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Abstract

Large language models can delegate algebra to
external tools, but improvements attributed to a
structured tool interface may instead come from
the symbolic helper code hidden behind that in-
terface. We isolate these factors on polynomial
systems by holding the model, tasks, backend,
and symbolic kernel fixed. Using Qwen3-8B,
we compare text-only reasoning, unrestricted
Python/SymPy generation, generated Python
calling the same helper functions as the struc-
tured system, and a typed diagnosis–solve–
check interface. On 36 tasks, the typed inter-
face obtains 25/36 correct answers, compared
with 14/36 for matched-helper code, 17/36 for
raw SymPy, and 16/36 for text only. It also
produces 23/36 automatically verified-correct
answers versus 4/36 for the matched-helper
control, and contains no execution-error runs
versus 29/36. The largest separation occurs on
exact finite-set tasks, where the typed interface
solves 8/12 systems and both code conditions
solve 0/12. Access to packaged helper func-
tionality alone therefore does not reproduce the
typed condition’s performance. The typed inter-
face also removes the need to generate imports,
API calls, control flow, and result-handling
code, so the comparison measures end-to-end
interface usability rather than mathematical rea-
soning or schema syntax in isolation. We inter-
pret the result as a deployed-interface effect for
one model and a development-informed task
suite.

1 Introduction

Mathematical language agents increasingly move
between natural-language problem statements, for-
mal equations, executable programs, symbolic
tools, and machine-checkable conclusions (Yan
et al., 2025; Gao et al., 2023; Gou et al., 2024; Pan
et al., 2023; Liu et al., 2025). External computation
can improve answer accuracy, but execution alone
does not make a result auditable. A solver-backed
response may still omit solutions, ignore a domain

restriction, hide a failed computation, or report can-
didates without retaining evidence that supports
the final claim (Bagheri Nezhad et al., 2026; Zhang
et al., 2024; Liu et al., 2025).

Polynomial systems provide a compact setting
in which these obligations can be separated. Can-
didate assignments can be checked by substitution,
structural claims can be assessed with computer
algebra, and finite-set answers expose a crucial
distinction: zero residuals establish that the listed
points are valid, but do not establish that no solu-
tions were omitted (Brake et al., 2016; Sommese
et al., 2005; Cox et al., 1997). This makes polyno-
mial systems useful not only for measuring final-
answer accuracy, but also for evaluating whether
a retained trace validly covers the claim being as-
serted.

A central experimental difficulty is that tool-
interface comparisons often change two things at
once. A typed tool may expose constrained ar-
guments and a structured workflow, but also pro-
vide normalization, solver wrappers, domain han-
dling, residual computation, and exception han-
dling that a free-form-code agent must synthesize
itself. A typed-versus-raw-code comparison there-
fore cannot determine whether gains come from
the model-facing interface or from better packaged
symbolic functionality. We address this confound
with a matched-helper code condition: the model
writes ordinary Python, but imports and calls the
exact same versioned symbolic kernel used by the
typed actions. The primary comparison thus holds
helper implementation fixed while changing how
the model invokes it and receives results.

We ask three questions. RQ1 asks whether pack-
aged symbolic helpers improve over unrestricted
Python/SymPy generation. RQ2 asks whether,
with the helper implementation fixed, a typed in-
teraction format changes correctness and automat-
ically verified correctness relative to generated
Python. RQ3 asks how the interfaces change ex-
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plicit verification, execution failures, runtime, and
performance across task families.

Using qwen3:8b through Ollama (Qwen Team,
2025; Ollama, 2026), we evaluate four conditions
on the same 36 polynomial-system tasks. The
typed interface obtains 25/36 correct answers, com-
pared with 14/36 for matched-helper code, 17/36
for raw SymPy, and 16/36 for text only. It yields
23/36 automatically verified-correct answers ver-
sus 4/36 for matched-helper code, while reducing
runs containing an execution error from 29/36 to
0/36. The largest gap occurs on exact finite-set
tasks: the typed interface solves 8/12, whereas
both code conditions solve none. Access to the
shared helpers alone therefore does not reproduce
the typed condition’s performance. The remain-
ing contrast includes constrained invocation, work-
flow cues, structured statuses, evidence serializa-
tion, and the removal of generated glue code; it
does not isolate improved mathematical reasoning
or any one interface component. Earlier oracle-
equation and restricted-action pilots, retained as
secondary analyses, further test whether language
grounding or the available action surface explains
this pattern.

Contributions. This paper makes three contribu-
tions:

• A shared-helper controlled evaluation. We
introduce a matched-helper code baseline that
invokes the same symbolic kernel as the typed
interface, separating packaged-helper effects
from the model-facing interaction format.

