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Abstract

Small Language Models (SLMs) struggle with
tool calling, in part because a single API doc-
ument often serves several usage intents and
bundles the parameters of all of them into one
schema, even though only a few are relevant to
any given query. Providing the complete doc-
ument forces the model to infer the intended
usage scenario and its parameters at the same
time, which lengthens the prompt and creates
parameter ambiguity within a single API. We
propose Dynamic Intent-Driven API Prun-
ing. In an offline stage, an LLM decomposes
each API document into Intent Units, each
pairing an Intent Scenario with a Key Param-
eter Subset. At inference time, two-stage in-
tent retrieval identifies the intents that match
the query, and Dynamic Flat Union merges
their parameter subsets into a query-specific
pruned schema, keeping several intents rather
than committing to a possibly incorrect top-
1 choice. On 35 real-world APIs from Tool-
Bench, our method improves argument correct-
ness over Simulated Trial-and-Error while pro-
ducing shorter prompts, with the gains concen-
trated on APIs that support multiple usage in-
tents. Ablation studies confirm that both intent-
driven pruning and Dynamic Flat Union re-
duce intra-API parameter ambiguity.

1 Introduction

Recent studies have improved tool calling primar-
ily by enhancing inter-tool retrieval and organiza-
tion (Liu et al., 2026; Wang et al., 2024). For
example, Simulated Trial-and-Error (STE) (Wang
et al., 2024) improves tool use through exploration
trajectories and demonstration retrieval, while
ToolScope (Liu et al., 2026) reduces semantic re-
dundancy across tool collections via tool merging
and hybrid retrieval. However, these approaches
generally treat each API document as a monolithic
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unit. Even after retrieving the correct API, lan-
guage models must still interpret the entire API
document and identify the parameters relevant to
the current user request. For APIs supporting mul-
tiple usage intents with numerous optional param-
eters, irrelevant information can interfere with pa-
rameter generation, leading to parameter halluci-
nation (Qin et al., 2024), semantic entanglement,
and attention dilution. These issues are partic-
ularly pronounced for Small Language Models
(SLMs). Despite their importance, the organiza-
tion of information within a single API (i.e., intra-
tool organization) remains largely unexplored.

We observe that tool-calling failures are often
caused not by incorrect API retrieval, but by diffi-
culty identifying the relevant parameters after the
correct API has already been selected. Many APIs
support multiple usage scenarios with distinct pa-
rameter requirements, yet include all parameters
within a single schema. As a result, the model
must infer both the intended usage scenario and
the corresponding parameters simultaneously, in-
creasing parameter ambiguity and degrading tool-
calling accuracy.

To address this issue, we propose Dynamic
Intent-Driven API Pruning, a framework that ex-
tends tool organization from the inter-tool level to
the intra-tool level. In the offline stage, a Large
Language Model (LLM) decomposes each API
document into multiple Intent Units, each consist-
ing of an Intent Scenario and a corresponding Key
Parameter Subset. During inference, the system
performs two-stage intent retrieval and dynami-
cally constructs a pruned API schema through Dy-
namic Flat Union. As aresult, the language model
receives only the parameters relevant to the cur-
rent task, substantially reducing information re-
dundancy and parameter ambiguity.

We evaluate our method on 35 real-world APIs
from the ToolBench collection (Qin et al., 2024)
and compare it with Simulated Trial-and-Error
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(STE). Experimental results show that our frame-
work improves argument generation quality while
reducing prompt length without sacrificing overall
tool-calling performance. The improvements are
particularly significant for APIs with multiple us-
age intents. Ablation studies further demonstrate
the effectiveness of both intent-driven API pruning
and Dynamic Flat Union.

Our main contributions are summarized as fol-
lows:

e We propose Dynamic Intent-Driven API
Pruning, which dynamically constructs a
query-specific pruned API schema through
offline intent decomposition, two-stage intent
retrieval, and Dynamic Flat Union, reducing
information redundancy in API documents
and prompt complexity.

* We conduct comprehensive experiments on
a real-world tool-calling benchmark, includ-
ing comparisons with STE, analyses on com-
plex APIs, and ablation studies. Results
show that our framework improves argument
generation for complex APIs while reducing
prompt costs without compromising tool se-
lection performance.

2 Related Work
2.1 Tool-Augmented Language Models

Tool-augmented language models extend the ca-
pabilities of LLMs by enabling them to inter-
act with external resources such as search en-
gines, databases, and third-party APIs during infer-
ence, allowing models to access up-to-date infor-
mation and perform actions beyond their paramet-
ric knowledge (Mialon et al., 2023; Schick et al.,
2023; Wang et al., 2024).

Existing approaches typically learn tool selec-
tion and argument generation through in-context
learning (ICL) (Brown et al., 2020) or fine-tuning
(Wang et al., 2024). While these methods have
demonstrated promising performance, they gener-
ally rely on lengthy tool descriptions or large col-
lections of demonstrations, causing prompt length
to grow rapidly as the number of available tools in-
creases. This limits scalability, increases inference
cost, and can negatively affect the performance of
small language models.

