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Abstract

Tool retrieval is a bottleneck for tool-
augmented LLMs over large tool corpora, be-
cause a user query overlaps far less with a tool’s
structured documentation than with an ordi-
nary retrieval document. A common training-
free remedy generates synthetic intent for each
tool and concatenates it with the documen-
tation before encoding, but this single pass
mixes function-centric documentation and task-
centric intent in one vector and leaves their
contributions impossible to weight apart. We
present ToolFuse, a tool retrieval framework
with a tool-side and a query-side component.
On the tool side, Complementarity-based Se-
mantic Fusion (CSF) encodes a tool’s docu-
mentation and synthetic intent as two views
and sets a per-tool fusion weight from their ge-
ometric complementarity. On ToolBench Per-
Split, CSF matches the aggregate accuracy of
fixed weights selected separately for the three
pools without using query—tool labels. On the
query side, ToolFuse splits a query that bun-
dles several needs into focused sub-queries and
aggregates the per-sub-query results by rank
position. The full ToolFuse raises the average
NDCG@5 of Qwen3-Embedding-0.6B from
64.72 to 75.49 and obtains the highest aver-
age NDCG@5 in all four evaluated encoder
blocks. The same CSF plug-in also lifts the
supervised ToolRetriever from 75.86 to 77.75
Per-Split, and the gain carries over to the larger
Full-Corpus candidate pool.

1 Introduction

LLM systems increasingly call external tools to
fetch live information and complete tasks (Qin
et al., 2024a; Schick et al., 2023). When an in-
ventory of thousands of APIs exceeds the context
available for tool definitions, retrieval selects a
small candidate set for planning and invocation
(Qin et al., 2024b). This retrieval step is difficult be-
cause tools are described through semi-structured
documentation of their functions, endpoints, and
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Figure 1: Two ways to encode a tool. (1) Text-level
concatenation jointly encodes documentation and syn-
thetic intent, leaving their relative contributions implicit.
(2) ToolFuse encodes the two views separately and
fuses their vectors with an explicit per-tool weight (CSF,
§3.2).

parameters, whereas users express tasks in natural
language. An analysis of TOOLRET illustrates this
mismatch: query—documentation lexical overlap is
lower than in several conventional IR benchmarks,
and general-purpose retrievers transfer poorly to
tool retrieval (Shi et al., 2025).

Two lines of work address this gap. Supervised
methods learn query—tool correspondences from
labeled pairs (Qin et al., 2024b; Wang et al., 2025;
Fang et al., 2026). Updating a tool corpus requires
refreshing its representations and may also require
model updates when tool identities are encoded in
model parameters. Generative augmentation draws
on document expansion (Nogueira et al., 2019;
Nogueira and Lin, 2019) to supply user-style phras-
ing. Re-Invoke (Chen et al., 2024b) applies this
idea without tool-specific training: an LLM gen-
erates synthetic intents, each is concatenated with
the documentation and encoded, and the resulting
vectors are averaged.

Documentation and synthetic intent provide
two views of the same tool. The documentation
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view is function-centric and documentation-style,
specifying functional boundaries, parameters, and
schemas. The intent view is task-centric and user-
style, describing situations in which a user would
need the tool. Text-level concatenation joins these
views before encoding, leaving their relative contri-
butions to emerge implicitly from a single encod-
ing pass. It therefore cannot explicitly discount an
intent that largely restates already informative doc-
umentation. This motivates weighting the intent
according to how much complementary informa-
tion it adds for each tool.

We present ToolFuse, which replaces text-
level concatenation with vector fusion of the
two separately encoded views (Figure 1). Its
Complementarity-based Semantic Fusion (CSF)
sets a query-independent weight for each tool us-
ing geometric complementarity as a proxy for the
information added by its intent view. Corpus-level
standardization makes this weight relative to the
other tools in the pool. The best fixed weight varies
across ToolBench Per-Split pools. With query pro-
cessing held fixed, CSF performs on par with fixed
weights selected separately for each split, without
using query—tool labels to set its weights (§6.2).

On the query side, a user request can bundle
several functional needs, some of which may be un-
derrepresented when encoded together. ToolFuse
adopts Query Decomposition, drawing on prior
work on topical decomposition and tool-related in-
tent extraction (Bonchi et al., 2008; Chen et al.,
2024b). It groups needs by tool type into focused
sub-queries, retrieves against the fused index, and
aggregates the lists by rank position so that candi-
dates from different sub-queries can enter the final
ranking. Decomposition is an established tech-
nique, and §5.3 characterizes when it helps.

Our main contributions are as follows.

* We replace text-level concatenation of doc-
umentation and intent with vector fusion of
separately encoded views, and propose CSF
to set each tool’s fusion weight from corpus-
standardized geometric complementarity with-
out per-corpus tuning.

* On ToolBench Per-Split, full ToolFuse, com-
bining tool-side CSF with query-side de-
composition, raises average NDCG@5 over
documentation-only retrieval on all four en-
coders, by 10.8 to 15.8 points, including
64.72 to 75.49 on Qwen3-Embedding-0.6B.

* We add CSF as a representation-level plug-in

to the supervised ToolRetriever, raising Per-
Split average NDCG @5 from 75.86 to 77.75,
and the gain holds when the candidate pool
expands to Full-Corpus.

2 Related Work

2.1 Learning to Match Queries and Tools

Training-based tool retrieval learns query—tool cor-
respondence from labeled pairs or tool-use data.
ToolRetriever fine-tunes a dense bi-encoder on
query—documentation pairs (Qin et al., 2024b).
ToolRerank combines learned relevance scoring
with hierarchy-aware reranking (Zheng et al.,
2024), while COLT learns tool relationships
through graphs linking queries, tool sets, and tools
(Qu et al., 2024). Generative retrieval instead trains
an LLM to produce tool identifiers, using individ-
ual tokens in ToolGen (Wang et al., 2025) or hierar-
chical code sequences in ToolWeaver (Fang et al.,
2026). Table 1 summarizes representative methods.

Tool2Vec uses the average embeddings of ex-
ample queries associated with each tool and com-
bines this representation with a trained ToolRefiner
(Moon et al., 2024). ToolFuse instead generates
task-centric intents from documentation and retains
the documentation as an independent view. It re-
quires no labeled example queries for tool represen-
tation construction and also applies to an already
fine-tuned encoder (§5.2).

2.2 Generative Augmentation and View
Fusion

Generative augmentation supplies alternative ex-
pressions for retrieval. Document expansion gen-
erates likely queries for documents (Nogueira
et al., 2019; Nogueira and Lin, 2019), whereas
Query2doc and HyDE generate pseudo-documents
from a search request (Wang et al., 2023; Gao et al.,
2023). Re-Invoke extends document expansion to
tool retrieval by jointly encoding each generated
intent with the documentation and averaging the
vectors (Chen et al., 2024b). It is the closest tool-
retrieval reference for our representation design.
Expansion is not uniformly beneficial across re-
trieval settings (Weller et al., 2024), motivating
control over how generated text contributes to a
representation. ToolFuse makes this contribution
explicit by separately encoding and weighting doc-
umentation and intent. The controlled compari-
son in §6.1 evaluates this construction against Re-
Invoke’s joint encoding while holding the gener-
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Method TF LLM@q Tool repr. Query op. Family
Training-based retrieval

ToolRetriever (Qin et al., 2024b) X 0 doc only - dense
Tool2Vec + ToolRefiner (Moon et al., 2024) X 0 query avg. - dense + reranker
COLT (Qu et al., 2024) X 0 doc + graph - graph
ToolRerank (Zheng et al., 2024) X 0 doc only - reranker
ProTIP (Anantha et al., 2023) X 0 doc only implicit decomp. dense
ToolGen (Wang et al., 2025) X - token - generative
Iterative retrieval

AnyTool (Du et al., 2024) v iterative - - agent
IterFeedback (Xu et al., 2024) X iterative doc only rewrite dense
Generative augmentation

Re-Invoke (Chen et al., 2024b) v single concat decomposition dense
ToolFuse (ours) v single fusion decomposition dense

Table 1: Representative methods grouped by primary retrieval intervention. 7F: no retrieval component is
trained on the tool corpus. LLM@gq: extra LLM calls for retrieval, excluding downstream planning; ToolGen
integrates generation into the retriever. Tool repr.: documentation as tool-side text (doc only), documentation
embeddings refined by graph learning (doc + graph), average example-query embedding (query avg.), jointly
encoded documentation and intent (concat), separately encoded and fused views (fusion), or learned identifier

(token). A dash (-) denotes not applicable.

ated intents and query processing fixed.

Prior retrieval models learn representations of
multiple document fields (Zamani et al., 2018), fuse
learned aspect embeddings (Kong et al., 2022), or
retain multiple document views for query match-
ing (Zhang et al., 2022). MFAR learns query-
conditioned weights for field-level scores (Li et al.,
2025). Closer to our setting, STAR separately en-
codes table content and generated queries without
retrieval training; its dynamic fusion rule increases
the generated-query weight with similarity between
the views (Hsu et al., 2026). CSF instead uses the
intent view’s residual beyond the documentation
direction as a complementarity proxy, standard-
ized against the tool corpus. Its distinction is this
training-free, query-independent weighting rule,
whose comparison with tuned fixed weights ap-
pears in §6.2.

2.3 Query-Side Retrieval Strategies

Iterative methods use retrieval feedback to rewrite
queries (Xu et al., 2024) or reflection on failed solu-
tions to guide hierarchical search (Du et al., 2024),
potentially requiring repeated LLM calls. Topi-
cal query decomposition instead produces queries
covering distinct topics (Bonchi et al., 2008). In
tool retrieval, ProTIP learns implicit decomposition
through progressive updates to the query embed-
ding (Anantha et al., 2023), while Re-Invoke ex-
plicitly extracts tool-related intents and ranks tools
by within-intent rank, then similarity (Chen et al.,

2024b).

ToolFuse adopts explicit Query Decomposi-
tion through one LLM call and uses the same
rank-first, similarity-second aggregation principle
as Re-Invoke. §3.3 details the procedure, and
Appendix C.5 compares aggregation alternatives.
We also evaluate hierarchical routing and cross-
encoder reranking as alternative retrieval proce-
dures (§4.2). These query-side choices comple-
ment CSF’s tool-side representation design.

3 Method

ToolFuse runs in an offline and an online stage
that share a single encoder, as shown in Figure 2.
The offline tool-side stage applies CSF to combine
each tool’s function-centric documentation view
and task-centric intent view into one vector. The
online query-side stage adopts Query Decomposi-
tion to split a multi-intent query into focused sub-
queries before retrieval. We detail the tool-side
construction in §3.2 and the query-side procedure
in §3.3.

3.1 Problem Formulation

Given a tool corpus 7 = {d,}}¥_, with tool index
¢ € {1,..., N}, the system receives a user query
() and must return a top-K ranking of the tools
relevant to it. We work in a dense bi-encoder set-
ting with one precomputed embedding per tool. A
frozen dense encoder f maps the query and tools
to vectors, and tools are ranked by their similarity
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Figure 2: The ToolFuse architecture. Offline, a frozen dense encoder maps each tool’s documentation and its
LLM-generated synthetic intents into a documentation view d; and an intent view i,. CSF reads a per-tool fusion
weight from how much the intent view extends beyond the documentation direction, standardized against the corpus,
and combines the two views into one fused vector e, per tool. Online, an LLM splits the query into sub-queries at a
per-tool-type granularity; each retrieves over the fused index, and rank aggregation produces the final ranking.

to the encoded query.