• Claim-aware evaluation. We distinguish an-
swer correctness, candidate validity, set com-
pleteness, explicit verification, execution fail-
ure, and automatically verified-correct answers
for finite sets, witnesses, and structural diag-
noses.

• Evidence for a deployed-interface effect. Un-
der a fixed model, task suite, backend, and
helper implementation, the typed interface is
associated with higher correctness and retained
claim support while avoiding the execution fail-
ures that dominate generated matched-helper
code. This is an end-to-end system result, not
evidence that typing alone improves mathemat-
ical reasoning.

2 Related Work

Program-aided and neuro-symbolic mathemati-
cal reasoning. Program-aided methods separate
linguistic decomposition from external computa-
tion. PAL delegates computation to generated
Python programs (Gao et al., 2023), Program of
Thoughts uses executable programs to separate
reasoning from calculation (Chen et al., 2023),
and ToRA interleaves language-model reasoning
with external mathematical tools (Gou et al., 2024).
Related neuro-symbolic systems translate natural
language into formal representations executed by
a solver, including Logic-LM (Pan et al., 2023)
and LINC (Olausson et al., 2023). MCP-Solver
similarly exposes constraint, SAT, and SMT sys-
tems through a standardized tool interface (Szeider,
2025). These works establish the value of external
symbolic computation. Our focus is complemen-
tary: rather than comparing tool use with no tool
use alone, we ask whether the model-facing inter-
face matters when the symbolic helper implemen-
tation is held fixed.

Verifiable code and symbolic checking. Sym-
Code prompts an LLM to generate self-contained
SymPy programs, executes them, and uses inter-
preter feedback for verification and self-debugging
(Bagheri Nezhad et al., 2026). Our raw-code
condition follows this general reasoning-as-code
paradigm, while our matched-helper condition pro-
vides a stronger control: generated Python can call
the same normalization, diagnosis, solving, do-
main, and checking functions used by the typed
interface. Work on symbolic verification of inter-
mediate reasoning likewise demonstrates the value
of machine-checkable representations for process
evaluation (Zhang et al., 2024). SAFE uses Lean
to verify step-level mathematical claims (Liu et al.,
2025), and tool-integrated Lean validation has also
been used to generate and align synthetic mathemat-
ical data (Obozov et al., 2025). Our setting is less
expressive than a proof assistant, but permits exact
candidate checks and explicit completeness obliga-
tions for a controlled class of algebraic claims.

Tool-using agents and structured action
spaces. ReAct formalized the reasoning–action–
observation loop (Yao et al., 2023), while
Toolformer and Gorilla studied tool invocation
and API use (Schick et al., 2023; Patil et al.,
2023). Structured actions can reduce syntax and
serialization failures, but comparisons against
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raw code usually confound action format with
the functionality packaged behind the API. Our
four-condition design decomposes this comparison.
Raw SymPy versus matched-helper code probes
the effect of packaged symbolic functionality;
matched-helper code versus typed actions probes
the deployed interaction format with the helper
kernel fixed. The latter still jointly changes schema
constraints, workflow guidance, status presentation,
and evidence serialization, so we do not interpret it
as a schema-syntax-only intervention.

Positioning within MathNLP. The tasks require
a model to interpret variables, equations, domains,
and answer modes before producing a checkable
mathematical claim. The paper is therefore most
closely related to neuro-symbolic mathematical in-
ference and evaluation of tool-supported mathemat-
ical reasoning. It does not propose a new computer-
algebra algorithm or a full autoformalization sys-
tem. Its contribution is a controlled evaluation of
the interface layer through which mathematical lan-
guage agents exchange formal problems, candidate
solutions, structural statuses, and verification evi-
dence with symbolic computation.

3 Task Setting and Symbolic Interfaces

Problem setting. A task consists of a mathemat-
ical prompt u, a variable list V = (x1, . . . , xn), a
declared solution domain D ∈ {R,C}, and poly-
nomial equations

F = {fi(x1, . . . , xn) = 0}mi=1. (1)

The required answer mode is one of the following:

• ALL-SOLUTIONS: return the complete finite
solution set in D;

• WITNESS: return at least one assignment sat-
isfying every equation and domain restriction;
or

• DIAGNOSIS: return a domain-aware structural
label.

For diagnosis tasks, algebraic inconsistency is dis-
tinguished from absence of real solutions: a system
may have complex solutions but no point in R. The
present study isolates tool-mediated symbolic rea-
soning after the task variables, equations, domain,
and answer mode have been specified; it does not
evaluate open-ended autoformalization.

Verification obligations. For a returned assign-
ment s, candidate validity requires fi(s) = 0 for
every original equation and satisfaction of the de-
clared domain. This is sufficient for an WITNESS

claim. For an ALL-SOLUTIONS answer ˆ︁S, can-
didate validity establishes only soundness of the
listed points. The claim additionally requires set
completeness: every solution in D must belong to
ˆ︁S. Consequently, residual checks do not by them-
selves establish an all-solutions claim. A run is
counted as verified-correct only when its final an-
swer is correct and its retained evidence covers the
obligations associated with its answer mode.

