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Abstract

Production tool calling for agentic systems
must satisfy four operational requirements:
lower per-invocation cost, low latency, adapt-
ability to evolving tool catalogs, and the abil-
ity to catch errors before execution. The Re-
Act paradigm keeps the large language model
(LLM) in the loop, but at production scale, re-
processing intermediate results inflates cost and
latency and degrades answer quality. Program-
matic tool calling (PTC) offers an alternative;
the LLM generates a single script that resolves
dependencies and extracts relevant fields in
one inference pass. PTC is a harder gener-
ation task, however, because the LLM must
produce code that handles complex, variable
responses without observing intermediate re-
sults, and existing remedies each fail at least
one of the four requirements. We describe a
production deployment of PTC serving 26,528
invocations, paired with a three-layer abstract
syntax tree (AST)-based validator that rejects
invalid scripts before execution and requires no
training data, preserving adaptability to evolv-
ing tool catalogs. This reduced average in-
put tokens by 77%, latency by 21%, and in-
creased the answered-query rate by 5.6 percent-
age points across 19 production agents.

1 Introduction

Agentic systems use tool calling (i.e., the mecha-
nism by which agents obtain query context from
the environment) to perform real-world tasks. In
production, tool calling faces four operational re-
quirements: (1) low per-invocation cost at scale,
(2) low latency under varying query complexity,
(3) adaptability to evolving tool catalogs without
expensive retraining, and (4) the ability to catch
errors before execution because incorrect tool calls
can produce side effects that cannot be reversed.
These constraints, empirically confirmed across di-
verse production deployments (Pan et al., 2025),
narrow the design space.

Tool calling requires both dependency resolu-
tion (i.e., passing one tool’s output as another’s
input) and selective result extraction (i.e., identi-
fying and returning only the relevant portions of
tool responses), both of which vary with the query
and with intermediate results. The difficulty of de-
pendency resolution and selective result extraction
grows with the number and complexity of available
tools (Qin et al., 2024); production workflows may
require thousands of heterogeneous application pro-
gramming interfaces (APIs) that have deeply nested
response structures.

One common approach to enable tool calling in
agentic workflows is to use ReAct (Yao et al., 2022).
This approach uses an LLM-in-the-loop framework
consisting of multiple tool-call iterations, where
the LLM observes each tool response, extracts rel-
evant parameters for subsequent calls, and reasons
about which portions of the results matter. This
iterative approach works well when the tool set is
small and each query requires few calls. In produc-
tion environments, however, queries often require
a large tool set (thousands of tools) and many tool
calls (tens of calls per query) (Tang et al., 2025).
At this scale, ReAct inflates cost and latency; in-
termediate results re-enter the LLM’s context on
every iteration, are re-tokenized, and accumulate
as noise that also lowers answer quality (Liu et al.,
2026).

Programmatic tool calling (PTC) addresses the
cost and latency requirements (and the associated
noise that lowers answer quality) by replacing
the iterative tool-calling loop with a single code-
generation pass. The LLM generates a script that
handles dependency resolution and selective result
extraction programmatically; the script executes
in a sandbox without further LLM involvement,
returning only the extracted results to the agent.
Intermediate results are processed within the sand-
box and do not re-enter the LLM’s context. Thus,
PTC’s per-invocation input tokens and LLM infer-



ence latency do not grow with the number of tool
calls, unlike ReAct where both grow as intermedi-
ate results accumulate in context across turns.

Code-based tool calling has been explored in
the literature. CodeAct (Wang et al., 2024) and
TaskWeaver (Qiao et al., 2023) demonstrate that
code actions outperform JSON-based tool calling.
ViperGPT (Surís et al., 2023) applies code genera-
tion to compose vision-and-language models, and
subsequent work (Zhang et al., 2025; Gao et al.,
2025) reports further token-efficiency and parallel-
execution gains. These systems evaluate on offline
benchmarks (Liu et al., 2024; Yang et al., 2023)
with small, fixed tool sets. Production deployment
over large, evolving tool catalogs with real users
remains underexplored; prior enterprise work (Os-
uagwu et al., 2025) focuses on tool retrieval rather
than programmatic invocation.

