
(Marks and Tegmark, 2024), and refusal (Arditi
et al., 2024), though not everything is linear (En-
gels et al., 2024). Several methods exploit this
linearity to steer model behavior at inference time
(Li et al., 2023a; Turner et al., 2024; Zou et al.,
2023). The closest prior work to ours is by Todd
et al. (2024), who find that in-context learning tasks
are encoded as “function vectors.” The key differ-
ence is that their vectors capture fask type (like
translation or capitalization), while ours capture
which specific tool to call from a fixed menu, and
our steering produces structured JSON output, not
just a label change.

On the mechanistic side, we combine three tools
to trace how the model makes its decision. Activa-
tion patching (Vig et al., 2020; Wang et al., 2023;
Conmy et al., 2023) tests which components mat-
ter. Sparse autoencoders (Cunningham et al., 2023;
Bricken et al., 2023; Templeton et al., 2024) iden-
tify individual features. Cross-layer transcoders
(Ameisen et al., 2025) decompose computation
layer by layer. Geva et al. (2023) found that factual
recall follows an “attribute then retrieve” pattern,
and we see a loosely similar shape for tool selec-
tion. The superposition framework (Elhage et al.,
2022) also predicts that discrete categories sit in
nearly orthogonal directions, which fits with our
~10-dimensional subspace for 15 tools.

3 Method: Mean-Difference Steering for
Tool Selection

The idea is straightforward. If different tools pro-
duce different average activation patterns, then the
difference between two tool averages gives us a
direction in activation space that points from one
tool to another. Adding that direction during gen-
eration should switch the model’s tool choice. No
training, no gradients, no SAEs required; just a few
example queries per tool and one forward pass to
collect activations.

We test 12 instruction-tuned models spanning
270M to 27B parameters across three families:
Gemma 3 (Gemma Team, 2024) at five scales
(270M to 27B), Qwen 3 (Qwen Team, 2025) at
five scales (0.6B to 14B) plus Qwen 2.5 (7B),
and Llama 3.1 (Grattafiori et al., 2024) (8B), with
base (pre-trained) variants for Gemma and Llama
where available (Appendix A.22). Circuit trac-
ing with transcoders uses Gemma 3 4B (34 lay-
ers, dmodel = 2560) as the reference. Each prompt
lists K tool definitions followed by a user query.
Mechanism experiments (steering, circuit tracing,
PCA at K=15) use controlled synthetic tools (Ap-
pendix A.2) where we can isolate individual vari-
ables like tool naming and query semantics. Scal-
ing and validation experiments use real APIs from
7-bench (Yao et al., 2024) (14-16 tools), Tool-
Bench (Qin et al., 2024) (up to 2,000 APIs from 49
domains), and BFCL v3 (Yan et al., 2024) (1,053
real-world queries). We also apply SAEs, activa-
tion patching, and PCA to understand the internal
representations, but the steering itself needs none
of that machinery. The method has three steps.
First, for each tool ¢;, we collect n = 2-3 queries
that should trigger that tool and record the model’s
internal state (its “activation”) hg” ) ¢ RY at the
final token position in the second-to-last layer £
(¢ = 33 for Gemma 3 4B, ¢ = 35 for Qwen 3 4B).
The mean activation per tool is h; = % > hgj ),
Second, the steering direction from tool ¢, to tool
ty is just the normalized mean difference:

ey

We scale it by « - sep,_,;, where sep,, ., = (hj —
h,) - d,_.; is the projection gap between the two
tool means. We pick « from {0.5,0.7,1.0} using
a 5-pair validation set disjoint from the test pairs.
Third, during generation we add this vector to the



residual stream at layer /:
h) =hy + o sep, ., - dasp 2)

We only intervene at the final token position on the
first forward pass. No weights change; subsequent
tokens are generated normally. This extends acti-
vation addition (Turner et al., 2024; Arditi et al.,
2024) from binary features to multi-class tool se-
lection.

We count a steer as successful if the model’s
next-token prediction matches the target tool’s
name prefix. Because four tools share the prefix
get_ (weather, stock_price, news, directions), a
single-token check cannot distinguish them; we
report both prefix-match and exact-match (via 5-
token generation) rates and note the difference ex-
plicitly. All accuracy claims are tested against ran-
dom chance (1/K), with 95% confidence inter-
vals. We use standard statistical corrections (Bon-
ferroni for multiple comparisons, Cohen’s h for
effect sizes) to make sure the results are not flukes;
full CIs in Appendix A.21.

4 Experiments

We organize our experiments in two parts. First, we
look inside the model: what the internal geometry
looks like (Section 4.1) and which components
are responsible (Section 4.2). Then we use this
understanding to intervene: switching the model’s
tool choice (Section 4.3), observing how the output
adapts (Section 4.4), and tracing when the structure
develops across model scales (Section 4.5).

4.1 Tool identity fits in a small space

For each tool we compute a mean activation vector
at the last prompt token (the position about to emit
the tool name), giving 15 vectors in R25° for the
15-tool set. We then ask how many independent
directions these vectors actually span using princi-
pal component analysis (PCA) over the 15 centred
means (method in Appendix A.7; Figure 2).
Across all models the first 10 components cap-
ture about 91% of the variance, and kg (the small-
est number of components reaching 90%) is consis-
tently 9—11 across families and scales, well below
the theoretical max of 14 for 15 points. We read kgg
as a rough measure of how many independent direc-
tions the model uses for tools rather than a precise
feature count, since networks can pack overlapping
concepts via superposition (Elhage et al., 2022).

A random-Gaussian baseline gives only 74% top-
10 variance (z=96.4 vs. our 93%), but a matched-
prompt K'=15 control with non-tool topic queries
gives kgo=7-9 across four models, slightly tighter
than tools. So the K=15 spectrum on its own does
not isolate tool-specific structure (Appendix A.27),
and the cleaner evidence comes from the interven-
tional results in later sections. Base models show
comparable spectra (89-93% top-10), suggesting
the geometry is already in place after pretraining.

The subspace also survives controls for the tool-
name token and for list position. Replacing the
15 tool names with anonymous IDs leaves kgg at
9-11 (Appendix A.28), and shuffling the tool-list
ordering across five permutations leaves each tool’s
mean direction at cos >0.96 (Appendix A.29). The
description-topic reading is handled in §5.

A stronger test: does the compression hold as we
add more tools? We scale up using real API defini-
tions from ToolBench (Qin et al., 2024), sampling
evenly across 49 domains (finance, health, sports,
etc.) from a pool of 12,000+ APIs (Table 1).

K TOOLS k9o MAX RANDOM COMPRESS
50 17 49 43.0 35%
100 26 99 86.0 26%
200 36 199 167.0 18%
500 57 499 3920 11%

Table 1: PCA scaling on Gemma 3 4B with real Tool-
Bench APIs (stratified across 49 domains, with descrip-
tions). kgg: dimensions needed to explain 90% of vari-
ance. Compression improves with scale.

The trend continues from our 15-tool result
(kgo=10, Section 4.1): more tools require more
dimensions, but the growth is much slower than
random. At K=200, the model needs only 36
directions (18% of the theoretical max; random
points would need 167).

Matched-prompt  control. The random-
Gaussian baseline is weak: any 200 means sharing
a long prompt prefix will compress better than
iid noise. A matched-prompt control swaps the
user query for a non-tool topic with everything
else held fixed (Table 26, Appendix A.27). The
model-by-model picture is mixed (Gemma 3
4B indistinguishable from baseline, Qwen 3 4B
and Gemma 3 12B with tools spreading wider,
Llama 3.1 8B the reverse), so the K=200 spectrum
on its own does not isolate tool-specific structure.
Cleaner evidence comes from the matched K=15
control (Appendix A.27), the within-topic 7-bench
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Figure 2: Left: 3D PCA of 15-tool activations, one model per family. Right: cumulative variance converges to
~90% at 10 PCs. Cross-source (39 tools) in Appendix A.19.

airline probe (§5, top-1 61-89%), and the steering
and patching results. Scaling is not perfectly
smooth: at some K, kgq dips before rising, because
real APIs cluster by domain (full curve in Figure 7,
Appendix). Tool descriptions help compression
at small K but lengthen the prompt enough to
hurt at K >750 (Appendix A.24); they also raise
cross-lingual classification from 60% to 93%
(Appendix A.23).

4.2 Tracing the decision from input to output

We now know that tool identity fits in a small space,
but we have not yet asked how the model builds
that representation, step by step from input to out-
put. We use the term “circuit” loosely to mean the
localized pathway responsible for tool selection,
not a fully specified computational graph in the
sense of Conmy et al. (2023); we identify which
components matter and how they contribute, but do
not trace every edge.

We decompose layer activations with cross-layer
transcoders (Ameisen et al., 2025; Lieberum et al.,
2024), which split each layer into individual “fea-
tures” (detectors for concepts like “the user wants
weather” or “output a JSON brace”). On Gemma 3
4B a three-stage pipeline emerges: 38 tool-selective
features fire in early layers LO-3, mid-layer at-
tention heads in L16-30 lock onto tool-name and
entity tokens (L24 head 1 attends to “Tokyo” at
weight 0.43), and late-layer features at L.30-33
handle JSON formatting through generic code-
generation features shared with non-tool contexts
(NeuronPedia cross-reference in Appendix A.5).
Qwen 3 4B replicates the shape with steering
becoming effective at L23+ (per-layer details in
Appendix A.12) and PCA subspaces comparable
across families (Gemma 92.5% vs. Qwen 90.2% in

10 PCs; Table 7, Appendix A.11).

Does this circuit actually matter, or is it just
correlation? We test causality with activation
patching (Conmy et al., 2023): for each attention
head and MLP layer we swap in the output from
a different-tool query and measure how far the
model’s confidence in the correct tool drops, aver-
aged over 10 tool pairs (details in Appendix A.25).

The causal results line up with the three-stage
structure. On Gemma 3 4B, two attention heads
in the middle (L17 HO and H1) matter more than
every other head combined: swapping them drops
confidence in the correct tool by 6.5 and 3.7 points.
The three stages contribute 17%/37%/45% of the to-
tal effect on Gemma and 24%/33%/43% on Qwen.
Summed across all components, attention totals 80—
88% and MLPs 12-20%; this raw share is partly
a counting artefact (Gemma 3 4B has 272 heads
vs. 34 MLPs; Qwen 3 4B has 1,152 vs. 36). A
fairer top-3 comparison (Table 22, Appendix A.25)
gives heads 2.7x MLPs on Gemma 4B (a few spe-
cific heads dominate) but heads ~ MLPs on Qwen
4B; the honest reading depends on the model. Ei-
ther way, the localisation differs from prior factual-
recall work, which is associated mostly with feed-
forward weights (Geva et al., 2023; Meng et al.,
2022).