3.2 Offline Stage: Tool Representation
Construction

The offline stage precomputes one fused vector per
tool. It first builds the two complementary views
of the tool and then combines them into a single
vector.

Documentation view and intent view. We treat
the documentation and the synthetic intent as two
semantic views of the same tool and encode each
separately. The documentation view is the em-
bedding d; = f(d;) of the tool documentation.
It gives a function-centric representation of the
tool’s functional boundaries, calling conditions, pa-
rameters, and schema. For the intent view, the
LLM generates n synthetic intents u}, ..., uy for
dy, each a user-style search query. The intent com-
bination step joins them into a single text ¢, =
Concat(uj, ...,u}), encoded once as iy = f(cy),
a task-centric representation of the tool’s typical
usage contexts. The intent view is therefore a sin-
gle vector of the same dimensionality as the docu-
mentation view, and separate encoding leaves both
available for explicit fusion. Retrieval scores tools
by cosine similarity, so both view vectors are L2-
normalized, and d; and iy denote the normalized
vectors below. Appendix C.1 reports the sweep
over n and an alternative intent combination, and

Appendix A.1 gives the full prompt and examples.

Complementarity-based Semantic Fusion (CSF).
Tools differ in how complete their documentation
is and in how much user-style information their
synthetic intent adds. A single shared fusion weight
assigns the same value to every tool and so ignores
this tool-level diversity. CSF instead estimates a
query-independent fusion weight for each tool from
the geometry of its two views in embedding space
alone.

We use the intent view’s deviation from the doc-
umentation direction as a geometric proxy for com-
plementarity, decomposing iy into a component
aligned with d; and an orthogonal residual, and
score complementarity by the norm of that resid-
ual,

s = |lig — (ig - dg) dg]| )]

which is the sine of the angle between the two
views. §6.2 examines how the resulting fusion
weight behaves in retrieval, and Appendix Table 9
reports an alternative complementarity score based
on cosine distance.

Corpus-level standardization and vector fusion.
CSF interprets each sy relative to the candidate
corpus rather than through an absolute threshold.
It standardizes the scores with a corpus-level z-
score zp = *= and maps the result through a
temperature sigmoid into a fusion weight ay =
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sigmoid(%), where p and o are the mean and
standard deviation of {s¢})¥ . A tool at the corpus
mean maps to ay ~ %, and above-average comple-
mentarity earns a higher intent-side weight. The
temperature 7 controls the smoothness of the sig-
moid. A larger 7 pulls every «a, toward the neutral
value %, and a smaller one makes it more sensitive
to z-score deviations. We set 7 = 4 globally, and
Appendix C.3 reports the sensitivity sweep.

The fused representation of a tool is the weighted
interpolation of its two views,

e = (1 —Ozg) d;, + ayiy, 2)

so ey directly replaces the per-tool vector of a
documentation-only baseline. The fused index
{e,}), is built once offline per corpus and is then
shared by all queries.

3.3 Online Stage: Query Decomposition and
Aggregation

Query Decomposition. A complex query can
bundle several functional needs that map to dif-
ferent tool types. We use the LLM to split @
into m sub-queries ¢y, . . . , Gm, €ach capturing one
such type; the LLM determines m from the query.
A single-need query produces one rewritten sub-
query. The prompt groups needs handled by the
same tool type, so checking hotel prices in several
cities stays together while hotel search and EV-
charger search split apart. Sub-queries remain in
user-style phrasing and are encoded directly. Ap-
pendix A.3 gives the full prompt template and ex-
amples.

Per-sub-query retrieval. For each sub-query g
we compute qi = f(§x) and take the top-L results
on the fused index by cosine similarity, written as
the ranked list

L L
R = () ) ),

)

where ¢, is the j-th ranked tool for sub-query gy,
r,(f ) is its cosine similarity, and L is the per-sub-

query candidate cutoff.

Rank aggregation. Decomposition produces one
ranked list per sub-query, Ry, ..., R,,. Ranking all
candidates by raw similarity could let a sub-query
with generally higher scores dominate the final list.
Following Re-Invoke’s rank-first, similarity-second
principle (Chen et al., 2024b), we give priority to
each candidate’s position in its own list. We first

consider every sub-query’s first-ranked candidate,
then its second-ranked candidate, and so on, one
round per rank. At each rank, we order candidates
by cosine similarity to their respective sub-queries,
skip tools already selected, and stop after K dis-
tinct tools. Similarity therefore determines the or-
der only among candidates at the same rank and,
when those candidates outnumber the remaining
slots, which of them are retained. Appendix C.5
gives the pseudocode and compares this procedure
with its version without similarity sorting, RRF,
and CombSUM.

4 Experimental Setup
4.1 Datasets and Splits

Our primary evaluation uses ToolBench (Qin et al.,
2024b), which provides three test splits: I1 (single-
tool instructions), 12 (intra-category multi-tool),
and I3 (intra-collection multi-tool). These names
describe how each split’s instructions were com-
posed over the tool inventory, not the number of
ground-truth tools per query. §5.3 tests transfer to
TOOLRET (Shi et al., 2025), with the full table in
Appendix C.7.

We evaluate under two candidate pools. Un-
der Per-Split, our main setting, the pool 7; holds
only the tools referenced by the labeled samples
of split i € {I1,12,13}, which supports controlled
comparison with prior results. Under Full-Corpus,
the pool Tpy is the unfiltered RapidAPI crawl re-
leased with ToolBench (49,415 endpoints), which
is larger than the curated API set the benchmark
itself retains, so each test query is scored against
tens of thousands of tools that no split references.
Full-Corpus mainly probes the supervised ToolRe-
triever, fine-tuned on the ToolBench training set,
against this enlarged pool (§5.2); Appendix C.6
reports the training-free methods there. Appendix
Table 5 reports pool sizes and query counts, and we
report the standard ToolBench metric NDCG@ K
(K € {1,3,5}). Retrieval averages give equal
weight to I1, 12, and 13; downstream averages are
weighted by subset query counts.

4.2 Retriever Backbones and Comparison
Setup

Our core comparison focuses on first-stage retrieval
with one precomputed embedding per tool and
spans four dense encoders: Qwen3-Embedding-
0.6B (Zhang et al., 2025), BGE-M3 (Chen et al.,
2024a), mE5-large-instruct (Wang et al., 2024), and
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11 12 3 Average
Method @1 @3 @5 | el @3 @5 | @l @3 @5 | @l @3 @5
BM25 | 29.46 3411 36.76| 24.13 2954 3231| 32.00 3277 3833| 2853 32.14 35.80
Qwen3-Embedding-0.6B
plain 63.83 6547 74.21| 4937 53,57 58.20| 52.00 55.83 61.76| 55.07 5829 64.72
Re-Invoke™ 64.67 6638 71.21| 54.14 59.60 64.18| 53.00 55.71 65.37| 5727 60.56 66.92
Hierarchical 53.00 54.05 58.03| 47.12 48.57 5197| 57.00 5840 63.81| 5237 53.67 5794
Reranker! 60.85 66.03 72.47| 53.68 58.07 64.63| 71.00 68.49 73.99| 61.84 6420 70.36
ToolFuse (ours) | 67.33 69.25 76.23| 61.15 6220 71.47| 69.00 67.87 78.76| 65.83 66.44 75.49
BGE-M3
plain 58.00 58.73 64.02| 46.12 48.13 52.86| 43.00 51.16 58.78| 49.04 52.67 58.55
Re-Invoke™ 59.00 6347 68.04| 5890 6248 67.11| 54.00 5634 62.30| 5730 60.76 65.82
Hierarchical® 27.67 2754 2991| 2556 24.68 26.80| 27.00 3458 38.58| 26.74 2893 31.76
Reranker! 60.42 65.87 72.10| 53.69 58.78 64.15| 72.00 67.95 74.38| 62.04 6420 70.21
ToolFuse (ours) | 63.50 66.05 73.84| 61.15 62.03 70.68| 67.00 6551 77.04| 63.88 64.53 73.85
mES-large-instruct
plain 62.33 6231 66.72| 47.12 50.75 54.44| 51.00 48.18 54.04| 5348 53.75 5840
Re-Invoke™ 60.08 61.03 6594| 56.64 59.16 6398| 56.00 5240 60.69| 57.57 57.53 63.54
Hierarchical 39.67 38.54 41.41] 39.10 40.71 44.21| 45.00 4594 50.29| 41.26 41.73 4530
Reranker! 61.71 66.51 72.65| 5259 57.67 63.75| 69.00 65.64 7229| 61.10 6327 69.56
ToolFuse (ours) | 66.83 6820 74.80| 61.15 61.21 7045| 62.00 68.73 77.25| 63.33 66.05 74.17
GTE-large
plain 53.67 56.89 61.74| 4236 4399 49.03| 48.00 49.13 55.72| 48.01 50.00 55.50
Re-Invoke™ 47.00 5026 5530| 39.10 45.64 51.96| 54.00 5422 58.76| 46.70 50.04 55.34
Hierarchical 29.67 30.76 33.35| 3434 34.18 37.43| 36.00 40.17 4399| 3334 3504 3826
Reranker! 60.45 66.01 71.74| 52.08 56.84 6229 72.00 69.40 74.15| 61.51 64.08 069.39
ToolFuse (ours) | 60.50 63.17 7031| 50.63 56.06 64.70| 61.00 6527 73.26| 57.38 61.50 69.42

Table 2: ToolBench tool retrieval across four dense encoders (Per-Split, NDCG@ K, %). All methods are
training-free, and the dense methods use the encoder of their block; §4.2 defines them. THierarchical and Reranker
change the retrieval procedure rather than the tool representation. *Re-Invoke is our reproduction, not the authors’
reported numbers. Bold marks the best value per column within each encoder block; BM25 is not bolded.

GTE-large (Li et al., 2023; Zhang et al., 2024).
Within each block, plain, Re-Invoke (Chen et al.,
2024b), and ToolFuse share this operating point, so
their differences come from tool representation and
query processing alone. plain retrieves the orig-
inal query against the documentation index, and
we reproduce Re-Invoke with its original prompts
and query-side recipe on each encoder. Qwen3-
Embedding-0.6B (Qwen3 below) is the default for
§6, and BM25 (Robertson and Zaragoza, 2009)
provides a sparse reference.

We add two training-free designs that keep the
encoder but change the retrieval procedure. Hierar-
chical routes through ToolBench’s native category
tree, taking the top five categories, then 20 tools
from their names and descriptions, then the full
tool records including parameters. Reranker re-
scores the plain dense top 100 with the zero-shot
cross-encoder Qwen3-Reranker-0.6B (Zhang et al.,
2025), which adds about 100 cross-encoder passes
per query on top of the dense retrieval stage. Nei-
ther updates any weight, so both stay training-free.
Both also run under Full-Corpus, and the router ad-

ditionally runs end to end on Qwen3. Appendix B
lists model identifiers and dimensions.