2.2 Tool Learning via Trial and Error

Simulated Trial-and-Error (STE) (Wang et al.,
2024) guides language models to generate tool-use

scenarios, execute tools, and reflect on the execu-
tion results, thereby collecting high-quality inter-
action trajectories to improve the model’s ability
to capture implicit constraints and generate cor-
rect arguments. However, STE-based inference
pipelines still rely on complete API documents or
retrieved demonstration trajectories, leaving the is-
sues of lengthy prompts and inefficient knowledge
reuse largely unresolved.

2.3 Hypothetical Knowledge for Retrieval

Recent studies have explored using Large Lan-
guage Models (LLMs) to generate hypothetical
knowledge to bridge the semantic gap between
queries and documents. For instance, HyDE (Gao
et al., 2023) generates a hypothetical document
from the user query and performs dense re-
trieval (Karpukhin et al., 2020) using its embed-
ding, significantly improving zero-shot retrieval
performance.

Inspired by HyDE, our work generates an ab-
stract Hypothetical Scenario instead of a complete
document and semantically matches it against
offline-constructed [Intent Scenarios. Unlike
HyDE, which targets document retrieval, our ap-
proach applies the same idea to API intent re-
trieval, improving intent identification and subse-
quent parameter pruning.

2.4 Tool Documentation Refinement

Recent work has explored improving tool uti-
lization by refining tool documentation. EASY-
TOOL (Yuan et al., 2025) identifies redundancy,
inconsistency, and incompleteness in existing tool
documentation and uses an LLM to transform raw
documentation into concise tool descriptions and
functionality guidelines, including parameter in-
formation and usage examples. This refined doc-
umentation improves tool retrieval, selection, and
execution by providing LL.Ms with clearer and
more structured tool instructions. However, the
resulting tool instructions are constructed offline
and remain static across different user queries. In
contrast, our method focuses on query-dependent
API organization: we decompose APIs into intent-
specific units with corresponding parameter sub-
sets during the offline stage, and dynamically re-
trieve relevant intents and prune irrelevant parame-
ters according to each user query during inference.
Thus, rather than constructing a single compact de-
scription for each API, our approach dynamically
adapts the API schema to the current query, reduc-
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ing parameter-level ambiguity for small language
models.

2.5 Tool Organization for Tool Learning

Recent studies have explored tool organization to
reduce the contextual burden of tool use for Large
Language Models (LLMs). ToolScope (Liu et al.,
2026) merges functionally similar tools and com-
bines hybrid retrieval with reranking to reduce se-
mantic redundancy and improve tool retrieval effi-
ciency.

However, ToolScope focuses on inter-tool or-
ganization. After retrieving the correct tool, lan-
guage models still need to interpret the com-
plete API document, leaving parameter ambiguity
caused by multiple usage scenarios within a single
API unresolved.

In contrast, our work focuses on intra-tool or-
ganization. We decompose each API into intent-
specific Intent Units and dynamically select the
corresponding parameter subset during inference,
reducing parameter-level ambiguity and improv-
ing argument generation.

3 Method

3.1 Problem Definition and Motivation

Our framework involves two language models of
different scales, each serving a distinct role. A
Large Language Model (LLM) acts as the Intent
Curator, which analyzes API documents and de-
fines intent units during the offline stage. A Small
Language Model (SLM) serves as the Inference
Agent, which receives the pruned API documents
and performs the final tool call during online infer-
ence.

Given a collection of API documents D =
{di,da,...,d,}, each API document d; consists
of a functional description and a set of parame-
ter definitions. These parameters are divided into
Required Parameters, which must be provided in
every API invocation, and Optional Parameters,
whose necessity depends on the specific usage sce-
nario. The objective of tool calling is to guide the
model, given a user query ¢, to select the target
API d* and generate the correct argument set a*.

However, as discussed in Section 1, when a sin-
gle API document simultaneously supports multi-
ple usage scenarios and contains a large number of
optional parameters, the resulting document com-
plexity imposes a substantial input burden on the
SLM, often leading to parameter hallucination and

semantic entanglement. Based on this observation,
we hypothesize that if the multiple usage intents
within d; can be decomposed offline and irrelevant
parameters are dynamically pruned according to
the current query ¢ during inference, the reasoning
burden of the SLM can be significantly reduced,
thereby improving tool-calling accuracy.

To this end, we propose the Dynamic Intent-
Driven API Pruning framework, illustrated in Fig-
ure 1. The framework consists of two major stages.
In the offline stage, the LLM decomposes each
monolithic API document into an intent repository
with explicit parameter correspondences. During
the online stage, the SLM retrieves the most rel-
evant intent through semantic retrieval, dynami-
cally removes irrelevant optional parameters, con-
structs a compact API schema, and injects it into
the prompt to facilitate accurate tool calling.