4.3 Can we exploit this structure to control
tool selection?

The PCA spectrum and the causal circuit together
suggest a simple intervention: if the choice of tool
is carried by a single direction in activation space,
adding that direction should switch which tool gets
picked. We start with the simplest case: 5 tools, all
20 ordered source—target pairs, 3 held-out queries



IMPORTANCE
Peak Depth  IT Base IT/Base

+ Gemma 3

270M  L17 9%4% 1.6 04 4.0x

1B L25 9% 74 06 123X

4B L33 97% 107 3.4 3.2x

12B L44  92% 85 1.6 5.3x

27B L6l 98% 142 1.8 7.9x
% Qwen 3/2.5

0.6B L25 89% 59 —

1.7BT 120 71% 10.1 —

4B L35 97% 11.8 —

8B L35 97% 10.3 —

14B L39 98% 119 —

25-7B L27  96% 10.0 —
» Llama 3.1

8B L31 97% 74 1.6 4.6%

Table 2: Attribution patching. Peak at 89-98% depth
(fQwen 1.7B outlier at 71%). Base models share
the peak layer with 3—12x lower importance, except
Gemma 3 1B base which peaks at L15 rather than the
IT L25.

each, for 60 trials total. Steering works perfectly:
60/60 (100%; 95% CI [94-100%]) (Figure 4). To
make sure this is not just any perturbation doing
something weird, we try random Gaussian vectors
at the same norm: 0% switch rate across 250+ trials
on both Gemma 3 4B and Qwen 3 4B (Table 18).
We also check that we are not overfitting to our
example queries: a held-out evaluation (vectors
computed from queries 1-2, tested on unseen query
3) gets the same accuracy, and resampling across 5
random splits gives 97.0% + 2.4%.

Things get more interesting with 15 tools span-
ning 8 domains. Here we measure by exact match:
letting the model generate five tokens after the steer-
ing intervention and checking the full tool name.
Qwen 3 4B steers at 28/30 (93%) and Gemma 3
4B at 24/30 (80%). Most failures involve tools
that share a tokenizer prefix: four of our tools be-
gin with get_ (get_weather, get_stock_price,
get_news, get_directions), which the tokenizer
maps to the same first token. Steering correctly
pushes the model into the get_* family (73-87%
prefix-family match), but the follow-up tokens do
not always resolve to the right member. When we
control for this by renaming tools to have unique
first tokens, accuracy recovers to the same 80-93%
range with zero ambiguous cases. This suggests
the gap is a tokenizer granularity issue, not a failure
of the linear steering (Appendix A.1). Scaling up
further, steering holds at >90% accuracy up to 150

tools (Table 6), with larger models handling the
increase more gracefully.

The natural question is whether this works be-
yond synthetic tool definitions. We test on real-
world APIs: 7-bench (Yao et al., 2024) airline
(14 tools) and retail (16 tools), and 6 ToolBench
(Qin et al., 2024) domains (10 tools each). Cross-
domain ToolBench steering hits 100% on all 4B+
models except Llama 3.1 8B (90%). Base mod-
els do significantly worse (Gemma 3 4B-pt: 30%,
Llama 3.1 8B-base: 50%), which suggests instruc-
tion tuning is needed for cross-domain generaliza-
tion. Even on 8 deliberately ambiguous queries
(like “Help me plan my trip to Paris”), steering
redirects to every plausible tool at 100% (Gemma)
and 96% (Qwen). Table 3 summarizes the full
benchmark results; Table 15 breaks down IT vs.
base.

STEERING (%)
Sw-15 7-air 7-ret TB-XD Ambig. PCAio

+ Gemma 3
1B 43 77 53 87 47 93.6
4B 926 94 76 100 100 92.5
12B 97 90 80 100 94 91.2
27B 100 77 80 100 100 88.3
% Qwen 3 /2.5
0.6B 50 77 47 77 69 92.5
1.7B 80 87 60 100 100 92.1
4B 93 80 70 100 96 90.2
8B 100 90 100 100 80 89.8
14B 97 87 63 100 94 89.7
25-7B 93 90 73 100 94 88.8
® Llama 3.1
8B 83 80 100 90 82 89.8

Table 3: Steering accuracy (%) across benchmarks.
Bold >93%. N=30 per cell. IT/base comparison in
Table 15.
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Figure 3: Mean steering accuracy vs model scale across
3 families. Accuracy rises from 17% (270M) to 89%
(27B).



4.4 The model also rewrites its arguments

So steering reliably switches the tool name. But
what happens to the rest of the output? Something
we did not expect is that the model also rewrites its
entire argument payload to match the new tool’s
schema (Table 4):

The simplest explanation is autoregression: once
the target tool name is committed, the training dis-
tribution of that tool’s arguments takes care of the
schema. We test this with a prefill control that
appends the target tool name to the prompt and
lets the model autoregress the rest (Table 10, Ap-
pendix A.13). Prefill matches steering exactly on
Gemma 3 4B and Qwen 3 4B (both 73/73 and
27/27), and on Llama 3.1 8B a 14-point gap shrinks
to 4 once we restrict to pairs where steering actu-
ally switched the name. So the schema adaptation
is carried by autoregressive generation, not by the
steering vector itself: the vector encodes tool iden-
tity and the interface follows for free once the name
is in place. The same angle explains why logit bias
underperforms (it wins on only ~20% of pairs, so
most of its low schema rate comes from the name
never switching).

We also probed what steering can and cannot do.

Argument steering fails: redirecting “Tokyo” to
“Paris” while keeping the same tool gives 0/30 (the
tool is preserved, but the argument never changes).
This makes sense. Picking a tool is choosing from
a short, fixed list, so a few directions suffice. Ar-
gument values are pulled from the query on the
fly, not from a fixed menu. Format steering (JSON
vs. plain text) also fails (0/10), and cross-family
transfer gives 0% (Gemma vectors on Qwen), sug-
gesting each model learns its own subspace.

Multi-turn steering is the noisier of the two set-
tings: a fixed-menu two-turn setup hits 100% at
4B+, while on 7-bench airline the matched-vs-
baseline delta ranges from —30 to 410 pp across
five 4B—14B models with no consistent direction
(see Limitations).

4.5 When does this structure appear?

If the choice of tool is carried by a single direction
in activation space, a natural question is whether
this is always the case or whether it develops at
some point. Figure 3 and Table 3 trace this with
scale. At 270M the model cannot tell tools apart
on the 15-tool task (27%, roughly random), and
by 1B the 5-tool task is solved (100%) while 15-
tool is still only partial (43%). From 4B upward

all three families reach >83% on the 15-tool task,
with Gemma 3 12B at 97% and Gemma 3 27B and
Qwen 3 8B at 100%. The IT-vs-base gap is large
at every scale (Cohen’s h > 0.8; Table 15, Appen-
dices A.6 and A.17). One anomaly is Gemma 3
27B scoring lower than 4B on the 7-bench airline
task (77% vs. 94%); the Cls overlap ([59,88] vs.
[84,98] at N=30), so the difference may reflect the
longer context at 27B diluting the steering vector’s
relative strength rather than a real scaling reversal.

What changes at the feature level to explain
this emergence? Sparse autoencoders (SAEs)
(Lieberum et al., 2024; Rajamanoharan et al., 2024)
let us count tool-specific vs. shared features at
each layer. The specific-to-shared ratio sharpens
with scale (<0.3 at 270M-IT — 10.4 at 1B-IT
L17 — spans 0.1-4.1 across L12-1L41 at 12B-IT;
Appendix A.16); base models share the geomet-
ric spectrum (89-93% top-10 variance) but at 1B
L13 have 3 x fewer tool-specific features and 1.5 x
more shared ones than their IT counterpart (Ta-
ble 14, Appendix). The IT-vs-base gap in steering
(Cohen’s h > 0.8 at every scale; e.g. 65% vs. 100%
at 27B) is best explained by output-layer alignment:
IT directions line up 2 x better with the target tool’s
first-token unembedding row than base directions
do (§5). The 270M base is the surprise: it has more
tool-specific features than 270M-IT (ratio 2.4 vs.
0.3) yet steering still fails (20%), so SAE counts
can decouple from causal effect, and the “sharpen-
ing” reading at 1B+ relies on activation patching,
not SAE counts alone.

Two robustness sweeps round out the picture.
Steering holds at >90% under distractor tools up to
K=150 (Table 6, Appendix A.15), and a strength
sweep a € [0.1,3.0] across 15 models shows a
sharp phase transition at o ~ 0.6—-0.7 (Table 16,
Appendix A.18). Attribution patching closes the
loop on causality: peak importance lands at 89—
98% depth on all 4B+ models, and base counter-
parts share the peak layer but with 3—-12x lower
importance (Table 2).

5 Discussion

5.1 Why should we expect linearity?

The linearity conclusion rests on more than the fact
that steering works. Activation patching identifies
the causal components without any steering vectors,
random vectors at matched norm give a 0% switch
rate (so direction matters and not magnitude), and
the within-topic 7-bench airline probe reads tool



MODEL  DIRECTION ORIGINAL ARGS STEERED ARGS

+ Gemma weather—search "location”: "Tokyo" "query": "weather in Tokyo"
+ Gemma weather—translate "location”: "Tokyo” "text”: ". . .", "lang”: "en"
% Qwen translate—schedule "text”: "hello” "date”: "tomorrow"

2 Qwen translate—sweather "text”: "hello” "location”: "Paris”

® Llama calculate—flight "expr": "15%37" "origin": "NYC", "dest”: "LA"

Table 4: Argument schema adaptation. Steering changes the tool name and restructures the argument keys/values to
match the target schema, without schema information in the steering vector. Full JSON outputs in Appendix A.14.

identity off the residual at top-1 61-89% even when
all 14 tools share the airline domain, which is hard
to explain as topic injection. We note that PCA
dimensionality at K =15 and K=200 does not sur-
vive matched-prompt controls (Appendix A.27)
and does not count as independent evidence.

