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Abstract

Reusable skills let LLM agents load task-
specific instructions on demand, but they make
execution depend on implicit routing over skill
metadata. We test whether this design scales
by holding SkillsBench tasks and their golden
skills fixed while adding irrelevant skills. We
find skill routing collapse: agents increasingly
load fewer or no skills, even though the rel-
evant skills remain available. With 1,000 ir-
relevant skills, loaded-skill recall falls from
73.6% to 27.4% and the zero-load rate rises
from 9.3% to 51.6%, whereas explicit selec-
tion from the same library retains 73.9% recall.
Loading other skills, including plausible alter-
natives to golden skills, is too rare to explain
this decline. Masking only the descriptions of
irrelevant skills largely restores skill loading,
yet with the metadata intact, explicitly asking
agents to plan skill use still yields lower recall
than preselection. These findings point to se-
mantic interference from descriptions and in-
struction interference when skill choice com-
petes with task execution. We also evaluate
explicit preselection as a practical mitigation,
including its coverage and latency trade-offs.
Our analysis informs skill protocols and eval-
uation for agents with growing skill libraries. !

1 Introduction

Large language model (LLM) agents now operate
tools and files to complete multi-step workflows
in software engineering, data analysis, document
processing, and personal assistance (Yao et al.,
2023; Liu et al., 2024b; Wang et al., 2024). Such
agents need reusable procedures: a plotting rou-
tine, code-audit workflow, spreadsheet operation,
or domain-specific calculation should not be redis-
covered in every new task.

*Corresponding authors.
'Code: https://github.com/jinlinll/lost - in- implicit -
routing.
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Figure 1: Lost in implicit routing. The relevant skills
remain installed, but as irrelevant skills grow, agents in-
creasingly fail to load them during implicit execution.
Explicit routing recovers much of the missing skill re-
call.

Agent skills package such procedures and their
supporting resources into reusable modules (An-
thropic, 2025; Zhang et al., 2025), and public skill
libraries are growing quickly: one analysis reports
2,179 listed skills on January 16, 2026 and 40,285
on February 5 (Ling et al., 2026). Skill selection
is therefore becoming a scaling problem.

We use skills to mean Anthropic’s Agent Skills,
whose progressive-disclosure design works as fol-
lows: the model first sees only skill names and
descriptions, and opens a full skill file only if it
judges the skill relevant (Anthropic, 2026). Rout-
ing is thus not a separate stage: the agent de-
cides whether and which skills to load while plan-
ning actions, inspecting files, and solving the task.
We call this execution-time selection implicit rout-
ing. It keeps long skill files out of context, but
assumes that an agent can pick out the few rele-
vant skills from many descriptions while simulta-
neously solving the task.

We test this assumption on SkillsBench (Li
et al., 2026), which provides fixed task instruc-
tions, workspaces, verifiers, and relevant skills;
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for each task, we keep these fixed and vary only
the number of added irrelevant skills. The result
is skill routing collapse: the right skills are in-
stalled, but agents increasingly load fewer skills
or none at all. As irrelevant skills grow from 0
to 1,000, loaded-skill recall under implicit rout-
ing drops from 73.6% to 27.4% and the zero-load
rate rises from 9.3% to 51.6%. Agents occasion-
ally load non-golden alternatives, but too rarely
to explain the collapse. Yet the same models re-
tain 73.9% selected-skill recall when asked only to
choose skills from the full library. Relevant skills
thus remain recognizable; they are lost when rout-
ing becomes a subtask of execution.

End-to-end Pass@3 falls less sharply, from
51.6% to 38.6%, because strong agents can some-
times solve around missing skills; task success
alone can therefore make a failing skill system
look healthy. We make three contributions:

* We identify and measure skill routing col-
lapse: growing libraries make agents load
fewer or no skills, rather than substitute other
skills for golden ones.

* We compare LLM, retrieval, and hybrid pre-
selection on libraries of up to 10,000 added
skills, and derive scale-dependent recommen-
dations together with their token, coverage,
and latency costs.

* We show that irrelevant descriptions suppress
skill loading and that selecting skills while
solving the task makes selection less reliable,
revealing semantic and instruction interference
beyond context growth alone.

2 A Controlled Test for Skill Routing

2.1 Task setup

We represent each task as 7 = (I, F,V,G): in-
struction I, workspace F', executable verifier V,
and the set G of relevant (golden) SkillsBench
skills. A run succeeds only if V' passes after
the agent finishes; no LLM judge is used. With
s added irrelevant skills, the installed library is
Ss = G U Dg, where D is sampled indepen-
dently of the task. Varying only s tests whether
an agent can still find and load the needed skills as
the metadata list grows (Figure 2).

2.2 Routing strategies

Under implicit routing, the executor sees the meta-
data of all skills in .Ss and decides during execu-

tion whether to open any skill. Explicit routing
adds a preselection step: a preselector receives the
task and the metadata and exposes only a compact
subset to the executor, which still follows progres-
sive disclosure and must open a skill before us-
ing it. We compare three preselectors. LLM pre-
selection chooses directly from the full metadata
list; RAG preselection retrieves skills by embed-
ding similarity; and hybrid preselection retrieves
candidates and lets an LLM make the final choice
(pseudocode in Appendix K). We also include a
no-skill baseline.

Diagnosis versus mitigation. We use explicit
routing in two ways. In routing-only diagnosis,
the selector sees the task and the full library, in-
cluding the same distractors as the executor, but
only selects skills; selected-skill recall thus tests
whether the needed skills are recognizable with-
out task execution. In preselection-plus-execution,
the executor then sees only the selected subset;
loaded-skill recall and task success measure the
practical benefit. The diagnosis changes only the
objective, whereas the mitigation also narrows the
executor’s library.

2.3 Metrics

Pass@3 is task success, computed with the
standard unbiased estimator over repeated runs.
Loaded-skill recall is |G N L|/|G|, where L is the
set of skills opened during execution; the zero-
load rate is the percentage of runs with |L| =
0, and average skills loaded is the mean of |L|.
For explicit routing, selected-skill recall is |G N
P|/|G|, where P is the preselected set. Ap-
pendix F reports precision, and Appendix I ana-
lyzes the loading of non-golden skills.

3 Main Findings

3.1 Experimental setup

SkillsBench tasks. SkillsBench (Li et al., 2026)
provides task instructions, workspace files, exe-
cutable verifiers, and task-specific golden skills.
We exclude five tasks with infrastructure or envi-
ronment problems and use the remaining 82 (Ap-
pendices A and B). Runs are costly: under implicit
routing, one run averages 15.3 minutes and 485k
input tokens without irrelevant skills, rising to 17.0
minutes and 1.95M input tokens with 1,000.

Skill libraries. We downloaded more than
20,000 skills from a skill market in leaderboard
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Figure 2: Overview of the controlled skill-scaling setup and routing strategies. Starting from an existing Skills-
Bench task, we keep the instruction, files, verifier, and relevant skills fixed while varying only the number of added

irrelevant skills.

order and sample irrelevant skills from this pool
with a fixed seed (42), so the distractors are iden-
tical across models and strategies. We evaluate
s € {0,10,100,1000,10000}, always installing
the golden skills. Every preselector exposes at
most five skills: LLM-based selectors choose up
to five, and RAG returns the top five by embed-
ding similarity.

Models and scale. Given this cost, the main ex-
periments use three open-weight executors: GLM-
5 (Zeng et al., 2026), Kimi K2.5 (Bai et al,
2026), and MiniMax M2.5 (MiniMax Al, 2026);
RAG and hybrid preselection use Qwen text-
embedding-v4 embeddings. Each model runs ev-
ery task and condition three times, and we aver-
age over the task-model-run grid, for more than
15,000 trajectories and 10 billion tokens in to-
tal. A budget-limited validation on Claude Opus
4.6, Gemini 3.1 Pro, and GPT-5.4 yields consis-
tent conclusions (Appendix E).