3.2 Static Intent Definition
3.2.1 Intent Decomposition Criteria

For each API document d;, a Large Language
Model serving as the Intent Curator is prompted
with the original API specification alongside a set
of predefined heuristic instructions. The objective
is to eliminate parameter-level ambiguity rather
than exhaustively enumerate all possible scenar-
10s. Specifically, the prompt enforces three core
decomposition rules:

1. Scenario-Based Decomposition: APIs are
partitioned by distinct user goals rather than
individual filters. Decomposition occurs only
when multiple scenarios share the same API
specification but require substantially differ-
ent key parameter subsets.

2. Complexity Threshold: To prevent over-
fragmentation, APIs with a minimal param-
eter footprint default to a single intent (/; =
1) and remain unified.

3. Universal Parameter Preservation: Core
operational parameters (e.g., pagination or
sorting) are strictly retained across all gener-
ated intents to maintain baseline functional-

ity.

A complete decomposition example is provided
in Appendix A, Figure 2.
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Figure 1: Overview of the proposed Dynamic Intent-Driven API Pruning framework. In the offline stage, an LLM
acts as an Intent Curator to decompose raw API documents (d;) into distinct intent units, each consisting of a
parameter subset (F; ) and an intent scenario (s; ). Only the scenarios are embedded to serve as retrieval keys
in the Global Intent Pool. In the online stage, an SLM generates a hypothetical scenario (5) from the user query
(q). The system performs global API retrieval and intra-API intent selection based on cosine similarity. Every
intent whose similarity difference from the primary intent stays below the threshold () is retained for the dynamic
parameter union, while irrelevant parameters are excluded. The final pruned schemas are then injected into the

SLM for accurate tool calling.

3.2.2 Intent Definition and Output

For each API document d;, the Large Language
Model (LLM) generates K, intents, which to-
gether constitute the intent set of d;:

T = {Tin}ts, (8ik, Pik)-

where:

I, =

* s; i denotes the k-th intent of d;, represented
as a natural language description from the
user’s perspective, which we define as the
Intent Scenario. The scenario describes the
user’s goal under a particular usage context
without referring to specific parameter names,
thereby serving as the retrieval key for subse-
quent intent retrieval.

* P, denotes the Key Parameter Subset as-
sociated with the k-th intent of d;. During
the offline intent definition stage, the API’s
Required Parameters are statically injected
into every parameter subset, together with the
intent-specific key parameters.

The intent sets of all API documents collec-
tively form the Global Intent Pool R.:

During the offline stage, the embedding vector
of every Intent Scenario in R is precomputed:

e;r = Embed(s; 1), VI, €R.

During inference, these precomputed embed-
dings can be directly retrieved without re-
analyzing the corresponding API document d;.

3.3 Hypothetical Scenario Generation and
Intent Retrieval

3.3.1 Hypothetical Scenario Generation

User queries q are typically expressed as short, col-
loquial utterances, whereas intent descriptions s;
are formulated as structured declarative sentences.
This discrepancy creates an inherent semantic gap,
making direct matching prone to retrieval errors.
To address this issue, the online phase adopts the
core idea of HyDE (Gao et al., 2023) by prompt-
ing the SLM to transform the user query ¢ into an
abstract Hypothetical Scenario §:

§ = SLM(q).

The generated § reformulates the original query
from the perspective of the user’s underlying in-
tent and objective, thereby bridging the distribu-
tional gap between ¢ and s; ;. in the embedding
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space and improving the accuracy of subsequent
intent retrieval.

3.3.2 Global API Retrieval

The embedding vector of the hypothetical scenario
is first computed as e; = Embed(§). The system
then measures its similarity against the embedding
vectors e; ;. of all intent scenarios s; . in the Global
Intent Pool R. For each API document d;, the
highest similarity score among its intent scenarios
is selected as the representative score of the API:

Score(d;) =  max Sim(eg, e; 1)

where the similarity is computed using cosine
similarity:
€;- €

S. . . B TEEETE TR
lm(esae%k) Heé” ||e7,,k||

The APIs are ranked according to Score(d;) in
descending order, and the top-N APIs are selected
to form the candidate set D, 4.

3.3.3 Intra-API Intent Selection

For each candidate API d; € Decang, the system
further performs intent retrieval within the API by
computing the semantic similarity between the hy-
pothetical scenario § and every intent I; .. The in-
tent with the highest similarity score is selected as
the Primary Intent, denoted by I

I} = argmax Sim(es, ez’,k)-
Iiykez-i

3.3.4 Similarity Difference Threshold

Semantically similar intents are located close to
each other in the embedding space. Therefore, se-
lecting only the Top-1 intent may lead to incor-
rect intent selection due to minor retrieval errors,
causing relevant key parameters to be mistakenly
pruned. Conversely, retaining too many intents
may reintroduce optional parameters that should
have been removed, thereby weakening the effec-
tiveness of intent decomposition.