Shared symbolic kernel. The matched-helper
and typed conditions invoke one versioned sym-
bolic kernel. The kernel implements equation
normalization, structural diagnosis, candidate gen-
eration, domain filtering, residual computation,
and candidate checking. It separates execution,
candidate-validity, domain-validity, diagnosis, and
completeness statuses. In particular, successful exe-
cution or zero residuals for returned candidates are
not automatically treated as evidence that a finite
solution set is complete.

Model-facing interfaces. The raw-code condi-
tion writes unrestricted Python/SymPy and is re-
sponsible for constructing solver calls, checks, and
output handling. The matched-helper condition
also writes ordinary Python, but may import the
shared kernel functions directly. The typed condi-
tion accesses the same kernel through three schema-
constrained actions:

1. diagnose_groebner, which returns sup-
ported structural conclusions such as inconsis-
tency or zero-dimensionality;

2. solve_polynomial_system, which re-
turns normalized candidates, domain annota-
tions, residual information, and a conservative
completeness status; and

3. check_solution, which substitutes a pro-
posed assignment into the original equations
and reports symbolic residuals and domain va-
lidity, but never certifies completeness of an
enumerated set.

The typed adapter performs request validation and
structured serialization, but delegates the mathemat-
ical operations to the same kernel used by matched-
helper code.
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Trace semantics. Every tool-enabled run retains
generated code or typed requests, helper inputs and
outputs, structured statuses, warnings, errors, and
the final response. Execution failures and unsup-
ported cases remain visible rather than being con-
verted into ordinary answers. Evidence is linked to
the final claim rather than credited merely because
a solver or checker was invoked.

4 Experimental Design

Research questions. We study three questions.
RQ1 asks whether providing a shared sym-
bolic helper layer improves over unrestricted
Python/SymPy generation. RQ2 asks whether,
with helper functionality fixed, typed invocation
changes answer correctness and automatically veri-
fied correctness relative to generated Python. RQ3
asks how interface design changes explicit verifica-
tion, execution failures, runtime, and performance
across task families.

Conditions. We evaluate four conditions on ev-
ery task:

1. Text only (text_only): the model receives
the task and no external computation.

2. Raw SymPy (raw_sympy): the model writes
and executes unrestricted Python/SymPy.

3. Matched-helper code
(matched_helper_code): the model
writes ordinary Python that imports the same
normalization, diagnosis, solving, domain, and
checking functions used by the typed condition.

4. Typed helper interface
(typed_helper_interface): the
model invokes schema-constrained diagnosis,
solve, and check actions backed by the shared
kernel and receives structured status and
evidence records.

All conditions receive the same equations, vari-
ables, domain, answer-mode specification, and
final-answer requirement. Conditions 2–4 use
SymPy as the underlying algebra system. Con-
ditions 3 and 4 additionally use the exact same
versioned symbolic-kernel implementation. Their
intended difference is the model-facing interaction
format: generated Python and free-form result han-
dling versus validated action calls and structured
responses. Workflow wording, status presentation,
and evidence serialization necessarily differ with

this format and are therefore part of the deployed-
interface treatment. The study does not include an
additional code condition supplied with a working
import and invocation template; consequently, it
does not separate low-level API scaffolding from
the broader structured interaction protocol.

Primary contrasts. Raw SymPy versus matched-
helper code probes whether packaged symbolic
functionality is sufficient to improve generated-
code reasoning. Matched-helper code versus the
typed interface is the primary controlled con-
trast: helper implementation is fixed, while invoca-
tion, workflow affordances, and result serialization
change. Text only provides context for the value of
external computation rather than a matched causal
control.

Model and execution environment. All runs use
qwen3:8b through Ollama (Qwen Team, 2025;
Ollama, 2026), with temperature 0, seed 0, an
8192-token context, a 4096-token output limit, at
most eight calls per task, and a 60-second timeout.
The canonical run record stores the exact model
digest, chat-template hash, prompt and schema
hashes, symbolic-kernel version, dependency ver-
sions, hardware metadata, and raw model/tool
traces.

Benchmark. The benchmark contains 36 tasks:
12 exact zero-dimensional systems, 8 hidden-
solution or witness tasks, 8 structural-diagnosis
tasks, and 8 geometry-inspired algebraic systems.
The systems contain at most four variables and have
maximum degree at most five. Each task record
includes its prompt, formal equations, variable or-
der, declared domain, answer mode, task family,
and gold answer. Gold records were checked with
SymPy and a separately recorded derivation. The
suite was frozen before the fresh four-condition
rerun; because it also informed earlier pilot devel-
opment, we treat it as a controlled evaluation suite
rather than a pristine held-out benchmark.

