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Abstract

Language models approach saturation on
general-purpose code benchmarks but routinely
fail on domain-specific languages (DSLs),
where paired training data is scarce and regular-
ities learned from mainstream languages trans-
fer poorly. We propose augmenting each train-
ing example with a minimal grammar: the sub-
set of DSL productions needed to derive the tar-
get program, typically 2-20% of the full gram-
mar. This provides a strong structural prior, and
we fine-tune the model to generate the program
conditioned on the query and grammar. We
predict grammars at inference via retrieval: a
frontier model is prompted with (query, gram-
mar) pairs, annotated with a chain-of-thought
trace. Across five benchmarks spanning seman-
tic parsing (SMCalFlow, GeoQuery, Overnight)
and hardware description languages (HDLs)
(Verilog, SPICE), our method improves over
grammar-free fine-tuning on three open-weight
backbones. Gains reach 36.8pp of program
accuracy on SMCalFlow, with consistent im-
provements on HDLs. Applied to in-context
learning, our predicted grammars raise GPT-5.5
accuracy on SMCalFlow from 51.4% (grammar
prompting) to 94.3%, with similar gains for
Claude Opus 4.7. Ablations rule out the extra
training tokens as the source of these gains.

1 Introduction

Recent advances in language models (LMs) have
yielded strong performance on general-purpose
code generation, saturating benchmarks consid-
ered challenging only a few years ago such as Hu-
manEval and MBPP (Zhuo et al., 2025; Jain et al.,
2025; Chambon et al., 2025). For languages well
represented in pretraining, these models produce
correct code at rates approaching those of a com-
petent programmer (Quan et al., 2025). However,
progress is uneven. Models that near saturation
on general benchmarks routinely produce plausi-
ble but incorrect code on domain-specific language
(DSL) tasks (Lei et al., 2025; Xu et al., 2025).
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Figure 1: Minimal-grammar supervision (orange) im-
proves over grammar-free fine-tuning (blue) across SP
and HDL benchmarks.

Two factors explain the gap. First, targeted fine-
tuning data available for DSLs exists at a small
fraction of general-purpose-language scale, so a
model has had far less exposure to the patterns
it needs to reproduce (Liu et al., 2025; Pinckney
et al., 2025). Second, DSLs differ structurally from
the distribution a model learns, in their syntax and
semantics: the regularities a model absorbs from
mainstream programming languages do not transfer
cleanly (Joel et al., 2024; Cassano et al., 2024).

We propose a method for making the most of
existing training data by augmenting each exam-
ple program with minimal grammars: subsets of
DSL rules needed to generate a particular program.
They contain the operations, constants, and compo-
sition patterns that appear in that example, and omit
everything else. This provides a scaffold for the
model to acquire the structure of the target DSL.

With ground-truth grammars at inference, the
trained model reaches a high performance ceiling.
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Since hand-written grammars are rarely available in
practice, we develop a method for producing these
grammars automatically using retrieval-augmented
generation (RAG): the test query is embedded and
the k nearest training queries are retrieved. We
extract minimal grammars from their associated
programs and prompt a frontier model with these
query-grammar pairs as in-context examples. Ap-
pending chain-of-thought (CoT) reasoning to the in-
context examples produces further improvements.

We illustrate our approach on five bench-
marks spanning hardware description languages
(HDLs: Verilog, SPICE) and semantic parsing (SP:
SMCalFlow, GeoQuery, Overnight), comparing
against two baselines: training without grammars
on the same open-weight models (Qwen-3.5 4B
and 9B (Qwen Team, 2026), Gemma-3 27B (Ka-
math et al., 2025)) and grammar prompting (Wang
et al., 2023) on frontier models (GPT-5.5 (OpenAl,
2026) and Claude Opus 4.7 (Anthropic, 2026)).

Our approach yields substantial improvements in
accuracy across several metrics: pass@k and graph
edit distance for electrical circuits; exact match
and execution accuracy for SP. Our RAG-based
method achieves gains of up to +36.8pp on exact
match accuracy on SMCalFlow (49.0%—85.8%)
over no-grammar training, with improvements on
all five benchmarks (Figure 1). Applying our RAG-
predicted grammars to frontier in-context learning
(ICL) on the same benchmark yields a +42.9pp
gain over grammar prompting (51.4%—94.3%).
We verify that these gains do not stem from the
extra training tokens grammars introduce. Training
for additional epochs without grammars does not
match the accuracy of training with them.

To summarize, our contributions are as follows:

1. We pair each training program with a minimal
grammar capturing only productions it uses,
so the model internalizes the DSL’s structure
rather than inferring it from programs alone.

2. We develop a retrieval-based procedure for
predicting these grammars automatically,
prompting the model with nearest-neighbor
exemplars and reasoning traces.

3. Across five benchmarks spanning SP and
HDLs, our method consistently improves over
both grammar-free fine-tuning and grammar
prompting with frontier models.

Code is available.
"https://github.com/davidraine907/

answer_type ::= num
num = "len(" river ")"
river = "river (" river ")"

| "riverid(’colorado’ )"

Figure 2: Example minimal grammar for GeoQuery.

2 Background

2.1 Problem Formulation: DSL Generation

Given a natural-language utterance x, the goal is
to generate a formal meaning representation y €
L(G) that conforms to grammar G, where L(QG)
is the set of all well-formed expressions derivable
from G.

A prediction g is deemed correct if (i) § = y, or
(i) [9] = [y], where [[-] denotes the semantic in-
terpretation function mapping expressions to their
execution outcomes. Example inputs and outputs
are shown for GeoQuery and Verilog in Table 1.

2.2 Minimal Grammar

We adopt the definition of a minimal grammar?

from Wang et al. (2023). Given G and a program
y, a minimal grammar G/(y) is a subset of the base
grammar with the following properties:

1. y € L(G(y))-

2.VreGly),y ¢ L(G(y) \r).

Intuitively, removing any rule from G(y) would
mean that y is no longer a valid program allowed
by the grammar. Only the production rules required
for y remain. Figure 2 shows the minimal grammar
for the GeoQuery example in Table 1.

3 Method

Our method has two components. During train-
ing, we append an automatically extracted minimal
grammar to each query and fine-tune the model to
generate the corresponding program. At inference,
the gold grammar is unavailable, so we predict it
via retrieval-augmented prompting. The two com-
ponents are decoupled: a model fine-tuned with
minimal grammars can be paired with any gram-
mar predictor at test time, and a stronger predictor
can be swapped in without retraining.

Figure 3 summarizes both components. At in-
ference (panel a), the fine-tuned LM consumes the
grammar—solve

“Wang et al. use the term "minimal specialized grammar",
which we shorten to "minimal grammar".
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x Y [v]
GeoQuery How long is the Colorado answer (len(river (riverid (' colorado’)))) 2333 miles
River?
module XOR (O, A, B); A B O
An XOR gate over inputs A 1nputt wire é’ Bi A 000
Verilog and B producing output O, Outf?u ‘glfe Né B+ @) 01 1
implemented as AB + AB. Zfs(lg? = (R 101
endmodule 110

Table 1: Problem formulation illustrated across two DSL families. For Verilog, the schematic next to y visualizes
the module that y describes. The denotation [y] is the module’s input/output behavior, given here as a truth table;
for GeoQuery, it is the value returned by executing the FunQL program against the geography database.

query alongside a predicted minimal grammar and
emits the program. For the GeoQuery example
shown, the two productions for num and state
are enough to pin down count (state (all)).
The grammar itself is produced by the retrieval-
augmented pipeline in panel (b).

3.1 Training with Minimal Grammars

Each training example is a pair (x,y) of natural-
language query and gold program. We compute the
minimal grammar G (y) by parsing y with the ref-
erence grammar G and collecting the productions
used in deriving it. The model is trained to autore-
gressively generate y given the concatenation of x
and a serialized form of G(y): (z, G(y)) — y.

We considered training the model to jointly gen-
erate both the grammar and the program (x —
G(y) - y), the closest training-time analogue to
grammar prompting (Wang et al., 2023), but found
on SMCalFlow and Verilog that this did not im-
prove over the no-grammar baseline (Section 4.5).

We fine-tune three open-weight models with loss
computed only on the y tokens: Qwen-3.5 4B,
Qwen-3.5 9B, and Gemma-3 27B. Full hyperpa-
rameters appear in Appendix C.

Robustness to imperfect grammars. Predicted
grammars at inference may omit productions that
y needs or include spurious ones. To prevent the
model from relying entirely on the grammar being
correct, we drop G(y) from a randomly sampled
10% of training examples, leaving only z — y.