Are we just injecting topics, not switching tools?
The within-topic probe above is the strongest
counter, and shuffled-label and Gaussian-noise san-
ity checks land 29-57 points below the real probe
(Appendix A.30). Three further observations point
the same way. The argument schemas adapt to the
target tool’s interface, not to the source query’s
topic (Table 4). The hardest failures are tools
that share a tokenizer prefix despite covering com-
pletely different topics (§4.3). And the causal effect
localises to attention heads rather than the MLP
layers that prior work links to memorised topic
associations (Geva et al., 2023; Meng et al., 2022).

The linear representation hypothesis (Park et al.,
2024) predicts that discrete categories end up as
directions in activation space, and this has held
for binary features like sentiment and truthfulness
(Tigges et al., 2023; Marks and Tegmark, 2024),
though not everything is linear (Engels et al., 2024).
Our contribution is that a multi-way decision (15+
tools) follows the same pattern. The unembedding
matrix is itself a linear projection, so the model
has a natural incentive to keep tool names linearly
separated.

We verify the linearity directly in two ways. In-
terpolating along the steering vector, cosine sim-
ilarity changes linearly and the prediction flips
sharply at a~0.6, looking like a clean linear deci-
sion boundary (Figure 16, Appendix A.19). The
steering direction also aligns with the model’s own
first-token unembedding direction: IT models at
1B+ show cosine +0.26 to +0.29 (z=7-11 vs. ran-
dom), base models roughly half (Figure 17, Ap-
pendix A.19). A causal split confirms this is the
part doing the work: at matched magnitude the

parallel piece alone reaches 93—100% across five
models we test, while the orthogonal piece stays at
0-17%. The IT-vs-base gap in full-vector steering
(97% vs. 50% on Gemma 3 4B) tracks the natural-
magnitude alignment (cosine 0.26 vs. 0.13).

5.2 Catching mistakes before they happen

The same per-tool means double as a before-
execution monitor. For a new query we compute
cosine to each tool mean and rank the candidates,
and a small top-1/top-2 gap flags that the model is
unsure (Appendix A.26). On BFCL v3 (Yan et al.,
2024) the base-vs-IT split is striking (Table 23, Ap-
pendix A.26). IT generation already hits 90-95%,
so readout adds nothing on top. On base models
the relationship reverses: greedy generation lands
at 2-10% while readout recovers 61-82%, a gain
of +56 to +72 points. One reading is that pre-
training encodes tool identity before instruction
tuning wires it to output. The same gap also flags
errors: on Gemma 3 12B the smallest-gap quartile
has a 14% error rate while the largest gap quartile
has 0%, and 27B shows a 21 x concentration ra-
tio. Matched-prompt cosines complicate this: IT
tool/topic pairs land within A < 0.036 on Gemma
(Qwen and Llama IT spread the other way, base is
much tighter at cos ~0.999), so the readout works
through argmax over small differences and we treat
the IT-vs-base reading as suggestive (Table 24, Ap-
pendix A.26).

6 Conclusion

In single-turn, fixed-menu settings, the choice of
tool inside an LLM is carried by a single direc-
tion in activation space, with one direction per
pair of tools. Across three families and 270M—
27B, adding that direction switches the model’s
tool choice at 83—100% on 4B+ instruction-tuned
models (93—100% on Gemma 3 and Qwen 3). The
JSON arguments follow autoregressively.



Limitations

There are clear limits to what we have shown, and
being upfront about them matters for anyone who
might want to build on this work. The linear struc-
ture only appears above 270M parameters; sub-
1B models do not have exploitable structure (Sec-
tion 4.5). Steering breaks down when tools are
near-synonymous (0% on 10 similar Sports APIs;
Appendix A.4), which is really a limit of the model
itself: if the model cannot distinguish two tools,
neither can we. Tool identity is linear but argument
content is not: steering can change which tool gets
called but not what values get passed to it (Sec-
tion 4.3). Steered outputs match the target schema
(Table 4) but sometimes fabricate arguments (like
“Pizza Palace” for a restaurant name). A real API
server would likely reject such inputs. Our evalu-
ation measures whether the model picks the right
tool and produces the right JSON structure, not
whether the arguments would actually work in pro-
duction. Steering should be viewed as an analytical
and routing tool (as in cosine select), not as a stan-
dalone method for end-to-end API execution; mea-
suring actual task completion is the natural next
step.

Multi-turn behaviour is mixed. On a synthetic
two-turn setup with a fixed menu, applying single-
turn vectors at the second turn gives 100% at 4B+.
On a realistic agent benchmark (7-bench airline),
comparing against fresh, non-crashing baselines
gives a much smaller and model-dependent effect:
the matched-vs-baseline delta ranges from —30 to
+10 percentage points across five 4B—14B models
(Gemma 3 4B/ 12B, Qwen 3 4B / 8B / 14B), with
Gemma 12B L47 and Qwen 8B showing the largest
drops. We read this as the linear steering signal be-
ing reliable in single-turn, fixed-menu settings but
competing for residual-stream capacity, or inter-
acting badly with accumulated tool outputs, once
the conversation carries substantial history. Longer
multi-turn chains beyond this remain untested, and
closing this gap is the main practical follow-up.

There is also a practical limit on prompt length.
When tool definitions include descriptions, the
prompt grows to 16K tokens at K=750, and
at that point Gemma 3 4B’s per-tool representa-
tions start to blur together (k9o drops from 57 to
27). Without descriptions, the same model han-
dles K=1500 tools smoothly (kgy grows to 116
with no collapse), because the prompt stays shorter
( 8K tokens). The bottleneck is not the number

of tools but the total prompt length. We see the
same pattern with tool descriptions in steering (Ap-
pendix A.24): instruction-tuned models at 4B+
already reach 93—100% without descriptions and
gain at most a few points from them, while smaller
models (Qwen 0.6B) and base models get worse,
because the longer prompt overwhelms their abil-
ity to focus on the right parts. This limit also
depends on architecture: at K =500 with descrip-
tions, 8-head models (Gemma 3 4B) need 57 di-
mensions, 16-head models (Gemma 3 12B) need
129, and 32-head models (Qwen) need 147-151
(Appendix 32). More heads and more parame-
ters both buy stability: at K=750 (~16K tokens),
Gemma 3 4B’s kgg drops to 27 and does not re-
cover at K=1000/1500, but Gemma 3 12B and
27B dip only briefly (131—130 at K=500—1000
for 27B) and fully recover their compression (Fig-
ure 7). Scale alone extends the effective con-
text: 32-head models show no collapse even at
K=750, and larger Gemma models (12B/27B) tol-
erate at least K =1000 before prompt length out-
grows the context budget. All three families we
test (Gemma 3, Qwen 3 /2.5, Llama 3.1) are dense
transformers; we do not know if this extends to
mixture-of-experts or state-space models.

The unembedding decomposition (Section 5, Ap-
pendix A.19) anchors on the target tool’s first-token
unembedding row, so for tools that share a to-
kenizer prefix (get_weather, get_stock_price,
get_news, get_directions) the parallel direc-
tion is partly the shared get_ direction rather
than the tool-specific suffix tokens (_weather vs.
_stock_price). A sum or mean over the full tool-
name tokens is the natural extension, which we
leave for follow-up.

Ethics Statement

Reproducibility. All models are publicly avail-
able on HuggingFace (Table 19). SAEs are from
Gemma Scope 2 (Lieberum et al., 2024) and
NeuronPedia (Lin, 2024). We use Transformer-
Lens (Nanda and Bloom, 2022) via SAELens
(Bloom et al., 2024) for activation caching and
steering. Steering vectors are computed from
2-3 queries per tool with no training. For the
27B model, we verified results using HuggingFace
transformers with device_map=auto. Code and
data are attached to this submission as supplemen-
tary archives (Software and Data).



Dual-use and defense. Our steering method redi-
rects a model’s tool selection at inference time,
which is dual-use: an operator with white-box ac-
cess to an open-weight model could in principle
silently reroute consequential tool calls without
leaving an output-level trace. We see the net ef-
fect of this work as defender-side. The same per-
tool mean activations that enable steering also flag
likely-wrong calls (Section 5), and the mechanistic
visibility lets evaluators audit which components
carry tool selection before trusting an agent with
consequential actions. All models we study are
publicly available on HuggingFace, so the work
does not widen access to any system; output-level
schema validation and allowlisting provide an in-
dependent defense against redirects, whether mali-
cious or accidental.
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A.1 Failure mode analysis

Steering failures fall into three categories.

Prefix collisions. Four tools (get_weather,
get_stock_price, get_news, get_directions)
share the first token get. Steering reliably pushes
the model to the correct prefix family, but the dis-
ambiguation tokens (_weather vs. _stock_price)
do not always follow: exact-match accuracy for
within-get_x* pairs is lower than for unique-prefix
tools. This is a tokenization granularity issue, not a
failure of the linear steering signal.

Semantic resistance. The model reverts to the
original tool when the query is highly specific.
“Calculate 15 * 37” resists steering away from
calculate, for example.

Near-synonyms. Semantically overlapping tools
like the 10 similar Sports APIs give 0% steering.
No failures involve hallucinated tool names or mal-
formed JSON.

A.2 Tool definitions

The 15 tools used in our experiments span di-
verse domains: information retrieval (get_weather,
search, get_stock_price, get_news), computa-
tion (calculate, convert_currency), communi-
cation (send_email, create_note), scheduling
(schedule, set_alarm, book_flight), navigation
(get_directions), entertainment (play_music), food
ordering (order_food), and language (translate).

A.3 Full pairwise switching matrix (5
tools)

All 20 source—target directions hit 100% on held-
out queries across the three families, with no fail-
ures at this scale.
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Figure 4: 5-tool pairwise switching matrix. All 20
pairs hit 100% on held-out queries for every model and
family.

A.4 Cross-benchmark and ToolBench
analysis

Figure 5 shows steering accuracy across 12 models
and 4 benchmarks; Figure 6 shows ToolBench per-
domain breakdown on Gemma 3 4B.