Prompts and budgets. No condition uses few-
shot examples or task-specific prompt tuning. The
task content and final-answer instructions are
shared. Condition-specific text only describes
the available interaction mechanism: unrestricted
Python, the matched helper API, or typed action
names and payloads. Tool-enabled conditions use
the same maximum-call and timeout policy.
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Correctness. Scoring is answer-mode specific.
Exact finite tasks require equality with the com-
plete gold solution set up to variable order and
exact algebraic equivalence in the declared domain.
Witness tasks require at least one valid assignment.
Diagnosis tasks require the correct domain-aware
structural label. Exact symbolic comparison is pre-
ferred; numerical fallback is used only when exact
simplification is inconclusive, with residual toler-
ance 10−6. The scorer version and task-level out-
puts are frozen in the canonical result record.

Verified correctness. We separately report ex-
plicit verification and verified-correct answers. Ex-
plicit verification records whether the model exe-
cuted a post-candidate check. Verified correctness
is stricter: the final answer must be correct and the
retained trace must contain valid evidence covering
the claim. For a witness, a claim-linked substitu-
tion and domain check suffice. For an all-solutions
answer, candidate checks must be accompanied by
supported completeness evidence. These labels are
produced by the frozen automatic scorer under a
condition-independent rubric; because structured
traces are easier to parse, we discuss scorer endo-
geneity separately.

Operational outcomes. A run is marked as con-
taining an execution error when its retained trace
records a generated-code, helper-invocation, back-
end, timeout, or tool-execution failure. This is a
process metric: a run may contain an error and
still recover a correct final answer. The aggregate
includes failures in syntax or imports, helper argu-
ments, generated control flow, backend execution,
timeouts, and result handling; it must not be read
as a count of mathematical solver errors. We also
report wall-clock runtime. Failed calls, malformed
answers, and unsupported cases remain in the de-
nominator.

Paired analysis. Every condition is evaluated on
the same tasks, so the primary comparisons are
paired. We report task-level counts and absolute
paired differences. The canonical analysis addition-
ally records the 2 × 2 paired contingency tables,
exact McNemar tests, and task-paired bootstrap
confidence intervals; subset results are treated as
descriptive because of their small sizes.

Reproducibility. All tables are generated from
canonical task-level records rather than hand-
written aggregates. The companion artifact con-
tains the task and gold manifests, exact prompts,

action schemas, shared-kernel implementation,
model and environment metadata, raw traces, scor-
ing code, and table-generation commands.

Secondary legacy analyses. To contextualize the
fresh controlled comparison, we retain four earlier
pilot analyses: a diagnostic-only subset, an oracle-
equation presentation that removes language-to-
equation ambiguity, and solve-only and check-only
restrictions of the typed action surface. These
batches predate the canonical shared-helper rerun
and have partially documented orchestration differ-
ences. We therefore use them only as exploratory
mechanism analyses, do not pool them with the
fresh batch, and report their full aggregates in Ap-
pendix B. Their legacy “evidence” label denotes
evidence attachment rather than the stricter verified-
correct metric used in the main experiment.

5 Results

Primary shared-helper comparison. With the
symbolic helper implementation fixed, the typed
interface obtains 25/36 correct answers, compared
with 14/36 for matched-helper code, an absolute
difference of 11 tasks or 30.6 percentage points.
Automatically verified-correct answers increase
from 4/36 to 23/36, a difference of 19 tasks or
52.8 points. Thus access to packaged normaliza-
tion, solving, domain, and checking functions alone
does not reproduce the typed condition’s perfor-
mance. The remaining treatment is the deployed
interaction format, including constrained invoca-
tion, workflow cues, structured statuses, evidence
serialization, and the removal of generated glue
code; the experiment does not isolate any one of
these components or a change in mathematical rea-
soning.

Packaged helpers are not sufficient. Raw
SymPy reaches 17/36 correct answers, whereas
matched-helper code reaches 14/36. Simply mak-
ing the shared kernel importable from generated
Python does not improve this model’s performance.
Instead, matched-helper code contains an execu-
tion error in 29/36 runs, compared with 7/36 for
raw SymPy and none for the typed interface. This
pattern indicates that a capable symbolic API is
not sufficient for reliable end-to-end use when the
model must synthesize valid invocation code, con-
trol flow, and result handling. At the same time, the
high matched-helper error rate makes glue-code
burden a plausible major source of the correctness
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Method Correct Verified-correct Explicit verification Execution-error runs Avg. time (s)

Text only 16/36 (44.4%) 0/36 (0.0%) 0/36 (0.0%) 0/36 (0.0%) 7.03
Raw SymPy 17/36 (47.2%) 5/36 (13.9%) 14/36 (38.9%) 7/36 (19.4%) 12.63
Matched-helper code 14/36 (38.9%) 4/36 (11.1%) 4/36 (11.1%) 29/36 (80.6%) 42.98
Typed helper interface 25/36 (69.4%) 23/36 (63.9%) 23/36 (63.9%) 0/36 (0.0%) 18.69

Table 1: Fresh four-condition results on the 36-task suite. Verified-correct requires a correct final answer and
valid evidence covering the answer-mode claim. Explicit verification records a separate post-candidate check. An
execution-error run contains at least one recorded code, helper, backend, timeout, or tool-execution failure; it may
still end with a correct answer.