To address this issue, for each candidate API
d; € Dcand, we dynamically construct an Active
Intent Set Z,.(ive based on a Similarity Difference
Threshold #. We first define the similarity differ-
ence between the Primary Intent I and another
intent I; ;. as

ASim; ;, = Sim(e;, ej) — Sim(ez, e; ). (1)

All intents satisfying
ASim; ;, < 6 2)
are retained to form the Active Intent Set:
Tactive = {Lix € Z; | ASim; , < 60}, (3)

Here, e} denotes the embedding of the Primary
Intent I*. For readability we suppress the API
index ¢ in Z,ctive and in the parameter sets de-
rived from it, since the construction is carried
out independently for each candidate API. This
fixed similarity-difference threshold ensures that
secondary intents are retained only when they are
semantically close enough to the Primary Intent to
fall within a reasonable retrieval error margin.

3.4 Dynamic Parameter Pruning and
Injection
3.4.1 Active Parameter Set

For all intents in Z,tive, the system takes the union
of their corresponding Key Parameter Subsets to
construct the Active Parameter Set, denoted as

P, active-

P, active — U

I’L,k 6Iactive

Since the Required Parameters are statically in-
jected into every F; ;. during the offline stage, the
union operation naturally preserves all required pa-
rameters while merging intent-specific key param-
eters.

3.4.2 API Schema Pruning and Dynamic Flat
Union

For the original API document d; associated with
ZLactive, the system replaces its parameter fields
with the Active Parameter Set P,.tjve tO construct
the pruned API Schema, denoted as d;. This op-
eration preserves the original API name while re-
moving all irrelevant parameters.

Meanwhile, the functional description of d; is
dynamically determined according to |Z,ctive|:

* When |Zactive] = 1, d; directly adopts the
intent-specific scenario description s7. This
represents the ideal case, where the SLM
only needs to reason over a single task objec-
tive and the smallest possible parameter set,
thereby minimizing input complexity.
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* When |Zyctive| > 2, the user query ¢ is consid-
ered semantically ambiguous, lying near the
boundary of multiple intents. In this case, d;
falls back to the original functional descrip-
tion of d;, allowing the SLM to resolve the
ambiguity based on the original API descrip-
tion together with the filtered parameter set

Pactive .

We refer to this strategy of maintaining a single
schema while dynamically replacing only its pa-
rameter set and functional description as Dynamic
Flat Union. This design preserves a flat API struc-
ture without introducing additional structural com-
plexity, allowing the model to focus on generating
values for the most relevant parameters.

Finally, the resulting pruned API Schema d;
is injected into the SLM prompt in place of the
original API document d;. Taking the mortgage
API as an example (see Appendix B, Figure 3),
when the mortgage_from_home_value intent is
activated, the irrelevant parameter loan_amount
is removed from the schema. Consequently, the
model naturally maps the provided value to the
correct home_value field, effectively eliminating
semantic entanglement at the parameter level.

4 Experiments

4.1 Experimental Setup

We adopt Llama 3.1-8B (Grattafiori et al., 2024)
as the online inference model and GPT-OSS-
120B (Agarwal et al., 2025) as the offline Intent
Curator for Intent Definition. GPT-OSS-120B is
also used as an auxiliary judge for API calls re-
quiring semantic evaluation.

Following Section 3, the offline stage constructs
the intent sets (Z;), the Global Intent Pool (R), and
precomputes embeddings for all Intent Scenarios.
The temperature of GPT-OSS-120B is fixed at 0
during intent generation.

During inference, we follow the two-stage re-
trieval framework described in Section 3. The first
stage retrieves the Top-N (N = 15) candidate
APIs, while the second stage constructs the Active
Intent Set (Zactive) using the Similarity Difference
Threshold (0). We set § = 0.04, retaining 92.67%
of the ground-truth intents while preserving only
1.24 intents on average, providing a good balance
between Intent Recall and Schema Compactness
(see Appendix C, Table 6). Unless otherwise spec-
ified, all experiments use this configuration.

4.2 Dataset

We construct our evaluation dataset by manually
selecting 35 APIs from ToolBench (Qin et al.,
2024), a large-scale tool-learning benchmark built
on the RapidAPI ecosystem, based on API docu-
mentation completeness, interface consistency, re-
sponse format stability, and functional diversity.
Each API is manually verified through actual API
calls to ensure reliable accessibility throughout the
experiments.

Based on the number of intents (K;) obtained
during the Intent Definition process (Section 3),
we categorize APIs into Simple APIs (K; = 1) and
Complex APIs (K; > 1) to evaluate our method
under different levels of API complexity. The se-
lected APIs span 16 functional categories.

For evaluation, we construct a balanced test set
by generating 15 test queries for each of the 35
APIs, resulting in 525 evaluation instances. The
queries are generated by GPT-4 (OpenAl, 2023)
based on the API schema and functional descrip-
tion while avoiding explicit parameter names to
better resemble natural language requests.

All generated queries are manually reviewed to
ensure that the corresponding reference answers,
consisting of API parameter values, are semanti-
cally consistent with the user queries.

Detailed API statistics, including category dis-
tribution and parameter complexity, are provided
in Appendix D, Table 7.

4.3 Evaluation Metrics

We evaluate tool-calling performance using four
metrics.  Well-formed Rate (WF) measures
whether the model output can be parsed as a valid
structured tool call with JSON arguments. Outputs
that directly answer the user without invoking an
API are excluded.