PTC introduces a new failure mode that conflicts
with the reliability requirement. The LLM must
produce a script that accesses the correct fields
in each tool’s response and uses correct identi-
fiers; fields are often deeply nested and may or
may not be present depending on the environment,
and ungrounded identifiers can cause unintended
data access or rate-limit pressure when the wrong
customer’s resources are queried. Unlike ReAct,
where the LLM can observe and correct a mistake
at each iteration, a PTC script executes without
intermediate checkpoints. Thus, errors propagate
silently. Internal testing with deliberately incorrect
input values (specifically, geographic region iden-
tifiers) showed silent value fabrication in 3.4% of
cases, where the LLM substituted the user-supplied
identifier with a plausible but incorrect alternative.
Prompt-based rules proved insufficient for prevent-
ing these failures; we observed cases where the
LLM correctly stated a constraint in its reasoning
trace and then violated it in the generated code.

Existing mechanisms for LLM-code correctness
each address part of the problem but fail at least
one operational requirement. Multi-turn refine-
ment (Wang et al., 2024) retries on execution er-
rors, conflicting with latency. Constrained decod-
ing (Dong et al., 2025) enforces output format at
generation time but not semantic content; the LLM
can produce a structurally valid script that still
contains fabricated values. Sandboxing prevents
damage from incorrect execution but does not pre-
vent the code from being wrong. Benchmarks and
retrieval-augmented grounding (Patil et al., 2025,
2024) detect API hallucination offline but do not

validate production scripts at runtime. Broader
tool-augmented LLM research (Schick et al., 2023;
Xu et al., 2025; Jiayang et al., 2026) addresses
the problem at the model-training level, conflict-
ing with operational simplicity and adaptability. A
lightweight pre-execution validation approach (one
that requires no training data and no post-execution
recovery) satisfies all four requirements simultane-
ously.

We present the design and production evalua-
tion of a system that adopts query-time PTC as
the primary execution path in an enterprise agentic
platform. Our contributions are threefold. (1) We
describe the end-to-end system design that makes
PTC practical at scale, including query-conditioned
tool discovery to keep prompts small, a single-pass
code generation step, and a restricted execution
sandbox with bounded parallel execution. (2) We
propose a three-layer abstract syntax tree (AST)-
based validator that inspects every generated script
before execution and rejects code containing unsafe
constructs, non-existent API methods, or parameter
values absent from the user’s input. (3) We pro-
vide production evidence from 26,528 invocations
across 19 agents demonstrating that PTC reduced
average input tokens by 77%, latency by 21%, and
increased the answered-query rate by 5.6 percent-
age points; for value fabrication specifically, AST-
level validation outperformed a prompt-based rule
by nearly 2× in a controlled comparison (+10.2 pp
vs. +5.9 pp).

The rest of this paper is organized as follows.
Section 2 describes the system architecture; Sec-
tion 3, the methodology; Section 4, the production
results; and Sections 5 and 6 conclude and discuss
limitations.

2 System Architecture

Our system adopts PTC as the primary execution
path for tool calling in an agentic workflow. Given
a user query and, optionally, a set of agent-declared
tool identifiers (i.e., fully qualified API method
names), PTC generates and executes a single val-
idated script. The script batches all calls whose
parameters can be resolved ahead of time, handling
both dependency resolution and selective result ex-
traction. A short residual ReAct loop may follow
when subsequent calls depend on the content of
prior tool responses; this loop runs on the legacy
iterative path.