3.2 Lost in Implicit Routing

3.2.1 Implicit loading degrades before task
success

Figure 3 shows implicit routing for the three open-
weight models. Implicit routing collapses as ir-
relevant skills grow. With only 100 irrelevant
skills, loaded-skill recall already falls by 24.6,
15.6, and 20.7 points for GLM-5, Kimi K2.5,

and MiniMax M2.5 (Table 2), while zero-load
rates rise: agents increasingly stop using skills
at all rather than merely choosing wrong ones.
Task success lags behind. At the same scale,
GLM-5 keeps Pass@3 almost unchanged (57.3%
to 56.1%) and Kimi K2.5 stays near its baseline
(52.4% to 50.6%). Strong executors can solve
around missing skills, so final success alone hides
a failing skill protocol. Three proprietary mod-
els on a 37-task subset show the same pressure:
Claude Opus 4.6, for example, keeps Pass@3 at
62.2% with 1,000 irrelevant skills (vs. 64.9%), yet
its loaded-skill recall falls from 81.3% to 30.9%
(Appendix E). The collapse is also not confined to
multi-skill tasks: at 1,000 irrelevant skills, loaded-
skill recall falls from 91.9% to 38.0% on single-
skill tasks and from 58.8% to 14.8% on tasks
with four or more golden skills (Appendix G). Ap-
pendix D.1 lists all plotted values.

3.2.2 Library growth suppresses skill use

Table 1 shows that from zero to 1,000 distractors,
the average number of loaded skills falls from 1.72
to 0.66 and the zero-load rate rises from 9.2% to
50.8%. Could agents instead be replacing golden
skills with other skills? Non-golden loading is rare
(2.32% of evaluations), and only 0.95% of evalu-
ations load a non-golden skill whose embedding
cosine similarity to a missed golden skill exceeds
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Figure 3: Implicit-routing scaling by execution model. (a) End-to-end Pass@3. (b) Loaded-skill recall. (c) Zero-
load rate. Only the number of added irrelevant skills changes.

s Avg. skills loaded ZeroLoad Load Rec. Model Measure 0 10 100 1k

0 1.72 9.2 73.5 GLM-5 Implicit loaded 79.6 71.8 55.0 20.9

10 1.54 13.0 67.8 GLM-5 Explicit selected 98.4 93.1 91.7 82.5

1100 120 21.9 23-9 KimiK2.5  Implicitloaded 78.8 744 632 405

000 0.66 50.8 6 Kimi K2.5 Explicit selected 985 933 90.7 80.7
Table 1: Skill-loading behavior as the number of irrele- MiniMax M2.5 Implicit loaded 62.3 582 41.6 21.5
vant skills grows. ZeroLoad and loaded-skill recall are MiniMax M2.5 Explicit selected 98.3 83.0 83.6 584

percentages. This analysis covers 86 tasks, a slightly
broader set than the main study (Appendix I).

0.8. Such loads concentrate at s = 1000 (7.19%
and 3.79%, respectively), and the above-threshold
cases are near-duplicates such as pdf-reader
for pdf or excel for x1sx. When agents do
load skills, the loads are mostly correct: under im-
plicit routing at 1,000 irrelevant skills, loaded-skill
precision is still 88.6%, 87.2%, and 76.4% for the
three models (Appendix F). By construction, no
distractor duplicates a golden skill. Routing col-
lapse therefore primarily reflects under-loading,
not substitution (details in Appendix I).

3.2.3 The same skills are recognizable when
selected explicitly

Are the relevant skills intrinsically hard to recog-
nize? Table 2 compares implicit loaded-skill recall
with routing-only selected-skill recall for the same
models and scales. The same LLMs still iden-
tify the needed skills when selection is explicit.
At 1,000 irrelevant skills, GLM-5 loads 20.9% of
golden skills but selects 82.5%, and Kimi K2.5
loads 40.5% but selects 80.7%; MiniMax M2.5
shows a smaller but still large gap (21.5% vs.
58.4%). The full metadata list thus often suffices
for recognition when selection is the sole objec-
tive; the failure arises when selection is folded into
reading files, planning commands, and completing
the task.

Table 2: Implicit loaded-skill recall (%) versus explicit
LLM selected-skill recall (%) by model and number of
added irrelevant skills.

3.3 Analyzing Explicit Routing

Since the bottleneck lies in routing during execu-
tion, we next ask how much preselection helps
when the executor sees only the selected subset.
We do not propose a new routing algorithm; we
compare simple preselectors to show when this de-
sign helps and what it costs.

3.3.1 Explicit routing across library sizes

Figure 4 compares implicit routing with the three
preselectors. Narrowing the visible skill set re-
duces the scale effect: Pass@3, loaded-skill re-
call, and zero-load rate all become less sensitive
to library size. The best strategy depends on scale.
LLM preselection is strongest around 100 added
skills, whereas hybrid preselection is strongest at
1,000 and remains usable at 10,000, where full-
list LLM preselection is omitted as infeasible. At
100 added skills, LLM preselection raises aggre-
gate loaded-skill recall from 53.3% to 73.0% and
Pass@3 from 49.4% to 54.9%; at 10,000, hy-
brid preselection reaches 55.2% recall and 50.4%
Pass@3, versus 48.5% and 41.5% for RAG (Ap-
pendix D.2). Table 3 shows the same pattern for
each executor: at 1,000 added skills, for instance,
LLM preselection raises Pass@3 from 42.7% to
58.5% for GLM-5 and from 29.3% to 42.7% for
MiniMax M2.5.
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Figure 4: Skill scaling curves by routing strategy. (a) End-to-end Pass@3. (b) Loaded-skill recall. (c) Zero-load

rate.
Model w/o 0 10 100 1k 10k
Naive
GLM-5 26.8 57.3 59.8 56.1 42.7 -
Kimi K2.5 34.1 524 56.8 50.6 43.9 -
MiniMax M2.5 26.8 45.1 46.3 41.5 293 -
LLM preselect
GLM-5 26.8 659 573 57.3 58.5 -
Kimi K2.5 34.1 549 56.1 585 53.7 -
MiniMax M2.5 26.8 43.9 439 48.8 42.7 -
RAG
GLM-5 26.8 573 48.8 53.7 543 47.6
Kimi K2.5 34.1 50.0 50.0 524 48.8 41.5
MiniMax M2.5 26.8 50.0 45.1 42.7 36.6 354
Hybrid preselection
GLM-5 26.8 59.8 61.0 549 573 56.1
Kimi K2.5 34.1 48.8 56.1 524 524 56.1
MiniMax M2.5 26.8 50.0 43.9 42.7 48.8 39.0

Table 3: Per-model Pass@3 (%) by routing strategy and
number of added irrelevant skills. The w/o column dis-
ables skills entirely; “—” marks omitted infeasible set-
tings.

Method 0 10 100 1k 10k

LLM 984 915 88.7 739 -
RAG 98.6 959 90.0 74.1 62.0
Hybrid 982 91.4 879 819 722

Table 4: Preselected-skill recall (%) by method and
number of added irrelevant skills.

Table 4 reports selected-skill recall, which con-
cerns the preselector’s choice rather than whether
the executor later opens the skills, and should be
read with selected precision (Table 25). RAG has
the highest recall at 10 and 100 added skills, partly
because it always returns five skills, but its preci-
sion is much lower (47.6% and 43.9%, vs. 99.8%
and 84.5% for hybrid preselection). At large scale,
hybrid preselection is preferable: it has the highest
recall at 1,000 and improves over RAG at 10,000
(62.0 to 72.2) while also raising precision from
30.1% to 52.6%.

A-In A-Out P-In P-Out Total

0  Naive 485k 13k 0Ok Ok 498k
0 LLM 48lk 13k Ok Ok 494k
0 RAG 494k 13k Ok Ok 507k
0  Hybrid 499% 13k 0Ok Ok 513k

100 Hybrid 476k 13k 6k 1k 497k

1000 Naive 1952k 13k 0Ok Ok 1966k
1000 LLM 497k 13k 36k 1k 547k
1000 RAG 490k 13k Ok Ok 503k
1000 Hybrid 533k 14k 6k 2k 554k

10000 RAG 456k 13k Ok Ok 469k
10000 Hybrid 525k 14k 6k 2k 547k

Table 5: Token decomposition by skill-pool size and
strategy. A/P denote execution-agent/preselection to-
kens; In/Out denote input/output tokens.

3.3.2 Token cost of routing

Table 5 separates LLM input and output tokens
for execution and preselection; embedding cost
is excluded because it is negligible (below $1 in
total). Preselection adds a routing call but can
sharply shrink the execution context in large li-
braries. At 1,000 irrelevant skills, implicit rout-
ing consumes 1952k agent-input tokens, whereas
LLM preselection spends 36k input tokens on
routing and reduces agent input to 497k, for 547k
in total. RAG is cheapest at 10,000 skills (469k)
because it makes no LLM call, but it also performs
worst at that scale (Figure 4). Hybrid preselection
costs modestly more (547k, including 8k for pre-
selection) and generalizes better.