Steering accuracy across benchmarks

15-tool T-bench T-bench  ToolBench Ambiguous
Switch Airline Retail XD Queries
1 1 1 1 1
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Figure 5: Steering accuracy across 12 models x 4 bench-
marks.
ToolBench per-domain steering (Gemma 3 4B)
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Figure 6: ToolBench per-domain steering (Gemma 3
4B). Sports fails due to near-synonymous tools.
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A.5 NeuronPedia cross-reference

We cross-referenced our findings with indepen-
dently labeled features on NeuronPedia! for
Gemma 3 4B-IT. The following pre-existing fea-
ture labels align with our discovered circuit stages
(Table 5):

LAYER SAE FEATURE NEURONPEDIA LABEL
2 tc-262k 159677 “tool description”

9 tc-262k 73435 “tool selection”

9 res-16k 5625 “function calls”

16 tc-262k 177725 “tool calls”

17 res-16k 1645 “function calls”

17 res-16k 15177 “tools and their functions”
22 tc-262k 19924 “tool use invocation”

22 res-16k 3122 “function calls”

25 tc-262k 540 “JSON opening brace”
29 res-262k 95374 “tool selection”

29 res-16k 9781 “JSON structured output”

Table 5: NeuronPedia feature labels for Gemma 3 4B-
IT. Labels were assigned independently by automated
methods. The layer progression matches our three-stage
circuit.

The top activating examples for these features
are consistently about code generation, API calls,
and structured outputs, which fits with the idea that
tool-calling piggybacks on general programming
circuitry. The three features we identified via SAE
differential analysis (Section 4.2), Layer 17 F#201
(tool intent), F#489 (tool context), and F#359 (di-
rect answer), do not yet have auto-generated Neu-
ronPedia descriptions, but their top activating ex-
amples are also coding tasks.

A.6 Scaling results

Tool switching accuracy as a function of the num-
ber of tools:

K G-4B G-12B G-27B Q-4B Q-8B Q-14B Q2.5-7B L-8B
5 100 100 100 100 75 100 100 100
15 100 100 100 100 100 100 95 95
30 100 100 100 100 95 100 90 100
50 95 100 95 100 100 100 100 100
7595 100 95 100 100 100 100 100
100 100 100 100 100 100 95 95 100
150 90 100 100 100 100 95 100 100

Table 6: K-tool scaling: switch accuracy (%) among
randomly sampled tools. G=Gemma, Q=Qwen,
Q2.5=Qwen 2.5, L=Llama.

A.7 PCA method details

For each of K tools, we collect 2-3 example
queries and cache the residual stream activation

"https://www.neuronpedia.org/gemma-3-4b-it
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at the last token position in the penultimate layer.
We average these to get one mean vector per tool:
h; e Réfori=1,...,K.

Step 1: Center. Subtract the grand mean so the
data is zero-centered: C; = h; — % > ¥ h;

Step 2: SVD. Stack the centered vectors into
a K x d matrix and compute the singular value
decomposition C = USV ", where the diagonal
entries s; > s > ... are the singular values.

Step 3: Variance explained. The fraction of to-
tal variance captured by the first £ components is:
k52
Var(k‘) = ggllség
We define kgy as the smallest & such that
Var(k) > 0.90.

Interpretation. If kgg is much smaller than K —1
(the theoretical maximum number of independent
directions for K points), then the tools are not
spread uniformly across the space but cluster into
a lower-dimensional subspace. In our experiments,
koo = 10 for 15 controlled tools (max 14), and
kgo = 57 for 500 ToolBench APIs (max 499). A
Monte Carlo baseline (random points in [R2560
gives koo = 392 for 500 points, which supports
reading the compression as a real effect rather than
a geometric inevitability.

A.8 PCA dimensionality vs. tool count

See Table 31 in Appendix A.31 for the full scaling
table and additional analysis (cross-model compar-
ison, sampling sensitivity).

A.9 Error correction

At 100 tools, the model makes 15 baseline errors
(85% accuracy). We can correct 9 of those 15
(60%) by steering from the wrong tool toward the
right one. More tellingly, the model’s internal co-
sine similarity already ranks the correct tool at po-
sition 1 in 80% of error cases. This suggests that
most selection errors happen at the decoding level,
not the representation level: the model “knows” the
right tool internally but picks the wrong token.
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Figure 7: k9o as the number of real ToolBench APIs
grows from 5 to 2,000, across 12 instruction-tuned mod-
els from three families (Gemma 3, Qwen 3 / Qwen 2.5,
Llama 3.1; stratified sampling across 49 domains, with
descriptions). All models compress tool activations into
koo that grows far slower than K, but the absolute level
depends more on architecture (attention heads) than
parameter count: the Gemma 3 family (blue shades,
8 heads) stays below kgp~100 across all sizes, while
Qwen and Llama (16-32 heads) use 2—-3 x more direc-
tions. Gemma 3 4B’s kg also collapses past K=500 as
the prompt outgrows its effective context. Qwen 2.5 7B
scales furthest (kgg=279 at K=1500).

A.10 Cross-model circuit comparison

PROPERTY GEMMA 3 4B QWEN 3 4B LLAaMA 3.1 8B
Layers / dmodel 34 /2560 36 /2560 32 /4096
Steering effective L17-L33 L23-L35 L31

PCA top-10 92.5% 90.2% 89.8%
ToolBench XD 100% 100% 90%

SAE source Scope 2 (4L) mwhanna tc (36L)  Goodfire L19

Larger models (ToolBench cross-domain / PCA):

Gemma 3 12B (48L) 100% /91.1%
Gemma 3 27B (62L) 100% / 88.3%
Qwen 3 14B (40L) 100% / 89.7%

Table 7: Cross-architecture comparison. All three fami-
lies show 88-93% PCA variance in 10 dimensions.
A.11 Cross-model PCA comparison

Table 8 reports cumulative variance and kg across
Gemma and Qwen at K=15.

Topr-k PCs GEMMA 34B QWEN 3 4B
1 27.5% 21.0%
3 51.3% 48.6%
5 67.5% 64.5%
10 92.5% 90.2%
14 100% 100%

Table 8: Cumulative variance explained by top-k prin-
cipal components of 15-tool mean activations. Both
models show remarkably similar subspace dimensional-
ity despite independent training.



A.12 Cross-layer steering (Qwen 3)

Steering effectiveness by layer for Qwen 3 4B
(get_weather — search, 5-pair average; Table 9):

LAYER SEPARATION SWITCH SUCCESS MULTI-PAIR ACC.

LO 0.3 x 0/5
L9 39 X 0/5
L18 12.1 x 0/5
L23 383 v -

L27 74.8 v 5/5
L35 252.8 v 5/5

Table 9: Qwen 3 4B cross-layer steering. Fails at LO—
L18; works at L23+ once representations diverge.

A.13 Schema-correctness controls

A:BASE B:PREFILL C: STEER
src schema tgt schema tgt schema

Gemma 3 4B IT 87% 73% 73%
Qwen 3 4B 60% 27% 27%
Llama 3.1 8B IT 90% 57% 43%

Table 10: Schema-correct rate across three conditions
on the same 30 source—rtarget pairs. A: no intervention
(expect source schema). B: prompt is prefilled with
the target tool name and the model autoregresses the
arguments. C: activation steering replaces B’s prefill.
B and C land at the same rate on Gemma 3 4B and
Qwen 3 4B; on Llama 3.1 8B the 14-point gap shrinks to
4 points once we restrict to pairs where steering actually
switched the tool name, so the remaining difference
reflects commit strength, not schema information in the
steering vector.

A.14 Full generation examples

All outputs are generated autoregressively from
the prefix {"tool”: " with no post-processing.
The steering vector is applied only at the first for-
ward pass (Table 11; ambiguous-query variant in
Table 12).

MODEL DIRECTION ORIGINAL ARGS STEERED ARGS

+ weather—search "location”: " "query”: "best time to visit Paris”
+ weather—translate " "text": " ", "lang": "ja"

+ weather—flight "origin": "NYC", "dest"”: "Paris”

+ weather—-email "to": "colleague@. . ."

+ weather—note "title": "Meeting Prep”

+ weather—food "restaurant”: "Pizza Palace”

% translate—weather "text”: "hello” "location”: "Paris”

3 weather—schedule "location”: "Tokyo” "date”: "tomorrow”

% search—currency ~ "query”: "AI news” "amount”: "1000", "from": "USD"

calculate—flight
weather—search

"expr”: "15%37"
"location”: "Tokyo"

"origin”: "NYC", "dest”: "LA"
"query"”: "weather in Tokyo”

Table 11: Steered generation examples across three
families. Every output restructures its arguments.
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QUERY STEERED TO STEERED ARGS
“Plan my trip to Paris” book_flight "origin”: "NYC", "dest”: "Paris”
search "query”: "best time to visit Paris”

get_directions "location”: "Paris”

“Prepare for meeting”  schedule "date”: "tomorrow”
create_note "title": "Meeting Prep”
send_email "to": "colleague@. . ."
“What about Tokyo?”  search "query”: "Tokyo travel guide”
translate "text": " ", "lang": "ja"
get_news "query”: "Tokyo"

Table 12: Ambiguous query steering (Gemma 3 4B).
All default to get_weather; steering redirects to every
plausible target with appropriate args. 100% (Gemma),
96% (Qwen).

A.15 Steering strength and tool-count
scaling

Figure 8 shows the o phase transition; Figure 9
shows K -tool scaling across model sizes.
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Figure 8: Phase transition at a~0.7. 4B+ models jump
to 95-100% with no collapse.
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Figure 9: K-tool scaling. Larger models sustain accu-
racy better.

A.16 Full SAE feature analysis

Table 13 reports per-layer SAE feature counts
across all model scales and families, and Figure 10
visualizes the same data.



FEATURE COUNTS SP/SH
Model Layer Depth Active  Shared Specific Ratio
Gemma 3 270M-IT L5 28% 34 30 0 0.0
Gemma 3 270M-IT L9 50% 51 40 9 0.2
Gemma 3 270M-IT  L15 83% 67 51 16 0.3
Gemma 3 270M-base L5 28% — 41 1 0.0
Gemma 3 270M-base L15 83% — 32 77 24
Gemma 3 1B-IT L7 27% 48 41 3 0.1
Gemma 3 1B-IT L13  50% 56 27 36 13
Gemma 3 1B-IT L17 65% 67 12 125 104
Gemma 3 1B-IT L22 85% 51 13 81 6.2
Gemma 3 1B-base L13  50% 55 40 11 0.3
Gemma 3 1B-base L22  85% 69 33 43 13
Gemma 3 4B-IT L0-3 9% N/A (transcoders) 38 —
Gemma 3 4B-IT L17 50% 66 31 50 1.6
Gemma 3 4B-base L17  50% 68 31 49 1.6
Gemma 3 4B-base L22  65% 80 35 73 2.1
Gemma 3 12B-IT L12 25% 44 37 3 0.1
Gemma 3 12B-IT L24  50% 48 20 31 1.6
Gemma 3 12B-IT L31 65% 52 24 56 2.3
Gemma 3 12B-IT L41  85% 49 19 78 4.1
Gemma 3 12B-base L12 25% 60 38 10 0.3
Gemma 3 12B-base L3l  65% 77 30 62 2.1
Gemma 3 12B-base L41 85% 78 33 78 24
Gemma 3 27B-IT L16 26% 47 43 4 0.1
Llama 3.1 8B-IT* L19 59% 85 14 95 6.8

Table 13: Full SAE feature analysis across all scales and
layers. *Goodfire (goodfire.ai; 65K vs 16K Scope).