Generic productions. Some grammars include
productions that match open classes of literals,
such as string ::= ESCAPED_STRING in
SMCalFlow, which matches any quoted string.
We replace these generic productions with con-
crete instantiations: when y contains the literal

"Bob", the minimal grammar contains string
: := "Bob" rather than the generic rule.

3.2 Grammar Prediction

We predict minimal grammars at inference using
RAG with a frontier model. We explored some al-
ternatives that underperformed in pilot experiments
on SMCalFlow: (i) fine-tuning a model to predict
minimal grammars directly, (ii) training a multi-
label classifier with a binary include/exclude head
per grammar rule, and (iii) k-NN retrieval in which
the predicted grammar is formed from the union or
intersection of the retrieved neighbors’ rules.

Given a test query z, we embed = using BGE-
large-en (Xiao et al., 2024) and retrieve the k near-
est training queries by cosine similarity. For each
retrieved neighbor (x;,y;), we compute the min-
imal grammar G, from program y;. We then
prompt a frontier model with these & (query, gram-
mar) pairs as in-context examples and elicit a pre-
dicted grammar G, for the test query. We use
k = 16 throughout — all ICL baselines in Table 4
are matched to this value.

For each training example, we use GPT-5.5 to
pre-generate a CoT trace that explains why the gold
minimal grammar suffices for the program and why
competing productions in the full grammar are not
needed. At inference, these traces are appended
to the retrieved in-context examples. Prompt tem-
plates are available in Appendix D.

3.3 Datasets

We evaluate on five benchmarks spanning two DSL
families. We include SP for comparability with
Wang et al. (2023), and hardware verification to
test generalization to a substantially different set-
ting: HDLs are full programming languages with
types, scoping, and hierarchical modules, whereas
SP targets are tree-structured logical forms.
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Figure 3: Overview of our method.

Benchmark Train  Dev Test |G|

IG(y)l

Semantic Parsing

SMCalFlow 20,962 720 720 291 12.9
GeoQuery 560 60 280 237 4.7
Overnight 1,436 160 399 53 4.6

Hardware Verification
Verilog 8,573 1,071 156 332 65.2
SPICE 4,848 606 606 185 9.1

Table 2: Dataset statistics. |G| is the number of produc-
tions (rule alternatives) in the full reference grammar.
|G(y)] is the average number in the minimal grammars.

Table 2 reports dataset sizes, the size of each
benchmark’s full reference grammar (|G|) and the
average size of the per-program minimal grammars
(IG(y)]). The ratio |G(y)|/|G| varies from roughly
2% (GeoQuery) to 20% (Verilog). A smaller ratio
means the minimal grammar prunes away more al-
ternatives, so it carries more information about the
target program. All else equal, this would predict
larger gains on benchmarks with lower |G (y)|/|G].

Semantic Parsing. SMCalFlow (Andreas et al.,
2020) pairs conversational requests to a virtual as-
sistant with dataflow programs. GeoQuery (Zelle
and Mooney, 1996) contains questions over a U.S.
geography database paired with FunQL logical
forms. Overnight-Blocks (Wang et al., 2015) is the
Blocks sub-domain of the Overnight benchmark,
pairing utterances about stacked-block configura-
tions with A-DCS logical forms. We follow the
splits used in Wang et al. (2023).

Hardware Verification. Verilog is an HDL for
digital circuit design. MG-Verilog (Zhang et al.,
2024) pairs natural-language module specifications
with synthesizable Verilog implementations span-
ning combinational logic, sequential elements, and
finite state machines. The dataset provides de-
scriptions at three granularities (high-level, de-
tailed, and block-level) and proposes a balanced
scheme that mixes them. We train on the de-
tailed descriptions only, to keep the effect of our
minimal-grammar supervision separable from the
gains attributable to balanced mixing. Following
Zhang et al. (2024), we evaluate on VerilogEval-
Human (Liu et al., 2023), which provides exe-
cutable testbenches. SPICE (Bhandari et al., 2024)
targets analog and mixed-signal circuits. The two
HDLs differ in granularity: SPICE programs are
netlists specifying topology and component values,
whereas Verilog programs are hierarchical with
control flow, leading to the larger average minimal
grammar reported in Table 2.

3.4 Evaluation Metrics

For all SP datasets, we report program accuracy:
the fraction of exact matches (y = y) after white-
space normalization. For GeoQuery and Overnight-
Blocks, we additionally report execution accuracy.
SMCalFlow has no execution environment.

For Verilog, we report pass@k (Chen et al.,
2021), a sample-based estimator of execution ac-
curacy where the VerilogEval-Human testbench
checks input/output behavior. We draw five sam-
ples at temperature 0.8.
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SPICE does not admit either Section 2.1 correct-
ness condition cleanly, since netlists have many
equivalent textual orderings, and analog simulation
yields continuous waveforms that resist exact com-
parison. Instead, we use two graded structural met-
rics. GED similarity computes normalized graph
edit distance (GED) between predicted and gold
netlists encoded as labeled graphs. Component F1
is F1 over the sets of component categories present
in each netlist, ignoring instance names, multiplici-
ties, parameter values, and connectivity.

4 Results

Figure 1 shows each benchmark’s primary metric:
program accuracy for SMCalFlow, execution ac-
curacy for GeoQuery and Overnight, pass@]1 for
Verilog, and GED similarity for SPICE. Error bars
are 95% percentile bootstrap confidence intervals
over the test set (1,000 resamples). Table 3 reports
the full set of metrics.

4.1 Semantic Parsing

Our method yields large gains on SMCalFlow and
GeoQuery for all three open-weight models. SM-
CalFlow program accuracy rises from 49.0 to 85.8
for Qwen-3.5 9B, with comparable gains for the
4B and 27B models, and GeoQuery execution
accuracy improves by ~10pp on average. The
RAG-predicted grammars close the gap to the gold-
grammar ceiling on both benchmarks to within
~7pp on SMCalFlow and ~10pp on GeoQuery.
These gains reflect the |G(y)|/|G| ratios in Ta-
ble 2: GeoQuery and SMCalFlow sit at the low end
(2% and 4%), so the minimal grammar prunes a
large fraction of alternatives and acts as a strong
structural prior over the derivations that remain.
Overnight is the exception. The predicted-
grammar method is similar to baseline (45.6 —
47.4 for Qwen-3.5 9B), yet the gold-grammar ceil-
ing jumps to 97.2. We attribute this to annotation
ambiguity: the same query maps to distinct mini-
mal grammars. Each block stores its own above
and below pointers, populated independently and
not constrained to be inverses. The query “blocks
above block 17 has two realizations: filtering on
each block’s above field or inverting block 1°s
below field. The two forms would yield identi-
cal answers in a physically consistent world, but
return different sets of blocks in this dataset. The
retrieved neighbors disagree on which form to use
for 91% of test queries involving a spatial relation.

The gold grammar encodes that choice directly.

4.2 Hardware Description Languages

Verilog pass@1 improves by 9-14pp across the
three models, and SPICE GED similarity by 7—
13pp, consistently across model sizes. The gap be-
tween HDL and SP gains reflects a structural limit
of grammar-based supervision on HDLs. HDLs re-
quire topological reasoning: identifying how com-
ponents connect. Topological reasoning is not di-
rectly aided by the grammar, which enumerates
which components a program uses but not how
they are wired together. In the SP domains studied,
the target is a tree-structured logical form whose
shape the grammar largely determines.

The gold grammar ceiling for Verilog reflects
this: even perfect minimal grammars leave pass@ 1
near 53.6, indicating that richer supervision (e.g.
explicit connectivity) could push further.

SPICE behaves differently: all three models con-
verge on a near-ceiling GED of 96.7 with gold
grammars. Without them, baseline GED scales
mildly with capacity (59.4 — 64.8) while our
method reaches ~72 across all three backbones.
SPICE’s per-example grammars are smaller than
Verilog’s (|G(y)| = 9.1 vs. 65.2), so a gold gram-
mar largely determines the netlist and leaves little
topological work for the model. Predicting these
grammars still requires topological reasoning, ex-
plaining the persistent gap between RAG and gold.

Moving from pass@1 to pass@5 on Verilog nar-
rows the gap between our method and the base-
line. On Gemma-3 27B, the baseline pass@5 even
surpasses ours (55.8 vs. 49.4). We suspect gram-
mar conditioning concentrates probability mass on
a particular structural skeleton, so the baseline’s
broader distribution benefits more from additional
attempts. For single-shot evaluation, our method
remains the stronger choice across all three models.