3.3.3 Why hybrid preselection helps at 10k

A single RAG query built from the task instruction
can over-focus on one part of a multi-step task and
miss other required capabilities. Hybrid preselec-
tion instead has an LLM write several task-focused



s SQRec. Hybrid Rec. A Rec.

0 99.4 99.4 +0.0
10 99.4 99.4 +0.0
100 99.4 99.4 +0.0
1000 93.6 96.3 +2.7
10000 838.2 91.8 +3.6
s SQ All  Hybrid All A All

0 98.8 98.9 +0.1
10 98.8 98.9 +0.1
100 98.8 98.9 +0.1
1000 87.8 92.0 +4.1
10000 78.0 86.2 +8.2

Table 6: Single-query RAG@100 versus the hybrid
candidate pool. Values are percentages. Top: individ-
ual recall; bottom: all-gold coverage.

queries, retrieves candidates for each, and lets an
LLM select from the pooled candidates. Table 6
compares this pool with single-query RAG@ 100
before final selection: at 10,000 irrelevant skills, it
raises candidate recall from 88.2 to 91.8 and all-
gold coverage from 78.0 to 86.2, so needed skills
are less often missing from the pool. To merge the
per-query lists, we take a fixed quota of top unseen
skills from each query, which gives higher all-gold
coverage at 10,000 than max-score or mean-score
merging (86.2 vs. 80.5 and 78.2; Appendix H).

Coverage and latency trade-offs. Fixed pre-
selection can omit skills that become necessary
later. As distractors grow from 10 to 1,000, the av-
erage number of golden skills exposed to the ex-
ecutor falls from 2.21 to 1.78 for LLM preselec-
tion, from 2.38 to 1.85 for RAG, and from 2.21 to
1.97 for hybrid preselection, compared with 2.52
when all golden skills are visible (Appendix J).
Coverage alone does not determine success: at
1,000, RAG exposes more golden skills than LLM
preselection but reaches lower Pass@3 (46.5% vs.
51.6%), suggesting that which skills survive selec-
tion also matters. Preselection also adds latency
before execution even when it saves tokens: from
10 to 1,000 distractors, the median routing time
rises from 8 to 19 seconds for LLM preselection
and from 33 to 41 seconds for hybrid preselection,
which makes two LLM calls (Table 31). RAG
needs no LLM call; because we embedded all
skills and task instructions in a batch before the ex-
periments, its preselection reduces to a similarity
lookup, so we do not report a separate latency for
it. Preselection is thus a useful mitigation rather
than a complete solution, and its benefit must be
weighed against coverage loss and response time.

Setting Load Rec. Zero All-gold

No extra skills 73.5 5.6 522

Implicit routing, 1,000 irrelevant skills
Original 18.6 622 6.7

Masked 639 236 494
Plan-first prompt 446 157 25.8
Explicit preselection, 1,000 irrelevant skills

LLM 504 10.0 30.0
RAG 56.4 21.6 29.5
Hybrid 61.1 11.1 389

Table 7: Routing results (%) on the 10-task subset. All
rows except the first use 1,000 irrelevant skills. Load
Rec. is loaded-skill recall; Zero is the zero-load rate;
All-gold is the share of runs that load or select every
golden skill.

4 Why Agents Are Lost in Implicit
Routing

4.1 Experimental setup

We use a 10-task subset at 1,000 irrelevant skills
(Appendix C) and the three open-weight mod-
els, and test two interventions, each run three
times per model. Masked keeps every distractor
slot but replaces its name, description, and loca-
tion with <mask> placeholders of approximately
the original length. Plan-first prompt keeps the
metadata intact but instructs the agent to consider
skills before execution. Table 7 adds the no-extra-
skills reference and preselection-plus-execution
on the same subset. Field-level variants mask only
names, descriptions, locations, or names plus lo-
cations; each runs once per task and model and is
compared with a single run of the original condi-
tion, with full masking as the three-run reference.
In every variant, golden-skill metadata stays read-
able (prompts in Appendix L.5).

4.2 Results and discussion

Skill metadata creates semantic interference.
In Table 7, masking keeps the context long, yet
largely restores no-extra-skills loading (63.9% vs.
73.5% recall), cuts the zero-load rate from 62.2%
to 23.6%, and is competitive with the strongest
preselection row (61.1%). Because the slots and
approximate length are preserved, the gain is not
an artifact of a shorter context. Long metadata
alone therefore does not cause routing collapse;
the failure appears when distractors carry mean-
ingful descriptions that look like plausible alterna-
tive actions.

Descriptions dominate the field-level effect.
Masking only descriptions raises loaded-skill re-
call to 63.3%, close to full masking (63.9%; Ta-



Setting Avg. loaded ZeroLoad Load Rec. Case 1: planned but not loaded

Original metadata 0.50 60.0 18.3 Task/model: adaptive-cruise-control, GLM-5.

Mask names 0.93 40.0 43.7 Agent plan excerpt: “Let me load the relevant skills first: 1.

Mask descriptions 1.17 233 63.3 pid-controller — For implementing PID control loops; 2.

Mask locations 0.90 36.7 475 vehicle-dynamics — For vehicle motion simulation and cruise control

Mask names + locations 1.10 36.7 51.7 modes; 3. simulation-metrics — For calculating performance metrics.”
Actually loaded: pid-controller.

Mask all distractor (reference) 1.26 23.6 63.9 Missed: vehicle-dynamics, simulation-metrics, . ... The run fails.

Table 8: Field-level masking of distractor metadata on
the 10-task subset. Avg. loaded is the mean number of
skills loaded; ZeroLoad and Load Rec. are percentages.
The first five rows use one run per task and model; full
masking is the three-run reference.

Setting Recall All-gold
Plan-first prompt 39.9 20.5
LLM preselection 70.6 54.4

Table 9: Golden-skill selection quality (%) in the Plan-
first response versus isolated LLM preselection on the
same 10-task subset. Recall is computed against the
task’s golden skills.

ble 8). Masking names or locations alone helps
less (43.7% and 47.5%), and masking both to-
gether reaches only 51.7%. The latter removes
the explicit targets for 1load_skill and direct
file reads, although agents could still find the files
by exploring. That the remaining descriptions still
suppress golden-skill loading shows that their ef-
fect extends beyond competition among explicit
loading targets.

Implicit routing suffers from instruction in-
terference. The Plan-first prompt improves over
the original condition but remains weaker than ex-
plicit preselection. To isolate the initial routing
decision, Table 9 compares the skills planned in
the agent’s first response with isolated LLM pre-
selection; this planned recall is lower than final
loaded recall because agents sometimes load skills
absent from the initial plan. Both settings see
nearly the same context, the task instruction plus
the full metadata, and differ mainly in the system
prompt: LLM preselection asks only for skill se-
lection, whereas Plan-first asks the agent to solve
the task and to choose skills first. Despite this ex-
plicit reminder, Plan-first recalls far fewer golden
skills (39.9% vs. 70.6%) and covers all golden
skills in far fewer runs (20.5% vs. 54.4%). Rout-
ing and beginning the task thus compete within the
same response.

Descriptions have two functional roles. These
results suggest a link between the two forms of in-
terference. During execution, descriptions act as
conditional sub-instructions (load this skill when

Case 2: no skill plan

Task/model: data-to-d3, MiniMax M2.5.

Agent plan excerpt: “Explore the input data files; set up the output
directory; copy the input data; download D3.js v6; create the
visualization with bubble chart and data table; add interactive features.”
Actually loaded: none.

Missed: d3-visualization. The run fails.

Figure 5: Two trace cases under the plan-first prompt.
Actually loaded counts both 1oad_skill calls and
direct reads of skill files.

its situation arises), creating a multi-instruction-
following problem alongside the task. In routing-
only selection, they are instead semantic-matching
inputs rather than instructions to monitor. This
role shift helps explain why agents select skills
more reliably when selection is their sole objec-
tive, even with the full library visible.

4.3 Case study

Traces further support instruction interference.
Figure 5 shows two plan-first failures. In Case 1,
GLM-5 explicitly plans to load pid-controller,
vehicle-dynamics, and simulation-metrics, but
opens only the first. In Case 2, MiniMax M2.5
writes a step-by-step plan for a D3 visualiza-
tion that mentions no skill, and never loads d3-
visualization. Both runs fail.

A prompt nudge thus does not reliably separate
routing from execution; reducing the visible skill
set addresses both forms of interference more di-
rectly.