Method Exact Hidden Diagn. Geom.

Raw SymPy 0/12 7/8 8/8 2/8
Matched-helper 0/12 4/8 8/8 2/8
Typed interface 8/12 6/8 8/8 3/8

Table 2: Correct answers by subset for the three tool-
enabled conditions. The small subset sizes support de-
scriptive, not broad population, conclusions.

gap. We therefore treat the result as an interface-
usability comparison rather than evidence of im-
proved mathematical reasoning, and we do not re-
label every failure as a mathematical solver error.

Correctness and retained evidence. The typed
condition produces 23 verified-correct answers,
close to its 25 correct answers, whereas raw SymPy
and matched-helper code produce only 5 and
4, respectively. The equality between explicit-
verification and verified-correct counts in the typed
aggregate is empirical, not definitional: a check
receives verified-correct credit only when the final
answer is correct and the evidence covers the rele-
vant claim. In particular, substitution checks alone
do not establish completeness of an all-solutions
answer. These numbers therefore measure auto-
matically auditable claim support under the frozen
scorer, not the truthfulness of an unrestricted chain
of thought.

Where the difference occurs. The largest sepa-
ration occurs on exact zero-dimensional systems.
The typed interface solves 8/12, while both code
conditions solve 0/12. These tasks combine enu-
meration, domain handling, and complete final-
answer construction; coordinating those obliga-
tions is one plausible source of the observed gap,
but the current design does not identify the mech-
anism. All three tool-enabled conditions solve
the eight diagnosis tasks, making that subset a
sanity check rather than evidence of an interface
advantage. Raw SymPy is strongest on hidden-

solution tasks (7/8 versus 6/8 typed), where finding
one valid witness can reward flexible exploration.
Geometry-inspired systems remain difficult for ev-
ery condition (3/8 typed versus 2/8 for each code
condition).

Runtime and failure behavior. Matched-helper
code is both the least accurate tool-enabled con-
dition and the slowest, averaging 42.98 seconds,
consistent with repeated generated-code or helper-
invocation failures. The typed interface averages
18.69 seconds: slower than raw SymPy, but sub-
stantially more accurate and more often verified-
correct. Runtime should therefore be interpreted
jointly with failure and answer quality rather than
as a standalone efficiency ranking.

Secondary mechanism analyses. The legacy pi-
lots provide complementary, non-confirmatory ev-
idence (Appendix B). Supplying equations, vari-
ables, and domains explicitly preserved the earlier
raw-versus-typed separation (19/36 versus 27/36),
suggesting that equation extraction was not its sole
source. The diagnostic-only subset was saturated
at 8/8 for text, raw code, and typed tools. Within a
separate action-surface batch, solve-only reached
22/36 correct, full typed 27/36, and check-only
28/36; check-only also produced the highest legacy
evidence-attachment count (31/36), but more error-
containing runs than full typed (6/36 versus 1/36).
These point estimates motivated the verification-
first hypothesis, but different retained batches and
the weaker legacy evidence metric prevent pooling
or causal interpretation.

Interpretation. The fresh experiment supports
a narrow but stronger conclusion than the legacy
three-condition comparison. Under one model, one
development-informed 36-task suite, one backend,
and an identical symbolic kernel, the model-facing
interface is associated with substantial changes in
correctness, automatically auditable evidence, and
execution reliability. The result is not a claim that

6



type annotations improve mathematical reasoning,
that any single interface component causes the dif-
ference, or that the typed workflow generalizes
beyond this model–benchmark combination.

6 Discussion

The gain persists after matching helper func-
tionality. The matched-helper control resolves
the main confound in the original typed-versus-
raw comparison. Both matched-helper code and
the typed interface invoke the same versioned sym-
bolic kernel, yet the typed condition is 30.6 percent-
age points more accurate and 52.8 points higher
in automatically verified correctness. Access to
the same normalization, solving, checking, and
domain-handling code therefore does not reproduce
the typed condition’s performance. This supports a
deployed-interface effect under the present model
and tasks, but not a claim that the typed condition
improves the model’s underlying mathematical rea-
soning.