4.3 In-Context Learning

For zero-shot experiments, we appended the name
of the benchmark (e.g. GeoQuery) to the prompt.
Both frontier models score near zero on SM-
CalFlow and Overnight zero-shot but achieve non-
trivial accuracy on GeoQuery (26.1 and 40.7 pro-
gram accuracy for GPT-5.5 and Opus respectively,
shown in Table 4). Producing well-formed FunQL
without exemplars requires prior exposure to the
syntax, so we take this gap as evidence that Geo-
Query appears in their training data.
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Semantic Parsing |

Hardware Verification

SMCalFlow  GeoQuery Overnight \ Verilog SPICE
Model Method Prog. Prog. Exec. Prog. Exec. ‘ pass@1 pass@3 pass@5 GED Fl
Baseline 45.0 61.1 746 41.1 60.7 25.5 35.1 39.1 594 774
Qwen-3.54B  Ours 72.9 86.8 954 474 664 39.2 425 43.6 722 81.8
Ours + Gold 88.2 964 979 972 99.2 49.6 55.5 577 9677 943
Baseline 49.0 750 843 456 64.7 322 42.5 46.8 643 794
Qwen-3.59B  Ours 85.8 87,5 96.1 474 66.7 42.8 46.5 487 720 819
Ours + Gold 92.6 975 982 972 992 53.6 59.1 60.9  96.7 94.0
Baseline 56.8 71.8 86.1 479 64.7 335 48.4 55.8 648 179.6
Gemma-3 27B  Ours 86.1 875 954 474 66.7 42.7 474 494 720 81.8
Ours + Gold 91.5 96.8 97,5 972 99.2 53.5 61.3 63.5 967 942

Table 3: Main results across SP and hardware verification benchmarks. All values are percentages.

SMCalFlow GeoQuery Overnight

Model Method Prog. Prog. [Exec. Prog. Exec.
Codex-davinci-002 ~ Grammar prompting™ 50.8 67.1 87.5 34.8 57.4

Zero-shot 0.1 26.1 68.9 0.0 2.5

GPT5.5 Programs only 46.4 61.4 82.9 34.1 52.6
’ Grammar prompting 514 58.9 82.9 37.6 54.1

RAG + CoT (ours) 9.3 89.6 943 48,6 64.7

Zero-shot 1.4 40.7 76.1 0.0 10.3

Programs only 51.3 71.8 84.6 34.1 53.1

Claude Opus 4.7 Grammar prompting 49.4 721 839 331 519
RAG + CoT (ours) 91.2 84 950 509 684

Table 4: Program and execution accuracy on SMCalFlow, GeoQuery, and Overnight. Within each model’s column,
the best result is bold and the second best is underlined. *Reported by Wang et al. (2023).

The "Programs only" and "Grammar prompting"
rows of Table 4 reuse Wang et al. (2023)’s k=16
demonstrations, which for SMCalFlow are cu-
rated cross-domain compositional examples from
SMCalFlow-CS (Yin et al., 2021).

Grammar prompting does not meaningfully im-
prove over the programs-only baseline on either
frontier model, with differences under 6pp across
all three benchmarks. It also fails to improve
over the code-specialized variant of GPT-3 (Codex-
davinci-002) used by Wang et al. (2023): roughly
flat on SMCalFlow (50.8 vs. 51.4 / 49.4) and
Overnight (34.8 vs. 37.6 / 33.1), with notable re-
gressions on GeoQuery program accuracy for GPT-
5.5 (67.1 — 58.9) and on execution accuracy for
both models (87.5 — 82.9 / 83.9). Substantial base
model improvement between Codex-davinci-002
and these frontier models does not translate into
gains under grammar prompting.

We hypothesize that grammar prompting origi-
nally served as CoT scaffolding for weaker models.
Frontier models now produce intermediate reason-
ing by default, so the scaffolding is redundant. On

pretraining-familiar benchmarks like GeoQuery,
it may even interfere with the model’s preferred
derivation. Most of the remaining value comes
from the content of the grammar itself.

Retrieving exemplars by embedding similarity
and conditioning on per-example CoT traces (our
method) yields large gains over both baselines
across all three SP benchmarks and both frontier
models, indicating that which grammars are shown
as exemplars makes a substantial difference.

4.4 Grammar Prediction Quality

Figure 4 reports grammar quality by category and
benchmark. SP benchmarks reach the highest ex-
act match rates (89.6% on GeoQuery, 81.8% on
SMCalFlow, 58.6% on Overnight), while Verilog
(17.3%) and SPICE (18.0%) sit lowest. Yet on
Verilog and SPICE, where fewer than one in five
predicted grammars match the gold exactly, our
method still outperforms the no-grammar baseline
in Table 3. The grammar-dropout of Section 3.1
likely contributes by teaching the model to treat
the grammar as a hint rather than a strict specifi-
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Figure 4: Distribution of predicted grammar quality on
each benchmark’s test set. Exact: the predicted grammar
matches the gold minimal grammar. Extra: contains
every gold rule plus at least one spurious rule. Missing:
omits at least one gold rule but adds no spurious ones.
Both: omits at least one gold rule and adds at least one
spurious rule. Invalid: fails to parse (e.g., references an
undefined nonterminal).

Method SMCalFlow  Verilog
(Prog.) (pass@1)
Baseline (1 epoch) 49.0 322
Baseline (2 epochs) 624 36.0
Joint generation 42.5 21.5
RAG without CoT 67.0 41.0
Ours (RAG) 85.8 42.8

Table 5: Ablation results on SMCalFlow and Verilog
for Qwen-3.5 9B.

cation, so spurious or missing productions do not
catastrophically degrade generation.

Grammar size and program length shape predic-
tion quality: Verilog’s 332-rule grammar and 65.2-
rule programs leave more opportunities to miss
productions, consistent with missing-heavy errors
(77.6% involve at least one missing rule). Pre-
training exposure also plays a role: Overnight has
more training data than GeoQuery (1,436 vs. 560)
and a smaller grammar (53 vs. 237 productions),
yet exact-match accuracy is 31pp lower. This is
consistent with the zero-shot gap between the two
benchmarks in Table 4, suggesting GeoQuery is
familiar from pretraining.

4.5 Ablations

Table 5 reports ablations on Qwen-3.5 9B for SM-
CalFlow and Verilog, the largest training sets in
each domain.

Token count Appending the minimal grammar
lengthens each training example, exposing the

-®- No grammar -®- RAG grammars -®: Gold grammars

SMCalFlow GeoQuery Overnight-Blocks
o oo J....,..‘ .'.‘. 1 ..............,

. ‘.® o :
> 5
() N
© H
50.5 :
(9]
1)
<

0.0+

1000 05 1.000 05 1.0

Grammar dropout

Figure 5: Effect of grammar dropout during fine-tuning.
We vary the number of training examples that omit the
minimal grammar, then evaluate the resulting model
with and without grammars at test time.

model to more tokens per epoch than the baseline.
To rule out token count as the source of our gains,
we train the baseline for a second epoch. This
closes part of the gap but leaves substantial room:
49.0 — 62.4 on SMCalFlow and 32.2 — 36.0 on
Verilog, still 23.4pp and 6.8pp short of our method.

Joint generation We next consider the training-
time analogue of grammar prompting: fine-tuning
the model to emit the grammar followed by the
program, x — G(y) - y. This degrades perfor-
mance below the no-grammar baseline, dropping
to 42.5 on SMCalFlow and 21.5 on Verilog. We
attribute the failure to teacher forcing: gradient up-
dates always condition the program continuation
on the exact gold grammar, welding the two in
weight space so that errors in sampled grammars
propagate into the program at inference. In-context
grammar prompting (Section 4.3) presents the same
two tasks without this coupling and is roughly flat
rather than harmful relative to its baseline.

Grammar-free fallback. Figure 5 sweeps the
grammar dropout rate from Section 3.1 on the three
SP benchmarks. With-grammar accuracy, under
both RAG-predicted and gold grammars, remains
nearly flat from dropout O to 0.8, while no-grammar
accuracy rises steeply and matches the grammar-
free baseline by 0.9. A model trained at dropout 0.9
performs near peak when a grammar is supplied
and recovers baseline accuracy when one is not.