Figure 1 illustrates the end-to-end system, con-



Figure 1: The PTC architecture, consisting of four components: (1) tool discovery retrieves specifications for
the requested tools; (2) code generation produces a script that calls the tools, handling dependency resolution
and selective result extraction; (3) validation inspects the generated script for errors before execution; and (4)
sandbox execution runs the validated script in a restricted environment and returns the results.

sisting of four components: (1) tool discovery re-
trieves the relevant tool specifications from the cat-
alog given the query and tool identifiers; (2) code
generation produces a script that calls the requested
tools with the correct parameter passing and result
extraction logic; (3) validation inspects the gener-
ated script and rejects code containing errors before
execution; and (4) sandbox execution runs the vali-
dated script in a restricted environment and returns
the results. The rest of this section describes each
component in detail.

2.1 Tool Discovery

Tool discovery identifies the relevant tools for a
given agent’s request and retrieves their specifica-
tions (i.e., structured documents describing each
tool’s method name, input parameters, and re-
sponse schema). The agent may pass explicit tool
identifiers in its request (when it knows the required
tools), or it may pass only the query itself (when it
does not know the required tools) and rely on the
system to discover relevant tools from the catalog.

The tool discovery component uses two retrieval
mechanisms that run concurrently: (1) semantic
search over the tool catalog using an embedding
index, returning the top-K specifications by cosine
similarity to the query; and (2) exact-match lookup,
which retrieves the specifications for any tool iden-
tifiers the agent explicitly provides. The component
deduplicates and merges the retrieved specifica-
tions, capping the merged list at N to bound prompt

size. The selected specifications are then serialized
using a token-efficient notation that removes redun-
dant structural characters present in standard JSON
(e.g., repeated quotation marks, braces, and de-
limiters), reducing their size without altering their
information content.

Tool discovery caches results at two levels; one
cache keyed by the normalized query string and
one keyed by the sorted tool identifier list. Cached
results allow the component to bypass retrieval en-
tirely for repeated queries, eliminating retrieval
latency on cache hits.

2.2 Code Generation

The code generation component takes the user
query, a set of extracted parameters (e.g., region
or account identifier), and the tool specifications
retrieved by tool discovery to generate the PTC
script. The component makes a single LLM call
that returns a JSON object containing a reasoning
plan and the generated script. The output structure
is enforced via the inference API’s constrained-
decoding mode (Zeng and Evans, 2026). The gen-
erated script is a Python function that uses a system-
provided call primitive to invoke tools, resolves de-
pendencies by passing parameters from one tool’s
response to the next, and performs selective re-
sult extraction by filtering and returning only the
relevant portions of each response. The system
prompt supplies code conventions, executable ex-
amples of common patterns (parallel-independent



calls, sequential-dependent calls, and parameter-
chaining calls), and a list of common failure pat-
terns drawn from production errors. The system
prompt is static across all requests, enabling server-
side prompt caching to reduce latency and cost on
every invocation.

2.3 Validation
The validation component inspects every generated
script before execution and rejects code that con-
tains errors the LLM introduced during generation.
The validator parses the generated script into an
AST and applies three layers of checks, each tar-
geting a distinct class of error:

Layer A – Structural safety. This layer walks the
AST and rejects code that uses constructs outside
the permitted runtime including disallowed imports,
execution built-ins (e.g., eval, exec), file or net-
work I/O, and any access pattern that bypasses the
system-provided call primitive.

Layer B – Tool specification compliance. This
layer resolves every call primitive invocation in the
AST and verifies that the tool identifier, method
name, and required parameters match the tool spec-
ifications retrieved during discovery. A script that
calls a non-existent method or omits a required
parameter is rejected at this stage.

Layer C – Value grounding. This layer parses
the script’s AST and traces every string literal used
as an API parameter back to its source through
variable bindings. A value is accepted if it matches
tokens from the user query (with identifier-aware
tokenization that splits structured resource identi-
fiers into their component fields), caller-supplied
resource fields, tool-spec identifiers, or pre-filled
values; equivalence tables resolve known aliases
(e.g., a resource’s human-readable display name
and its internal identifier) before matching. Any lit-
eral that cannot be traced to such a source is treated
as fabricated and rejected.