As a supervised reference we compare against
ToolRetriever (Qin et al.,, 2024b), a dense bi-
encoder fine-tuned on the ToolBench training-
set query—tool pairs. Because it stores one pre-
computed embedding per tool, we can add CSF
as a tool-side plug-in (denoted + CSF) to test
whether CSF and supervision are complemen-
tary (§5.2). The plug-in encodes both views
with ToolRetriever’s own encoder and replaces its
documentation-only index with the fused vectors,
leaving the rest of the procedure untouched.

4.3 Implementation Details

For the ToolBench experiments, the default encoder
is Qwen3-Embedding-0.6B (1024-dimensional),
and both offline synthetic intent generation and on-
line Query Decomposition use GPT-40-mini. We
generate n = 10 synthetic intents per tool and set
the fusion temperature 7 = 4, both fixed across
all splits and candidate pools. Appendices C.1
and C.3 report the two sweeps. At query time each
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sub-query retrieves its top-L candidates from the
fused index with L = 50, and rank aggregation pro-
duces the final top-K ranking with K = 5 (§3.3).
Following each encoder’s official recommenda-
tion, Qwen3-Embedding and mES5-large-instruct
prepend their suggested task instruction prefix on
the query side (Appendix A.5), while BGE-M3 and
GTE-large use none; the prefix is identical across
every row of a block. BM25, the two alternative
designs, and ToolRetriever follow their standard
settings, and Appendix Table 6 lists the core hyper-
parameters.

5 Main Results

5.1 ToolFuse under the Training-Free Setting

Under Per-Split (Table 2), ToolFuse reaches the
highest Average NDCG@5 in every encoder block:
75.49 on Qwen3-Embedding-0.6B, 73.85 on BGE-
M3, 74.17 on mES5-large-instruct, and 69.42 on
GTE-large. Against plain retrieval and Re-Invoke,
it leads at every split and cutoff but one, BGE-M3
12 at NDCG@3. Its Average NDCG@5 gain runs
from +10.8 to 4+15.8 points over plain retrieval
and from +8.0 to +-14.1 over Re-Invoke.

Re-Invoke raises 12 and I3 NDCG @5 on all four
encoders but improves 11 only on BGE-M3, so
on GTE-large the I1 drop cancels its other gains
and leaves the average nearly unchanged (55.34
vs. 55.50 for plain retrieval). ToolFuse instead im-
proves all three splits on all four encoders, includ-
ing 11 by 2.0-9.8 points. Re-Invoke also splits
queries into per-need intents, so its margin to Tool-
Fuse mainly reflects tool representation; §6.1 iso-
lates that part with the query side held fixed.

Among the alternative procedures, routing
through ToolBench’s own categories is the weaker
design on every encoder (57.94 down to 31.76 Av-
erage NDCG@5) and stays below plain flat re-
trieval even though its last stage reads the full
tool records, consistent with a tool dropped at the
category level being unrecoverable. The reranker
reaches 69.39 to 70.36 and takes most I3 cells, al-
though ToolFuse leads I3 NDCG@5 on three en-
coders. ToolFuse also keeps the higher average on
all four encoders, by 5.13 points on Qwen3 and
level on GTE-large (69.42 vs. 69.39). It does so
with one similarity search per sub-query plus one
LLM decomposition call, instead of scoring 100
query—candidate pairs after dense retrieval.

On Qwen3, Query Decomposition contributes
+8.78 over documentation-only retrieval (64.72 to

Query  Tool repr. 11 12 I3 Avg.
Per-Split
Direct Documentation 83.86 78.54 65.19 75.86

Decomp. Documentation 78.63 75.41 69.86 74.63
Direct  CSF 84.19 77.94 71.12 71.75
Decomp. CSF 80.21 76.29 72.08 76.19

Full-Corpus

Direct Documentation 76.88 70.03 57.75 68.22
Decomp. Documentation 67.41 67.65 50.79 61.95
Direct  CSF 77.82 70.29 62.78 70.30
Decomp. CSF 71.29 68.56 50.37 63.41

Table 3: Supervised ToolRetriever under both can-
didate pools (NDCG @5, %; best per column within
each pool in bold). We cross query processing with
tool representation.

73.50) and the CSF-fused index a further +1.99
(73.50 to 75.49), or 4+1.73 without decomposition
(64.72 to 66.45). The query side thus provides
the larger share on Qwen3, which is also where
the tool-side contribution is smallest: the other
three encoders gain +4.9 to +6.5 from it (Ap-
pendix C.8).

5.2 CSF as a Plug-in on a Supervised
Retriever

We next test whether tool-side fusion still helps
after supervised fine-tuning, and whether that gain
survives the Full-Corpus pool. Table 3 crosses
two query-processing choices with two tool repre-
sentations under both pools, so CSF is compared
with documentation-only retrieval at fixed query
processing. Under Per-Split, CSF raises average
NDCG@S5 from 75.86 to 77.75 with direct queries
and from 74.63 to 76.19 with decomposition. Di-
rect queries with CSF give the highest average; the
largest split-level gain is on I3 (65.19 to 71.12),
despite a decrease on 12. Under Full-Corpus ev-
ery configuration scores lower, but direct-query
CSF again improves the average (68.22 to 70.30)
and each split, with I3 gaining the most (57.75 to
62.78). The tool-side improvement therefore per-
sists on an already fine-tuned retriever and after the
pool adds tens of thousands of distractors.

Query Decomposition improves 13 under Per-
Split but lowers the average for both tool repre-
sentations, and under Full-Corpus it lowers every
split. A retriever fine-tuned on complete query—
tool pairs may simply be better aligned with origi-
nal queries than with LLM-generated sub-queries.
These results support retaining ToolRetriever’s
original queries and strengthening its tool repre-
sentation. With this configuration, the StableTool-
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Bench agent’s Solvable Pass Rate rises from 60.13
to 64.14 (Appendix Table 14).

5.3 Transfer to TOOLRET and Downstream
Task Completion

Per-Split rewards both sides of the framework, with
Query Decomposition providing the larger share
for the training-free encoders and CSF alone im-
proving the supervised retriever. We therefore ask
which side keeps its gain when the benchmark or
the evaluation stage changes, with the systems of
Table 2 where applicable.

Tool-side fusion. On TOOLRET with Qwen3,
the only encoder we evaluate there, CSF without
decomposition (CSF-no-QD in the appendix ta-
bles) gives the highest category-macro NDCG@5
among the first-stage methods, 35.29 against 32.27
for plain retrieval and 34.25 for Re-Invoke, with
the gain coming from Web and Code while Custom
falls below plain retrieval (Appendix Table 12).
On the ToolBench Full-Corpus pool, where Re-
Invoke also decomposes queries, full ToolFuse
keeps the highest average NDCG@5 among the
first-stage single-vector methods on all four en-
coders, by 1.4 to 3.8 points over Re-Invoke. In-
dividual splits still favor other constructions, the
reranker leads on GTE-large, and the tool-side
change without decomposition falls below plain re-
trieval on mE5-large-instruct (Appendix C.6). The
tool-side change on its own thus carries over on
TOOLRET, while on Full-Corpus the advantage
over Re-Invoke holds for the full pipeline rather
than on every split.

Query Decomposition. Its benefit follows the
query distribution. On TOOLRET it lowers Qwen3
from 35.29 to 33.38, below Re-Invoke, and on the
supervised retriever it lowers the average under
both pools (§5.2), although on the Full-Corpus
pool it remains the larger of the two contributions
on three of the four training-free encoders. The
full pipeline’s Per-Split advantage therefore does
not transfer unchanged, and the zero-shot reranker,
which reads each candidate against the query, leads
TOOLRET at 38.13.

Downstream task completion. With the re-
trieved top-8 tools passed to a GPT-40-mini agent
on StableToolBench, full ToolFuse raises query-
weighted Solvable Pass Rate by 3.44—6.27 points
across the four encoders; Qwen3 improves from
60.11 to 65.40, compared with 55.03 for the evalu-

ated hierarchical router. Aggregate retrieval gains
thus accompany higher task completion in this
agent setup, although I3-Inst declines on three en-
coders (Appendix C.9, Tables 15-16).

6 Analysis

This section asks how much tool-side vector fusion
and query-side Query Decomposition each con-
tribute, and what the per-tool fusion weight of CSF
achieves relative to a searched fixed weight. All ab-
lations and sensitivity analyses use the default back-
bone Qwen3-Embedding-0.6B and keep Query De-
composition except in w/o Query Decomp., so
w/o0 intent view (73.50) is documentation-only
retrieval with decomposition, not the plain baseline
of Table 2 (64.72). Appendix D gives qualitative
cases.

6.1 Component Ablation

Table 4 removes components one at a time. On
the offline tool-representation side, w/o CSF
(concat.) replaces vector fusion with Re-
Invoke’s construction, concatenating each synthetic
intent with the documentation, encoding the copies,
and averaging their vectors, while keeping Tool-
Fuse’s own generated intents and Query Decom-
position. Average NDCG@5 drops from 75.49 to
72.27, with I3 losing 4.89 points, and since gen-
erated content and query processing are identical,
the drop isolates tool-representation construction.
On Qwen3 the concatenated representation (72.27)
even falls below documentation alone (w/o intent
view, 73.50), so on this encoder the fusion method
decides whether the intent view helps at all. Re-
moving either view degrades the average, so both
views contribute, and vector fusion stays above
concatenation on average for all four encoders (Ap-
pendix C.8).

On the online side, removing Query Decom-
position lowers the average by 9.04 points, with
changes of —0.66 onI1, —11.23 on 12, and —15.22
on I3, so its contribution is concentrated on the two
multi-tool splits. The tool-side contribution, by
contrast, holds under either query processing: the
fused index adds about two points with or with-
out decomposition on Qwen3 (§5.1) and +1.46 to
+2.08 in each row pair of Table 3 on the supervised
ToolRetriever.
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Figure 3: Effect of the fusion weight (Per-Split Avg
NDCG @5, %). Blue: a shared intent-side weight w,. (0:
documentation only; 1: intent only). Red: CSF, which
sets weights without query labels. The best shared
weight reaches 75.21; CSF reaches 75.49.

Variant 11 12 13 Avg
76.23 71.47 78.76 75.49

ToolFuse

Offline tool representation

w/o CSF (concat.) 74.25 68.69 73.87 72.27

w/o intent view 73.17 69.90 77.44 73.50

w/o documentation 73.02 68.70 72.24 71.32
Online query processing

w/o Query Decomp.  75.57 60.24 63.54 66.45

Table 4: Per-Split ablation NDCG @5, %). w/o CSF
(concat.) replaces vector fusion with text-level con-
catenation on the tool side, holding all else fixed. Bold
marks the best value per column.

6.2 Effect of the Fusion Weight

To probe the per-tool weight, we replace ay in (2)
with a single global constant w, € [0, 1] shared by
all tools. Figure 3 plots that sweep, in increments
of 0.1, alongside CSF, with per-split numbers in
Appendix Table 9.