SAE feature sharpening
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=
8

@

g

Shared Shared
Specific Specific

2
g
g

Row e
g

Feature count.
8

Feature count
R

s B8

3

°

2
Layer

31

Layer

Figure 10: SAE feature sharpening across layers. Spe-
cific features increase and shared features decrease with
depth.

A.17 Base vs instruction-tuned
comparison

Figure 11 compares base vs instruction-tuned steer-
ing with Cohen’s h effect sizes; Figure 12 shows
the attribution-patching peak layer across families.
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SWITCH-5 TOOLBENCH XD

Scale IT Base IT Base Cohen’s h
Gemma3 1B 100 20 87 27 2.21
Gemma34B 100 55 100 30 1.47
Gemma3 12B 95 70 100 33 0.71
Gemma 3 27B 100 65 100 90 1.27
Llama3.18B 100 50 90 50 1.57

Table 14: Base vs instruction-tuned models (%). Ef-
fect sizes are large (h > 0.71; all exceeding Cohen’s
“medium” threshold of 0.5). IT consistently outperforms
base; the gap narrows with scale but persists even at
27B.

Steering accuracy Peak layer importance

h=12

-
=)
=1

80

60

40

5-tool switch (%)

20

Attribution importance

4B
Model scale (Gemma 3)

1B 4B 27B 27B

Model scale (Gemma 3)

1B

Figure 11: Base vs IT. Left: 5-tool accuracy (base im-
proves with scale but never matches IT). Right: attribu-
tion importance (IT is 3—12 x higher).

Sw-15 7-AIR 7-RET TB-XD
IT / base where available
+ Gemma 3
270M  27/27 10f/710" of /70t  30/30
1B 43/27 77/100 53/00  87/27
4B 96/37 94/60 76/60 100/30
2B 97/53 90/53 80/93 100/33
27B 100/70 77/97 80/83 100/90
% Qwen 3 /2.5
0.6B 50 77 47 77
1.7B 80 87 60 100
4B 93 80 70 100
8B 100 90 100 100
14B 97 87 63 100
25-7B 93 90 73 100
o Llama 3.1
8B 83/53 80/80 100/100 90/50

Table 15: Per-cell steering accuracy (%, prefix match)
across all 12 models, with IT/base split where both
variants are tested. No public Qwen base variants. All
p<0.001 except T (n.s.). Bold >93%. N=30 per cell.
CIs in Table 18. Body-level summary in Table 3 and
Section 4.5.
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Figure 12: Attribution patching peak layer. IT peaks at
92-98% depth; base models share the location but with
much lower importance.

Attribution peak depth
A.18 Steering strength calibration

MODEL a=0.3 a=0.5 a=0.7 a=1.0 a=2.0 a=3.0 TRANS.
Gemma 3 270M 20% 20% 20% 20% 20% 20% —
Gemma 3 1B 5% 30% 45% 8% 100% 100%  ~1.0
Gemma 3 4B 0% 0% 95%  100% 100%  100% 0.7
Gemma 3 12B 0% 20% 95%  100% 100%  100% 0.7
Gemma 3 27B 0% 50%  100% 100% 100%  100% 0.7
Qwen 3 0.6B 0% 20% 50% 90%  100% 100%  ~1.0
Qwen 3 1.7B 5% 25% 80%  100% 100%  100% 0.7
Qwen 3 4B 0% 20% 85%  100% 100%  100% 0.7
Qwen 3 8B 0% 30%  100% 100% 100%  100% 0.7
Qwen 3 14B 0% 35%  100% 100% 100% 100% 0.7
Qwen 2.5 7B 0% 35% 85%  100% 100%  100% 0.7
Llama 3.1 8B 0% 40%  100% 100% 100% 100% 0.7

Base (pre-trained) models:
Gemma 3 270M-base  20%  20% 20% 20% 25%  35% —
Gemma 3 1B-base 20% 20% 20% 20% 40% 45% —
Gemma 3 4B-base 5% 30% 55% 80% 5% @ 65% ~0.7

Table 16: Steering strength calibration. “Trans.” = «
at 50% accuracy. 4B+ IT models transition sharply at
a~0.7; base models are flat or collapse at high «.

A.19 Cross-layer divergence and
attention

Figure 13 shows cross-tool divergence by layer
depth, with steering failing below the inflection
point; Figure 14 shows attention from the output
position to tool-name and entity tokens (Gemma 3
4B). Figure 15 additionally shows that synthetic,
T-bench, and ToolBench tools occupy the same
low-dimensional subspace.

Cross-source tool subspace
Linearity interpolation (all pairs)

Unembedding decomposition of the steering
vector

We split each steering vector d = hy, — h, into
a piece parallel to the target tool’s first-token un-
embedding row and an orthogonal remainder, and
steer with each alone. The parallel piece is only
11-17% of the full norm, so we rescale both pieces
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Figure 13: Cross-tool divergence by layer depth. Di-
vergence rises sharply in the final 20-30% of layers.
Steering fails below the inflection point.
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Figure 14: Attention from output position to prompt

tokens (Gemma 3 4B). Tool-name and entity tokens
receive increasing attention at deeper layers.

to the full vector’s L2 norm (“par*” and “orth*”) to
separate direction from magnitude (Table 17).

FULL PAR PAR* ORTH ORTH* ZERO

Gemma34BIT 97% 3% 100% 7% 7% 0%
Gemma 3 4B base 50% 3% 100% 7% 7% 0%
Qwen 3 4B 93% 0% 100% 0% 0% 0%
Llama 3.1 8BIT 77% 3% 93% 17% 17% 0%
Llama 3.1 8B base 77% 0% 100% 7% 7% 0%

MODEL

Table 17: Decomposing the steering vector against the
target tool’s first-token unembedding direction, on 30

source—target pairs. Full: the original i, —h, at a=0.7.
Par and Orth: natural parallel and orthogonal compo-
nents of d (each at its own norm). Par* and Orth*: the
same components rescaled to match the full vector’s L2
norm.

Both base and IT par* reach >93% at matched
magnitude, so this test alone cannot pin the IT-
vs-base gap on the parallel direction. The full-
vector gap (Gemma 3 4B: 97% IT vs. 50% base
at a=0.7) tracks the natural-magnitude alignment
(IT cosine ~0.26, base ~0.13), consistent with
alignment being the quantity that matters.

A.20 Developer tool steering

We also test on software development tools (10
tools like create_file, run_tests, git_commit,
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Gemma 3 4B — 39 tools from 3 sources
Top-3 PCs: 59.2%

@® Synthetic (15)
B t-airline (14)
A ToolBench (10)
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Figure 15: 3D PCA of 39 tools from 3 sources (15 syn-
thetic, 14 7-bench airline, 10 ToolBench) in Gemma 3
4B. All tools share the same low-dimensional subspace
regardless of source, suggesting linearity extends to real-
world APIs.
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Figure 16: Linearity interpolation for all 4 tested tool
pairs. In every case, cosine similarity changes smoothly
and the prediction flips sharply at a~0.6-0.7, consistent
with linear tool selection across diverse tool combina-
tions.

deploy, etc.), which share much more semantic
overlap than the primary 15-tool set. Gemma 3 4B
gets 63% here, lower than the 73—-87% on general
tools, which makes sense given the overlap.

Original: {"tool": "create_file"”, "path”: "src/config.yaml",
"content”: . ..}

Steered: {"tool”: "run_tests”, "suite”: "unit", "path":
"src/"}
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Figure 17: Steering vectors align with unembedding
directions for the target tool. IT models show 2x higher
alignment than base, and z-scores increase with scale.

Original: {"tool”: "deploy”, "environment”: "staging",
"version”: . ..}

Steered: {"tool”: "git_commit”, "message”: "Deploy staging
v2.1"}

PCA top-5 variance is 82.0% (vs. 67.5% for gen-
eral tools) and top-9 hits 100%, meaning the devel-
oper tools are packed into an even smaller subspace.
The takeaway: the more semantically similar the
tools, the harder they are to steer apart.

A.21 Full confidence intervals

MODEL Sw-15 T-AIR 7-RET TB-XD
Gemma 3 270M 27 [14,44] 10[3,26] 01[0,11] 30[17,48]
Gemma 3 1B 327,611 77[59,88] 3[36,70] 87 [70,95]
Gemma 3 4B 6 [89,98] 94 [84,98] 6[63,86] 100 [89,100]
Gemma 3 12B 7 [83,99] 90 [74,97] 0[63,90] 100 [89,100]
Gemma 3 27B 100 [89,100] 77 [59,88] 0[63,90] 100 [89,100]
Qwen 3 0.6B 0 [33,67] 77 [59,88] 7 [30,64] 77 [59,88]
Qwen 3 1.7B 0 [63,90] 7 [70,95] 0 [42,75] 100 [89,100]
Qwen 3 4B 3[79,98] 80 [63,90] 01[52,83] 100 [89,100]
Qwen 3 8B 100 [89,100] 90 [74,97] 100 [89,100] 100 [89,100]
Qwen 3 14B 7 [83,99] 87 [70,95] 3 [46,78] 100 [89,100]
Llama 3.1 8B 3[66,93] 80[63,90] 100 [89,100] 90 [74,97]
Qwen 2.5 7B 3[79,98] 90 [74,97] 3[56,86] 100 [89,100]

Table 18: Wilson 95% ClIs for all models and bench-
marks. N=30 per cell. Format: accuracy [%] [lower,

upper].
A.22 Models and resources

Table 19 lists all models used in this work. Table 20
lists SAE/transcoder sources and software tools.