Retrieval vs. retrieval+CoT We isolate the con-
tribution of exemplar retrieval by running the same
pipeline without CoT traces. Retrieval alone im-
proves over the no-grammar baseline by 18.0pp on
SMCalFlow and 8.8pp on Verilog, confirming that
selecting relevant exemplars is the dominant source
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of gains. Adding CoT traces further improves SM-
CalFlow (+18.8pp), where grammar prediction has
substantial headroom relative to the gold-grammar
ceiling of 92.6. On Verilog, where the gold ceiling
is 53.6 pass@1, CoT adds a smaller +1.8pp.

5 Related Work

Structure as training signal A long line of work
injects formal structure into models for SP, either
at training time or via ICL. Wang et al. (2023) in-
troduce minimal grammars for ICL, using them
as a proxy for CoT reasoning. We build on this
approach in three ways: (i) We treat minimal gram-
mars as a fine-tuning signal, supervising open-
weight models to internalize DSL structure; (ii) We
decouple grammar and program generation — the
natural training analogue of grammar prompting
(jointly generating both) does not improve over the
no-grammar baseline; (iii) Our grammar predictor
retrieves exemplars via embedding similarity and
conditions on per-example CoT traces. Gong et al.
(2024) inject structure at pretraining by using ab-
stract syntax trees (ASTs) to shape the masking
objective. Herzig et al. (2021) propose training
with reversible and lossy intermediate representa-
tions for SP and Fuchs et al. (2024) extend it to
a new formalism. Both require the intermediate
representations to be designed by hand.

Retrieval-augmented generation for DSLs
Lewis et al. (2020) introduce RAG and Liu et al.
(2022) show that, for ICL specifically, selecting
exemplars by embedding similarity to the test in-
put substantially outperforms random sampling. Li
et al. (2025b) argue that embedding similarity alone
misses structural alignment in SP and propose a
two-stage retriever combining semantic and struc-
tural signals. Zhao and Chen (2025) retrieve struc-
tural graph embeddings of relevant Verilog mod-
ules to generate structure-aware prompts. Droz-
dov et al. (2022) decompose the test utterance and
retrieve exemplars matched to each sub-utterance.
Building on this approach, Kothyari et al. (2025) de-
compose the training pool into AST fragments and
retrieve diverse fragment-level exemplars. Related
work also retrieves auxiliary information rather
than exemplars alone: Zhou et al. (2022) retrieve
documentation for unseen APIs, Zan et al. (2022)
retrieve API information for private libraries, and
Shen et al. (2024) retrieve and prune database
schema information for text-to-SQL. Dutta et al.
(2024) combine example and documentation re-

trieval for low-resource code generation.

Fine-tuning for DSLs DSL-specific fine-tuning
is limited by data scarcity (Joel et al., 2024; Cas-
sano et al., 2024). Recent work addresses this via
synthetic data. Li et al. (2025a) generate a million-
scale dataset for text-to-SQL and fine-tune open-
source models that match closed-source frontier
models. Guo et al. (2025) synthesize text-to-SQL
data by extracting syntactic templates from parsed
SQL queries, reusing them to generate new training
pairs. Liu et al. (2025) target Verilog with synthetic
data tailored to known failure modes. MG-Verilog
(Zhang et al., 2024), which we use for training,
pairs each Verilog module with LLM-generated de-
scriptions at three granularity levels and proposes
a balanced fine-tuning scheme that mixes them.
Similarly, Masala-CHAI (Bhandari et al., 2024)
pairs SPICE netlists with LLM-generated captions
extracted from textbook schematics. These ap-
proaches expand the training set. We instead add
structural signal to each existing example.

6 Conclusion

We introduced minimal grammars as a per-example
supervision signal for DSL generation. By append-
ing to each training query the small subset of pro-
ductions actually used by its program, we expose
the model to the DSL’s structure example by exam-
ple rather than asking it to infer that structure from
programs alone. At inference, we predict these
grammars via retrieval-augmented prompting with
a frontier model, conditioned on chain-of-thought
traces over the retrieved neighbors. Training and
prediction are decoupled, so either component can
be improved in isolation.

Across five benchmarks spanning SP and HDLs,
the method consistently improves over grammar-
free fine-tuning on three open-weight backbones.
Predicted grammars need not be exact: on Ver-
ilog and SPICE, fewer than one in five match the
gold exactly, yet the method improves over the no-
grammar baseline. Applied to ICL with frontier
models, the same predicted grammars substantially
outperform standard grammar prompting, which
we find no longer improves over a programs-only
baseline on GPT-5.5 and Claude Opus 4.7. Abla-
tions rule out extra training tokens as the source
of these gains and show that the training-time
analogue of grammar prompting (jointly generat-
ing grammar and program) underperforms the no-
grammar baseline.
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Future work might refine predicted grammars
iteratively using parser or simulator feedback to
recover missing productions. Minimal grammars
could also be extended to encode connectivity be-
tween components, addressing the topological ceil-
ing we observe on HDLs.

Limitations

Three limitations are worth noting.

First, minimal grammars enumerate the produc-
tions a program uses but not how its symbols com-
pose into structure. Where correctness depends
on connectivity rather than symbol choice, as in
the case of HDLs, a fraction of the problem lies
outside what the grammar constrains. The gold-
grammar ceiling on Verilog (53.6 pass@1) reflects
this bound on our method.

Second, computing minimal grammars at train-
ing time presupposes a parseable reference gram-
mar. The DSLs studied here all admit one, but
some practical targets (informally specified config-
uration formats, evolving internal DSLs) do not,
which bounds applicability beyond the breadth of
our experiments.

Third, our inference predictor uses a frontier
model. The supervision signal is independent of
this choice: the "Ours + Gold" rows of Table 2 show
the fine-tuned models exploit oracle grammars ef-
fectively without any frontier predictor in the loop,
the model is robust to imperfect predictions where
the frontier predictor is wrong (§4), and Figure 4
shows the trained model recovers baseline accuracy
when grammars are absent. Cheaper predictors are
an open research direction but the training method
itself does not depend on this choice.

Potential risks. Like other code-generation re-
search, improvements to DSL generation can in
principle be misused (e.g., to lower the cost of writ-
ing malicious code in any of the studied DSLs).
The benchmarks we use target benign domains
(calendar dialogues, geography, blocks, digital and
analog circuits), and we see no specific new risks
introduced by this work.
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A Results for Additional Models

Semantic Parsing |

Hardware Verification

SMCalFlow  GeoQuery Overnight | Verilog SPICE
Model Method Prog. Prog. Exec. Prog. Exec. | pass@1 pass@3 pass@5 GED F1
Baseline 55.1 839 914 47.1 637 28.6 40.3 449 705 80.5
Qwen-2.57B  Ours 84.9 875 964 474 66.7 40.5 434 449 719 818
Ours + Gold 90.6 96.8 982 972 992 51.2 57.7 59.6  96.7 938
Baseline 472 457 504 471 624 27.4 37.4 417  69.7 813
Llama-3.1 8B Ours 76.7 68.6 757 47.6 644 | 409 46.5 487 723 818
Ours + Gold 80.8 754 757 975 970 50.4 574 603  96.8 938
Baseline 50.1 764 86.8 46.6 639 259 36.4 404 643 790
Gemma-3 12B  Ours 75.6 875 954 471 664 | 413 449 462 719 81.7
Ours + Gold 86.4 96.8 975 97.0 99.0 51.3 59.2 62.8 967 94.0

Table 6: Results for three additional open-weight backbones across the five paper benchmarks. All values are

percentages.
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Figure 6: Per-domain results for the three additional open-weight backbones. Each row corresponds to one model
(Qwen-2.5 7B, Llama-3.1 8B, Gemma-3 12B). Bars show Baseline (blue), Ours with RAG+CoT-predicted grammars
(orange), and Ours + Gold with oracle grammars (orange, hatched). Error bars are 95% percentile bootstrap CIs

(1,000 resamples).

We present results for Qwen-2.5 7B (Yang et al.,
2024), Llama-3.1 8B (Grattafiori et al., 2024), and
Gemma-3 12B (Kamath et al., 2025). All three
follow the same overall pattern as Table 3: large
gains on SMCalFlow program accuracy (25-30pp),
HDL pass@1 and GED gains in the same 9-14pp
/ 7-13pp ranges as the main models, and oracle
grammars near the ceiling on GeoQuery, Overnight,
and SPICE. Llama-3.1 8B is the exception: on
Overnight, predicted grammars yield no improve-
ment over the baseline (47.6 vs. 47.1 program ac-

curacy) while oracle grammars reach 97.5%, indi-
cating the RAG+CoT predictor for this backbone
is leaving most of the structural information on the
table.