The best fixed fusion weight differs across the
three ToolBench Per-Split pools: w. ~ 0.6 on 11,
0.7 on 12, and 0.4 on I3. The best single shared
value, w, = 0.4, gives 75.21 average NDCG@5.
Selecting the best value independently for each
split gives an oracle average of 75.50. CSF uses
corpus geometry rather than labeled queries to set
per-tool weights and reaches 75.49; it matches or
exceeds the best fixed weight on 12 and I3 and is
within a third of a point on I1 (Appendix Table 9).
Appendix C.4 gives the ay distribution.

Choice of the complementarity score. Scoring
complementarity by overall dissimilarity instead
of Eq. (1), with cosine distance (1 — cos) between

the two views, gives a close average NDCG@5
(75.13 vs. 75.49, Appendix Table 9); we keep the
orthogonal residual as the default for the geometric
reading in §3.2.

Number of synthetic intents. Sweeping the in-
tents generated per tool from n = 1 to 30 with the
rest of the pipeline fixed leaves average NDCG @5
between 74.70 and 75.71 for every n > 7, so the
default n = 10 (75.49) is not a finely chosen count.
Appendix C.1 reports the sweep together with the
two ways of combining the n intents into the intent
view.

7 Conclusion

We presented ToolFuse, a training-free tool-
retrieval framework that treats a tool’s documen-
tation and its LLM-generated synthetic intent as
two views rather than one text. Complementarity-
based Semantic Fusion (CSF) encodes the views
separately and weights them by how far a tool’s
intent view extends beyond its documentation di-
rection, read against the corpus distribution, while
the query side splits a request that bundles several
needs into focused sub-queries and aggregates their
result lists by rank.

On ToolBench Per-Split, ToolFuse raises aver-
age NDCG @5 over documentation-only retrieval
on all four dense encoders and has the highest aver-
age among the training-free systems we compare,
and CSF reaches the accuracy of a per-split oracle
weight sweep from corpus geometry alone. The
two sides transfer differently. ToolFuse keeps an
aggregate advantage of 1.4 to 3.8 points over Re-
Invoke on the Full-Corpus pool, and CSF alone
leads the first-stage methods on TOOLRET. As
a representation-level construction, CSF also im-
proves the fine-tuned ToolRetriever under both
pools and on downstream task completion. Query
Decomposition improves the Per-Split averages on
the four dense encoders but lowers the average on
TOOLRET and on the supervised retriever. Decid-
ing when to invoke it and making the view weights
query-aware without giving up the offline index are
natural next steps.

Limitations

ToolFuse builds part of every tool representation
from generated text that the tool’s author never
wrote. When documentation is thin or ambigu-
ous, the synthetic intent can describe a use the tool
does not serve, and CSF weights the two views
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by their geometry rather than by their correctness.
Such an intent therefore enters the fused vector
and, precisely because it sits far from the docu-
mentation direction, receives a substantial weight.
Appendix D.4 traces a case where the intent view
lowers the rank of a tool that documentation-only
retrieval had already placed correctly. The frame-
work also needs an LLM for both generation steps,
and they differ in cost and in sensitivity: synthetic
intent is generated once per tool offline and chang-
ing its generator moves average NDCG @5 within
one point, whereas Query Decomposition runs on
the path of every query and changing its model
moves the average by up to about five points (Ap-
pendix C.10).

CSF fixes each tool’s fusion weight before any
query arrives. That is what allows one vector per
tool and an index built once offline, but the balance
between the two views cannot follow the query:
when a query already matches one view well, the
other is still mixed in at its stored proportion and
can dilute a signal that was correct on its own,
and a misleading intent cannot be suppressed for
the queries it harms while kept for those it helps.
Query Decomposition has a matching weakness
on the other side, since splitting is decided from
the query text alone and can separate an atomic
functional constraint from the need it qualifies, af-
ter which rank aggregation still admits candidates
from the resulting sub-query. It is therefore a tech-
nique whose benefit depends on the query distri-
bution rather than an always-on component, and
a deployment would need a criterion for when to
decompose, which we do not develop here.

Ethical Considerations

We evaluate on publicly released resources. Tool-
Bench is distributed under the Apache 2.0 license
for research use, and TOOLRET aggregates pre-
viously released datasets under their own licenses.
The tool documentation we encode is the docu-
mentation these benchmarks distribute, and the
synthetic intents we generate from it serve only
as retrieval-side text. Both the offline intent gen-
eration and the online query rewriting call GPT-
40-mini through a commercial API, so tool doc-
umentation and benchmark queries are sent to a
third-party provider under its terms of use. A de-
ployment that decomposes real user queries would
send those queries to the same kind of service. The
method itself does not settle that data-handling de-

cision. Appendix A reproduces every prompt we
used.

A synthetic intent is generated text rather than
a description the tool provider wrote. It can over-
state or misdescribe what a tool does, and because
it enters the fused index it can move a tool up the
ranking for requests it does not actually serve, as
the Limitations section notes. Retrieval also sits
upstream of execution. ToolFuse changes which
tools an agent is shown, so a ranking error can
propagate into the call the agent makes, and a re-
triever that surfaces the right tool more reliably
surfaces harmful capabilities more reliably as well.
We measure ranking quality and downstream Solv-
able Pass Rate, and neither of those quantifies the
consequences of an executed call.
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to control output format, tone, and granularity. The
examples for offline synthetic intent generation
use generic concepts such as a loan calculator and
an eGFR calculator and are not drawn from Tool-
Bench. The example queries for online Query De-
composition come from the training split so that
they match real query style, and we write their sub-
queries by hand. None of the examples carry a tool
label, and no evaluation query ever enters a prompt.

A.1 Synthetic Intent Generation (Offline)

The offline prompt takes the documentation of a
single tool as input and produces a fixed number of
user-style synthetic intents. The in-prompt exam-
ples set the style we ask for, including a concrete
scenario, a purpose phrase, and concrete param-
eter values only when the tool actually exposes
parameters.

Prompt template.

System:

Write queries that capture what a real person
would search for when looking

for a tool to handle this specific task. Each
query should feel grounded in a

concrete scenario and carry enough context --
the service name, data type, or

action that makes this tool distinct -- so it
reads like a meaningful search,

not a generic request.

Where natural, end each query with a brief
purpose phrase ("for X", "to Y")

that anchors why someone needs this. Vary the
style: some queries are short and
keyword-dense, others are full goal-oriented
sentences.

If the tool has no listed parameters, describe
the general action only -- do
not invent IDs, codes, or filter values.

Loan calculator:
"monthly payments for $10,000 at 5% interest
over 3 years for budget planning”
"Total interest on a 30-year $300k mortgage
for a refinancing decision.”
"Biweekly amortization table for a car loan
to compare repayment options.”

eGFR calculator:
"eGFR for 45-year-old male creatinine 1.0
mg/dL for kidney function screening.”
"CKD stage for creatinine 2.5 in a
60-year-old woman for pre-appointment
check."”
"Kidney function score from serum creatinine

A Prompt Templates

We list the two prompt templates ToolFuse uses,
where {. ..} marks variables filled in at run time.
Both prompts use a few short few-shot examples

for nephrology referral.”

Carrier list (no parameters -- describe the
action, no invented values):
"List all supported shipping carriers from
TrackingMore for logistics setup.”
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"Retrieve available courier options for
carrier selection reference.”

Output plain text, one query per line, no
quotation marks.

User:
Generate {num_queries} queries for this tool.
Each should describe a distinct

real-world scenario -- mix short keyword-dense

queries with longer goal-oriented

ones, and add a brief purpose phrase where it
fits naturally. If no parameters

are listed, describe only the general action.

## Tool Information
{api_info}

Output exactly {num_queries} queries, numbered

1-{num_queries}:

A.2 Synthetic Intent Generation Examples

10. Check where 'Parasite' is streaming
globally using its TMDb ID for an upcoming
movie night with friends.

Example 2: authorization-status tool.

We give two offline generation examples below.
The tool documentation is shown in a consistent
field order: tool name, API name, description, re-

quired parameters, and optional parameters.

Example 1: parameterized streaming lookup.

Tool documentation excerpt:

Tool name: Streaming Availability

API name: Get Ultra

Description: Get the details of a show via
IMDb or TMDb id, including the global
streaming availability info.

Required parameters: none

Optional parameters: output_language,
tmdb_id, imdb_id

Generated synthetic intents:

1. Find streaming availability for the latest
season of 'Stranger Things' using its IMDb ID
for easy access.

2. Get the TMDb ID for 'The Crown' to check
which platforms it's available on for my
viewing plans.

3. Show me where to stream 'Inception’
globally with its IMDb ID for weekend movie
night.

4. Retrieve the streaming options for 'The
Marvelous Mrs. Maisel' using its TMDb ID to
finalize my watchlist.

5. Check the streaming platform for 'Breaking
Bad' by searching its IMDb ID for
binge-watching.

6. Locate where I can watch 'The Godfather'
using its TMDb ID for a classic movie
marathon.

7. List all streaming services offering 'The
Mandalorian' using its IMDb ID for a family
viewing session.

8. Find streaming information for 'Euphoria'
with its TMDb ID to decide if I should
subscribe to a new service.

9. Get the global streaming availability for
'Game of Thrones' using its IMDb ID for my
rewatch plans.

Tool documentation excerpt:

Tool name: Helioviewer vi

API name: checkYouTubeAuth

Description: Check to see if Helioveiwer.org
is authorized to interact with a user's
YouTube account via the current browser
session.

Required parameters: none

Optional parameters: callback

Generated synthetic intents:

1. Check if Helioviewer.org can access my
YouTube account for solar event sharing.

2. Confirm YouTube authorization status for
Helioviewer to upload my videos of solar
observations.

3. Is Helioviewer authorized to interact with
my YouTube account in this session for
educational content?

4. Verify Helioviewer access to my YouTube for
livestreaming solar events.

5. Check YouTube authentication for
Helioviewer.org to ensure I can use features
for sharing.

6. Determine if Helioviewer can post to my
YouTube channel from this browser for
educational outreach.

7. Is my YouTube account linked to
Helioviewer.org for accessing archived solar
images?

8. Check authorization for Helioviewer to
access my YouTube account for presenting solar
research.

9. Confirm if Helioviewer has permission for
YouTube integration to enhance my astronomy
projects.

10. Validate YouTube connection for
Helioviewer.org to manage uploads of solar
activity videos.

A.3 Query Decomposition (Online)

The online prompt takes the user query as input
and returns a JSON list of sub-queries, with each
sub-query corresponding to one type of tool that
the query needs to retrieve.

Prompt template.
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System:

Break the user query into sub-tasks -- one per
distinct type of tool needed.

Think of each sub-task as a search query
someone would type to find exactly

that tool.

The guiding question: "What different kinds of
tools does this query need?”

One sub-task per answer. If multiple intents
would be handled by the same type



of tool, write one combined sub-task.

Style: concrete action verb + domain-specific
object + brief purpose phrase

("for X", "to Y"). Preserve brand names, IDs,
and service names exactly. Only

include what the user explicitly asked for.