The treatment is broader than schema syntax.
The matched comparison does not identify a single
causal primitive. Typed invocation changes argu-
ment constraints, workflow guidance, status presen-
tation, error exposure, and evidence serialization
together. The paper’s claim is consequently about
the deployed mathematical interaction format, not
about JSON schemas or static types in isolation.
Separating these components would require addi-
tional factorial interventions, such as neutralizing
workflow language while retaining typed calls or
giving generated code an equivalent structured re-
sponse object.

An executable-template control remains open.
The matched-helper prompt documents the API,
but it does not provide a minimal working program
that demonstrates the correct imports and helper
invocations. Such a control could reduce low-level
code-generation failures while retaining ordinary
Python control flow and would help distinguish
API scaffolding from the broader structured pro-
tocol. Because we did not run this condition, the
present study cannot determine whether the typed
advantage would remain after that burden is re-
moved. The high matched-helper error rate makes
this an especially important target for replication.

A helper API is not automatically usable by an
LLM. The matched-helper condition performs
worse than raw SymPy and records errors in 29/36

runs. This is a substantive finding: exposing a re-
liable mathematical library does not ensure that
a model can generate correct imports, arguments,
control flow, and final-answer serialization. The
typed interface removes much of this glue-code
burden, which is part of the deployed system rather
than a nuisance external to it. However, the magni-
tude of the error rate also makes baseline usability
a central threat to mechanistic interpretation. The
aggregate error indicator spans syntax and imports,
invalid calls, generated control flow, backend fail-
ures, timeouts, and output handling; it should not
be read as a count of mathematical solver failures.

Correctness and evidence should be evaluated
jointly. A correct answer may be unsupported,
while a valid check may cover only one part of an
incorrect or incomplete claim. This distinction is
especially important for finite solution sets: ver-
ifying every returned point establishes candidate
validity but not set completeness. The large typed-
interface gain in verified correctness suggests that
structured traces can make mathematical claims
easier to audit, but this metric is partly endogenous
because the typed responses are designed for ma-
chine parsing. Condition-blind human validation
would provide a stronger test of evidence relevance
and coverage.

Task structure determines which interface helps.
The largest observed separation occurs on exact
finite-set tasks, where the model must coordinate
enumeration, domain restrictions, completeness sta-
tus, and final serialization. This pattern suggests,
but does not establish, that coordination and serial-
ization burden contribute to the gap. Raw SymPy
remains competitive on witness tasks, where one
valid point is enough and free-form exploration can
be useful. The diagnostic subset is saturated, and
the geometry-inspired subset remains difficult. The
result is therefore not that structure uniformly im-
proves every mathematical task, but that its value
depends on the obligations of the requested claim.

Legacy pilots sharpen, but do not establish, the
mechanism. The earlier oracle-equation analy-
sis preserved the typed advantage after the formal
system was supplied directly, making language-to-
equation extraction an insufficient explanation for
that batch. The action-surface pilot found that a
check-only interface matched or slightly exceeded
the full typed workflow in correctness and legacy
evidence attachment, whereas the full workflow
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produced fewer error-containing runs. Together
these results motivated the present verification-first
framing: explicit checking may improve claim sup-
port, while a broader action surface may improve
operational robustness. Because these pilots used
separately retained batches and the old evidence-
attachment metric, they are secondary hypothesis-
generating analyses rather than confirmation of a
specific causal component.

Implications for MathNLP. The study isolates
an often hidden layer between mathematical lan-
guage understanding and symbolic computation:
the protocol through which variables, equations,
domains, candidates, statuses, and evidence are
exchanged. MathNLP evaluations should treat
this protocol as an experimental variable rather
than attributing all tool-use gains to either the lan-
guage model or the solver. A broader benchmark
should additionally vary linguistic realization—
direct equations versus prose, aliases, reordered
constraints, implicit domains, coreference, and
distractors—to separate language grounding from
symbolic interaction.

7 Conclusion

We studied whether the model-facing interface
to symbolic algebra matters after controlling for
the helper implementation behind it. On 36
polynomial-system tasks, a typed diagnosis–solve–
check interface obtains 25/36 correct and 23/36
automatically verified-correct answers. Generated
Python calling the same symbolic kernel obtains
14/36 and 4/36, respectively, and contains an ex-
ecution error in 29/36 runs, compared with none
for the typed condition. Raw SymPy and text-only
reasoning reach 17/36 and 16/36 correct answers.

Access to the same symbolic functions does
not reproduce the typed condition’s performance.
The typed condition also removes the burden of
generating imports, API calls, control flow, and
result-handling code, while changing workflow
guidance, error reporting, and evidence serializa-
tion. The defensible result is therefore an end-to-
end deployed-interface effect under one model and
a small, development-informed task suite—not evi-
dence that schema syntax improves mathematical
reasoning. Whether the advantage remains when
generated code is given a minimal executable tem-
plate is left unresolved.