B Training on Predicted Grammars

Our main-text training pipeline fine-tunes on
(query, gold minimal grammar, program) triples
while inference supplies a RAG-predicted gram-
mar. A natural question is whether matching the
training distribution to inference — training on the
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Training grammar Exec.

None (Baseline) 75.0 84.3
RAG-predicted 85.0  96.1
Gold (Ours) 87.5 96.1

Prog.

Table 7: Effect of replacing gold minimal grammars
with RAG-predicted grammars at training time. Qwen-
3.5 9B on GeoQuery; all rows use RAG-predicted gram-
mars at inference. Baseline and Gold rows are repro-
duced from Table 3.

same noisy predicted grammars the model will see
at test time — would make it more robust to that
noise.

We tested this on GeoQuery with Qwen-3.5 9B
by replacing each training example’s gold minimal
grammar with the RAG+CoT prediction (using the
same predictor as inference) and keeping all other
settings from Appendix C. Table 7 reports program
and execution accuracy with RAG-predicted gram-
mars at inference.

Training on predicted grammars improves over
the no-grammar baseline (75.0 — 85.0 program
accuracy) but does not match training on gold
(87.5). Execution accuracy is tied at 96.1. We
did not extend this experiment beyond GeoQuery:
the gold-trained model already absorbs noisy pre-
dicted grammars effectively, which we attribute to
the grammar-dropout schedule of Section 3.1 teach-
ing the model to treat the supplied grammar as a
hint rather than a strict specification.

C Training Parameters

We fine-tuned one LoRA adapter (Hu et al., 2022)
for each reported model, dataset, and training con-
dition. The reported open-weight backbones were
Owen/Qwen3.5-4B, Qwen/Qwen3.5-9B,
and google/gemma—-3-27b-1it. Main-result
runs used one epoch. Table 8 gives the shared train-
ing parameters. The two ablations in Table 5 used
the same settings except that the token-count base-
line trained for two epochs, and the joint generation
ablation changed the target from program-only
generation to grammar-then-program generation.
SMCalFlow, GeoQuery, and Overnight used a
maximum sequence length of 1024 tokens. Verilog
and SPICE used 2048 tokens because examples in
those domains contain longer programs and gram-
mars. Qwen-3.5 runs used the chat template with
thinking disabled. Baseline adapters were trained
without grammars. Our adapters were trained with
the mixed-ratio setting 0.1: 90% of training ex-

Value

64 /128 /0.05
all-linear

Parameter

LoRA rank / alpha / dropout
LoRA target modules

Optimizer AdamW fused
Adam betas / epsilon 0.9,0.999/10°8
Weight decay / max grad norm 0/ 1.0

Learning rate 1074

LR schedule / warmup cosine / 0.05 warmup ratio

Batching 4 examples per device,
4 gradient-accumulation
steps

Precision bfloat16

Gradient checkpointing enabled

Attention implementation flash_attention_2

Table 8: Shared training parameters for fine-tuned
adapters.

amples included the minimal grammar and 10%
omitted it, sampled with seed 42. The same ratio
was used for the validation set. All adapters were
trained on a single NVIDIA A100 80GB GPU.

Inference and evaluation. For SMCalFlow, Geo-
Query, and Overnight, open-weight model evalua-
tion used greedy decoding with batch size 32 and
at most 512 new tokens. SPICE used greedy de-
coding with batch size 32 and at most 2048 new
tokens. Verilog used 5 samples per problem with
temperature 0.8, top-p = 0.95, at most 1024 new
tokens, and reports pass@1, pass@3, and pass@5.
The RAG grammar files used for the open-
weight "Ours" rows were generated with BGE-
large-en-v1.5 embeddings, cosine nearest neigh-
bors, k = 16, CoT-style retrieved examples, tem-
perature 0, and a 4096-token output limit. The
frontier ICL experiments in Table 4 used k£ = 16.
Programs-only and grammar-prompting ICL used
the k=16 demonstration set released by Wang et al.
(2023); RAG+CoT ICL used the 16 nearest neigh-
bors under the same BGE-large-en-v1.5 retriever.
Frontier model decoding used temperature 0 and a
4096-token output limit for the SP domains.

D Prompt Templates

D.1 In-Context Learning Prompts

The four in-context learning conditions reported
in Table 4 (zero-shot, programs only, grammar
prompting, and RAG+CoT) share a chat-style mes-
sage format: a system message, alternating demo
user/assistant turns, and a final test user
turn. They differ in (i) the system prompt, (ii) the
contents of the demo turns, and (iii) how de-
mos are selected (first-k training examples vs. k
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nearest neighbours under BGE-large-en-v1.5, with RAG + CoT (ours)
k=16). The optional Module header line ap-

System prompt:
pears Only for MG_VerllOg’ Where the Canonlcal You are a semantic parser. The in-context examples
module header from the benchmark prompt is ap- show, for each query, step-by-step reasoning about
which grammar rules are needed, the minimal grammar
I)ell(ie(i wrapped in <grammar>...</grammar> tags, and then a

'Program:’ label followed by the program.

ZeI‘O-ShOt Given a new query, follow the same pattern: produce

System prompt:
You are a semantic parser for {benchmark}. Given a
user query, produce the {benchmark} program that

parses the query. Output only the program, nothing
else.

The placeholder {benchmark} is instantiated as one
of SMCalFlow, GeoQuery FunQL, Overnight
Lambda DCS, Verilog,or SPICE.

Test user message:

Query: {x}

[Module header:
{module_header}]

Programs only

System prompt:
You are a semantic parser. Given a user query, produce

the program that parses the query. Output only the
program, nothing else.

Demo user message:
Query: {x_i}

[Module header:
{module_header_i}]

Demo assistant message:
{y_i}

Test user message:

Query: {x}

[Module header:
{module_header}]

Grammar prompting

System prompt:

You are a semantic parser. The in-context examples
show, for each query, the minimal grammar wrapped in
<grammar>...</grammar> tags followed by a "Program:"
label and the program.

Given a new query, first emit the minimal grammar in

<grammar>...</grammar> tags, then emit a blank line,
then ’'Program:’, then the program. Output nothing else.

Demo user message:
Query: {x_i}

[Module header:
{module_header_i}]

Demo assistant message:
<grammar>
{G_i)

</grammar>

Program:
{y_i}

Test user message:
Query: {x}

[Module header:
{module_header}]

the reasoning, then the grammar in
<grammar>...</grammar> tags, then a blank line, then
'Program:’, then the program. Output nothing else.

Demo user message:
Query: {x_1i}

[Module header:
{module_header_i}]

Demo assistant message:
{reasoning_i}

<grammar>

{(G_i}

</grammar>

Program:
{y_i}

Test user message:
Query: {x}

[Module header:
{module_header}]

The block {reasoning_i} is the pre-
computed CoT trace produced for each training
example using the prompt in Appendix D.2 below.
Demos are the 16 nearest training queries under
BGE-large-en-v1.5 cosine similarity.

D.2 Chain-of-Thought Generation Prompt

Each training example is paired with a CoT trace
pre-generated by GPT-5.5 using the prompt be-
low; the resulting reasoning text is concatenated
with a <grammar>. . .</grammar> block and
used as the reasoning block in the RAG+CoT mode
above.

CoT generation

System prompt:

You are an expert grammar analyst. You are given a
context-free grammar for {domain_description}, along
with a natural-language query, its gold program, and
the minimal grammar needed to parse that program.

Your task: explain step-by-step WHY these specific
grammar rules are needed for this query/program.
Reason about:

— What the query is asking for

— What top-level construct the program uses

— Which rules are needed to build each part of the
program

- Why certain alternatives were chosen over others in
the full grammar

Output ONLY the reasoning. Do NOT output the grammar
itself.

Here is the full reference grammar:
{full_grammar}

User message:

Query: {x}

[Module header:
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{module_header}]

Gold program:
{y}

Minimal grammar:
{G}

Domain descriptions substituted for
{domain_description}:

SMCalFlow: a calendar-domain semantic parsing language.
GeoQuery: a FunQL geographic query language for
querying US geography facts (states, cities, rivers,
mountains, populations, areas).

Overnight: a Lambda DCS language for querying block
objects with spatial relationships (left, right,

above, below) and properties (shape, color, length,
width, height).

MG-Verilog: a Verilog hardware description language.
SPICE: a SPICE circuit simulation language.

E Example Chain-of-Thought Traces

This section presents one example RAG-CoT trace
per domain. Each box shows the natural-language
input z followed by the model’s chain-of-thought
reasoning and the generated grammar produced for
that query.