Example 1 -- two different tool types -> split
Input: "track my correo argentino shipment
987654321 and check if SQUAKE is

operational”
Output: {"sub_tasks”": [
{"query"”: "Track Correo Argentino shipment

987654321 for current delivery status."},
{"query"”: "Check SQUAKE service health and
uptime for operational confirmation."}

13

Example 2 -- same tool type across multiple
entities -> one sub-task
Input: "get hotel prices in Miami, Los
Angeles, and Honolulu for July, plus EV
charging stations near each”
Output: {"sub_tasks": [
{"query"”: "Historical hotel prices in Miami,
Los Angeles, and Honolulu for July trip
planning."3},
{"query": "EV charging stations near Miami,
Los Angeles, and Honolulu for travel
routing."}

13

Example 3 -- one tool handles everything ->
single sub-task
Input: "for order 9873458734, get the details,
item list, and shipping status”
Output: {"sub_tasks”: [
{"query"”: "Order details, items, and
shipping status for order ID 9873458734."}
13

Return only valid JSON: {"sub_tasks":

[{"query”: "..."}, ...1}
User:
Decompose into sub-tasks -- one per type of

tool needed. Each sub-task should

read like a standalone tool-search query with
a brief purpose phrase. Merge

anything a single tool type could handle.

Query: {query}

Return JSON only.

A4 Query Decomposition Examples

We give two online Query Decomposition exam-
ples below.

Example 1: recommendation, availability, and
food planning.

Original query:

I'm planning a hiking trip with my friends and
we want to listen to some inspiring podcasts
during the journey. Can you recommend some
motivational podcasts and provide the
streaming availability on platforms like
Spotify and Apple Podcasts? Also, suggest some
healthy snacks for the hike.

Decomposed sub-queries:

1. Recommend motivational podcasts for hiking
trip inspiration.

2. Check streaming availability of recommended
podcasts on Spotify and Apple Podcasts.

3. Suggest healthy snacks for hiking.

Example 2: cross-platform video metadata.

Original query:

I want to create a playlist of my favorite
music videos from YouTube. Get the related
tags for the 'Music' category from Vimeo to
enhance the playlist. Also, provide me with
information about the 'Music' category from
Vimeo.

Decomposed sub-queries:

1. Create a playlist of favorite music videos
from YouTube.

2. Get related tags for the 'Music' category
from Vimeo to enhance the playlist.

3. Provide information about the 'Music'’
category from Vimeo.

A.5 Retrieval Query Instruction
(Instruction-Tuned Encoder)

Following their official recommended usage, the
instruction-tuned encoders Qwen3-Embedding and
mE5-large-instruct prepend the task instruction pre-
fix below before encoding a query, whereas the non-
instruction-tuned BGE-M3 and GTE-large use no
query instruction. This prefix acts on the query side
only and leaves the encoding of tool documenta-
tion and synthetic intent unchanged. It is identical
under the plain and ToolFuse conditions.

Instruct: Given a user's task request,
retrieve API tool descriptions whose
functionality satisfies the request
Query: {query}

B Experimental Details

B.1 Dataset Statistics

Table 5 lists the candidate-pool size and the number
of test queries under each setting.

B.2 Hyperparameter Settings

Table 6 collects the default hyperparameters shared
by all experiments unless a section states otherwise.
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Setting Corpus # Tools # Queries
T 10,439 600

Per-Split Tr2 13,139 399
Tis3 1,603 100

Full-Corpus Trun 49,415 1,099

Table 5: ToolBench evaluation statistics. # Tools is the
candidate-pool size and # Queries is the number of test
queries. Under Full-Corpus, the same 11, 12, and I3
test queries (600, 399, 100; 1,099 total) are evaluated
against the enlarged gy pool, the unfiltered Rapid API
crawl released with ToolBench, rather than against a
separately curated query set.

Symbol Value

Encoder f Qwen3-Embedding-0.6B
(1024-d)

Intent-generation LLM GPT-40-mini

Query-decomposition LLM  GPT-40-mini

# synthetic intents n 10

Fusion temperature 7 4

Per-sub-query retrieval L 50

Final ranked-list size K 5

Embedding similarity cosine

Table 6: Hyperparameters used throughout the paper
unless stated otherwise.

B.3 Models and Compute

Our pipeline is training-free: no encoder or LLM is
fine-tuned, and all reported numbers are inference-
time only. The four dense encoders are Qwen3-
Embedding-0.6B (Qwen/Qwen3-Embedding-0. 6B,
our primary encoder, 0.6B parameters), BGE-
M3 (BAAI/bge-m3, 0.57B), mES5-large-instruct
(intfloat/multilingual-e5-large-instruct,
0.56B), and GTE-large (the Alibaba-NLP/
gte-large-en-v1.5 checkpoint, 0.43B); the su-
pervised ToolRetriever is a BERT-base bi-encoder
(0.11B). Synthetic intent generation and Query
Decomposition both use GPT-40-mini through
the OpenAl API, and the LLM-backbone ablation
(Appendix C.10) additionally uses GPT-4.1
through the same API and the open-weight
models listed there (Qwen3-8B/14B/32B for intent
generation; Qwen3-30B-A3B, Gemma-4-26B,
GPT-0OSS-20B, Ministral-14B, and Llama-3.1-8B
for Query Decomposition), served locally over an
OpenAl-compatible interface.

Local inference uses a single NVIDIA RTX
A6000 (48 GB) with PyTorch, while FAISS re-
trieval runs on CPU. Encoding and retrieval for
the core ToolBench Per-Split runs across the four
dense encoders and the supervised retriever, in-

cluding the re-encoding needed by the LLM-
backbone ablation, use under three GPU-hours
on this card. The open-weight LLMs in that ab-
lation (Appendix C.10) were served locally, and
their generation time is not included in this fig-
ure. GPT-40-mini Query Decomposition is cached
once for the 1,099 ToolBench test queries and
reused across the corresponding non-LLM-ablation
experiments. Generating the ToolBench intents
and decompositions uses fewer than 5,000 OpenAl
chat-completion requests and costs under USD $5.
These figures exclude the separately reported Full-
Corpus, TOOLRET, reranking, and downstream
runs.

C Additional Results

C.1 The Intent View: Number of Intents and
Their Combination

Figure 4 sweeps the number of generated intents
per tool from n = 1 to 30 with the rest of the
pipeline fixed. A single intent already yields a us-
able intent view (73.42), and average NDCG@5
rises by about two points as further intents cover
more of a tool’s usage contexts. The curve then flat-
tens, staying between 74.70 and 75.71 fromn = 7
through n = 30 with small fluctuations and no fur-
ther sustained gain. The default n = 10 reaches
75.49, and the reported results therefore do not rest
on a finely chosen intent count.

76.0 4

75.5 1

default n = 10

Avg NDCG@S5 (%)
~ ~ ~
& P w
(=) W (=3
1 1 1

735 4

73.0 =7 T T T T T T
1 5 10 15 20 25 30
# synthetic intents n

Figure 4: Effect of the number of synthetic intents
n (Per-Split Avg NDCG @5, %, Qwen3 + ToolFuse).
Accuracy rises from 73.42 at n = 1 and then flattens,
staying between 74.70 and 75.71 from n = 7 through
n = 30. The red circle marks the default n = 10.

§3.2 combines the n synthetic intents of a tool
into the intent view iy by concatenating them into
a single text and encoding it once (concat-then-
encode). We repeated the same sweep with the al-
ternative that encodes each intent separately and av-
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erages the n vectors (encode-then-average, i, © =

L1 f(uf)), leaving the rest of the pipeline
unchanged. Encode-then-average stays between
73.48 and 74.26 Per-Split Avg NDCG@S5 across
the sweep, while concat-then-encode covers 73.42
to 75.71; the two are close for n < 3 and differ by
0.92 to 1.70 points for n > 9. Table 7 gives the
per-split comparison at the default n = 10, where
the two reach 73.91 and 75.49 Avg NDCG@5.

Method (n=10) 11 12 I3 Avg

Encode-then-average 75.18 70.82 75.72 73.91
76.23 7147 78.76 75.49

Concat-then-encode

Table 7: Intent combination at the default n = 10
(Per-Split NDCG @5, %, Qwen3 + ToolFuse, rest
of pipeline unchanged). Concat-then-encode is the
default intent combination (§3.2) and repeats the Qwen3
+ ToolFuse row of Table 2. Bold marks the better value
per column.

Method (I3, n=10) @1 @3 @5
Encode-then-average 58.00 62.64 75.72
Concat-then-encode (default) 69.00 67.87 78.76

Table 8: NDCG@ K on the I3 split at n = 10 (%).
Concat-then-encode leads by 11.00 points at NDCG@1,
and the gap narrows as K grows but stays clear. Bold
marks the better value per column.

Table 8 shows that on I3 at n = 10 the gap
is 11.00, 5.23, and 3.04 points at NDCG@1, @3,
and @5, so it concentrates at the strictest cutoffs.
Both variants use the same user-style intents and
differ only in whether the encoder processes their
joint text or their vectors are averaged after separate
encoding.

C.2 Full Fusion-Weight Sweep

Table 9 gives the full Per-Split NDCG @5 for the
fixed-weight sweep of §6.2 (Figure 3), listing in its
last two rows CSF driven by the two complemen-
tarity scores, the orthogonal residual and cosine
distance (1 — cos). The main-text figure plots only
the Avg column.

C.3 Temperature Sensitivity and the Role of
the Fusion-Weight Center

7 controls how steeply the z-score maps to the
fusion weight ay. We set 7 = 4 a priori (§4)
so that a tool whose complementarity deviates
30 from the corpus mean still retains both views:

Weighting 11 12 13 Avg

Fixed intent-side weight
we = 1.0 73.02 68.70 72.24 71.32
we = 0.9 75.41 70.13 7542 73.65
we = 0.8 75.14 70.65 76.12 73.97
we = 0.7 75.99 71.46 77.34 7493
we = 0.6 76.55 71.22 77.31 75.03
we = 0.5 7645 71.27 77.82 75.18
we = 0.4 76.23 70.89 78.50 75.21
we = 0.3 75.72 70.65 76.82 74.40
we = 0.2 75.33 69.86 76.94 74.04
we = 0.1 73.59 69.51 77.83 73.64
we = 0.0 73.17 69.90 77.44 73.50

Adaptive tool-side weighting
CSF (1 — cos) 76.19 71.02 78.19 75.13
CSF (orth. residual) 76.23 7147 78.76 75.49

Table 9: Effect of the fusion weight on retrieval (Per-
Split NDCG @5, %). The fixed weight w, is the intent-
side weight shared by all tools. CSF sets the weight
automatically from a per-tool complementarity score;
1—cos uses cosine distance as an alternative complemen-
tarity score. The Avg column corresponds to Figure 3.
Bold marks the best and underline the second-best value
per column.

ay = sigmoid(3/7) ~ 0.68. Figure 5 reports the
resulting sensitivity analysis.

Within the evaluated Qwen3 Per-Split setting,
Avg NDCG@5 is insensitive to 7: 7 = 1 and the
default 7 = 4 give 75.59 and 75.49, and the sweep
from 1 to 32 spans 0.65 points. 7 changes how
widely the per-tool weights spread, but retrieval
within this range does not depend on its exact value.