5 Practical Recommendations

Because irrelevant descriptions interfere with both
routing and task execution, narrowing the visible
skill set before execution is more reliable than
strengthening prompt instructions, and the right
method depends on scale. For small curated li-
braries, implicit routing remains usable, but sys-
tems should track which skills are selected and
loaded rather than rely on task success alone.
Around the hundred-skill scale, explicit preselec-
tion should become the default; direct LLM pre-
selection is simple and strong while the full meta-
data list fits in context. For thousands of skills,
full-list LLM preselection becomes expensive or



infeasible, and hybrid preselection (retrieval for a
compact candidate set, then an LLM selector) is
the strongest option in our experiments, improv-
ing relevant-skill coverage while keeping the exe-
cution context small. Since fixed preselection can
omit skills needed later and adds latency, deploy-
ments should also monitor coverage and response
time. Prompt reminders to consider skills are
a lightweight safeguard that should complement,
not replace, preselection. For evaluation, bench-
marks of skill-using agents should report loaded-
skill recall and zero-load rate alongside task suc-
cess, since Pass@3 alone can hide routing failure.

6 Related Work

LLM agents and tool choice. ReAct couples
reasoning with actions (Yao et al., 2023), Tool-
former learns tool calls (Schick et al., 2023), and
MRKL combines language models with external
knowledge and reasoning modules (Karpas et al.,
2022). As action spaces grow, Gorilla and Tool-
LLM study API selection and invocation over
massive API sets (Patil et al., 2024; Qin et al.,
2024), MetaTool evaluates whether models know
when and which tools to use (Huang et al., 2024),
and RAG-MCP retrieves tools to counter prompt
bloat (Gan and Sun, 2025). Overlapping tool
names and descriptions also cause selection am-
biguity, motivating tool merging or filtering (Liu
et al., 2025a).

Skills versus tools. Skills are more general
than callable tools: they may package scripts or
command-line workflows, but may also contain
only background knowledge, constraints, proce-
dures, or examples (Zhang et al., 2025). They
also enter context differently. Tools are typically
exposed through callable interfaces and argument
schemas (Aizawa, 2025), whereas skills use pro-
gressive disclosure: the agent first sees compact
metadata, and full instructions, script arguments,
or implementation details become visible only af-
ter loading (Anthropic, 2025, 2026). The loading
decision must therefore be made from metadata
alone.

Reusable experience and skills. Voyager writes
and retrieves executable code skills in Minecraft
(Wang et al., 2023), Reflexion stores verbal feed-
back (Shinn et al., 2023), and ExpeLl extracts
natural-language lessons from prior experience
(Zhao et al., 2024). More recently, ReUselt

synthesizes reusable web workflows (Liu et al.,
2025b), SkillWeaver discovers and refines web-
agent skills (Zheng et al., 2025), and SkillRL dis-
tills trajectories into hierarchical skill banks for
reinforcement learning (Xia et al., 2026). These
works focus on acquiring skills; we assume an ex-
isting library and ask whether agents can still route
to the right skills as it grows.

Long-context use and retrieval. Retrieval-
augmented generation retrieves evidence before
generation (Lewis et al., 2020), dense pas-
sage retrieval enables scalable semantic search
(Karpukhin et al., 2020), and Fusion-in-Decoder
studies how generators consume retrieved pas-
sages (Izacard and Grave, 2021); HyDE and Self-
RAG improve retrieval with hypothetical docu-
ments or adaptive retrieval decisions (Gao et al.,
2023; Asai et al., 2024). Long-context and needle-
in-a-haystack studies show that models do not
always use relevant information placed in con-
text (Liu et al., 2024a; Bai et al., 2024; Kamradt,
2023), and Du et al. (2025) find that context length
alone can hurt performance even with perfect re-
trieval and masked irrelevant tokens. Skill rout-
ing behaves differently: replacing irrelevant meta-
data with placeholders largely restores golden-
skill loading, so the collapse stems mainly from
semantic and instruction interference rather than
length alone (Section 4).

7 Conclusion

We documented skill routing collapse: as libraries
grow, agents increasingly load fewer or no skills
even though the relevant skills remain available,
and loading other skills instead is too rare to ex-
plain this decline. Masking only irrelevant de-
scriptions largely restores skill loading, whereas
explicitly planning skill use with the metadata in-
tact remains less effective than preselection. These
findings point to semantic interference from de-
scriptions and instruction interference when skill
choice competes with task completion. Preselec-
tion can stabilize skill use but introduces cover-
age and latency trade-offs. Growing skill libraries
therefore call for explicit routing and for evaluat-
ing skill use, not task success alone. A natural next
step is routing that revisits the selected subset dur-
ing execution, recovering skills that fixed preselec-
tion omits without exposing the full library.



Limitations

For budget reasons, the proprietary-model valida-
tion covers only a 37-task subset and not every
routing setting of the main study, so we treat it as
a consistency check (Appendix E).

Field-level masking uses a small subset and
fewer repetitions than full masking, so numerical
proximity between conditions does not establish
equivalence. Name-plus-location masking hides
identifiers in the prompt but does not delete skill
files. Embedding similarity screens plausible al-
ternatives, not functional interchangeability. The
two roles we attribute to descriptions are an inter-
pretation of behavioral evidence, not a measure-
ment of internal model processing. Routing la-
tency depends on API serving conditions and does
not establish end-to-end speedup; because RAG
used embeddings computed in advance, our setup
does not capture the cost of embedding new tasks
online. Fixed preselection can omit skills needed
later (Appendix J).
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A SKkillsBench Dataset Details

SkillsBench is a benchmark for evaluating how
agent skills affect LLM-agent task solving (Li
et al., 2026). The original paper describes a
community-driven construction process in which
105 contributors submitted 322 candidate tasks,
followed by automated checks and human review.
It states that the benchmark contains 86 tasks, ex-
cludes two GPU-dependent tasks from evaluation,
and evaluates 84 tasks across 11 domains. Each
task is a self-contained module with a human-
written instruction, a containerized environment,
a reference solution, deterministic verifier scripts,
and one or more curated golden skills.

We use the official SkillsBench GitHub repos-
itory, which contains 87 tasks; our counts follow
the repository. We exclude the five tasks in Ap-
pendix B for infrastructure or environment reli-
ability reasons, leaving 82 adopted tasks in the
main controlled study. Table 10 reports how many
golden skills these adopted tasks contain. Most
tasks require only a small number of skills, but
the benchmark still includes multi-skill workflows
that test whether routing can recover several com-
plementary procedures.

|G| Tasks
1 26
2 20
3 16
4 11
5 6
6 2
7 1

Table 10: Distribution of golden-skill counts among the
82 adopted SkillsBench tasks. |G| is the number of
golden skills for a task.

Table 11 gives the average resource footprint of
one valid implicit-routing run as the number of
added irrelevant skills increases. The table aver-
ages over the adopted tasks and the three open-
weight execution models. Even before adding ir-
relevant skills, a single run averages more than fif-
teen minutes and roughly half a million input to-
kens, which is why the full study is expensive and
why the 1,000-skill diagnostic interventions use a
smaller task subset.

A.1 License compliance

The SkillsBench repository includes an Apache
License 2.0 license file. We do not modify or re-
distribute the benchmark; we use it as an evalu-
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s  Runs Time Inputtoks Output toks

0 730 15.3m 485k 13k

10 731  16.7m 481k 13k

100 728  15.4m 619k 13k

1000 727  17.0m 1.95M 13k
Table 11: Average valid-run resource footprint un-

der implicit routing by number of added irrelevant
skills. Time is wall-clock execution time per run; to-
ken columns are LLM input and output tokens per run.

ation benchmark and report the resulting exper-
imental measurements. We preserve attribution
through citation to the original paper. Our use is
therefore consistent with the permissions and no-
tice requirements of Apache License 2.0.

A.2 Server configuration

The main experiments were executed on Linux
servers with an AMD EPYC 7K62 processor (16
physical cores, 32 hardware threads) and 62.3 GiB
of memory. The field-level masking experiments
ran in containerized Linux environments on an
Apple Silicon machine with 16 GB of memory;
they measure skill-loading behavior and are not
used for latency comparisons. LLM inference was
provided through Tencent TokenPlan.

B Main Study Task Exclusions

The main controlled study excludes the five tasks
listed in Table 12 because we encountered infras-
tructure or environment problems that prevented
reliable execution.

# Task

1 fix-visual-stability

2 mhe-layer-impl

3 multilingual-video-dubbing
4 python-scala-translation

5  speaker-diarization-subtitles

Table 12: Tasks excluded from the main controlled
study for infrastructure or environment reasons.