SMCalFlow

Query: Make a appointment for tomorrow
Chain-of-thought trace:

The query is a creation request: "Make an appointment
for tomorrow."

This is identical to all the examples. The user wants
to create a new event for tomorrow.

1. *xcallxx: We need ‘(Yield event) ' to return the
result of creating an event.

2. xxeventxx: We need ‘(CreateCommitEventWrapper
(CreatePreflightEventWrapper event_constraint))
because "make" means create.

3. x+xevent_constraint+x: We need ‘(Event.start_?
datetime_constraint) ' since the only specification is
when -- "for tomorrow."

4. x+datetime_constraint+x: We need ‘(DateTime.date_?
datetime_constraint) ' to project onto the date part,
and Y (?= datetime)‘ for equality.

5. x+xdatetimex+: We need ‘date‘ since tomorrow is a
date expression.

6. xxdatex*: We need ‘day‘' since tomorrow is a
day-level primitive.

7. xxdayx*: We need ‘(Tomorrow)

<grammar>

call ::= "(Yield" event ")"

event ::= " (CreateCommitEventWrapper
(CreatePreflightEventWrapper" event_constraint "))"
event_constraint ::= " (Event.start_?"
datetime_constraint ")"

datetime_constraint
datetime_constraint
datetime ::= date
date = day

day ::= " (Tomorrow)"
</grammar>

" (DateTime.date_2"

GeoQuery

Query: what is the area of wisconsin ?
Chain-of-thought trace:

The query asks for a numeric property: the area of the
state Wisconsin. So the program must return a number,
not a state, city, river, place, or country.

At the top level, every complete FunQL query is
wrapped in ‘answer(...) ‘. Since the result is numeric,
the inside of ‘answer(...) ' must be an ‘answer_type‘
that resolves to ‘num®

To express "the area of wisconsin," the program uses
the numeric constructor for area applied to a state.
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Among the ‘num‘ alternatives, the needed one is
‘area_1l (state) ', because Wisconsin is a state and the
question asks for its area. Other numeric options like
population, density, size, count, or area of a
city/country do not match.

Then we need a way to denote the specific state
Wisconsin. The program uses ‘stateid(’wisconsin’)‘, so
the ‘state‘ category needs the lexical rule that
directly produces that state identifier. This is the
correct choice because the query names a specific
state directly.

<grammar>

answer_type ::= num

num "area_1(" state ")"
state ::= "stateid(’wisconsin’)"
</grammar>

Overnight-Blocks

Query: find a pyramidshaped block
Chain-of-thought trace:

The query asks for a set of blocks: specifically,
blocks whose shape is pyramid. So the program must
denote a collection of entities, not a number or
property value.

The top-level construct is a list-valued answer,
because the query says "find a ... block," meaning we
want the resulting block or set of blocks. That is why
the outermost rule is the one wrapping a list
expression as a list value.

Inside that, the main operation is filtering. The
query imposes a shape constraint on blocks, so we need
the filter rule that takes a source list, the property
shape, equality, and a target value.

To apply that filter, we need a base set to filter.
The program uses the set of all blocks, obtained by
taking the type extension of the singleton type entity
‘en.block'. So the rule for obtaining the block set is
necessary.

The value compared against the shape property is
‘en.shape.pyramid', because the query specifies
"pyramidshaped." So that entity constant is required.

No other rules from the full grammar are needed
because the query does not involve spatial relations,
numeric properties, aggregation, counting,
superlatives, comparatives, other properties, or other
entity constants.

<grammar>

list_value :: "(listValue" list_value ")" | "(filter"
list_value "shape =" list_value ")" | "(getProperty
(singleton en.block) !type)" | "en.shape.pyramid"

</grammar>

MG-Verilog

Query: Create a module that implements a NOR gate.
Chain-of-thought trace:

I need to figure out what a NOR gate module body looks
like based on the query and similar examples.

The query asks for a NOR gate implementation. Looking
at the similar examples, NOR gates are typically
implemented with a continuous ‘assign' statement using
either:
- “~(A | B)' (bitwise NOT of OR) - Examples 1, 3

‘“'(A | B)' (logical NOT of OR) - Example 2

The most common pattern in the examples for NOR gates
uses ‘assign' with ‘~' and ‘|‘. Since the query is
very simple ("Create a module that implements a NOR
gate"), I expect a simple 2-input NOR with inputs like

‘a', ‘b' and output ‘out‘.

Looking at the simplest NOR examples (Examples 1, 3),
the typical program would be:

assign out = ~(a | b);

This requires:
1. xxcontinuous_assign** - for the ‘assign‘ statement
2. *xlist_of_assignments** - containing one assignment



3. x+assignmentx* - ‘out = ~(a | b) " where LHS is
identifier, RHS is unary expression

4. x+xidentifier_ref*+ / xxhier_identifier** — for
signal names ‘out‘', ‘a‘, ‘b*‘

5. x*unaryx* - for ‘~' operator applied to a primary
6. xxprimaryx* - for the parenthesized ‘(a | b)*

7. xxbitwise_orxx - for ‘a | b'

The expression structure is:
- outer: ‘~(...)' -> unary negation of a primary
- primary: ‘(a | b)‘' -> parenthesized bitwise OR

- bitwise_or: ‘a | b' -> two identifier refs joined by
Y

<grammar>
continuous_assign ::= "assign" list_of_assignments ";"
list_of_assignments ::= assignment

assignment ::= identifier_ref "=" unary
identifier_ref ::= hier_identifier
hier_identifier ::= "out" | "a" | "b"

unary ::= "~" primary

primary ::= "(" bitwise_or ")"

bitwise_or ::= identifier_ref "|" identifier_ref
</grammar>

SPICE

Query: The circuit is a BJT differential amplifier with
two NPN transistors (Q1 and Q2) sharing a common
emitter resistor (REE) and each transistor having a col-
lector resistor (RC). The input is differential with vIN
applied between the two bases, and the output is taken
single-ended from the collector of Q2. The differential
half-circuit model is shown, where REE is replaced with
2rpi and the transconductance gm, transistor base resis-
tance rpi, and collector resistance RC are considered for
small-signal analysis.

Chain-of-thought trace:

I need to analyze the query and determine what SPICE
netlist would represent this circuit, then derive the
minimal grammar.

The query describes a BJT differential amplifier with:
- Two NPN transistors Q1 and Q2

- A shared emitter resistor REE

- Collector resistors RC

— Differential input vIN

— Small-signal model with rpi, gm, RC, and 2REE

Looking at the circuit description, this appears to be
a small-signal equivalent model representation. The
program would likely contain:

— Resistors for rpi, RC, and 2REE

- A voltage-controlled current source for gm

- A voltage source for the input

Based on the pattern of similar examples (especially
Examples 10, 16, 40 which are small-signal
differential pair models), the program would use
resistors, VCCS elements, and voltage sources.

The expected program would be:
aa

spice

Vin 1 0 DC vid/2

Rpi 1 2 rpi

Gm 3 01 2 gm

RC 4 3 RC

R2REE 2 0 2REE

Vout 3 0 DC 0

.end

Let me reason about the specific components:

- Win 1 0 DC vid/2' - voltage source with DC spec for
the half-circuit input

- 'Rpi 1 2 rpi‘ - resistor for base-emitter resistance
- 'Gm 3 0 1 2 gm* - VCCS for transconductance (4-node
form with value)

- 'RC 4 3 RC" - collector resistor

— ‘R2REE 2 0 2REE' - emitter resistor (2xREE for
half-circuit)
- ‘Wout 3 0 DC 0' - output sensing voltage source

The rules needed:

1. »xvoltage_sourcex* - for Vin and Vout with DC specs
2. x+dc_specxx — for "DC vid/2" and "DC O"

3. xxresistorx* - for Rpi, RC, R2REE

4. xxvccsxx — for Gm (4-node plus value form)

<grammar>

voltage_source ::= "Vin 1 0" dc_spec | "Vout 3 0"
dc_spec

dc_spec ::= "DC vid/2" | "DC O"

resistor ::= "Rpi 1 2 rpi" | "RC 4 3 RC" | "R2REE 2 0
2REE"

vees ::= "Gm 3 0 1 2 gm"

</grammar>

F Worked Example of a Minimal
Grammar

Formally, a context-free grammar is a tuple G =
(N, X, P,S) (Hopcroft et al., 2006), where:

* N is a finite set of non-terminal symbols;

* > is a finite set of terminal symbols (the al-
phabet of the language);

* P is afinite set of production rules of the form
A— a,withA e Nanda € (N UX)

S € N is the start symbol.