Given well-formed outputs, API-Match Rate
(AM) measures whether the predicted API
matches the ground-truth APIL.

Argument Correctness (AC) evaluates argu-
ment generation over all test instances. For APIs
with deterministic outputs (e.g., verify_email),
predicted arguments are compared with the
ground-truth using case-insensitive exact match-
ing. For APIs requiring semantic judgment, GPT-
OSS-120B serves as an auxiliary judge to deter-
mine whether the predicted API call and its argu-
ments are semantically equivalent to the ground
truth based on the API documentation and refer-
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Table 1: Comparison between STE and our method on
all 525 test queries. Best value per column in bold. Our
method generates better arguments (AC) with shorter
prompts (PT), at the cost of a marginally lower well-
formed rate.

Table 2: Argument Correctness on APIs with different
intent complexity. Simple APIs contain a single intent
(K; = 1), while Complex APIs contain multiple intents
(K; > 1). The gain over STE is concentrated entirely
on Complex APIs.

Method WF (%) AM (%) AC (%) PT
STE 100.00 96.76 76.95 6,262
Ours 99.24 97.31 78.86 5,848

€Nnce answer.

Finally, Average Prompt Tokens (PT) denotes
the average number of prompt tokens per infer-
ence, measuring prompt length and inference cost.

To mitigate positional and recency biases, we
randomly shuffle the order of candidate APIs dur-
ing evaluation.

4.4 Baseline

We compare our method against Simulated Trial-
and-Error (STE) (Wang et al., 2024), using Well-
formed Rate (WF), API-Match Rate (AM), Argu-
ment Correctness (AC), and Average Prompt To-
kens (PT) as the evaluation metrics.

We reimplement STE following its In-Context
Learning (ICL) setting. The complete im-
plementation details and hyperparameter con-
figurations are provided in Appendix E. Our
method adopts all-MinilLM-L6-v2 (Sentence-
Transformers, 2021a) as the embedding model for
Intent Retrieval. The motivation for this choice
and the corresponding comparison results are pre-
sented in Appendix F, Table 8.

During inference, we reproduce the Oracle Re-
triever setting used in the original STE paper to
ensure that the ground-truth API is included in the
Top-15 candidate set, thereby reducing the impact
of API retrieval errors on tool-calling performance.
Our Global API Retrieval also achieves 100% Re-
call@15 on all test instances (as detailed in Sec-
tion 4.6), ensuring that both methods are evaluated
under the same candidate API set.

In contrast, our method follows the procedure
described in Section 3 by performing Intra-API
Intent Selection and Dynamic Parameter Pruning
over the candidate APIs. The resulting pruned API
schema (d}), constructed through Dynamic Flat
Union, is then provided to the language model as
input.

Method Simple APIs (AC) Complex APIs (AC) Overall (AC)

65.33
74.00

76.95
78.86

STE 81.60
Ours 80.80

4.5 Main Results

Table 1 presents the overall comparison between
our method and STE. Under the same inference
model (Llama 3.1-8B) and Oracle Retriever set-
ting, our method improves Argument Correctness
(AC) from 76.95% to 78.86%, an absolute gain
of 1.91 percentage points, although this overall
difference is not statistically significant (McNe-
mar’s test, p = 0.378). Meanwhile, Average
Prompt Tokens (PT) decrease from 6,262 to 5,848,
demonstrating that our method shortens prompt
length while maintaining overall tool-calling per-
formance.

Our method also improves API-Match Rate
(AM) from 96.76% to 97.31%, indicating that Dy-
namic Intent-Driven API Pruning does not com-
promise tool selection. Although Well-formed
Rate (WF) decreases slightly from 100.00% to
99.24%, the reduction is minor compared with the
gains in Argument Correctness and prompt effi-
ciency.

We further analyze the results by API complex-
ity (Table 2). On Simple APIs (K; = 1), our
method achieves performance comparable to STE
(80.80% vs. 81.60%; p = 0.798), suggesting lim-
ited benefit when an API contains only a single
usage intent. In contrast, on Complex APIs (K; >
1), Argument Correctness improves from 65.33%
to 74.00%, an absolute gain of 8.67 percentage
points, which approaches statistical significance
(p = 0.066). Consistent with this trend, as shown
in Table 3, prompt length remains comparable on
Simple APIs (5,701 vs. 5,575) but is reduced by
22.1% on Complex APIs (6,217 vs. 7,978). All
pairs are reported as ours vs. STE. These results
indicate that prompt reduction mainly comes from
removing usage scenarios and parameters irrele-
vant to the current query, leading to larger gains
on APIs with multiple usage intents.
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Table 3: Average prompt length (Prompt Tokens, PT)
on APIs with different intent complexity. Prompt sav-
ings likewise come from Complex APIs, where pruning
removes the parameters of the non-selected intents.

Method Simple APIs (PT) Complex APIs (PT) Overall (PT)
STE 5,575 7,978 6,262
Ours 5,701 6,217 5,848

Table 4: Retrieval performance of the two-stage HyDE-
based dense retrieval with all-MiniLM-L6-v2. API-
level retrieval is saturated, so the remaining errors orig-
inate at the intent level.