As T grows, z;/7 — 0 and every ay — 0.5, so
the per-tool weights converge on the same neutral
value and the fused representation approaches an
equal mix of the two views. In the limit 7 — oo
the procedure reduces to the fixed weight w. = 0.5,
which scores 75.18 (Table 9), 0.31 points below the
default. The corpus-level standardization places
z¢ = 0 at the neutral weight 0.5, so the fusion
weight is adjusted around the corpus’s average com-
plementarity.

C.4 Verifying the oy Behavior of CSF

Figure 6 shows the distribution of the fusion
weights oy that CSF assigns across all tools,
complementing §6.2. The weights spread over
[0.19,0.66] and center near 0.5, and about 40% of
the tools receive an adjustment of |ay—0.5| > 0.05
in one direction or the other. CSF therefore keeps
the neutral weight as its center while shifting in-
dividual tools according to their complementarity
relative to the corpus distribution, and it does so
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Figure 5: Sensitivity to the fusion temperature 7 (Per-
Split Avg NDCG @5, Qwen3 + CSF + Query Decom-
position). Across 7 from 1 to 32, Avg NDCG @5 varies
by 0.65 points, and the default 7 = 4 lies within this
plateau. The open marker takes 7 — oo, where ev-
ery ay — 0.5, so it coincides with the fixed weight
we = 0.5 (Table 9, Avg 75.18).

without labels; a fixed weight would instead pin
every tool at the same point.

The ToolBench Full-Corpus pool gives a mean
of 0.50 and a standard deviation of 0.06, similar in
center and spread to the Per-Split pool. The two
candidate-pool constructions evaluated here thus
yield similar marginal weight distributions, and the
weights are always assigned per tool relative to the
active pool.

C.5 Aggregation Strategies

Algorithm 1 gives the rank aggregation procedure
used in §3.3. At each rank j, it considers the j-
th candidate from every sub-query in descending
similarity order, skips previously selected tools,
and stops after K distinct tools.

Table 10 compares five aggregation strategies
under the same Qwen3 Per-Split setting. The two
rank aggregation variants differ only in the order
of candidates at the same rank: the default sorts
them by similarity, while the other omits the within-
round sort. RRF (Cormack et al., 2009) combines
reciprocal ranks across sub-queries, whereas the
two CombSUM (Fox and Shaw, 1994) variants use
the mean or sum of per-sub-query similarities. All
other ToolFuse settings remain fixed.

The two rank aggregation variants achieve the
highest averages. Similarity sorting raises aver-
age NDCG@5 from 75.14 to 75.49, improving 12
by 0.34 points and I3 by 0.83 while reducing I1
by 0.13. Its average contribution is modest; both

1= documentation-leaning (a, <0.5) per-tool spread:
ar€[0.19,0.66], std 0.06

intent-leaning (as > 0.5) 40% shifted >0.05

Density

0.2 0.3 0.4 0.5 0.6 0.7
Per-tool fusion weight as

Figure 6: Per-tool distribution of the fusion weight
ay (Per-Split 11-13 combined, 7 = 4, Qwen3). Color
distinguishes tools pushed toward documentation (a, <
0.5, blue) from those pushed toward intent (o > 0.5,
orange); the black line marks the neutral point 0.5 that
a fixed weight would pin every tool to. The «, values
spread over [0.19, 0.66] rather than collapsing to a single
weight.

Strategy I1 12 I3 Avg

Rank aggregation (w/ sort) 76.23 71.47 78.76 75.49
Rank aggregation (w/o sort) 76.36 71.13 77.93 75.14

RRF 72.06 67.73 65.01 68.27
CombSUM (mean) 73.79 69.35 79.04 74.06
CombSUM (sum) 73.75 67.22 69.21 70.06

Table 10: Aggregation-strategy ablation (Per-Split
NDCG @S5, %, Qwen3 + ToolFuse). Rank aggregation
with within-round similarity sorting is the default and
has the highest average. Bold marks the best per col-
umn.

variants preserve the priority of higher-ranked can-
didates from each sub-query. We retain similarity
sorting as the default based on the three-split aver-
age.

CombSUM (mean) has the highest 13 result
(79.04), but its average (74.06) trails both rank ag-
gregation variants. CombSUM (sum) and RRF
reach averages of 70.06 and 68.27, respectively.
Both accumulate contributions when a candidate
appears in multiple lists, but their different results
and the stronger mean variant leave the cause of
the gap unresolved. Explaining it would require
measuring candidate overlap across the sub-query
lists, which we leave open.

C.6 The Full-Corpus Candidate Pool

Table 11 repeats the five methods of Table 2 on the
Full-Corpus pool of all 49,415 tools and adds CSF-
no-QD, the fused tool representation queried with-
out Query Decomposition, which is the w/o Query
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Algorithm 1 Rank aggregation

Require: Per-sub-query ranked lists Ry, ..., Ry,
(each Ry, a sequence of (tool, similarity) pairs);
target size K

1: Output ranking O <+ []; selected set S <« ()

2: for j = 1,2,..., maxy |Rg| do

33 Bj {(t,(cj),rm) 1 <k <m, j<
| R}

4:  Sort B; by similarity r from high to low
5. for each (t,r) € B; (in sorted order) do
6: ift ¢ S then

7: Add t to S and append t to the end of

@

8: if |O| = K then

9: return O
10: end if
11: end if
12:  end for
13: end for

14: return O

Decomp. variant of Table 4 carried to this pool.
ToolFuse has the highest macro-average NDCG@5
among the single-vector methods on all four en-
coders. The advantage is an aggregate one: indi-
vidual splits still favor other constructions, with
plain retrieval leading I1 and Re-Invoke exceeding
ToolFuse on I3 on Qwen3, and Re-Invoke exceed-
ing ToolFuse on GTE-large 12. The reranker has
the highest average on GTE-large and the highest
13 score for all four encoders, whereas under Per-
Split it led I3 on GTE-large alone, so its relative
standing on I3 improves in the enlarged pool. The
hierarchical router has a lower macro average than
plain flat retrieval for every encoder in this pool
as well. CSF-no-QD improves on plain retrieval
in three of the four encoder averages, but lowers
mE5-large-instruct from 44.99 to 44.79, including
an I3 drop from 30.34 to 22.89. Thus, the tool-side
change alone does not improve every Full-Corpus
setting.

C.7 Transfer to TOOLRET

TOOLRET pools heterogeneous retrieval tasks cov-
ering web APIs, code functions, and customized
applications, providing a distributional transfer test
beyond ToolBench’s explicitly constructed tool-
composition splits. We use Qwen3-Embedding-
0.6B and report all retrieval metrics at cutoff 5.
Table 12 reports category-level NDCG and aggre-
gate metrics averaged over the three TOOLRET

categories. The methods follow Table 2 except for
the hierarchical router, which the benchmark can-
not host: TOOLRET is assembled from separate
retrieval corpora and provides no native category
tree of the kind the router descends on ToolBench.

CSF-no-QD improves aggregate NDCG from
32.27 for plain dense retrieval and 34.25 for Re-
Invoke to 35.29, with corresponding gains on MAP,
recall, precision, and completeness. Query Decom-
position does not help under this transfer. Full
ToolFuse reaches 33.38 aggregate NDCG, below
CSF-no-QD. It raises Web NDCG slightly (41.70
to 42.18) but lowers Code (33.60 to 29.35) and
Custom (30.56 to 28.63). Because the decompo-
sition stage also rewrites a single-need query into
one sub-query, the decline may stem from over-
splitting, altered functional constraints, or the ag-
gregation step; in either case the query-side pro-
cedure does not transfer unchanged to this query
distribution.

The reranker is the strongest system in the ta-
ble, as expected of a stage that reads each candi-
date against the query. It re-scores a first-stage list
rather than replacing one, so we also ran it on top of
each first stage in a separate NDCG-only pass. Ag-
gregate reranked NDCG is 38.13 over plain dense
retrieval, 39.51 over Re-Invoke, 39.54 over CSF-
no-QD, and 38.86 over full ToolFuse. All three
augmented first stages exceed the reranked plain
baseline. The ordering of first stages is not fully
preserved after reranking, and CSF-no-QD and Re-
Invoke remain numerically close (39.54 vs. 39.51).

C.8 Component Ablation Across Encoders

Table 13 repeats the component ablation of §6.1 on
all four dense encoders, removing one component
at a time under the same Per-Split Query Decom-
position pipeline. Since w/o intent view keeps
documentation only, the gap from it to ToolFuse
is the tool-side contribution that the intent view
and CSF add. This contribution is positive on ev-
ery encoder and ranges from +1.99 on Qwen3-
Embedding-0.6B to +6.48 on GTE-large, so it is
not specific to one backbone. The pattern seen on
Qwen3 holds on all four: each view contributes to
the average of every encoder, and removing Query
Decomposition gives the largest drop on the multi-
tool 12 and 13.

Across the four encoders the fused representa-
tion ranks above either single view alone in 11
of the 12 encoder—split cells. The exception is
mE5-large-instruct on 13, where the intent view
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Method Il 12 I3 Avg Method Il 12 I3 Avg

QOwen3-Embedding-0.6B BGE-M3
plain 69.20 4930 36.11 51.54 plain 5427 4485 1431 3781
Re-Invoke 62.67 62770 40.26  55.21 Re-Invoke 63.67 62.51 38.42 54.87
Hierarchical! 52,95 4322 38.01 44.73 Hierarchicall 2593 23.15 1643 21.84
Reranker! 63.29 55.03 4945 5592 Reranker! 62.73  53.67 47.00 5447
CSF-no-QD 68.89 51.15 3723 5243 CSF-no-QD 61.48 5127 32.01 48.25
ToolFuse 66.80 64.26 38.83  56.63 ToolFuse 6491 6294 4486 57.57

mES-large-instruct GTE-large
plain 60.95 43.68 3034 4499 plain 52,51 3935 2874  40.20
Re-Invoke 61.90 62.02 3394 52.62 Re-Invoke 5591 5449 31.62 4734
Hierarchical” 37.17 3476 2623  32.72 Hierarchical’ 27.15  31.04 21.66 26.62
Reranker’ 6198 51.06 47.00 53.34 Reranker! 60.52 4896 46.13  51.87
CSF-no-QD 64.12 4735 22.89 44.79 CSF-no-QD 59.78  45.17  31.00 45.32
ToolFuse 65.47 6226 38.61 55.45 ToolFuse 60.28 54.07 39.15 51.17

Table 11: Complete training-free comparison on ToolBench Full-Corpus (NDCG @5, %). The candidate
pool contains all 49,415 tools. The five methods and their order follow Table 2; T again marks the two designs
that change the retrieval procedure. CSF-no-QD is the extra row, the fused tool representation queried without
Query Decomposition, that is, the w/o Query Decomp. variant of Table 4 under this pool. Results are not directly
comparable to the Per-Split pool. Bold marks the best macro average within each encoder block, and the layout
follows Table 13.