Context-free grammars are a flexible formalism
that captures a range of domains including code
generation, formal reasoning, and symbolic ques-
tion answering.

To make the concept of a minimal grammar con-
crete, consider the following toy grammar:

G = ({S,A, B}, {a,b}, P, 5)
with production rules

S — AB
P=<¢A—ale
B —b|e.

Suppose we are given the program y = ab. The
minimal grammar G(y) is the smallest subset of
G that still admits y as a valid derivation. The e-
productions are not required to derive y, so they
are excluded:

G(y) = ({Sv A7B}7 {av b},
{S = AB, A —a, B— b}, 5).

No rule in G(y) is extraneous: removing any
one of them would make y ungrammatical. This
illustrates how minimal grammars capture just the
structural components needed to generate a given
program.
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G Example Query, Minimal Grammar, | ven.shape. pyraniar
and Program for Each Domain | "3 en.inch

Program:
This section presents example queries, their corre- (1istvalue
sponding minimal grammars, and target programs i e (b e T
for each domain. Line breaks are added for read- heigne — aibe L opsshape-pyranid)
ability. Each box shows the natural-language input
x, the example-specific minimal grammar G(y), MG-Verilog

and the target program y. ) )
Query: An XOR gate over inputs A and B producing
SMCalFlow output O, implemented as AB + AB.

Query: Schedule a lunch with Tom at noon today. b PP I

Minimal grammar: port_decl_stmt ::= port_dir net_or_reg
list_of_port_variables ";"
call ::= "(Yield" event ")" net_or_reg ::= "wire"
event ::= "(CreateCommitEventWrapper list_of port_variables ::= port_variable ","
(CreatePreflightEventWrapper" port_variable
event_constraint "))" | port_variable

event_constraint ::= " (Event.subject_? (?=" string "))" port_variable ::= "A" | "B" | "O"

| " (Event.attendees_2?" continuous_assign ::= "assign" assignment ";"
attendee_constraint ")" assignment ::= identifier_ref "=" addition

| "(Event.start_?" identifier_ref ::= hier_identifier

datetime_constraint ")" hier_identifier ::= "O" | "A" | "B"
v

| "(&" event_constraint addition ::= multiplication multiplication

event_constraint ")" multiplication ::= primary "+" identifier_ref
string ::= ""lunch"" | ""Tom"" | identifier_ref "x" primary
datetime_constraint ::= " (?=" datetime ")" primary ::= "(" unary ")"

datetime ::= " (DateAtTimeWithDefaults" date time ")" unary ::= "~" identifier ref

date ::= day

day " (Today) " Program:

time ::= " (Noon)"

attendee_constraint ::= " (AttendeelListHasRecipient" module XOR(O, A, B);

person ")" input wire A, B;

person ::= recipient output wire O;

recipient ::= " (Execute (refer (extensionConstraint” assign O = (~A)*B + Ax(~B);

recipient ")))" endmodule

| "(RecipientWithNameLike (” (Recipient)
EmptyStructConstraint)

(PersonName.apply" string "))"

SPICE

Program: .
Query: A network with two voltage sources Vg1 =
(Yield — H — — 1
(CreateCommitEventWrapper 20V and V52 - 15V’ with Rl - R2 - 1kQ tylng
(CreatePreflightEventWrapper their nodes together through a common node, and R3 =
(& . 3
T (Eremt.shieetd (B Tluehi)) 2.2' kQ feeding an open terminal.
(Event.start_? Minimal grammar:
(?= (DateAtTimeWithDefaults (Today) (Noon)))))
(Event .attendees_? voltage_source ::= "VS1 5 0" dc_spec
(AttendeeListHasRecipient | "VS2 3 0" dc_spec
(Execute dc_spec ::= "DC 20V" | "DC 15V"
(refer resistor ::= "Rl 5 2 1k"
| "R2 2 3 1k"

(extensionConstraint
(RecipientWithNameLike
("~ (Recipient) EmptyStructConstraint)

| "R3 2 4 2.2k"

(PersonName.apply "Tom"))))))))))) Program:
VSl 5 0 DC 20V
(} Rl 5 2 1k
eoQuer R2 2 3 1k
(2 y’ R3 2 4 2.2k
0 VS2 3 0 DC 15V
Query: Give me the states that border Utah. end
Minimal grammar:
answer_type ::= state
state ::= "state(" state ")" 3
| o eiate H Grammar Extraction

| "stateid(’utah’)"
Given a program ¥, the algorithm computes its
minimal grammar G(y) in two steps: y is parsed
with the reference grammar (7, and the productions
Overnight-Blocks applied in its derivation are then read off the parse
tree.

The operation ReadOff(v) recovers the produc-
tion applied at node v by reading its children left to

Program:

answer (state (next_to_2 (stateid(’utah’))))

Query: Find me a pyramid block that is 3 inches tall.
Minimal grammar:

list_value ::= "(listValue" list_value ")" . . i .
T right: each child subtree contributes the nontermi-
ist_value ")"
g e ot (filter" list value "shape =" nal at its root, and the surrounding tokens become
ist_value ")" . . .

| "(getProperty (singleton en.block) quoted literals. Consecutive tokens (those with no

'type)" . .
B subtree between them) are merged into a single
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Query: What states have no bordering state?

Program: answer (exclude (state(all), next_to_2 (state(all))))
amswer_type1
///////////////////,state2
"exclude (" state’® " state’ ")
"state(all)" "next_to_2 (" state® myn
"state (all)"

Serialized G(y):

answer_type ::= state !

state ::= "exclude (" state "!" state ")" 2

| "state(all)"™ °°

| "next_to_2 ("

state ") "

4

Figure 7: Extraction of the minimal grammar for a GeoQuery example. Internal nodes of the parse tree are numbered
in the order visited; each contributes the production applied there, read off its children. Nodes 3 and 5 apply the
same production, which is recorded once, since G(y) is a set.

Algorithm 1 Minimal grammar extraction.

Require: reference grammar G; program y
Ensure: minimal grammar G(y)
1: 7 < Parse(G,y)

2. G(y) « 0
3: for each internal node v of 7, with nonterminal
Ado
4: if A is alist rule, with element e and delim-
iter s then
5 Gly) « Gy)U{A:=e}
6: if v has more than one element then
7: Gy) « Gy)u{A=:=A"s"e}
8: end if
9 else
10: G(y) < G(y)U{ A ::= ReadOff(v) }
11: end if
12: end for

13: return G(y)
> serialized per nonterminal:
A=y |- | o

literal.

For non-list rules, each internal node contributes
the production applied at that node, with the node’s
nonterminal as the production’s left-hand side and
its children spelling out the right-hand side.

In Figure 7, for instance, node 2 has two state
subtrees with the tokens exclude (, ,, and )

around them, so ReadOff yields state ::=
State "," ") "‘
The resulting grammar satisfies the minimal
grammar definition: it suffices to derive y and every
production is exercised in the derivation.

"exclude (" state

Ambiguities In some cases, a program can
yield different, equally valid minimal gram-
mars. When this happens, we map to a fixed
canonical form. For example, in SMCalFlow,
the operator adjustByPeriod can be used
by both the date and day rules. Because
the grammar also contains date ::= day, an
adjustByPeriod expression in a date posi-
tion can be derived through either. We rewrite such
subtrees as date — adjustByPeriod rather
than date — day — adjustByPeriod as the
canonical form.

Lists Rules that generate delimiter-separated lists
are the one exception to recording the right-hand
side verbatim. For example, in Verilog, reading
a two-port declaration off the tree directly would
yield a production that reveals how many elements
the program happens to contain:

list_of_port_variables ::=
port_variable "," port_variable

We instead record the recursive pair, which is inde-
pendent of length:

32799



list_of_port_variables ::=
list_of_port_variables ","
port_variable

port_variable

I Residual Choice Under Minimal
Grammars

This section quantifies what the grammar leaves
undetermined. We first introduce an entropy-like
measure that quantifies the residual choice once
the minimal grammar is fixed, then test two simple
deterministic baselines that do not involve LLMs.

I.1 Residual Choice

Parsing a program given a grammar yields a se-
quence of expansion steps, each of which is a
choice between alternatives. We introduce H to
quantify the choice that remains given the min-
imal grammar. It is measured in bits: O bits if
the next production is forced, 1 bit for a binary
choice, 2 bits for four choices, and so on. For ex-
ample, H = 10 means deriving the program takes
ten binary choices, so a random walk finds it with
probability ~ 1,/1,000.
Concretely:

H(y) = ZlogQ ki)

where ¢ ranges over the expansion steps of the gold
derivation and k; is the number of alternatives that
G (y) offers for the nonterminal expanded at step 1.