C Experimental Subset Tasks

For budget reasons, the controlled interventions
in Section 4 use the 10-task subset listed in Ta-
ble 13. The same task list is used for the original,
masked, plan-first, and explicit-preselection com-
parisons in that section.

D Full Data for Scaling Curves

The main text uses Figure 3 and Figure 4 to em-
phasize the shape of the scaling effects. This ap-



# Task
1 adaptive-cruise-control
2 data-to-d3
3 earthquake-phase-association
4 econ-detrending-correlation
5 enterprise-information-search
6  manufacturing-equipment-maintenance
7  react-performance-debugging
8  reserves-at-risk-calc
9  simpo-code-reproduction

10 weighted-gdp-calc

Table 13: Tasks used in the 10-task experimental sub-
set.

pendix gives the exact values behind those curves
so that the visual trends can be checked without
reading points from the plots. The full model-by-
strategy Pass @3 matrix is already reported in Ta-
ble 3; the additional tables here focus on the plot-
ted slices and on the skill-loading measurements
that are not otherwise visible in full.

D.1 Implicit-routing scaling by execution
model

Section 3.2 argues that implicit routing breaks
down before final task success fully reflects the
failure. Tables 14—16 provide the three panels of
Figure 3 in tabular form. Table 14 reports end-
to-end Pass@3 for the implicit-routing condition,
Table 15 reports the fraction of golden skills actu-
ally loaded during execution, and Table 16 reports
the share of runs that load no skill at all.

The comparison across these tables shows the
masking effect discussed in the main text. Pass@3
declines for all three execution models by the
1,000-skill setting, but the routing metrics deterio-
rate earlier and more sharply. For example, GLM-
5 keeps Pass @3 near its small-library value at 100
irrelevant skills, while its loaded-skill recall has al-
ready dropped substantially and its zero-load rate
has increased. This is the empirical reason we treat
loaded-skill recall and zero-load rate as first-class
metrics rather than relying only on verifier suc-
cess.

Model 0 10 100 1k
GLM-5 57.3 59.8 56.1 427
Kimi K2.5 524 56.8 50.6 439

MiniMax M2.5 45.1 463 415 293

Table 14: Values for Figure 3(a): implicit-routing
Pass@3 (%) by execution model and number of added
irrelevant skills.
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Model 0 10 100 1k
GLM-5 79.6 71.8 550 20.9
Kimi K2.5 788 744 632 405

MiniMax M2.5 623 582 41.6 21.5

Table 15: Values for Figure 3(b): implicit-routing
loaded-skill recall (%) by execution model.

Model 0 10 100 1k
GLM-5 7.8 94 260 649
Kimi K2.5 70 79 167 313
MiniMax M2.5 13.1 20.7 393 584

Table 16: Values for Figure 3(c): implicit-routing zero-
load rate (%) by execution model. Lower is better.

D.2 SKkill scaling by routing strategy

Section 3.3 compares implicit routing with three
explicit-routing strategies. Tables 17-19 give
the values behind Figure 4: aggregate Pass@3,
loaded-skill recall, and zero-load rate for each
routing strategy and library size. These tables
are complementary to Table 3: the main-text ta-
ble breaks task success down by execution model,
whereas this appendix keeps the strategy-level
view and adds the two skill-use metrics.

Strategy 0 10 100 1k 10k
Naive 51.6 543 494 38.6 -
LLM preselect 549 524 549 51.6 -
RAG 524 48.0 49.6 465 415
Hybrid preselection 52.8 53.7 50.0 52.8 504

Table 17: Values for Figure 4(a): aggregate Pass@3
(%) by routing strategy and number of added irrelevant

skills. “~” indicates omitted infeasible settings.
Strategy 0 10 100 1k 10k
Naive 73.6 682 533 274 -
LLM preselect 74.0 73.6 73.0 62.0 -
RAG 74.6 70.1 69.3 58.6 48.5

Hybrid preselection 74.0 729 70.5 67.1 55.2

Table 18: Values for Figure 4(b): loaded-skill recall
(%) by routing strategy.

Strategy 0 10 100 1k 10k
Naive 93 127 273 51.6 -
LLM preselect 85 84 95 98 -
RAG 81 11.7 123 132 18.0
Hybrid preselection 8.1 89 10.7 9.1 10.7

Table 19: Values for Figure 4(c): zero-load rate (%) by
routing strategy. Lower is better.



E Budget-Limited Proprietary Model
Validation

The main experiments use open-weight models to
keep evaluation cost manageable. This appendix
asks whether the same implicit-routing pressure
is visible for stronger proprietary frontier models.
Because these runs are substantially more expen-
sive, we evaluate a smaller 37-task subset and treat
the result as a qualitative consistency check rather
than a second full benchmark.

Table 20 lists the exact proprietary-validation
subset.

Task Task

3d-scan-calc
adaptive-cruise-control
azure-bgp-oscillation-route-leak
citation-check
dynamic-object-aware-egomotion
earthquake-phase-association
earthquake-plate-calculation
econ-detrending-correlation
energy-ac-optimal-power-flow
energy-market-pricing
enterprise-information-search
exceltable-in-ppt
exoplanet-detection-period
financial-modeling-qa
find-topk-similiar-chemicals
fix-build-agentops
fix-build-google-auto
fix-druid-loophole-cve
fix-erlang-ssh-cve

flink-query

flood-risk-analysis

gh-repo-analytics

glm-lake-mendota
gravitational-wave-detection
grid-dispatch-operator

hvac-control

invoice-fraud-detection
Jjax-computing-basics

jpg-ocr-stat

lab-unit-harmonization
lake-warming-attribution
latex-formula-extraction

lean4-proof
manufacturing-codebook-normalization
manufacturing-equipment-maintenance
manufacturing-fjsp-optimization
mario-coin-counting

Table 20: Tasks used in the proprietary-model valida-
tion subset.

Table 21 reports Pass@3 on that shared sub-
set for three proprietary models and, for compar-
ison, the three open-weight models evaluated on
the same tasks. Table 22 then reports loaded-skill
recall for the proprietary models.

The proprietary models show the same qualita-
tive pressure from larger skill libraries. Their task
success is generally more stable than the open-
weight models on this subset: Claude Opus 4.6
remains near 60 Pass@3 even at 1,000 irrelevant
skills.

However, Table 22 makes the routing degrada-
tion clearer. Claude Opus 4.6 drops from 81.3
loaded-skill recall with no irrelevant skills to 30.9
at 1,000; Gemini 3.1 Pro drops from 77.4 to 43.0;
and GPT-5.4 drops from 76.2 to 49.3. The de-
cline is sometimes slower than in the open-weight
main study, especially for Gemini and GPT, but
the direction is the same. Relevant skills remain
installed, yet implicit execution-time routing be-
comes less reliable as the library grows. This
supports the conclusion of the main experiment:
stronger final task performance does not imply that
implicit routing remains healthy.
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Model 0 10 100 1k
Claude Opus 46" 649 622 595 622
Gemini 3.1 Prot 595 514 486 514
GPT-5.4" 54.1 56.8 43.2 432
GLM-5 54.1 622 54.1 35.1
Kimi K2.5 48.6 583 50.0 459
MiniMax M2.5 35.1 459 37.8 21.6
Table 21: Pass@3 (%) on the 37-task proprietary-

model validation subset. Numeric columns give the
number of added irrelevant skills on top of each task’s
golden skills. Models marked with T are proprietary;
the remaining rows are the three open-weight execu-
tion models evaluated on the same task subset under
implicit routing.

Model 0

Claude Opus 4.6" 81.3 77.7 433 309
Gemini 3.1 Pro 774 704 579 43.0
GPT-5.4" 762 629 51.8 493

Table 22: Loaded-skill recall (%) on the 37-task
proprietary-model validation subset. The statistic
counts golden skills whose full instructions are ac-
cessed during execution.

10 100 1k

F Precision Metrics

This appendix reports precision metrics for run-
time skill loading and preselection. Tables 23 and
24 report loaded-skill precision for open-weight
and proprietary models, respectively; Table 25 re-
ports preselected-skill precision. As the number of
skills grows, agents often load fewer skills or no
skills at all, so loaded precision usually declines
less sharply than recall. Loaded precision is com-
puted over runs with at least one loaded skill; se-
lected precision is computed over nonempty pres-
elected sets.