FAMILY = MODEL PARAMS HUGGINGFACE ID
Gemma 3 Gemma 3 270M IT 270M google/gemma-3-270m-it
Gemma 3 1B IT 1B google/gemma-3-1b-it
Gemma 3 4B IT 4B google/gemma-3-4b-it
Gemma 3 12B IT 12B google/gemma-3-12b-it
Gemma 3 27B IT 27B google/gemma-3-27b-it
Gemma 3 1B/4B/27B PT — google/gemma-3-{1b,4b,27b}-pt
Qwen3  Qwen 3 0.6B 0.6B Qwen/Qwen3-0.6B
Qwen 3 1.7B 1.7B Qwen/Qwen3-1.7B
Qwen 3 4B 4B Qwen/Qwen3-4B
Qwen 3 8B 8B Qwen/Qwen3-8B
Qwen 3 14B 14B Qwen/Qwen3-14B
Qwen 2.5 Qwen 2.5 7B Instruct 7B Qwen/Qwen2.5-7B-Instruct
Llama 3.1 Llama 3.1 8B Instruct 8B meta-llama/Llama-3.1-8B-Instruct

Table 19: All models used in this work. PT = pre-trained
(base); all others are instruction-tuned.



COVERAGE

Gemma 3 (L9/17/22/29)
Gemma 3 (all 34 layers)
Qwen 3 (all layers)
Llama 3.1 8B (L19)

RESOURCE

Gemma Scope 2 SAEs
Gemma Scope 2 Transcoders
NeuronPedia SAEs

Goodfire SAEs

SOURCE

gemma-scope-2-4b-it-res
Ameisen et al. (2025)
neuronpedia.org
goodfire.ai

v2.17+ (Nanda and Bloom, 2022)
v6.37+ (Bloom et al., 2024)
Ameisen et al. (2025)

TransformerLens
SAELens
Circuit-tracer

Activation caching
SAE loading/analysis
Attribution graphs

Table 20: SAE/transcoder sources and software tools.

A.23 Cross-lingual tool space alignment

If the tool subspace encodes intent rather than sur-
face language, then English and Chinese queries
for the same tool should land in the same region of
activation space. We test this by querying 5 tools in
8 languages (English, Chinese, Japanese, French,
Spanish, German, Korean, Arabic), keeping tool
definitions always in English. For each tool and
language, we compute a mean activation from 1
query and evaluate on 3 held-out queries.

Steering across languages. The strongest re-
sult is causal: steering vectors computed entirely
from English queries successfully switch tool se-
lection on non-English queries. On Qwen 3 4B,
English vectors achieve 100% accuracy on Chi-
nese, Japanese, French, and Spanish queries (10
pairs each, same pairs across all languages). On
Gemma 3 4B, the rate is 90-100%. This means a
system could compute its steering vectors in one
language and apply them to users in any language.

How much of the similarity is tool-specific?
Same-tool cross-lingual cosine similarity is high
(Gemma: 0.980, Qwen: 0.968), but a fairer base-
line is the cosine between different tools across lan-
guages (e.g., weather-English vs. search-Chinese).
This cross-tool baseline is 0.926 for Gemma and
0.802 for Qwen. The gap, which measures how
much of the similarity is actually about the tool
rather than about the shared prompt, is 0.054 for
Gemma and 0.167 for Qwen. The high baseline
for Gemma means most of the shared activation
comes from the common prompt context, not from
tool-specific encoding; Qwen separates tools more
cleanly across languages.

Classification on held-out queries. Using only
English means to classify non-English queries,
Qwen achieves 93%+ on all 8 languages. Gemma
does well on European languages (French: 93%,
Spanish: 87%) but drops on East Asian languages
(Korean: 60%, Japanese: 67%). Adding tool de-
scriptions to the prompt largely closes this gap (Ko-
rean: 60%—93%, Japanese: 67%—100%), sug-
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gesting that descriptions provide extra signal that
helps bridge the cross-lingual gap.

A.24 Does adding tool descriptions
change the results?

All steering experiments in the main text list tools
as name (params). Real-world function-calling sys-
tems usually also include a short description of
what each tool does, like weather(location):
Check current weather conditions. Here we
test whether adding these descriptions changes the
steering results.

The short answer: for I'T models at 4B and above,
name-only steering already works well (77-100%),
and descriptions add at most a few percentage
points. For smaller IT models the picture is mixed
(descriptions help Gemma 1B but hurt Qwen 0.6B),
and for base models descriptions consistently hurt,
likely because the longer prompt overwhelms the
model. Table 21 shows the full picture.

IT BASE

MODEL NAME +DESC NAME +DESC
Gemma 3

270M 3% 3% 3% 3%

1B 57%  63% 1 3% 3%

4B 97% 100% 1+ 50% 20% |

12B 100%  100% 47%  37% |

27B 100%  100% 67% 63%
Qwen 3

0.6B 67%  50% | —

1.7B 87% 87% —

4B 93% 100% *t —

8B 100%  100% —

14B 100%  100% —
Others

Qwen257B  97% 97% —

Llama3.18B 77% 83%1 77% 50% |

Table 21: Steering accuracy (exact match, 30 pairs)
with and without tool descriptions. For IT models at
4B+, name-only steering already reaches 77-100%, and
descriptions offer at most a small boost. Descriptions
hurt the smallest IT model (Qwen 0.6B) and consistently
hurt base models, where the longer prompt overwhelms
the model.

The internal circuit does not change: attention
heads still do 79—88% of the work with or with-
out descriptions, and the same heads (like L17 HO
in Gemma) are the most important ones in both
cases. Descriptions give the model more informa-
tion to work with, but they do not change how the
model processes it. For base models, descriptions
can inflate the baseline through simple word over-


neuronpedia.org
goodfire.ai

lap between the query and the tool prompt (e.g.,
“weather” appears in both the query and the descrip-
tion), bypassing the internal tool selection circuit
entirely. This further supports our choice of name-
only format for the primary evaluation.

A.25 How we test which components
matter (activation patching)

To find out which parts of the network are actu-
ally responsible for picking the right tool, we use
a simple swap test. We take a query that should
trigger tool A (for example, “What is the weather
in Tokyo?””) and a different query that should trig-
ger tool B (“Search for Al news.”). We run both
through the model and save what each component
produces at each layer.

Then, one component at a time, we replace its
output on the tool-A query with what it produced
on the tool-B query, and check: does the model still
pick tool A? If replacing a component causes the
model to lose confidence in tool A, that component
was important. If the model barely notices, the
component was not doing much for tool selection.

We test every attention head and every feed-
forward layer this way, across 10 different tool
pairs, and average the results. On all three mod-
els we tested (Gemma 3 4B with 272 attention
heads, Qwen 3 4B with 1,152 heads, and Llama 3.1
8B with 1,024 heads), the same pattern holds: a
small fraction of heads (fewer than 5%) account
for a disproportionate slice of the total effect, and
the middle third of the network matters most (33—
37%). Summed without normalization, attention
totals 78—-88% of the importance, but this is partly
a counting artefact, since these models have many
more attention heads than MLPs. Table 22 reports
the same numbers on a per-component basis: in-
dividual MLPs are on average 1.94x as effective
as individual heads in Gemma 3 4B and 4.19% in
Qwen 3 4B. The takeaway is that a few specific
heads (like .17 HO/H1 in Gemma) carry the deci-
sion; saying “attention dominates” is true in raw
sum, but misleading on a per-component basis.

The right reading depends on the model. On
Gemma 3 4B a few specific attention heads (L17
HO and H1) really do dominate, with the top-3
heads carrying ~2.7x the importance of the top-3
MLPs. On Qwen 3 4B that gap closes; top heads
and top MLPs are tied, and the headline “88% at-
tention” is almost entirely a side effect of having
32 x more heads than MLPs.
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A.26 Cosine readout method

For the BFCL readout comparison in Section 3, the
procedure has two steps.

Step 1: pre-compute a mean-activation direc-
tion per tool. For each tool ¢, we take the 2 seed
queries from the BFCL data for that tool, run the
model forward through the full prompt (user query
plus the BFCL-provided candidate list), and record
the residual stream at the penultimate layer at the
last token, which is the position where the model is
about to emit the tool name. Averaging these gives
a single direction h; € R for the tool.

Step 2: read off the predicted tool on a new
query. For a new query we do the same forward
pass, get the residual at the last token, and compute
its cosine similarity against every pre-computed
tool direction. The argmax over tools is the readout
prediction.

We use leave-one-out calibration across the
BFCL samples per tool, strip any content inside
<think>...</think> from generated text, and set
max_new_tokens = 200 for the generation base-
line so that models with thinking modes (like Qwen
3) have room to emit a tool name after reason-
ing. An earlier draft used max_new_tokens = 30,
which silently truncated thinking-mode outputs be-
fore any tool name was produced and inflated the
gap between generation and readout; all numbers
in Section 5 use the fair settings above.

BFCL v3 tool-name accuracy
Cosine geometry under matched prompt

A.27 Matched-prompt controls

K=15 matched-prompt control

For each of 15 synthetic tools we collect a tool-
trigger query (e.g. “What is the weather in Tokyo”
for get_weather). For the matched-prompt con-
trol we keep the same 15-tool prefix and same
prompt template, but replace the user query with
one of 15 non-tool topic queries (Roman history,
quantum physics, economics, philosophy, litera-
ture, biology, music theory, geography, religion,
mathematics, astronomy, anthropology, psychol-
ogy, art history, linguistics; two queries per topic).
We mean activations across the two queries, take
the residual stream at the last token at the penulti-
mate layer, and run PCA over the 15 means in each
condition (Table 25).

Across all four models, non-tool topic queries
actually use fewer dimensions than tool-trigger



ToTAL Topr-1 Topr-3sum  ToP-5 SUM
Attn MLP Attn MLP Attn MLP Attn MLP
Gemma 4B (n,=272, n,=34) 73.3 17.8 648 213 126 47 16.1 6.8
Qwen 4B (n,=1,152, n,=36) 25.8 34 044 041 0096 1.05 1.45 1.49

Table 22: Activation-patching importance for attention heads vs. MLP layers. TOTAL: sum across all compo-
nents. TOP-k SUM: sum of the k strongest individual contributors in each category. On Gemma 3 4B, top-k
heads dominate top-k MLPs by 2-3x at every k. On Qwen 3 4B, top-k heads and top-k MLPs are essen-
tially tied, so the 88% raw attention total is mostly a counting artefact (1,152 heads vs. 36 MLPs). Source:
results/circuit/per_component_normalization. json, results/circuit/topk_attn_vs_mlp. json.