H(y) counts the binary decisions that remain
once the minimal grammar is fixed. Equivalently, it
is the self-information of the gold derivation under
a decoder that resolves every step uniformly at ran-
dom, which retraces the derivation with probability
o—H(y),

H is not necessarily a function of grammar size:
a grammar with many rules but a single alternative
for each derives its program with no choice at all
and thus has an H of zero. We assume specialised
grammars since generic choices like SMCalFlow’s
ESCAPED_STRING or Verilog’s IDENTIFIER
have a near-infinite number of alternatives and
would otherwise dominate H.

Table 9 reports the median and 90th-percentile
H over each benchmark’s test set. GeoQuery and
SPICE leave a handful of binary decisions (medi-
ans of 4.8 and 8.0 bits): once the minimal grammar
is fixed, the program is nearly pinned down. SM-
CalFlow and Overnight-Blocks leave 10—12 bits

Benchmark  Median H p90 H
SMCalFlow 10.0 22.4
GeoQuery 4.8 8.0
Overnight 11.6 15.5
Verilog 46.3 289.2
SPICE 8.0 23.9

Table 9: Residual choice under the gold minimal gram-
mar: median and 90th-percentile H (in bits) over each
benchmark’s test set.

at the median, on the order of a thousand to four
thousand derivations’ worth of choice.

Verilog grammars are much more complex: the
median module leaves 46.3 bits (roughly 10'4
derivations) and the 90th percentile 289.2. Most
choices are concentrated in expression structure,
operand selection, and identifier placement.

.2 Grammar-Only Decoding

We test two simple deterministic baselines to eval-
uate whether the program is trivially recoverable
from the minimal grammar without requiring an
LLM.

Shortest derives the shortest program that uses
all the minimal grammar’s productions. In some
cases, there are multiple shortest programs that
cover the grammar. We break ties arbitrarily by
lexicographic order.

Random walk chooses productions uniformly at
random from among the grammar’s alternatives
at every expansion step. This predicts success at
probability 2= ), Every walk is capped at the
gold derivation’s step count and scored as a miss
if it runs past, so unbounded recursion terminates.
On the semantic parsing benchmarks we draw 100
walks per example and report the fraction of walks
that succeed. On Verilog we draw five walks per
task to derive its pass@k with k = 5. On SPICE
one walk per example suffices since the metric is
graded between 0 and 1 rather than all-or-nothing
as with the semantic parsing benchmarks.

Results are reported in Table 10. On three of the
five benchmarks, the deterministic baselines remain
far from the performance of the fine-tuned model.
Shortest reaches 14.3 on SMCalFlow and 2.0/15.3
on Overnight-Blocks against 92.6 and 97.2/99.2 for
the conditioned model given identical grammars:
gaps of 78.3pp and 83.9pp. The random walk col-
lapses to 5.4 and 0.5/1.9.

GeoQuery shows the narrowest gap. With a me-
dian H of 4.8 bits, Shortest reaches 93.2 execution
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Semantic Parsing

Hardware Verification

SMCalFlow GeoQuery  Overnight Verilog SPICE
Method Prog. Prog. Exec. Prog. Exec. pass@1 pass@3 pass@5 GED Fl1
Shortest 14.3 714 932 2.0 153 1.9 — — 87.0 91.3
Random walk 54 225 357 05 19 2.8 4.6 64 773 89.9
Ours + Gold 92.6 975 982 972 992 53.6 59.1 60.9 96.7 94.0

Table 10: Grammar-only decoding of the gold minimal grammars, next to the fine-tuned model given the same
grammars (Ours + Gold, Qwen-3.5 9B, reproduced from Table 3). All values are percentages. Shortest is determinis-
tic and is therefore reported under pass@ 1 only (—). Random walk pools 100 samples per example on the semantic
parsing benchmarks, draws five per task on Verilog for pass@Fk, and one per example on SPICE.

accuracy, within 5.0pp of the conditioned model’s
98.2: once the minimal grammar fixes which pro-
ductions occur, almost any covering derivation de-
notes the right answer. Its exact match, however,
stops at 71.4 against 97.5, a 26.1pp gap, indicating
that distinct arrangements of the same productions
often execute identically.

On Verilog, Shortest passes 1.9% of tasks, which
are the only tasks whose minimal grammar forces
the module outright (H = 0). It fails on every task
that leaves any choice. Both baselines sit far be-
low the conditioned model’s 53.6-60.9 and below
the fine-tuned no-grammar baseline (32.2 pass@1,
Table 3).

SPICE results are similar to GeoQuery, in part
since the metrics are more forgiving than exact
match. Component F1 measures only the set of
component types, which the instantiated grammar
lists outright: the baselines score 91.3 and 89.9,
within 2.7pp of the conditioned model’s 94.0.

Overall, the minimal grammar determines the
program only where residual choice is a few bits
and the metric forgives what little remains, as on
GeoQuery. The deterministic baselines collapse on
non-trivial instances, which make up the majority
of test cases.

J Generic Grammars

Some grammars include generic productions that
match open classes of literals, such as string
::= ESCAPED_STRING in SMCalFlow. In our
main experiments, we replace these with concrete
instantiations from the program, such as string
::= "Bob". We test whether the gains from
grammar conditioning persist when these produc-
tions remain generic, forcing the model to recover
the literals from the query. Results are presented in
Table 11.

Generic grammars preserve most of the benefit

Grammar SMCalFlow Prog.  Verilog pass@1
None 49.0 322
Generic + Gold 90.0 474
Instantiated + Gold 92.6 53.6

Table 11: Effect of generic versus instantiated gold
minimal grammars for Qwen-3.5 9B. All values are
percentages.

of grammar conditioning. On SMCalFlow, generic
grammars reach 90.0 program accuracy against
92.6 with instantiated grammars and 49.0 without
a grammar. Literals in SMCalFlow are typically
recoverable from the query, such as an event sub-
ject or time. On Verilog, generic grammars reach
47.4 pass@1 against 53.6 with instantiated gram-
mars and 32.2 without a grammar. Concrete literals
therefore provide useful additional constraints, but
the generic structural skeleton alone still improves
by 15.2pp over the baseline.

K Multiple Predicted Grammars

In Section 4.2, we saw that moving from pass@1
to pass@5 narrows the gap between our method
and the baseline on Verilog. On Gemma-3 27B, the
baseline pass@5 overtakes ours (55.8 vs. 49.4). We
suspected that grammar conditioning concentrates
probability mass on a particular structural skeleton
because all five samples in the main results are
conditioned on the same predicted grammar.

We therefore construct five candidate grammars
per problem and condition each of the five program
samples on its own grammar. Alongside the de-
terministic (temperature 0) grammar used in the
main results, four further grammars are drawn in-
dependently from the same predictor and prompt
at temperature 1.0. Table 12 shows the results.

Sampling multiple grammars leaves pass@1 es-
sentially unchanged (42.7 vs. 42.4) while recover-
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Method pass@1 pass@3 pass@5

Baseline (no grammar) 33.5 48.4 55.8
Ours (1 grammar) 42.7 47.4 49.4
Ours (5 grammars) 42.4 524 55.1

Table 12: VerilogEval-Human pass@k for Gemma-3
27B. Ours (1 grammar) reuses one predicted grammar
for all five program samples. Ours (5 grammars) condi-
tions each sample on a different predicted grammar.

ing the pass@5 gap to the no-grammar baseline
(55.1 vs. 55.8). These results are consistent with
the hypothesis that a fixed predicted grammar was
locking the generator into a single structural skele-
ton, and letting the grammar vary across samples
restores the value of additional attempts.

L Artifact Licenses

All datasets are used under their respective li-
censes: SMCalFlow and Overnight under CC BY-
SA 4.0, GeoQuery under GPL 2.0, MG-Verilog
under CC BY-NC-SA 4.0, VerilogEval under MIT,
and Masala-CHALI under its open-source release.
Open-weight backbones (Qwen, Gemma, Llama
families) and the BGE-large-en-v1.5 retriever are
used under their respective model and code licenses.
Frontier models (GPT-5.5, Claude Opus 4.7) are
accessed via provider APIs under the respective
terms of service.

Intended use All datasets and models used in
this work are research artifacts, and we use them
for research purposes consistent with their stated
intended use. Artifacts we release accompanying
this paper are intended for research use only.
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