For mathematical NLP, symbolic functionality
and its model-facing protocol should be evaluated

separately, and final-answer accuracy should be
reported together with claim-aware verification and
observable failure behavior.

8 Limitations

Bundled interface effect. The matched-helper
control holds the symbolic kernel fixed, but the
typed condition still jointly changes schema con-
straints, workflow guidance, status presentation,
evidence serialization, and the need to generate
glue code. The results therefore support an end-to-
end effect of the deployed interface, not an effect
of schema syntax or improved mathematical rea-
soning in isolation.

No executable-template control. We did not
give matched-helper code a minimal working tem-
plate demonstrating correct imports and helper in-
vocations. Such scaffolding could reduce its high
execution-error rate and would provide a cleaner
test of the broader structured protocol after low-
level API usage is matched. The present compari-
son cannot predict whether the observed advantage
would persist under that control.

Evaluation scope. The study uses one 8B model,
one symbolic backend, and 36 small polynomial-
system tasks, with subsets of only 8–12 tasks.
The benchmark was fixed before the final four-
condition evaluation, but had informed earlier de-
velopment. Subset comparisons are therefore de-
scriptive, and replication with additional models,
symbolic systems, independently held-out tasks,
and more linguistically diverse problems is needed
to establish broader generality.

Errors and verification. Matched-helper code
produces execution errors in 29/36 runs. This
aggregate combines code-generation, invocation,
backend, timeout, and output-handling failures; it
is not a mathematical-error taxonomy, and its mag-
nitude limits mechanistic interpretation of the cor-
rectness gap. Moreover, candidate substitution es-
tablishes validity but not completeness of an ALL-
SOLUTIONS claim. Verified correctness follows
an automatic, interface-sensitive scorer: structured
typed outputs are easier to parse, and no condition-
blind human audit was conducted. Unsupported
cases receive no completeness credit.
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A Fresh Shared-Helper Experiment

The confirmatory experiment evaluates the four
conditions in Section 4 on the same 36 tasks. The
main analysis uses only this fresh batch. Earlier
three-condition, oracle-equation, solve-only, and
check-only runs motivated the controlled design
but are not pooled with the fresh results or used for
the paper’s primary claims.

A.1 Shared-kernel equivalence
The matched-helper and typed conditions reference
the same symbolic-kernel version and helper imple-
mentations. The typed actions are thin adapters that
validate requests, call the kernel, and serialize its
response. The artifact records the helper or kernel
hash for each run, generated Python for code con-
ditions, typed requests and responses, normalized
equations, variable order, coefficient field, solution
domain, and returned execution, candidate, domain,
diagnosis, and completeness statuses.

A.2 Exact prompts and budgets
The artifact includes the verbatim system and user
messages for all four conditions, the helper API
documentation shown to matched-helper code, the
exact action schemas shown to the typed condition,
and all resolved generation and execution settings.
The fresh batch uses temperature 0, seed 0, an
8192-token context, a 4096-token output limit, at
most eight calls per task, and a 60-second timeout.
Prompt, schema, task, scorer, and kernel hashes are
stored in the run manifest.

A.3 Benchmark and gold records
Each task record includes:

• task identifier and family;

• prompt and formal equations;

• variable order, coefficient assumptions, and re-
quested domain;

• answer mode;

• number of variables, maximum degree, and co-
efficient type;

• gold answer and recorded validation path; and

• construction source and development-exposure
metadata.

The 36-task suite was frozen before the fresh rerun,
but its prior use in pilot development is explicitly
recorded.

A.4 Scoring and evidence obligations

The scorer documents final-answer extraction, ex-
act algebraic equivalence, numerical fallback pre-
cision and tolerance, domain validation, diagnosis-
label mapping, and the distinction between candi-
date validity and finite-set completeness. For each
task–condition pair, it records final correctness, ex-
plicit verification, evidence presence, relevance,
validity, coverage, verified correctness, execution
status, error category, runtime, and trace identifier.
A check invocation alone does not imply verified
correctness.

A.5 Paired task-level analysis

All conditions are evaluated on the same tasks.
The released task-level table therefore supports the
primary matched-helper-versus-typed comparison
through its 2× 2 paired contingency table, discor-
dant counts, exact McNemar test, absolute paired
difference, and task-paired bootstrap interval. The
same analysis is provided for raw SymPy versus
matched-helper code and raw SymPy versus the
typed interface. Subset analyses are reported de-
scriptively.