Metric Value
Global API Recall@15 100.00%
Intra-API Intent Recall@1 84.00%

4.6 Ablation Study

To better understand the contribution of each com-
ponent in our framework, we conduct an ablation
study by progressively removing or replacing key
modules. Since Dynamic Intent-Driven API Prun-
ing and Dynamic Flat Union are only applicable to
APIs with multiple usage intents, all experiments
in this section are conducted on the 10 Complex
APIs (K; > 1) in our dataset. All configurations
use the same inference model (Llama 3.1-8B) and
the same candidate API set Dcapnq (HyDE Top-15).
As the Global API Retrieval achieves 100% Re-
call@15 (Table 4), all methods are evaluated end-
to-end under the same candidate API set. In addi-
tion, the order of candidate APIs in the prompt is
randomly shuffled to mitigate positional bias.

We use Full Schema as the reference configu-
ration, where the complete API schema is directly
provided without intent decomposition or parame-
ter pruning. Oracle Intent constructs the pruned
API schema using the ground-truth intent, serv-
ing as the upper bound of intent-guided parameter
pruning.

Top-1 Intent retains only the Primary Intent
with the highest similarity score, without applying
Dynamic Flat Union. In contrast, Dynamic Flat
Union extends Top-1 Intent by introducing a Sim-
ilarity Difference Threshold (¢ = 0.04), retaining
additional intents whose similarity difference from
the Primary Intent is smaller than 6, and construct-
ing the corresponding pruned API schema.

As shown in Table 5, Oracle Intent improves Ar-
gument Correctness (AC) from 70.00% to 78.67%
compared with Full Schema, while reducing the

Table 5: Ablation study on the Complex API subset
(K; > 1, n = 150 queries). * denotes a statistically
significant improvement over the Full Schema baseline
(p < 0.05, McNemar’s test). TOracle Intent is given
the ground-truth intent and therefore serves as an up-
per bound; it is excluded from the bold-face compari-
son. Among the deployable configurations, Dynamic
Flat Union recovers most of the gap between Top-1 In-
tent and the oracle.

Configuration WF (%) AM (%) AC (%) PT

Full Schema 98.67 99.32 70.00 6,595
Oracle Intent’ 98.67 97.97 78.67* 5,884
Top-1 Intent 99.33 97.32 66.00 5,889
Dynamic Flat Union 98.67 99.32 74.00 6,217

average prompt length from 6,595 to 5,884 prompt
tokens. This improvement is statistically signifi-
cant (McNemar’s test, p = 0.019), indicating that,
when the correct intent is always identified, intent-
guided parameter pruning effectively reduces pa-
rameter interference and improves argument gen-
eration quality.

Top-1 Intent, which removes Dynamic Flat
Union, achieves an AC of 66.00%. Since the
Intra-API Intent Retrieval achieves a Recall@1 of
84.00% (Table 4), the ground-truth intent is not
ranked first for all queries. Consequently, retain-
ing only the Top-1 Intent may incorrectly prune
required parameters, leading to lower tool-calling
accuracy.

In contrast, Dynamic Flat Union preserves
candidate intents that are semantically similar to
the Primary Intent, improving AC from 66.00%
to 74.00% while increasing the average prompt
length by only 328 tokens (5,889 — 6,217). This
indicates a marginally significant improvement
(p = 0.052) over Top-1 Intent, demonstrating that
Dynamic Flat Union effectively compensates for
intent retrieval errors with only a modest increase
in prompt cost.

Furthermore, while Dynamic Flat Union yields
a higher AC than the Full Schema baseline
(74.00% vs. 70.00%), this difference does not
reach statistical significance (p = 0.424) given the
limited sample size of complex queries (n = 150).
However, this observation aligns with our design
objective: the dynamic pruning mechanism avoids
degrading baseline performance even when intent
retrieval is uncertain. We note a similar lack of sta-
tistical significance when comparing our method
to the Oracle Intent upper bound (p = 0.230), in-
dicating that a larger-scale evaluation is required
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in future work to fully validate these performance
boundaries.

5 Conclusion

In this paper, we propose Dynamic Intent-Driven
API Pruning to address the parameter ambiguity
encountered by Small Language Models (SLMs)
during tool calling, where a single API document
often contains multiple usage scenarios and nu-
merous optional parameters. Unlike existing ap-
proaches that directly provide complete API doc-
uments during inference, our framework first de-
composes each API document into multiple Intent
Units with explicit usage scenarios during the of-
fline stage. During inference, a two-stage intent
retrieval process dynamically constructs a query-
specific pruned API schema, allowing the model
to process only the parameter subset relevant to
the current task.

Experimental results show that our method im-
proves argument generation accuracy while reduc-
ing prompt length and without compromising tool
selection accuracy, at the cost of a marginally
lower well-formed rate. The gains are concen-
trated on APIs that support multiple usage intents.
Furthermore, the ablation study demonstrates the
importance of both Dynamic Intent-Driven API
Pruning and Dynamic Flat Union in reducing intra-
API parameter ambiguity. These findings suggest
that appropriate API document reorganization and
dynamic parameter pruning can effectively reduce
input complexity for Small Language Models dur-
ing tool calling and improve their ability to handle
complex APIs.