G Skill Demand Breakdown

The main results aggregate over tasks with differ-
ent numbers of golden skills. This section checks
whether the scaling story is driven only by tasks
with many required skills or whether it also ap-
pears for simpler tasks. Table 26 groups tasks by
the number of golden skills in the task environ-
ment: single-skill tasks, tasks with two or three
golden skills, and tasks with four or more golden
skills. Within each library size s, the table reports
both Pass@3 and loaded-skill recall for Naive ex-
posure, LLM preselection, RAG, and hybrid pre-
selection.

The table supports the same interpretation as the
main text while adding a task-demand perspective.



Model 0 10 100 1k 10k
Naive

GLM-5 99.6 99.5 97.1 88.6 -
Kimi K2.5 99.6 99.0 97.7 87.2 -
MiniMax M2.5 99.7 99.1 952 764 -
LLM preselect

GLM-5 99.6 99.6 97.7 90.8 -
Kimi K2.5 99.5 99.4 96.6 84.9 -
MiniMax M2.5 99.7 99.5 97.2 78.6 -
RAG

GLM-5 99.7 99.2 99.2 919 83.6
Kimi K2.5 99.7 99.2 995 91.0 80.7
MiniMax M2.5 99.7 98.7 98.8 90.2 753
Hybrid preselection

GLM-5 99.4 993 97.7 90.7 82.6
Kimi K2.5 99.6 99.6 98.3 92.0 76.8
MiniMax M2.5 99.3 99.6 972 86.1 70.3

Table 23: Runtime loaded-skill precision (%) for open-
weight models by routing strategy and number of added
irrelevant skills.

Model 0 10 100 1k
Claude Opus 4.6"  100.0 100.0 100.0 95.2
Gemini 3.1 Pro’  100.0 100.0 100.0 100.0
GPT-5.4% 100.0 973 905 827

Table 24: Runtime loaded-skill precision (%) for pro-
prietary models under implicit routing on the validation
subset.

Method 0 10 100 1k 10k
LLM preselect 100.0 99.7 80.0 63.0 -
RAG 100.0 47.6 439 37.1 30.1
Hybrid preselection 100.0 99.8 84.5 72.0 52.6

Table 25: Preselected-skill precision (%) by method
and number of added irrelevant skills.

At 1,000 irrelevant skills, Naive exposure drops
for both single-skill and multi-skill groups, show-
ing that routing collapse is not limited to the hard-
est tasks. Loaded-skill recall shows the mecha-
nism more directly: with 1,000 irrelevant skills,
Naive exposure loads far fewer golden skills than
the explicit-routing strategies across all three de-
mand bins. Multi-skill tasks nevertheless make
the mechanism more consequential: partial re-
trieval can find one useful skill but still miss an-
other workflow needed for a passing solution. This
is why the paper emphasizes all-gold coverage,
loaded-skill recall, and trace analysis in addition
to Pass@3.

H Hybrid Candidate Aggregation Details

Using multiple queries raises a design question:
how should the retrieved lists be merged into one
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candidate pool? Table 27 compares three intuitive
aggregators. Max keeps the best similarity score
that any query gives a skill. Mean averages scores
across queries. Quot a takes a fixed number of top
unseen skills from each query, encouraging cover-
age of different sub-procedures. Quota is the de-
fault in this paper, and Algorithm 2 in Appendix K
gives the corresponding procedure. Quota gives
the strongest all-gold coverage at 10,000 irrele-
vant skills, which is important for multi-skill tasks
where missing one required workflow can break
execution.

I Non-Golden Skill Loading

Experimental scope. We examine skill loading
for GLM-5, Kimi K2.5, and MiniMax M2.5 at
s € {0,10,100,1000} across all three runs. This
analysis covers 86 tasks, whereas the main task-
success study uses the adopted 82-task subset. Ta-
ble 1 therefore summarizes a slightly broader task
set than the main-study curves.

A skill counts as loaded if the agent calls
load_skill on it or reads its SKILL.md file;
references to skills outside the exposed library do
not count. Each task’s golden set is restricted to
golden skills present in the library.

Similarity matching. For each evaluation, let
N = L\ G be the loaded non-golden skills and
M = G\ L the missed golden skills. We compare
every pair in N x M, using the RAG embedding
model on the full skill name and description, for-
matted as name: description. An evalua-
tion counts as loading a potential alternative when
any pair has cosine similarity strictly greater than
0.8. We neither match across tasks nor compare
against golden skills already loaded. The thresh-
old screens semantic overlap; it does not certify
functional equivalence.

Alternative loading is uncommon. Non-golden
loads occur in 2.32% of evaluations across scales,
and potential alternatives above the threshold oc-
cur in 0.95%. They concentrate at s = 1000 (Ta-
ble 28) and include clear semantic neighbors such
as pdf-reader and pdf, or excel and x1sx.
Table 29 lists all above-threshold task—model—
skill-pair groups, combining repeated runs. Al-
though non-golden loading increases at the largest
scale, it remains far less common than the de-
cline in skill use. Thus, routing collapse primar-
ily reflects under-loading, not substitution of other



s |G| Tasks Naive LLM RAG Hybrid
P3 Load P3 Load P3 Load P3 Load
0 1 26 53.8 919 52.6 93.6 52.6 957 564 95.7
2-3 36 52.8 68.7 55.6 68.1 556 68.7 50.0 67.2
>4 20 46.7 588 56.7 593 46.7 57.8 533 58.0
10 1 26 519 91.8 53.8 949 48.7 893 57.7 949
2-3 36 583 609 528 67.6 49.1 633 537 66.6
>4 20 50.0 51.2 50.0 56.6 45.0 57.3 483 55.6
100 1 26 519 732 55.1 944 50.0 889 55.1 923
2-3 36 49.1 475 574 657 519 61.7 454 63.1
>4 20 46.7 384 50.0 583 450 57.5 51.7 55.6
1000 1 26 385 38.0 52.6 79.5 423 72.0 55.1 893
2-3 36 37.0 26.8 519 548 472 528 509 59.0
>4 20 41.7 148 50.0 524 509 51.5 533 53.0
10000 1 26 - — 385 64.1 474 70.1
2-3 36 - - - — 435 424 546 483
>4 20 - - 41.7 39.1 46.7 484

Table 26: Pass@3 and loaded-skill recall (%) by skill-pool size and number of golden skills. The row group s
gives the number of added irrelevant skills; |G| bins tasks by their number of golden skills. Load is loaded-skill

recall.
s Agg. Rec All  Any
1000 Max 979 954 100.0
1000 Mean 939 89.7 977
1000 Quota 963 92.0 989
10000 Max  88.7 80.5 954
10000 Mean 88.7 782 954
10000 Quota 91.8 862 97.7
Table 27: Hybrid candidate quality (%) at budget 100.
s Non-golden load rate > 0.8 alternative rate
0 0.00 0.00
10 0.26 0.00
100 1.83 0.00
1000 7.19 3.79

Table 28: Non-golden skill loading (%). Non-golden
load rate measures whether any non-golden skill is
loaded; alternative rate additionally requires similarity
above 0.8 to a missed golden skill in the same evalua-
tion.

skills for golden skills.

Exact duplicates. Distractors are sampled so
that none shares its identifier with a golden skill of
the task; exact duplicates of golden skills therefore
never appear as distractors. Differently named
near-duplicates can remain and are covered by the
similarity analysis above.

J Preselection Trade-offs and Latency

Fixed coverage. Preselection reduces the execu-
tor’s visible library but can remove a skill that be-
comes relevant later. Table 30 reports the aver-
age number of golden skills exposed to the execu-
tor, computed from the intersection of the selected
set with task golden skills and averaged over task—
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model identities. Task success uses the main-study
Pass@3 values. Each preselection method retains
fewer golden skills as distractors grow. Reduced
coverage limits task success because omitted skills
are unavailable during execution, although success
also depends on which skills are missed and the
quality of the remaining set. For example, RAG
can retain more golden skills than LL.M preselec-
tion yet yield lower task success; aggregate cov-
erage alone does not determine whether the most
consequential skills survive selection.

Routing-stage latency. We measure routing-
stage latency on the adopted main-study tasks with
the three open-weight models across all three runs.
Routing-stage latency is the time from the start of
preselection until the selected metadata is passed
to the executor. For hybrid preselection, it covers
query generation, query embedding and retrieval,
and final LLM selection, but not the one-time con-
struction of the skill embedding index. Environ-
ment setup, task execution, and verification are ex-
cluded.