A.6 Execution-failure taxonomy

The aggregate execution-error indicator is inten-
tionally broad and does not mean that every failure
originates in SymPy. The task-level artifact sepa-
rates at least generated-code syntax, prohibited or
failed import, incorrect helper signature or argu-
ment, helper exception, backend exception, time-
out, unsupported algebra, output-parsing failure,
missing final answer, domain mistake, incomplete
solution set, and evidence–answer mismatch. Runs
with an error remain in the denominator and may
still receive answer-correctness credit if they re-
cover a correct final response.

B Legacy Pilot Analyses

The following results recover the exploratory
batches that preceded the fresh shared-helper ex-
periment. They are included for transparency and
mechanism analysis, but are not pooled with the
fresh results. In all tables below, Evidence is the
original evidence-attachment label—a trace con-
tained residuals, substitution, or structured solver
output linked by the legacy scorer—not the stricter
verified-correct outcome used in the main paper.
Likewise, Err. indicates a run containing a tool
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or execution error and may overlap with a correct
final answer.

B.1 Legacy three-condition comparison

The initial study compared text-only reasoning, un-
restricted SymPy code, and the original full typed
workflow. It established the descriptive interface
gap that motivated the matched-helper control, but
bundled helper implementation with invocation for-
mat.

B.2 Language-grounding and diagnosis
analyses

The oracle presentation supplied equations, vari-
ables, and domains explicitly to the tool-enabled
conditions. The typed advantage remained descrip-
tive (27/36 versus 19/36), indicating that equation
extraction alone did not explain the legacy gap. The
diagnostic-only subset was saturated for all condi-
tions and therefore functioned as a sanity check
rather than a discriminative benchmark.

B.3 Action-surface analysis

A separately retained batch restricted the typed ac-
tion surface. Solve-only removed explicit candidate
checking, while check-only required the model to
propose assignments before verification. Check-
only achieved the largest legacy correctness and
evidence-attachment point estimates, whereas the
full workflow had the fewest error-containing runs.
These results motivated the verification-first hy-
pothesis, but the full-workflow row differs from the
legacy main batch in explicit-check rate and mean
calls; the rows are therefore not interchangeable.

B.4 How the pilots relate to the main
experiment

The fresh four-condition study supersedes the
legacy main comparison for the paper’s central
claim because it adds the shared-kernel matched-
helper control and uses canonical provenance and
stricter verified-correct scoring. The legacy anal-
yses retain a narrower role: the oracle batch tests
whether formal-system extraction alone explains
the earlier gap, the diagnostic batch identifies a
saturated subset, and the action-surface batch mo-
tivates explicit verification as a candidate mecha-
nism. None isolates schema constraints, workflow
wording, status presentation, or evidence serializa-
tion individually.

C Reproducibility Record

The companion artifact contains:

• the exact model identifier, digest, chat template,
and reasoning mode;

• Ollama, Python, SymPy, operating-system, and
hardware versions;

• decoding, context, token, call, retry, and time-
out settings;

• canonical task, gold, run-config, tool-call, run,
and score records;

• raw model messages, generated code, typed
requests, and tool traces;

• the frozen scorer and table-generation code; and

• environment files and commands that regener-
ate every reported table.
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Method Correct Evidence Explicit check Error runs Audit abst. Calls Time (s)

Text only 15/36 0/36 0/36 0/36 21/36 0.00 8.76
Raw SymPy 17/36 7/36 17/36 9/36 18/36 1.69 12.53
Full typed workflow 27/36 27/36 10/36 1/36 9/36 2.03 10.98

Table 3: Legacy main-batch aggregates. This comparison predates the matched-helper control and therefore does
not isolate the deployed interaction format from packaged helper functionality.

Setting Method Correct Evidence Explicit Err. Abst. Calls Time (s)

Diagnostic (8) Text only 8/8 0/8 0/8 0/8 0/8 0.00 8.02
Diagnostic (8) Raw SymPy 8/8 0/8 0/8 2/8 0/8 1.25 7.87
Diagnostic (8) Typed interface 8/8 1/8 0/8 1/8 0/8 1.12 6.44

Oracle (36) Raw SymPy 19/36 9/36 20/36 12/36 17/36 1.81 15.41
Oracle (36) Typed interface 27/36 27/36 12/36 5/36 8/36 2.25 19.44

Table 4: Legacy diagnostic-only and oracle-equation analyses. The oracle batch reduces language-grounding
ambiguity but still bundles helper functionality and interface format.

Action surface Correct Evidence Explicit check Err. Abst. Calls Time (s)

Full typed workflow 27/36 27/36 6/36 1/36 9/36 1.86 10.96
Solve-only 22/36 27/36 0/36 5/36 14/36 1.00 7.38
Check-only 28/36 31/36 36/36 6/36 8/36 1.75 8.95

Table 5: Legacy action-surface pilot. Point estimates are descriptive and use the legacy evidence-attachment metric.
They are not pooled with the fresh shared-helper experiment.
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