Limitations

This work focuses on reducing the complexity of
individual API documents to improve tool call-
ing for Small Language Models (SLMs). How-
ever, the offline Intent Definition stage still relies
on a Large Language Model (LLM), and the re-
sulting Intent Set depends on both the capability
of the offline model and the prompt design. Al-
though required parameters are statically injected
into every Key Parameter Subset, different models
or prompts may still produce different intent de-
compositions, affecting subsequent intent retrieval
and API schema construction.

Furthermore, our evaluation is conducted on a
tool collection built from publicly available and
freely accessible APIs. The effectiveness of our

approach on enterprise-level or commercial APIs
remains to be investigated, and further evaluation
on larger and more diverse tool ecosystems is
needed to assess its generalizability. The evalua-
tion set also remains modest in size, and several
of the differences we report do not reach statisti-
cal significance; a larger-scale study is required to
delineate these performance boundaries precisely.

As future work, our framework can be inte-
grated with API organization methods such as
ToolScope to jointly address both inter-tool and
intra-tool organization. In addition, the intent an-
notations constructed in this work could be used to
fine-tune a dedicated Intent Retriever, improving
the accuracy and generalization of intent retrieval.
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A API Intent Decomposition Example

This section provides a visual demonstration of
our API intent decomposition process. Figure 2 il-
lustrates how a monolithic API description is struc-
tured into multiple, purpose-specific intent units to
mitigate semantic confusion.

B Parameter Generation Case Study

We conduct a qualitative evaluation to analyze the
parameter generation behavior of small language
models. Figure 3 presents a concrete error ex-
ample under the monolithic baseline and demon-
strates how our intent pruning framework resolves
parameter confusion.

C Analysis of the Similarity Difference
Threshold (0)

This section provides detailed empirical results
for selecting the Similarity Difference Threshold
(0) used in our two-stage intent retrieval frame-
work. Table 6 illustrates the trade-off between In-
tent Recall and Schema Compactness across dif-
ferent threshold values.

D Dataset Statistics

The selected APIs span 16 functional categories,
as summarized in Table 7. Based on the number of
intents obtained during the Intent Definition stage,
the dataset contains 25 Simple APIs (K; = 1) and
10 Complex APIs (K; > 1), providing a diverse
benchmark for APIs with different levels of inter-
face complexity.

In terms of parameter complexity, the number of
parameters per API ranges from 0 to 17. Among
the selected APIs, four require no parameters, six
require only a single mandatory parameter, and the
remaining APIs contain varying combinations of
required and optional parameters. Across the 107
parameters in the dataset, String is the most com-
mon, accounting for 60 parameters (56.1%), fol-
lowed by Number with 42 (39.3%), while Boolean
(3, 2.8%) and Enum (2, 1.9%) appear less fre-
quently.

E STE Reproduction Details

Following the original STE implementation, the
offline exploration stage uses GPT-OSS-120B as
the exploration model. Each API is explored for
10 exploration episodes, with up to 5 interaction



rounds per episode, using two short-term memory
slots together with long-term memory.

During inference, Llama 3.1-8B is adopted
as the tool-calling model. Following STE,
paraphrase-mpnet-base-v2 (Sentence-
Transformers, 2021b) is used as the demonstration
retriever to retrieve the Top-8 demonstrations for
in-context learning.

F Embedding Model Selection

Although the original STE implementation
adopts paraphrase-mpnet-base-v2 (Sentence-
Transformers, 2021b) for Demonstration Re-
trieval, our Intent Retrieval task emphasizes
fine-grained semantic alignment within a single
API. Therefore, we re-evaluate the performance
of embedding models for this specific task. As
shown in Table 8, although both models achieve
a perfect Global API Recall@15 of 100%,
all-MinilM-L6-v2 substantially outperforms
paraphrase-mpnet-base-v2 on Intra-API Intent
Recall@1 (84.00% vs. 74.29%). Based on these
results, we adopt all-MiniLM-L6-v2 (Sentence-
Transformers, 2021a) as the default embedding
model in our framework.
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Intent 0 : basic_mortgage payment

Raw API Doc
* Scenario: I know the loan amount I'm borrowing, the interest rate,
and the term, and I want to see what my monthly mortgage payment
API Name: calculate mortgage payment il e,
Description: key_parameters: “interest rate” ~ “loan_amount” - “duration years”

Provides detailed mortgage and other home financing
payment information. It uses the standard mortgage
calculation formulas to calculate interest and

Intent 1: total housing_cost
monthly/annual payments. S

Scenario: T want to understand my full monthly housing cost,

Parameters: 3 5 .
. . . st including mortgage, HOA fees, property taxes, and insurance.
— interest_rate (Number): Annual interest rate (in %)... g £age, prop

— loan_amount (Number): Principal loan amount...
— home value (Number): Total value of...