Layer C prevents the failure class described in
Section 1; the LLM substituting a plausible but in-
correct value (e.g., replacing a user-supplied iden-
tifier with a more common alternative) that would
otherwise execute successfully against unintended
resources. A validation failure triggers a single
retry in which the full error list is appended to
the prompt. The first retry recovers most valida-
tion failures. Additional retries beyond the first
rarely improve recovery; thus, persistent failures
are surfaced to the agent, which can then request
clarification from the user.

2.4 Sandbox Execution

The sandbox execution component runs validated
scripts in a restricted Python environment built
fresh for each request. The environment exposes
only the system-provided call primitives and a
small set of allow-listed standard library modules;
all other imports, file system access, and network
operations are unavailable. A call primitive sends
a single tool invocation to the appropriate back-
end and performs response normalization (e.g., re-
solving default parameters, stripping SDK meta-
data, and standardizing timestamp formats) so that
generated scripts can operate on a consistent re-
sponse structure regardless of the underlying tool.
A parallel-calls variant executes multiple indepen-
dent tool invocations concurrently via a bounded
thread pool, reducing end-to-end latency when the
script issues several independent calls. Errors from
tool invocations are returned as values rather than
raised as exceptions, allowing the generated script
to handle them with ordinary control flow. An
execution timeout interrupts the sandbox after a
fixed duration and returns any partial results col-
lected up to that point. The sandbox is intentionally
lightweight compared to full process-level isolation
approaches (e.g., container-based sandboxes) be-
cause the validation layer has already constrained
the code surface to only call primitives and in-
memory data transformations, eliminating the need
for heavier isolation mechanisms.

3 Method

This section describes the deployment context, eval-
uation setup, metrics, and validator comparison
methodology used to assess the impact of adopting
PTC in production.

3.1 Deployment Setup

The system is deployed within a cloud support plat-
form where agents diagnose customer issues by
calling cloud service APIs on the customer’s be-
half. At the time of measurement, the platform
hosted over 1,600 agents in production, collectively
serving six-figure daily invocation volumes. Each
agent is configured with a standard operating pro-
cedure that specifies which tools to call and how to
reason over their outputs for a given class of cus-
tomer query. The tool catalog contains over 13,000
API specifications spanning hundreds of cloud ser-
vices. Individual tool specifications describe com-
plex parameter schemas and return deeply nested



response structures that vary depending on the cus-
tomer’s resource configuration. A typical diagnos-
tic query requires the agent to call between two and
ten tools, where each subsequent call depends on
values extracted from prior responses. Queries are
customer-initiated and concern specific resources
(e.g., a particular load balancer, database instance,
or network configuration), meaning the correct tool
parameters are unique to each query and cannot be
inferred from training data alone.

All code generation uses Claude Haiku 4.5 (An-
thropic, 2025) accessed via a hosted inference API.
Tool discovery returns the top-K specifications by
semantic similarity to the query (with K = 50),
merged with exact-match lookups and capped at
N = 20 specifications per request; tool specifi-
cations are serialized in TOON (TOON contribu-
tors, 2024), a token-efficient notation that omits
redundant structural characters present in JSON.
The sandbox enforces an execution timeout of 60 s.
The majority of production invocations pass the
agent-declared tool list; query-only invocations are
a minority path.

3.2 Evaluation Setup
We compare the platform’s behavior across two
non-overlapping production windows: a pre-PTC
window (10 days, 95,155 invocations) running the
legacy ReAct-style iterative tool loop, and a post-
PTC window (8 days, 26,528 invocations) after
PTC integration. Both windows serve the same
agent population under normal production traffic;
no traffic was artificially routed or filtered. The pre-
PTC window contains a higher volume of internal
validation traffic, generated by engineers exercising
the agent platform during its earlier rollout phase.
This traffic follows the same code path and metric
definitions as customer traffic, and testers had no
visibility into the underlying tool-calling strategy;
per-invocation aggregates therefore remain compa-
rable across windows. The two windows are sepa-
rated by approximately four weeks, during which
PTC was iteratively developed and stabilized; the
agent population and tool catalog remained sub-
stantively stable across the gap.