MODEL GEN (%) READOUT (%) A (PP)
Base models

Gemma 3 1B base 2 69 +67
Gemma 3 4B base 3 75 +72
Gemma 3 12B base ~5 61 +56
Llama 3.1 8B base 10 82 +72
Instruction-tuned models

Gemma 3 4B IT 92 74 —17
Gemma 3 12B IT 95 66 —-30
Llama 3.1 8B IT 90 53 —37

Table 23: BFCL v3 tool-name accuracy: greedy genera-
tion vs. cosine readout of the penultimate-layer residual
against per-tool means (max_new_tokens=200, thinking
tags stripped). Base models encode the tool before they
can emit it; instruction tuning closes that output-side

gap.

TooL Topric CROSS A
Instruction-tuned
Gemma 3 4B 0.960 0.957 0916 +0.003
Gemma 3 12B 0.927 0.963 0906 —0.036
Llama 3.1 8B 0.873 0947 0.855 —0.074
Qwen 3 4B 0.792 0945 0.779 —-0.153
Base (pretrained-only)
Gemma 3 4B-pt 0.999 0.999 0.998 —0.001
Gemma 3 12B-pt 0998 0.997 0.996 +0.000
Llama 3.1 8B-base 0.922 0944 0.892 —0.022

Table 24: Pairwise cosine of 200 mean activa-
tions under matched prompt prefix (last layer).
TooL / Toric / CROSS: cosines among tool
means, among topic means, and between the
two. A: tool-pair minus topic-pair cosine; nega-
tive means tool means are more spread. Source:
results/pca/cosine_analysis_summary. json.

queries at this matched-prompt setup (kgp 7-9 vs.
10-11 for tools). The earlier “60% in 4 components
for non-tool prompts vs. 100% for tools” framing in
earlier drafts compared mismatched metrics (top-4
for non-tool against the trivial top-K-1 = 100% for
tools); under a like-for-like K=15 comparison, the
K=15 dimensionality reduction is not evidence of
tool-specific compression. Tool means at K=15 fit
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TooLs NON-TOOL
t-4 t-10 kgo t-4 t-10 kgo
Gemma34BIT 0.61 092 10 0.71 094 9
Qwen 3 4B 0.57 091 10 0.77 096 8
Llama 3.1 8B 0.57 090 11 0.68 093 9
Gemma 3 12BIT 0.56 090 10 0.84 0.96 7

Table 25: K=15 PCA cumulative variance and kg for
tool-trigger queries vs. non-tool topic queries under the
same 15-tool prompt prefix. T-4 / T-10: cumulative
variance in the top 4 / top 10 components. Source:
results/pca/matched_control_k15_x. json.

in ~10 dimensions, but so do 15 distinct semantic
topics under the same prompt prefix. The interven-
tional evidence (steering, patching, within-topic
probe) is what distinguishes tool identity, not PCA
dimensionality.

K=200 matched-prompt control

At K=200 we run the same like-for-like control:
200 ToolBench API mean activations vs. 200 non-
tool topic-query means under the same 200-tool
prompt prefix.

The K=200 picture is model-by-model mixed
(one similar, two spread, one cluster), so the
random-Gaussian baseline alone does not isolate
tool-specific compression at this scale; the cleaner
evidence is the K=15 matched control above plus
the within-topic probe and steering.

A.28 Anonymous-name control

To test how much of the tool subspace relies on
the literal tool-name token, we replace the 15
tool names with anonymous IDs (tool_00 through
tool_14) in the prompt, keeping parameter lists
and descriptions. Means, PCA, and steering are
then recomputed against the anonymous names (Ta-
ble 27).

The control addresses one confound (the “sub-
space is just the tool-name token” reading). It



TOOLS MATCH DIFF READING
Gemma 3 4B 36 39 +3  similar
Qwen 3 4B 80 52 —28 tools spread
Llama 3.1 8B 72 83 411 tools cluster
Gemma 3 12B 84 11 =73 tools spread’
Table 26: kgy at K=200, last layer. TooOLS: 200
ToolBench API mean activations. MATCH: 200

non-tool topic queries with the same 200-tool prompt
prefix. Negative DIFF means tool queries spread
to more dimensions than non-tool queries; positive
means they cluster more. On Gemma 3 12B the
non-tool baseline collapses (PC1=72%). Diff 95%
CIs (subsample bootstrap at 80% of N, B=200):
Gemma 3 4B [—5, +2] (crosses zero), Gemma 3 12B
[+51, +56], Qwen 3 4B [+18, +26], Llama 3.1 8B
[—17, —10]; so Gemma 3 4B’s ~0 difference and the
other three signs are all statistically robust. Source:
results/pca/matched_control_summary. json,
matched_control_subsample. json.

BASE koo TOP-10

real anon real anon real anon

Gemma34BIT 100% 80% 10 9 0.91 0.93

Gemma 3 4B base 73% 47% 10 10 0.90 0.90

Qwen 3 4B 100% 100% 11 11 0.88 0.88

Llama 3.1 8BIT 100% 100% 11 11 0.89 0.87
Table 27: Anonymous-name control. BASE: tool-

calling accuracy without any steering. TOP-10: cu-
mulative variance of the top 10 PCA components. PCA
geometry (koo and top-10 variance) barely moves when
the tool names are replaced by anonymous IDs, which
rules out the reading that the low-dimensional structure
is an artifact of tool-name tokens.

does not address the separate “subspace is just
the description’s topic” reading, which the within-
topic analysis in Section 5 handles. Steering under
anonymous IDs is a separate question we do not re-
solve here: the anonymous names share a common
prefix (tool_), so a single-token or short-prefix
match is uninformative, and any steering metric
over them needs a finer-grained check against the
full ID.

A.29 List-ordering control

This appendix backs up the list-ordering control
in Section 4.1. We shuffle the 15-tool list into
five orderings (identity, reverse, three random per-
mutations with a fixed seed) and recompute each
tool’s mean activation in each ordering, using the
same two queries per tool as the rest of Section 4.1.
For each tool we then compare its five mean vec-
tors pairwise by cosine similarity, recompute PCA
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kgo inside each ordering, and attribute variance be-
tween tool identity and list position (Table 28).

MODEL coS koo TooL Pos RATIO
Gemma3 1BIT 094 9-10 16.3% 3.6% 4.5x
Gemma34BIT 098 9-11 16.6% 39% 4.3x
Gemma 3 4B base 1.00 10-11 15.0% 3.3% 4.5x
Qwen 3 4B 096 11 17.6% 3.6% 4.9x
Llama 3.1 8BIT 096 11 17.0% 3.5% 4.9x

Table 28: List-ordering control. COS: mean pairwise co-
sine similarity of the same tool’s mean activation across
five orderings. kgo: the smallest number of PCA com-
ponents to reach 90% variance (range across the five
per-ordering runs). TOOL / POS: the fraction of total
variance attributed to tool identity and to list position
under an additive tool-plus-position decomposition. RA-
TIO: tool variance divided by position variance. Across
all five models, the same tool sits in essentially the same
direction regardless of where it appears in the list, and
tool identity accounts for roughly four to five times more
variance than position.

The baseline tool-pick rate (no steering) un-
der these orderings stays close to 100% on the
instruction-tuned 4B+ models at every list position,
with occasional dips at the last slot when a longer
tool name happens to land there. On Gemma 3 1B
IT, which has lower baseline accuracy overall, the
dips are more scattered and not concentrated at any
one position, which is consistent with a generally
weaker tool-calling signal rather than a systematic
primacy or recency bias.

A.30 Within-topic probe details

This appendix backs up the fifth piece of evidence
against the topic-injection story in Section 5. Hold-
ing the topic roughly constant, we ask whether the
linear signal can still tell tools apart.

7-bench airline (same domain, different actions).
All 14 airline tools share one topic but differ in
action (book, cancel, update flights, update passen-
gers, update baggages, search direct flight, search
onestop flight, get user details, get reservation de-
tails, transfer to human agent, and so on). For each
model, we take real multi-turn trajectories from the
matched-context run, collect the residual stream at
the position where the model is about to emit a tool
name, and train a multinomial logistic-regression
probe (80/20 stratified split, /5 regularization C=1,
StandardScaler features). We only keep tools with
at least 10 calls in the trajectory pool per model, so
K varies between 5 and 9.



MODEL K CHANCE Topr-1 TopP-5 RATIO
Gemma34BIT 8 12.5% 61% 9%6%  4.9x
Gemma 3 12BIT 9 11.1% 66% 97%  59x
Qwen 3 4B 5  20.0% 1%  100% 3.5
Qwen 3 8B 6 16.7% 72%  100% 4.4x
Qwen 3 14B 5  20.0% 89%  100% 4.5x

Table 29: Probe accuracy on 7-bench airline activations,
restricted to tools called > 10 times per model. Shuffle-
label controls (labels permuted in training) are at 8-25%,
consistent with chance. Random-Gaussian controls (fea-
tures replaced by matched-shape noise) reach 18—42%;
this is above chance because logistic regression can
overfit noise at high d and small n, but the probe accu-
racy still sits 29-57 percentage points above this floor
on every model. Claim: probe accuracy is well above
random-data overfitting, not that specific numbers are
tight under small-sample variance.

BFCL within-topic cluster (Movies). We
run the same probe inside the Movies clus-
ter of BFCL 1live_multiple, which con-
tains three tools (Movies_1_BuyMovieTickets,
Movies_1_FindMovies, Movies_3_FindMovies)
that share the movies topic but do different
things. With 10-20 real user queries per tool,
the probe reaches 100% on all four models we
tested (Gemma 3 4B / 12B, Qwen 3 4B, Llama 3.1
8B). The test set here is small (13 examples), so
the noise-overfitting floor is higher than in the 7-
bench airline setting (Gaussian baseline 38—-46%
vs chance 33%), leaving a 54—62 percentage point
gap between the probe and that floor. Because the
test set is this small we treat the Movies numbers as
a consistency check rather than a tight standalone
measurement; the 7-bench airline numbers in Ta-
ble 29 are the primary test.