— downpayment (Number): Downpayment...

— duration_years (Number): Duration...

— monthly hoa (Number): Monthly...

— annual property tax (String): Annual...

— annual_home_insurance (Number): Annual...

key_parameters: “interest_rate” » “loan_amount” ~ “duration_years”
“monthly_hoa” » “annual_property_tax” » “annual_home_insurance”

Intent 2: mortgage_from_home_value

Scenario: T know the price of the home and how much T can put
down, and I need to calculate the loan amount and monthly payment.

key_parameters: “interest_rate” ~ “home_value” ~ “downpayment”
“duration_years”

Figure 2: The original calculate_mortgage_payment API contains eight parameters covering multiple scenarios,
which often overwhelms small language models. Our method decomposes it into three distinct intent units: (1)
calculating payments from a loan amount, (2) deriving loan from home value, and (3) computing total ownership
cost. By isolating intent-specific parameters, we replace the monolithic document with purpose-specific guides,
reducing the prompt complexity for small models.
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Raw API Doc

API Name: calculate_mortgage payment

Description:

Provides detailed mortgage and other home financing
payment information. It uses the standard mortgage
calculation formulas to calculate interest and
monthly/annual payments.

Parameters:

— interest_rate

— loan_amount

— home value

— downpayment

— duration_years

— monthly hoa

— annual_property tax
— annual_home_insurance

\

Action Input:

{
"interest_rate': 2.1,
"loan_amount': 20000000,
"downpayment": 4000000,
"duration_years': 30

Figure 3: Case study comparing parameter generation on the query: “I plan to buy a house worth 20 million
with a 4 million downpayment at 2.1% interest rate over 30 years. What is my monthly mortgage payment?”
Group A (Full Schema): Presented with the monolithic API, the 8B model erroneously assigns the home value
(20M) directly to loan_amount. This highlights a common failure where small models blindly map salient num-
bers to matching parameters without relational reasoning. Group B (Intent-Pruned): Our system retrieves the
mortgage_from_home_value intent, exposing home_value while omitting loan_amount. Constrained to this
relevant parameter set, the model correctly maps values to appropriate fields, effectively preventing semantic con-

fusion.

Table 6: Effect of the Similarity Difference Threshold # on intent retrieval. Recall denotes the percentage of test
queries whose ground-truth intent is retained in the Active Intent Set. We adopt 6 = 0.04, which recovers most of

Intent 0 Intent 1 Intent 2

v
Intent 2: mortgage from_home value

API Name: calculate_mortgage payment

Description:

I know the price of the home and how much I can put
down, and I need to calculate the loan amount and
monthly payment.

key_parameters:
— interest_rate
— home value
— downpayment
— duration_years

Action Input:
{
"interest_rate': 2.1,
: 200000000,
"downpayment"': 40000000,

"duration_years': 30
1
s

the recall lost by Top-1 selection while still keeping close to a single intent per API.

0 Recall (%)

Avg. Active Intents

0.00
0.01
0.02
0.03
0.04
0.05
0.06
0.08
0.10

84.00
86.67
89.33
90.00
92.67
93.33
94.00
98.00
98.67

1.00
1.05
1.11
1.17
1.24
1.30
1.35
1.48
1.61
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Table 7: The 35 evaluation APIs and their functional categories. Simple denotes a single-intent API (K; = 1) and
Complex a multi-intent API (K; > 1); the dataset contains 25 Simple and 10 Complex APIs across 16 categories.

Category Function Type
Business Software verlfy_ema%l Simple
search_businesses Complex
get_animal_facts Simple
Data search_public_restrooms Simple
get_divisions_near_location Complex
Database get_dog_breec'is_metadata S1mple
search_exercises_by_name Simple
get_media_news Simple
Entertainment search_manga Simple
search_streaming_shows Simple
get_financial_data Simple
. convert_currency Simple
Finance
calculate_mortgage_payment Complex
get_trades_futures Complex
get_recipe Simple
Food search_cocktails Simple
get_restaurants_by_location Complex
Gaming get_fi ltered_game_glveaways STmple
get_lol_champion_stats Simple
Jobs get_salary_estimation Simple
Location get_timezone_info Simple
Science get_celestial_body_position Simple
get_planet_data Complex
Scholarly Search ~ search_arxiv_papers Simple
. search_amazon_products Simple
Sh
OPPIng list_of_deals Complex
Sports get_handball_scheduled_matches Simple
get_airlines Simple
Transportation get_motorcycle_data Simple
calculate_route Complex
get_airport_delay_statistics Simple
Travel get_hotels_by_location Complex
get_flights_in_bounding_box Complex
Weather get_air_quality_data S¥mple
get_weather_forecast Simple

Table 8: Comparison of embedding models for intent retrieval. The two models are indistinguishable at the API
level, but differ by almost ten points on intra-API intent selection, which is what parameter pruning depends on.

Embedding Model Global API Recall@15 Intra-API Intent Recall@1
paraphrase-mpnet-base-v2 100.00 74.29
all-MinilM-L6-v2 100.00 84.00
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