The median delay increases from 8 to 19 sec-
onds for LLM preselection and from 33 to 41 sec-
onds for Hybrid as distractors grow from 10 to
1,000. Hybrid preselection makes two LLM calls
(query generation and final selection), whereas
LLM preselection makes one. Because the two
methods were run at different times, these num-
bers reflect the API serving conditions of each pe-
riod and are not a controlled latency comparison.

We do not report routing latency for RAG. It
makes no generative selector call, and we embed-
ded all skill metadata and task instructions in a



Task Model Runs  Loaded non-golden — missed golden Cosine
court-form-filling Kimi K2.5 2 pdf-generator — pdf 0.922
financial-modeling-qa Kimi K2.5 1,2,3 pdf-reader — pdf 0.903
financial-modeling-qa MiniMax M2.5 1,2 pdf-reader — pdf 0.903
invoice-fraud-detection MiniMax M2.5 1,3 pdf-reader — pdf 0.903
latex-formula-extraction GLM-5 3 pdf-reader — pdf 0.903
latex-formula-extraction MiniMax M2.5 1 pdf-reader — marker 0.826
latex-formula-extraction MiniMax M2.5 1 pdf-reader — pdf 0.903
pdf-excel-diff GLM-5 1 pdf-reader — pdf 0.903
pdf-excel-diff Kimi K2.5 2 pdf-reader — pdf 0.903
pdf-excel-diff MiniMax M2.5 2 pdf-reader — pdf 0.903
pg-essay-to-audiobook GLM-5 2,3 tts — gtts 0.811
protein-expression-analysis ~ Kimi K2.5 1 excel — xIsx 0.906
reserves-at-risk-calc Kimi K2.5 1 excel — xIsx 0.906
sales-pivot-analysis Kimi K2.5 2 excel — xIsx 0.887
sales-pivot-analysis Kimi K2.5 3 pdf-reader — pdf 0.888
sales-pivot-analysis MiniMax M2.5 3 excel — xIsx 0.887
shock-analysis-demand Kimi K2.5 1 excel — xIsx 0.906
shock-analysis-demand MiniMax M2.5 2,3 excel — xIsx 0.906
shock-analysis-supply Kimi K2.5 2 excel — xIsx 0.906
shock-analysis-supply MiniMax M2.5 2 excel — xIsx 0.906
video-tutorial-indexer GLM-5 1 transcribee — speech-to-text 0.843
weighted-gdp-calc Kimi K2.5 1,2,3 excel = xlIsx 0.906

Table 29: All above-threshold skill-pair groups for the three open-weight models, all at s = 1000. Runs lists which
of the three repeated runs contain the pair. Similarities use full name-and-description embeddings; the same skill

name can have task-specific descriptions.

Setting Avg. golden exposed Pass@3 (%)
All golden, no preselection 2.52 51.6
Naive-10 2.52 54.3
RAG-10 2.38 48.0
LLM-10 2.21 52.4
Hybrid-10 2.21 53.7
RAG-100 2.21 49.6
LLM-100 2.11 54.9
Hybrid-100 2.10 50.0
RAG-1000 1.85 46.5
LLM-1000 1.78 51.6
Hybrid-1000 1.97 52.8

Table 30: Fixed preselection trades reduced interfer-
ence for missed golden-skill coverage. Method suffixes
denote the number of added irrelevant skills.

Method s Mean (s) Median (s) P90 (s)
LLM 10 11.7 8.0 26
LLM 100 18.0 9.5 45
LLM 1000 354 19.0 73
Hybrid 10 38.9 33.0 75
Hybrid 100 43.7 37.0 89
Hybrid 1000 48.3 41.0 93

Table 31: Observed routing-stage latency before task
execution. P90 is the 90th percentile. The two methods
were measured in separate experiment periods, so dif-
ferences also reflect serving conditions.

single batch before running the experiments, so
RAG preselection at run time reduces to a simi-
larity lookup over precomputed vectors. Embed-
ding calls are typically fast relative to LLM gener-
ation, but in a deployment that embeds each new
task online, this step would add a small cost that
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our setup does not capture. Likewise, token sav-
ings need not translate into shorter end-to-end wall
time, which also depends on task behavior, API la-
tency, and environment operations. Practical de-
ployments should weigh coverage and task suc-
cess against the added routing delay, especially for
interactive tasks.

K Execution and Routing Algorithms

The main text summarizes the execution protocol;
this appendix spells out the steps. Algorithm 1 re-
ceives a task, a skill set, a preselector, and an ex-
ecution model. Line 1 applies the preselector to
decide which skills are exposed. Line 2 formats
the exposed skill metadata, and Line 3 builds the
initial model context. Lines 4—7 repeat model tool
calls and append tool outputs to the context. Lines
8-9 run the verifier and return its result.

Algorithm 2 gives the hybrid preselection pro-
cedure. Line 1 generates multiple search queries
from the task instruction. Line 2 embeds the skill
metadata, and Line 3 initializes an empty candi-
date set. Lines 4-8 retrieve top unseen candidates
for each generated query and merge them into one
candidate pool. Lines 9-10 ask the final selector
to choose from that candidate pool and return the
selected skills.



Algorithm 1 Skill-conditioned agent execution

Require: task 7 = (I, F, V, G), skills Ss, preselector 7, ex-
ecution model M.

Ensure: verifier result r

P+ n(1,Ss)

M < FormatMetadata(P)

x < BuildContext(I, M)

while HasToolCall(y + M.(x)) do
o + Execute(y, F)
x + Append(z,y, 0)

end while

r <+ V(F)

return r

el R U S

Algorithm 2 Hybrid preselection

Require: instruction I, skills Ss, models My, Memp,
queries n, candidate budget B, final budget k
Ensure: selected skills P

1: Q + M,.GenerateQueries(I, n)

2: E + {(u, Memp(m(u))) : u € Ss}
33 C+0

4: for g € Q do

5: Vg  Memb(q)

6: R, <+ RankBySim(vg, F)

7:  C < C UTopUnseen(Ry, [B/n])
8: end for

9: P < M, .SelectSkills(1, C, k)

10: return P

Algorithm 3 lists the three baseline preselection
snippets. The Naive snippet returns the whole in-
stalled skill set. The LLM preselection snippet
first formats the full metadata list, then asks a se-
lector model to name skills, and finally matches
the returned names back to installed skills. The
RAG snippet embeds the instruction and skill
metadata, ranks skills by embedding similarity,
and returns the top-k skills.

Algorithm 3 Baseline preselectors

Require: instruction I, skills S5, budget k, selector model
M,,, embedding model Me,p
Ensure: exposed skill set P
1: Naive(I, S;):
2:  return S,
3: LLMPreselect(/, Ss, k, M)):
4: M < FormatMetadata(S)
5. N « M, SelectSkills(I, M, k)
6:  return MatchSkills(V, Ss)
7: RAGPreselect(I,Ss, k, Memsp):
8: V1 < Memb(f)
9:  E+ {(u, Memp(m(u))) : u € Ss}
0: R < RankBySim(vs, E)
1

1 .:
11:  return TopK(R, k)

L Prompt Templates

This appendix gives the prompt templates. The ex-
ecution agent receives skill metadata and must ex-
plicitly load a skill before using its longer instruc-
tions; preselection prompts instead return only

skill names so that selected skills can be matched
against the golden set.

L.1 Execution-agent initial prompt skeleton

Execution-agent initial prompt skeleton

You are an Al assistant tasked with solving command-line tasks in a
Linux environment. You will be given a task description and the
output from previously executed commands. Your goal is to solve

the task by providing batches of shell commands.

Format your response as JSON with the following structure:

{

"analysis": "Analyze the current state based on the terminal output
provided. What do you see? What has been accomplished? What
still needs to be done?",

"plan": "Describe your plan for the next steps. What commands will
you run and why? Be specific about what you expect each
command to accomplish.",

"commands": [

{"keystrokes": "Is —la\n", "duration": 0.1},

{"keystrokes": "cd project\n", "duration": 0.1}
]

"task_complete": true
}

Required fields:

— "analysis": Your analysis of the current situation

— "plan": Your plan for the next steps

— "commands": Array of command objects to execute

Optional fields:
— "task_complete": Boolean indicating if the task is complete (defaults to
false if not present)

Command object structure:

— "keystrokes": String containing the exact keystrokes to send to the
terminal (required)

— "duration": Number of seconds to wait for the command to complete (
defaults to 1.0 if not present)

IMPORTANT: The text inside "keystrokes" will be used completely
verbatim. Most bash commands should end with a newline (\n) to
execute.