Cross-permutation control. The probe above
uses real tool names that carry semantic content
(book_reservation, search_direct_flight,
and so on), so the linear signal could in principle be
the model picking up the name string in the prompt.
To test this we replay each trajectory under two
anonymized permutations. Under P1, the 14 airline
tools sorted alphabetically by real name map to
fixed tags act_A—act_N; under P2, that mapping
is cyclically shifted by seven, so every real tool is
bound to a different tag than under P1. Renaming
applies to the schema in the prompt and to every
tool-call name in the dialog history; descriptions
and parameter schemas stay verbatim. For every
kept sample we capture the residual at the probe
position under both permutations, then run four
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probes with a shared train/test split: within-P1,
within-P2, P1—P2 (train on P1 activations, test on
P2), and P2—P1.

MODEL K wPl1 wP2 P1—P2 P2—Pl
Gemma34BIT & 0.51 0.55 0.57 0.57
Gemma3 12BIT 9 0.73 0.71 0.73 0.76
Qwen 3 4B 5 079 0.5 0.75 0.75
Qwen 3 8B 6 0.78 0.78 0.80 0.78
Qwen 3 14B 5 086 0.89 0.86 0.89

Table 30: Cross-permutation probe accuracy. WP1
and WP2 are within-permutation probes (train and test
on the same permutation); P1—P2 and P2—P1 are
transfer probes (train on one permutation, test on the
other). Mean transfer accuracy exceeds mean within-
permutation accuracy by 0.012 across the five models,
and the gap is at most 0.04 in either direction on any
single model, well within per-model binomial standard
error (+0.06-0.08, nes € [24, 59]).

Interpretation. A probe that was using topic
alone should drop to chance once the topic is held
constant. It does not. A probe whose direction
was specific to a surface tag (e.g. “activate when
act_K is being attended”) should fail to transfer
between permutations, because the same tag stands
for different real tools under P1 and P2. It does not
(Table 30). The linear direction the probe finds is
therefore invariant to the surface tool-name string.

A.31 PCA scaling with ToolBench APIs

Table 31 shows the full PCA scaling curve us-
ing real API definitions from ToolBench (12,000+
APIs, stratified sampling across 49 domains, with
descriptions).

K k9o MAX RANDOM COMPRESS
5 2 4 4.0 50%
10 5 9 8.7 56%
15 7 14 13.0 50%
20 8 19 17.0 42%
30 8 29 26.0 28%
50 17 49 43.0 35%
75 18 74 64.0 24%
100 26 99 86.0 26%
150 31 149 127.0 21%
200 36 199 167.0 18%
300 32 299 246.0 11%
500 57 499 392.0 11%

Table 31: PCA scaling on Gemma 3 4B with ToolBench
APIs (stratified, with descriptions). At K=500 ( 10K
tokens), kgo=57 vs. 392 for random, a 7x compression.

With vs. without descriptions. Without descrip-
tions, the same model handles much larger tool



sets: kgo grows steadily from 3 (K=5) to 122
(K=2000) with no sign of collapse, because the
prompt stays under 12K tokens even at K=2000.
With descriptions, the model compresses better at
moderate K (kgp=36 vs. 48 at K=200) but col-
lapses beyond K =750 when the prompt exceeds
16K tokens. The practical recommendation: use de-
scriptions for moderate tool sets (K < 500) where
they improve compression, but switch to name-only
format for very large sets to avoid the long-context
penalty.

Cross-model comparison: attention heads pre-
dict subspace size. 'We repeat the PCA scaling on
all 12 instruction-tuned models from three families.
Table 32 shows the results.

MODEL H koo AT K =

50 100 200 500 750 1000
Gemma3270M 4 17 27 50 46 69 74
Gemma 3 1B 4 20 33 48 41 96 83
Gemma 3 4B 8 17 26 36 57 27, 22|
Gemma3 12B 16 28 50 84 129 130 —
Gemma327B 16 29 47 62 131 108 130
Qwen 3 0.6B 16 24 46 67 138 151 164
Qwen 3 1.7B 16 25 49 77 133 144 139
Qwen 3 4B 32 26 49 80 151 154 168
Qwen 3 8B 32 24 47 80 147 158 153
Qwen 3 14B 40 29 55 89 171 171 184
Qwen 2.57B 28 29 55 89 173 179 178
Llama 3.1 8B 32 29 51 72 127 147 127

Table 32: PCA scaling across all 12 IT models (4 fam-
ilies). H = attention heads. Within Gemma 3, the 4B
(8 heads) collapses at K >750 but the larger 12B/27B
(16 heads) recover. Sub-1B Gemma models (270M,
1B; 4 heads) are noisy with low absolute kgg. 16-32
head Qwen and Llama models keep growing or stay
stable through K=1000. Qwen 3 4B reaches K=2000
with kgg=182; Qwen 2.5 7B and Qwen 3 1.7B reach
K=1500 with k9p=279 and 230 respectively.

The pattern is clear: at K=50, sub-1B Gemma
(4 heads) needs 17-20, 8-head Gemma 4B needs
17, 16-head models (Gemma 12B/27B, Qwen
0.6B/1.7B) need 24-29, and 28—40 head models
(Qwen 8B/14B/2.5-7B, Llama 8B) need 24-29. At
larger K, the gap widens dramatically: at K=500,
Gemma 4B (8 heads) needs 57, Gemma 12B/27B
(16 heads) need 129/131, Qwen 0.6B/1.7B (16
heads) reach 138/133, Llama 8B and Qwen 8B (32
heads) need 127/147, and the highest-head Qwen
14B (40 heads) needs 171. Within the Gemma
family, scale + heads buys both compression and
stability: 4B collapses past K=>500, but 12B and
27B both stay near kgp=130 through K=1000,
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and 27B briefly dips at K=750 (108) before re-
covering. Sub-1B Gemma models (270M, 1B) are
noisier and never reach the same absolute kgg as
larger ones, but they avoid the catastrophic col-
lapse pattern that Gemma 4B shows. Qwen also
shows stronger cross-lingual tool alignment (Sec-
tion A.23): its tool-specific gap is 3 x larger (0.167
vs. 0.054) and it classifies Korean queries at 93%
vs. Gemma’s 60%. The extra dimensions may pro-
vide room for richer, more language-invariant tool
representations, though we cannot rule out that the
difference comes from pretraining data rather than
architecture.

The 32+ head models also handle long tool lists
best: at K=750 ( 16K tokens), Gemma 4B’s rep-
resentations collapse (k9o drops from 57 to 27),
while Qwen 8B/14B/2.5-7B stay stable (147-179)
and scale through K=1000. Qwen 4B keeps grow-
ing all the way to K=2000 (kgp=182). Larger
Gemma variants (12B/27B) also recover their com-
pression after the brief K =750 dip. Combining
heads, dmogel, and parameter count, the picture
is: scale buys an effective context budget; once
a model’s combined capacity is exceeded, kgg col-
lapses (Gemma 4B at K'=750); larger models only
delay this point.

Sampling sensitivity. We also tested a max-
diversity sampling strategy (within each domain,
prioritize APIs with different name prefixes). The
curve shape changes (kg at K=>500: 30 with max-
diversity vs. 57 with stratified), suggesting that the
non-monotonic pattern reflects the real semantic
structure of the API pool rather than a fixed prop-
erty of the model.

Same-domain vs. cross-domain. When all tools
come from a single domain (Finance, 500 APIs),
the model needs only 32 dimensions at K =500,
compared to 57 for the cross-domain stratified set.
Within-domain tools are more similar to each other,
so they pack into fewer directions. The Finance
curve also shows an early plateau: kg stays at 15
from K=50 to K =75, meaning the first 50 finance
tools already span most of the “finance region” and
adding more barely changes the subspace. This
explains the non-monotonic dips in the main scal-
ing curve: when a batch of new tools falls into a
well-represented domain, kgg can stay flat or even
dip.

Multi-domain comparison. We run the same
analysis on individual domains to see how within-



domain similarity affects compression. Table 33
shows the results.

DOMAIN 5 15 50 100 200 500
Stratified (49) 2 7 17 26 36 57
Business 4 10 17 31 33 56
Finance 3 10 15 22 25 32
Data 3 8 16 26 22 39
Sports 37 14 24 33 114
Gaming 4 8 10 16 13 25
Entertainment 2 6 11 16 11} 54
Weather! 3 7 21 21 — —
Science' 3 8 14 — @ — @ —

Table 33: PCA kgo by domain across tool counts. At
small K, all domains look similar (3—4 dimensions for
5 tools). At large K, domains diverge: diverse do-
mains (Business, Stratified) keep growing, while ho-
mogeneous domains (Sports, Entertainment) plateau or
decrease, because new tools fall into regions already
covered. TFewer APIs available.

Evaluation protocol

Steering evaluation. We report two metrics: pre-
fix match (the model’s first generated token matches
the target tool’s first token) and exact match (the
first 5 generated tokens spell out the correct tool
name). We use exact match as the primary met-
ric throughout, except where noted. Each cell in
our steering tables uses N=30 randomly sampled
source—rtarget pairs. We report one-sided binomial
tests against the 1/ K random baseline, with Wil-
son 95% confidence intervals (full CIs in Table 18).
For IT-vs-base comparisons, we use Cohen’s h as
the effect size measure (h>0.5 = medium, ~>0.8 =
large). All p-values survive Bonferroni correction
for the total number of tests.

BFCL evaluation. We use leave-one-out (LOO)
cross-validation: for each test query, the tool means
are computed from all other queries that map
to the same function set, excluding the test ex-
ample. This prevents data leakage. The gen-
eration parser (parse_fixed) handles Gemma’s
“‘tool_code output format by stripping the prefix,
then tries exact-startswith matching followed by
substring matching. Substring matching can inflate
base model accuracy (e.g., if the model mentions
“weather” in natural language text rather than as
a structured tool call), so base model generation
numbers should be interpreted as upper bounds.

PCA evaluation. We define kg as the smallest
number of principal components needed to capture
90% of the total variance across tool mean activa-
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tions (formal definition in Appendix A.7). As a
null baseline, we compute kg for random points in
R? (Monte Carlo, 50-100 draws). As a specificity
control, we also run a matched-prompt PCA where
the 15-tool prefix is held fixed and only the user
query content is swapped to a non-tool topic (Ro-
man history, quantum physics, economics, etc.);
see Appendix A.27 for results. Under this matched
control the K=15 dimensionality is similar between
tools and non-tool queries, so we do not lean on
PCA dimensionality alone for tool-specific claims.
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