Method Web Code Custom NDCG MAP Recall Precision Comp.
plain 41.01 24.76 31.05 3227 2770 36.99 11.61  28.37
Re-Invoke  40.14 30.92 31.70 3425 29.65 39.24 12.10  30.82
Reranker!  43.19 35.22 3597 38.13 32.76 43.83 14.69 33.94
CSF-no-QD 41.70 33.60 30.56 3529 30.62 40.14 12.18  31.56
ToolFuse 42.18 29.35 28.63 3338 28.76 38.30 1195  29.92

Table 12: Training-free transfer to TOOLRET (%, all metrics at 5). Web, Code, and Custom (customized
apps) are category-level NDCG. Aggregate columns are macro averages over the three categories; Comp. is
Completeness @5, the fraction of queries whose target tools all appear in the top five (Qu et al., 2024). Method
names follow Table 2; T again marks the reranker, which re-scores the plain dense top 100 with Qwen3-Reranker-
0.6B. CSF-no-QD is the extra row, the fused tool representation queried without Query Decomposition. Bold marks
the best value per column.

reaches 80.69 and the fused representation reaches
77.25. This result is consistent with CSF’s query-
independent limitation: its corpus-derived weight
does not change according to which view best
matches a particular query. Even in this cell, vector
fusion ranks above text-level concatenation.

able Pass Rate using an LLM judge.

Setup. The agent is GPT-40-mini using depth-
first search-based decision tree (DFSDT) (Qin et al.,
2024b) reasoning with width 2, and the Solvable
Pass Rate is judged by GPT-4.1-mini, averaged
over 3 samples per query. The retrieval side reuses
the encoder of the supervised ToolRetriever and
takes the top-8 tools on the Per-Split candidate

C.9 Downstream Task Completion:
StableToolBench Solvable Pass Rate

We evaluate whether retrieval gains carry through
to end-to-end task completion on StableTool-
Bench (Guo et al., 2024). We feed retrieved can-
didate lists into a full tool-use pipeline and report
two comparisons: CSF stacked onto the supervised
ToolRetriever, and the complete training-free Tool-
Fuse pipeline against each plain encoder. Stable-
ToolBench is a reproducible version of ToolBench
that replaces unstable live RapidAPI calls with a
cache and a virtual API server, and assigns a Solv-

pool as the candidate function list handed to the
agent. The baseline runs ToolRetriever with co-
sine retrieval directly on the documentation index,
and + CSF stacks CSF onto the same ToolRetriever
encoder, using the same setup as the main-text de-
fault (concat-then-encode intent view, orthogonal-
residual score, 7 = 4), with the rest of the pipeline
unchanged. The evaluation follows StableTool-
Bench’s standard instruction, category, and tool
subsets for 11/12/13, 765 queries in total.
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Variant 11 12 13 Avg Variant 11 12 13 Avg
Owen3-Embedding-0.6B BGE-M3
ToolFuse 7623 7147 78.76 75.49 ToolFuse 73.84 70.68 77.04 73.85
w/o CSF (concat.) 7425 68.69 73.87 72.27 w/o CSF (concat.) 7392 7021 7286 72.33
w/o intent view 73.17 6990 7744 73.50 w/o intent view 68.33 6531 68.87 67.50
w/o documentation  73.02 68.70 7224 71.32 w/o documentation  69.48 66.45 74.11 70.01
w/o Query Decomp. 75.57 60.24 63.54 66.45 w/o Query Decomp. 70.18 58.18 58.85 62.40
mkE5-large-instruct GTE-large
ToolFuse 74.80 7045 77.25 7417 ToolFuse 7031 64.70 73.26 69.42
w/o CSF (concat.) 7342  69.20 74.60 72.41 w/o CSF (concat.) 67.64 61.88 70.55 66.69
w/o intent view 71.16 68.05 68.72 69.31 w/o intent view 62.66 57.62 68.53 6294
w/o documentation ~ 72.37 68.15 80.69 73.74 w/o documentation  67.72 60.07 7270 66.83
w/o Query Decomp. 71.78 5631 57.17 61.75 w/o Query Decomp. 6852 51.09 59.13 59.58

Table 13: Component ablation across four dense encoders (Per-Split NDCG @5, %). Each variant removes
or replaces one component from full ToolFuse under Per-Split. Query Decomposition is retained except in the
w/0 Query Decomp. row. w/o intent view keeps documentation only, so its gap to ToolFuse is the tool-side
contribution. Bold marks the best value per column within each encoder.

# Tool-

Split Queries Retriever + CSF A

I1-Cat 153 62.6 68.8 +6.2
I1-Inst 163 572 588 +1.6
11-Tool 158  64.6 700 +5.4
12-Cat 124 63.0 68.1 +5.1
12-Inst 106 583 60.1 +1.8
I3-Inst 61 47.5 505 +3.0
Weighted avg 765  60.13 64.14 +4.01

Table 14: Downstream task Solvable Pass Rate (Sta-
bleToolBench, %; bold marks the higher value). The
agent is GPT-40-mini + DFSDT (width 2), and the
judge is GPT-4.1-mini (averaged over 3 samples per
query). The retrieval side takes the top-8 tools under
Per-Split and hands them to the agent; + CSF stacks
CSF onto the same ToolRetriever encoder. # Queries is
the number of test queries per subset. A is the change
of + CSF over ToolRetriever.

Table 14 shows that switching the candidate list
handed to the agent from ToolRetriever alone to
ToolRetriever 4+ CSF raises the weighted-average
Solvable Pass Rate from 60.13 to 64.14 (44.01),
with positive changes on all six subsets. The largest
changes occur on I1-Cat, I1-Tool, and 12-Cat. Solv-
able Pass Rate is judged by GPT-4.1-mini over
three samples per query, so individual subset dif-
ferences include judging and sampling variability.
This table isolates CSF on top of the supervised
ToolRetriever; Table 15 evaluates the complete
training-free pipeline.

We next replace the supervised retrieval stage
with each training-free dense encoder, comparing
its plain documentation retrieval with full Tool-
Fuse. Table 15 shows that ToolFuse raises the

query-weighted average Solvable Pass Rate for ev-
ery encoder, by +3.44 to +6.27 points. Gains are
not uniform across subsets: I[3-Inst declines on
three encoders, and mES5 also declines on I1-Tool.
NDCG@5 and top-8 agent Solvable Pass Rate eval-
uate different stages, so a candidate-list change that
improves aggregate retrieval can still displace a tool
useful to the downstream agent on an individual
subset.

Table 16 then places the hierarchical router
against flat retrieval end to end. The router de-
scends ToolBench’s native categories with the same
Qwen3 encoder as the two flat systems, and we ran
it on that encoder alone. Its comparison with plain
retrieval tests this routing procedure; full ToolFuse
additionally changes tool representation and query
processing. The router reaches 55.03, below 60.11
for plain flat retrieval and 65.40 for ToolFuse, so
its lower average retrieval score is accompanied by
a lower task-completion score. Its largest loss is on
[3-Inst (29.51 against 42.08), the 13 instruction sub-
set. Other routing designs may behave differently.
The reranker consumes a first-stage list rather than
replacing one and was not run end to end.

C.10 Robustness to the Generating LLLM

ToolFuse uses an LLM in two places: offline syn-
thetic intent generation and online Query Decom-
position (both use GPT-40-mini in the main results).
We replace the model in each role separately while
keeping the remaining pipeline and hyperparame-
ters fixed.

Replacing the synthetic intent generator. Ta-
ble 17 replaces the offline synthetic intent generator
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Encoder Method I1-Cat Il1-Inst I1-Tool I2-Cat I2-Inst I3-Inst Avg A
Qwen3  plain 64.16 6350 68.35 5148 5723 42.08 60.11 -
ToolFuse 72.77 64.52  71.84 6048 6541 42.62 6540 +5.29
BGE-M3 plain 67.65 5757 70.04 49.60 57.55 5246 60.46 -
ToolFuse 69.61 68.00 70.78 64.78 68.87 4590 66.73 -+6.27
mES plain 65.36  59.61 6741 52.02 57.08 41.26 59.33 -
ToolFuse 71.79 63.60 66.67 5645 64.78 37.16 62.77 +3.44
GTE plain 65.69 60.12 6435 47.04 5833 47.54 58.74 -
ToolFuse 70.81 66.16 68.04 64.78 61.32 3934 6445 +5.71

Table 15: End-to-end StableToolBench Solvable Pass Rate with training-free retrievers (%). Avg is query-
weighted across the six solvable subsets. A is the change from the plain encoder within the same block. Table 16
reports the hierarchical router separately. Bold marks the best average within each encoder block.

12- I2- 13-
Cat Inst Inst

In- 1n- 11-

Method Cat Inst Tool

Hierarchical 61.11 57.67 62.76 52.15 48.74 29.51 55.03
plain 64.16 63.50 68.35 51.48 57.23 42.08 60.11
ToolFuse  72.77 64.52 71.84 60.48 65.41 42.62 65.40

Avg

Table 16: Hierarchical routing against flat retrieval
end to end (StableToolBench Solvable Pass Rate, %).
All three systems use Qwen3-Embedding-0.6B and the
setup of Table 15, holding the encoder fixed; ToolFuse
additionally changes tool representation and query pro-
cessing. Avg is query-weighted across the six subsets.

from GPT-40-mini with three open-weight Qwen3
models (8B / 14B / 32B), keeping Query Decompo-
sition fixed to GPT-40-mini. Their Avg NDCG@5
ranges from 74.84 to 75.93, within one point of
the GPT-40-mini reference (75.49). Thus, all four
generators give similar aggregate retrieval quality
in this setting.

Intent-gen LLM 11 12 I3  Avg.
GPT-40-minif 76.23 7147 78.76 75.49
Qwen3-8B 77.12 71.53 75.87 74.84
Qwen3-14B 76.75 71.62 79.41 75.93
Qwen3-32B 7725 7144 7693 75.21

Table 17: Replacing the synthetic intent generator
(Per-Split NDCG @5, %, Qwen3 encoder + full Tool-
Fuse). Only the offline intent-generation LLM changes;
Query Decomposition is fixed to GPT-40-mini, and the
rest of the pipeline and hyperparameters are unchanged.
T is the main-results reference (Table 2).

Replacing the Query Decomposition model.
Table 18 fixes synthetic intent generation to GPT-
40-mini and swaps only the online Query Decom-
position model, repeating the swap on all four en-
coders with one closed-source alternative (GPT-
4.1) and five open-weight models (Qwen3-30B-

A3B, Gemma-4-26B, GPT-OSS-20B, Ministral-
14B, Llama-3.1-8B). Most alternatives are within
one to three points of the GPT-40-mini Avg
NDCG@5, while the largest gaps are about five
points. Differences appear on all three splits and
are largest on I3 for three of the four encoders. The
prompt template in Appendix A.3 uses in-context
examples to specify the requested output granular-
ity, and the results show that decomposition quality
varies across generators.

Across these replacements, offline intent gen-
erators vary within roughly one point in average
NDCG@5. Query Decomposition variants show
larger differences across all four encoders.