SKILL SYSTEM:
If skills are available (shown in "available_skills"), you MUST check if
any skill matches the task BEFORE executing commands.

Skill context:
{skills_block}

To load a skill, use: cat <location> (where location is from the skill's <
location> tag above)

LOADED SKILLS:
{active_skills}

To load a skill, respond with ONLY this JSON (no other fields):
{"load_skill": "skill-name" }

After a skill is loaded, proceed with the normal response format above.
Skills contain best—practice workflows — use them instead of writing
custom solutions.

Task Description:
{instruction}

Current terminal state:
{terminal_state}

The execution prompt separates invocation
from routing. It can only load skills that appear
in the exposed metadata block, so the preselection
stage directly determines the action space visible
to the agent.



L.2 LLM preselection prompt
LLM preselection prompt

You are a skill-routing assistant.
Given a task description and available skills,
select the skills most likely to be useful.

Return your answer as a JSON array of skill names. Return at most {
max_skills}
skills. If no skill is relevant, return an empty array: []

IMPORTANT: Return ONLY the JSON array.
No explanation. No markdown code fences.

## Available Skills
{skills_list}

## Task Description
{task_instruction}

## Your Selection (JSON array of skill names)

This prompt uses a strict JSON-only output for-
mat, so selected skills can be matched unambigu-
ously and explanations are never mistaken for skill
names.

L.3 Hybrid preselection query-generation
prompt

Hybrid preselection query-generation prompt

You are a retrieval query planner for a skill-selection system.
Given a task description, write {num_queries }

short search queries covering distinct

capabilities likely needed for the task.

Guidelines:

— Each query should be concise, concrete, and skill-oriented.
— Prefer capability/library/workflow phrases.

— Do not restate the whole task.

— Return ONLY a JSON array of strings.

— No explanation. No markdown.

## Task Description
{task_instruction}

## Search Queries (JSON array)

The query-generation step is useful for multi-
skill tasks because the original task instruction
may emphasize the final artifact rather than every
intermediate capability.

L.4 Hybrid preselection LLM final selection
prompt
RAG-to-LLM final selection prompt

You are a skill-routing assistant.
Given a task description and available skills,
select the skills most likely to be useful.

Return your answer as a JSON array of skill names. Return at most {
max_skills}
skills. If no skill is relevant, return an empty array: []

IMPORTANT: Return ONLY the JSON array.
No explanation. No markdown code fences.

## Available Skills
{skills_list}

## Task Description
{task_instruction}
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## Your Selection (JSON array of skill names)

This final-selection prompt is the same as the
LLM preselection prompt.

L.5 Intervention prompts

The field-level variants use the same prompt
and replace only the designated distractor fields:
name, description, location, or name plus loca-
tion. Unmasked fields and all golden-skill meta-
data remain readable. The number of placehold-
ers is proportional to the original field’s character
length, approximating rather than exactly match-
ing its token length. The field-level comparison is
a targeted diagnostic rather than a test of statistical
equivalence.

The masked intervention uses the same execu-
tion prompt as above, but the skill block keeps
golden-skill metadata readable and replaces every
irrelevant skill’s name, description, and location
with <mask> placeholders of approximately the
original length. A representative masked prompt
is:

Masked execution prompt

You are an Al assistant tasked with solving command-line tasks in a
Linux environment. You will be given a task description and the
output from previously executed commands. Your goal is to solve

the task by providing batches of shell commands.

Format your response as JSON with the following structure:
{ ... normal JSON response schema ... }

SKILL SYSTEM:
If skills are available (shown in "available_skills"), you MUST check if
any skill matches the task BEFORE executing commands.

Skill context:
available_skills:
[
{
"name": "pid—controller",
"description": "Implement PID control loops for control systems.",
"location": "/root/.terminus/skills/pid—controller/SKILL.md"
L
{
"name": "<mask> <mask>",
"description": "<mask> <mask> <mask> <mask> <mask> <mask>",
"location": "<mask> <mask> <mask> <mask> <mask>"
L
{

"name": "<mask>",

"description": "<mask> <mask> <mask> <mask> <mask> <mask> <
mask>",
"location": "<mask> <mask> <mask> <mask>"

),
.

To load a skill, use: cat <location> (where location is from the skill's <
location> tag above)

LOADED SKILLS:
{active_skills}

To load a skill, respond with ONLY this JSON (no other fields):
{"load_skill": "skill-name" }

After a skill is loaded, proceed with the normal response format above.



Skills contain best—practice workflows — use them instead of writing
custom solutions.

Task Description:
{instruction}

Current terminal state:
{terminal_state}

The plan-first intervention keeps the original
skill metadata and inserts one additional instruc-
tion immediately before the task description:

Plan-first execution prompt

You are an Al assistant tasked with solving command-line tasks in a
Linux environment. You will be given a task description and the
output from previously executed commands. Your goal is to solve
the task by providing batches of shell commands.

Format your response as JSON with the following structure:
{ ... normal JSON response schema ... }

SKILL SYSTEM:
If skills are available (shown in "available_skills"), you MUST check if
any skill matches the task BEFORE executing commands.

Skill context:
{skills_block}

To load a skill, use: cat <location> (where location is from the skill's <
location> tag above)

LOADED SKILLS:
{active_skills}

To load a skill, respond with ONLY this JSON (no other fields):
{"load_skill": "skill-name" }

After a skill is loaded, proceed with the normal response format above.
Skills contain best—practice workflows — use them instead of writing
custom solutions.

IMPORTANT: Before executing any commands, you MUST first ex-
plicitly think about which of the available skills (if any) are relevant
to this task. State your reasoning about skill relevance, then load the
skills you need. Only after that should you begin solving the task.

Task Description:
{instruction}

Current terminal state:
{terminal_state}

M Use of AI Assistants

Al assistants were used during the preparation of
this paper for writing support and for assistance
with parts of the experimental code and analysis
scripts. The authors reviewed and edited the re-
sulting text and code.

N Per-task Scaling Heatmaps

The main text reports aggregate Pass@3. This ap-
pendix adds a task-level view of that metric. Fig-
ures 6—9 show per-task Pass@3 as the number of
added irrelevant skills increases. Each row is one
SkillsBench task, each column is a library-size set-
ting, and the color encodes Pass@3 from red (all
runs fail) to blue (all runs pass).
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Naive: per-task Pass@3 under skill scaling
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Pass@3 (red
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Figure 6: Per-task Pass@3 for Naive exposure as the
number of added irrelevant skills grows. Red means
all trials fail and blue means all trials pass. Rows are
tasks, sorted by the naive drop from no irrelevant skills
to 1,000 irrelevant skills.

The heatmaps are sorted by the Naive drop
from no irrelevant skills to 1,000 irrelevant skills,
so collapses under implicit routing appear near
the top. This ordering makes the aggregate re-
sult more concrete: some tasks remain stable, but
many tasks show abrupt failures once the library
reaches hundreds or thousands of irrelevant skills.
The explicit-routing heatmaps then show whether
those same rows become more stable when the ex-
ecution agent sees a smaller selected skill set.

Figure 6 shows the most direct form of routing
collapse: rows that are blue or light blue at small



LLM preselect: per-task Pass@3 under skill scaling

100
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Pass@3 (red
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Added irrelevant skills

Figure 7: Per-task Pass@3 for LLM preselection.
Compared with Naive exposure, many rows remain
blue or light blue as the skill library grows, showing
that explicit routing stabilizes task success when the
full metadata list still fits in context.

scale often turn light red or red as irrelevant skills
are added. Figure 7 shows the complementary re-
sult from the main text: when the full metadata list
still fits, explicit LLM preselection keeps many of
those rows more stable. Figures 8 and 9 focus on
the scalable retrieval-based setting. RAG remains
feasible at 10,000 skills but produces more mixed
task-level outcomes; hybrid preselection reduces
some of this variance by constructing a more di-
verse candidate pool before final selection.
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RAG: per-task Pass@3 under skill scaling

fail, blue=success)

:
Pass@3 (red
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Figure 8: Per-task Pass@3 for embedding RAG. RAG
is feasible at the 10k scale, but the mixed colors show
that semantic retrieval alone misses some task-specific
skill combinations.



Hybrid preselection: per-task Pass@3 under skill scaling
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Figure 9: Per-task Pass@3 for hybrid preselection. The
method keeps a compact candidate set while recover-
ing more large-scale tasks than single-query RAG, es-
pecially when several capabilities must be retrieved to-
gether.
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