We focus the evaluation on the top 20 agents by
invocation count in the post-PTC window (each
with at least 340 invocations). Low-volume agents
produce point estimates with wide confidence in-
tervals that are difficult to interpret; restricting to
high-volume agents ensures meaningful per-agent
comparisons. Of the 20, 19 also appeared in the

pre-PTC window with sufficient volume for com-
parison; the remaining agent did not exist in the
pre-PTC period.

3.3 Metrics

We evaluate PTC along three dimensions: cost,
latency, and answer quality.

Cost. We measure cost as input tokens per in-
vocation, which is the primary driver of LLM in-
ference cost; per-token pricing scales with the in-
put context, while output tokens are comparatively
small and stable across conditions.

Latency. We measure latency as LLM inference
time per invocation, excluding tool execution time,
since it depends primarily on backend service re-
sponse times.

Answer quality. We measure answer quality as
the answered-query rate, i.e., the proportion of in-
vocations that produce a substantive answer to the
customer’s question. Every invocation terminates
in exactly one of three outcomes: Answered (a sub-
stantive reply based on tool results), NoAnswer (the
agent does not produce a substantive answer, due
to either an internal failure or an out-of-scope de-
termination made before or after tool execution), or
MissingResources (the agent requests clarifica-
tion because the query lacks required parameters).
A higher answered-query rate indicates that fewer
invocations are lost to non-answers (internal fail-
ures or unnecessary out-of-scope classifications) or
avoidable clarification requests.

3.4 Validator Comparison

We compare two interventions targeting silent value
fabrication, the failure class described in Section 1.
The first is a prompt rule instructing the LLM
to preserve user-supplied values. The second is
the Layer C value-grounding validator, which me-
chanically rejects ungrounded literals. Each was
shipped as a single release and measured against
the same traffic, model, and workload in a 24–48
hour window flanking the deployment. We mea-
sure SuccessRate, the proportion of invocations
whose generated script passed validation and exe-
cuted without error.

The two releases occurred at different points in
the system’s evolution, so absolute SuccessRate
values reflect the system state at each release rather
than a chained sequence. The comparison is obser-
vational rather than randomized; the single-variable
structure (one intervention per release) and short



measurement windows make confounding from
traffic or query-distribution shifts unlikely.

4 Results

Input tokens Latency

Pre-PTC 7,409 35.1 s
Post-PTC (∆) 1,686 (−77.2%) 27.7 s (−21.1%)

Table 1: Cost and latency metrics per invocation, aver-
aged across 19 paired agents.

Table 1 summarizes cost and latency metrics across
the pre-PTC window (95,155 agent invocations)
and post-PTC window (26,528 agent invocations),
aggregated over all 19 paired agents. Average in-
put tokens per invocation dropped from 7,409 to
1,686 (−77.2%), and inference latency dropped
from 35.1 s to 27.7 s (−21.1%). Weighting each
of the 19 agents equally, the mean per-agent input-
token reduction is 9.4% (median 15.4%). 16 of 19
agents reduced input tokens, while 3 increased.

Outcome Pre-PTC Post-PTC ∆

Answered 28.2% 33.8% +5.6 pp
NoAnswer 48.9% 40.0% −8.9 pp
MissingResources 22.9% 26.2% +3.4 pp

Table 2: Response-outcome distribution across 19
paired agents (per-agent average).

Table 2 reports the response-outcome distri-
bution across the same 19 paired agents. The
answered-query rate increased from 28.2% to
33.8% (+5.6 pp), NoAnswer decreased from 48.9%
to 40.0% (−8.9 pp), and MissingResources in-
creased from 22.9% to 26.2% (+3.4 pp). On the
highest-traffic agent (66% of post-PTC volume),
the answered-query rate improved from 89.7% to
99.1% (+9.4 pp).