D Additional Case Studies

This appendix presents four case studies: a con-
trast between separate-view vector fusion and text-
level concatenation, two cases that examine CSF’s
weight behavior, and one failure-mode diagnosis.
All cases use the online pipeline of this paper. The
query first passes through Query Decomposition
into sub-queries, each sub-query retrieves over the
same candidate pool, and the results are aggre-
gated by rank position. Unless stated otherwise,
the compared settings share the same set of sub-
query embeddings and the same aggregation strat-
egy, and differ only in how the tool index is rep-
resented: documentation view only, intent view
only, text-level concatenation, fixed-weight vector
fusion, and full CSF. The fixed-weight row uses the
best fixed intent-side weight of the split the case
belongs to, w. = 0.6, 0.7, and 0.4 for 11, 12, and
13, following the sweep in §6.2. The per-tool ay
distribution spreads over [0.19,0.66] rather than
collapsing to a single value, as Appendix C.4 re-
ports. These cases illustrate local mechanisms and
sources of failure.
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Decomposition LLM I 12 I3 Avg.

Decomposition LLM 11 12 I3 Avg.

QOwen3-Embedding-0.6B BGE-M3
GPT-40-mini’ 76.23 7147 78.76 75.49 GPT-40-mini’ 73.84 70.68 77.04 73.85
GPT-4.1 7722 70.12 7445 73.93 GPT-4.1 7348 69.44 7455 17249
Qwen3-30B-A3B 75.88 69.87 77.73 74.49 Qwen3-30B-A3B 72.50 70.11 74.10 72.24
Gemma-4-26B 75.41 6942 77.65 74.16 Gemma-4-26B 73.15 69.29 71.57 71.34
GPT-0SS-20B 7491 68.60 78.04 73.85 GPT-0OSS-20B 7232 69.73 73.37 71.81
Ministral-14B 7211 67.69 77.82 72.54 Ministral-14B 69.71 67.33 70.23 69.09
Llama-3.1-8B 71.83 67.67 78.68 72.73 Llama-3.1-8B 70.00 67.13 74.13 7042

mES5-large-instruct GTE-large
GPT-40-mini’ 74.80 7045 77.25 74.17 GPT-40-mini’ 70.31 64.70 73.26 69.42
GPT-4.1 7425 69.17 77.61 73.68 GPT-4.1 70.61 63.27 66.17 66.68
Qwen3-30B-A3B 73.34  69.41 7690 73.22 Qwen3-30B-A3B 69.48 63.03 70.69 67.73
Gemma-4-26B 7344 69.18 72.82 71.81 Gemma-4-26B 69.50 64.62 67.62 67.25
GPT-OSS-20B 73.30  69.61 75.34 72.75 GPT-0OSS-20B 68.54 64.63 70.93 68.03
Ministral-14B 72.33  68.08 76.31 72.24 Ministral-14B 68.23 63.33 71.72 67.76
Llama-3.1-8B 72.09 69.28 77.89 73.09 Llama-3.1-8B 67.93 62.17 68.21 66.10

Table 18: Replacing the Query Decomposition model across four dense encoders (Per-Split NDCG @5, %).
Only the online Query Decomposition LLM changes; synthetic intent generation is fixed to GPT-40-mini, and the
rest of the pipeline and hyperparameters are unchanged. T marks the GPT-40-mini default used in the main results;
its per-encoder row is the full-ToolFuse reference from Table 13.

D.1 Case A: Vector Fusion vs. Text-Level
Concatenation

This case uses an I3 multi-intent query to contrast
ToolFuse’s separate-view vector fusion against the
text-level concatenation ablation of §6.1. The two
variants use the same encoder, the same prompts,
the same Query Decomposition, and the same ag-
gregation strategy, and differ only in whether the
tool representation encodes documentation and syn-
thetic intent separately and then applies vector fu-
sion, or concatenates the two into a single text and
encodes it once.

Query. “I want to learn more about wildlife pho-
tography. Provide me with the category info for
‘photography’, the channel info for ‘National Geo-
graphic’, and the comments for the video with ID
‘901234°. Also, find a website where I can stream
or download a tutorial video on wildlife photogra-
phy...”

The query corresponds to four ground-truth
endpoints: Vimeo / GetCategoryInfo, Vimeo
/ GetChannelInfo, Vimeo / GetVideosComment,
and YTStream / Download.

Walkthrough. Table 19 identifies the missed
endpoints. The two endpoints that text-level con-
catenation misses, Vimeo / GetCategoryInfo and
Vimeo / GetChannelInfo, are highly similar at the
documentation level to the sister endpoints that get
selected. GetCategoryInfo has an empty API de-

scription and required parameters category and
format, while GetRelatedChannels likewise has
an empty description and the same parameters, and
GetRelatedPeople shares a similar category-style
interface. The concatenated representation ranks
the sister endpoints above these two targets. In
contrast, separate encoding keeps the intent view’s
task-centric phrasing, such as “category info” and
“channel info,” from being averaged with the near-
identical schema text of the sister endpoints; Query
Decomposition retrieves over these separate sub-
queries, and the full pipeline recalls all four ground-
truth endpoints.

D.2 Case B: Intent-Leaning Tool

The second case examines a tool whose doc-
umentation leans toward parameter syntax and
lacks user-task language: MoviesDatabase /
/titles/x/titles-by-ids (ToolBench docu-
ment id, docid, 5779).

Documentation. The endpoint’s functional de-
scription is only “Titles by ids list,” and the rest
of the content is mainly the API parameter struc-
ture: the required parameter idsList (“Imdb id’s
comma separated — tt0001702,tt0001856 ...”)
and the optional parameters 1ist and info (such
as base_info / mini_info). The documentation
almost entirely describes the calling format and
says little about how a user would phrase “look up
movie information” in natural language.
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Rank \ ToolFuse: separate-view vector fusion

\ Text-level concatenation

1 Vimeo / GetVideosComment v/ Vimeo / GetVideosComment v/
2 YTStream / Download v/ YTStream / Download v/
3 Vimeo / GetChannelInfo v/ Vimeo / GetRelatedChannels
4 Vimeo / GetCategoryInfo v/ Vimeo / GetRelatedPeople
5 Social Media Data TT Social Media Data TT

Hit@5 | 4/4 | 2/4

Table 19: Top-5 comparison for Case A. ToolFuse recalls all four ground-truth endpoints, while text-level
concatenation replaces two of them with functionally similar Vimeo sister endpoints. Hit@5 counts ground-truth

endpoints in the top five.

Tool representation Rank of docid 5779 Tool representation Rank of docid 2380
Documentation view only 31 Documentation view only 9
Intent view only 3 Intent view only 13
Text-level concatenation 6 Text-level concatenation 12
Fixed-weight fusion (w.=0.6) 5 Fixed-weight fusion (w.=0.6) 11
ToolFuse (CSF, ay =~ 0.54) 3 ToolFuse (CSF, ay =~ 0.44) 10

Table 20: Ground-truth rank for the intent-leaning
case. Lower rank is better; bold marks the best.

Synthetic intent. One LLM-generated synthetic
intent is: “Request information for IMDb IDs
tt1399683, tt2452046, and tt0457430 from Movies-
Database, collecting base information for thorough
analysis of each title.”

Query. “Can you provide me with the details
of the movies with the IMDb IDs tt1234567,
tt9876543, and tt2468024? Additionally, give me
the crew details and additional information for each
movie.”

In Table 20, documentation view only ranks the
endpoint at 31; its text is dominated by parameter
syntax, whereas the query asks for “movie details /
crew details / additional information.” Intent view
only ranks it at 3, and CSF assigns ay ~ 0.54
toward that view. The fused representation also
ranks it at 3, ahead of fixed-weight vector fusion
and text-level concatenation in this case.

D.3 Case C: Documentation-Leaning Tool

The third case examines a tool whose documen-
tation is already close to user query language:
Body Mass Index (BMI) Calculator / Weight
Category (docid 2380).

Documentation. The endpoint’s functional de-
scription is “Retrieve the weight category of an in-
dividual based on their BMI,” with a bmi parameter
and a short return schema (bmi / weightCategory).
This documentation already expresses the usage
context directly.

Table 21: Ground-truth rank for the documentation-
leaning case. Lower rank is better; bold marks the best.

Synthetic intent. The corresponding synthetic
intents are mostly rewrites that plug in specific
values, such as: “Identify the weight category for
an individual using the Body Mass Index (BMI)
Calculator with a BMI value of 23.8.” These intents
overlap heavily with the documentation and add
little complementary information beyond it.

Query. “I’m designing a mobile app for tracking
body mass index, and I need to integrate the BMI
calculation API. Could you provide me with the
necessary API endpoints and parameters?”’

In Table 21, documentation view only gives
the best rank (9). CSF places slightly more
weight on documentation (cy ~ 0.44) and ranks
the target at 10, compared with 11 for fixed-
weight vector fusion, 12 for text-level concate-
nation, and 13 for intent view only. The one-
rank gap from documentation-only illustrates that
a query-independent fusion weight can still dilute
the stronger view.

D.4 Case D: Failure Mode

We manually inspect the 196 11 Per-Split queries
on which ToolFuse’s rank-1 tool falls outside the
ground-truth set, 32.7% of the 600 queries, consis-
tent with the I1 NDCG@1 of 67.33 in Table 2. The
inspection considers the best rank of the ground-
truth tool under each semantic view and the cate-
gory and tool-family relationship between the erro-
neous top-1 and the ground truth. Three sources of
erTor recur.
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Tool representation Rank of docid 2314
Documentation view only 1
Intent view only 17
Text-level concatenation 1
Fixed-weight fusion (w.=0.6) 2
ToolFuse (CSF, ay =~ 0.46) 2

Table 22: Ground-truth rank for the fusion-error
case. Lower rank is better; bold marks the best.

* Query Decomposition error: the LLM-
generated sub-query distorts the original re-
quest, for example by over-splitting a single-
tool need or adding a functional constraint the
query did not explicitly ask for.

* Fusion error: the ground-truth tool already
ranks first when retrieved with the documen-
tation view or the intent view alone, but is
diluted by the weaker view after vector fusion
and drops out of the top-1.

* Ground-truth ambiguity: the erroneous top-
1 is functionally equivalent to the ground truth
or belongs to the same tool family, but Tool-
Bench labels only one of the endpoints as the
ground truth.

Many failures involve more than one of these
sources, and others are near-misses or mixed errors
whose primary cause cannot be identified from the
ranking alone. We therefore do not treat the three
sources as mutually exclusive categories or esti-
mate their proportions; a single failure need not be
attributable to a single component. The following
case presents one identifiable representation-fusion
problem.

Representative fusion error. Query 87035 asks
for the latest oil prices and a picture of today’s
prices for “Gasohol E85” and “Hi Premium 97
Gasohol 95,” with the ground-truth endpoint being
Oil Thai Price / Get latest price (docid 2314).

Table 22 shows that documentation view only
ranks the ground truth at 1, while intent view only
ranks it at 17. The generated intent uses the more
abstract phrases “current market rates” and “vi-
sual reference” instead of the oil-product names
present in the query and documentation. After fu-
sion, the ground truth falls to rank 2, behind Gas
Price / europeanCountries. Fixed-weight fusion
and CSF (ay = 0.46) both produce rank 2, locating
this example at representation fusion rather than at
CSF’s weight variation: adding a weak intent view

dilutes a documentation view that already retrieves
correctly.
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