Table 3 compares the Layer C value-grounding
validator against a prompt-only baseline address-
ing the same failure class. The validator delivered
+10.2 pp over a 24-hour measurement window;
the prompt rule delivered +5.9 pp over a 48-hour
window. Across the broader 12-day rollout, addi-
tional refinements lifted SuccessRate from 72.5%
to 98.7%.

5 Conclusion

We presented a system that adopts programmatic
tool calling (PTC) as the primary execution path

Change SuccessRate ∆

Prompt rule 72.5% → 78.5% +5.9 pp
Layer C validator 76.1% → 86.3% +10.2 pp

Table 3: Comparison of prompt-based and validator-
based approaches to the same failure class. Absolute
SuccessRate values reflect the system state at each
release.

for tool calling in a production agentic platform.
PTC generates a single script that handles depen-
dency resolution and selective result extraction pro-
grammatically, eliminating the per-iteration cost
of re-processing intermediate results through the
LLM. A three-layer AST-based validator rejects
scripts containing unsafe constructs, non-existent
API methods, or fabricated parameter values be-
fore execution. Measured across 19 production
agents, PTC reduced input tokens per invocation
by 77% and latency by 21% on average, and in-
creased the answered-query rate by 5.6 percent-
age points. The combined system satisfies all four
operational requirements identified in Section 1:
low per-invocation cost, low latency, adaptability
to evolving tool catalogs, and the ability to catch
errors before execution.

Our comparison shows that prompt-based in-
structions does not prevent value fabrication in
generated code; the model obeys constraints in its
reasoning trace while violating them in the script
it produces. The AST-level validator outperformed
the prompt-based rule by nearly 2× (+10.2 pp vs.
+5.9 pp), mechanically enforcing constraints on the
code itself rather than asking the model to do so.
This suggests that teams deploying code-generation
agents over large API surfaces should invest in
structural validation before iterating on prompts.

PTC reduces input tokens not by generating less
useful content but by reallocating the inference
budget. The system spends the budget once, up
front, rather than on every iteration. The increase in
MissingResources responses (+3.4 pp) reflects
cases where the legacy system would have executed
against a fabricated identifier. PTC instead surfaces
a clarification request, a trade-off we consider cor-
rect for a support deployment where ungrounded
answers carry real cost.

6 Limitations

PTC generates a single script per invocation and
executes it without further LLM interaction. This



means the system cannot incorporate branching
logic that depends on a tool response value discov-
ered at runtime—for example, selecting a remedia-
tion path based on the content of an error message.
Such queries fall back to the iterative execution
path. For queries requiring exactly one API call,
PTC also introduces net overhead (code generation,
validation, and sandbox setup) that exceeds the cost
of a direct tool call.

All results are produced by a single frontier
LLM, and we have not evaluated PTC quality on
other models. Some implementation decisions are
coupled to the specific inference API used, making
portability to other LLMs an open question. The
post-PTC evaluation window is 8 days; whether
quality gains hold across shifting query distribu-
tions, model updates, or tool-catalog expansions is
not established by this study.

We report aggregate deltas across 19 paired
agents but do not compute per-agent confidence in-
tervals or significance tests. The aggregate numbers
across 19 paired agents (approximately 121,000
total invocations) are robust, but individual agent-
level changes carry wide confidence intervals, par-
ticularly on low-volume agents. Finally, the value-
grounding validator accepts string values only from
a closed set of allowed sources (user query, caller-
supplied resources, tool specifications, and pre-
filled values). Values that the model correctly re-
calls from training (such as API enum constants
or service-specific status codes) are rejected unless
they appear in one of these sources. This deliberate
precision-over-recall trade contributes to the ob-
served increase in MissingResources responses,
though we consider false rejections preferable to
silent execution against fabricated identifiers.
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