
Stay Within Your Bounds: Distance-Guided Decoding for Guaranteed
Context-Free Grammar Compliance

Vincenzo Collura1,*, Karim Tit1,*, Eleonora Giunchiglia2,
Mike Papadakis1, Maxime Cordy1

1 University of Luxembourg, Luxembourg
2 Imperial College London, United Kingdom

* Equal contribution.

Correspondence: vincenzo.collura@uni.lu

Abstract

Grammar-constrained decoding helps large lan-
guage models produce syntactically valid struc-
tured outputs, such as code, JSON, and SQL.
For context-free grammars, many practical de-
coders enforce local prefix feasibility: each to-
ken must keep the current prefix extendable
to some valid completion. Yet, under tok-
enizer–grammar mismatch and finite token bud-
gets, feasible prefixes may still fail to reach
acceptance. We propose a lookahead-guided
decoding framework for context-free grammars
based on pushdown automata. Offline, we
compute bounded pushdown summaries with
reachability labels and upper-bound distances
to acceptance. Online, these estimates guide
horizon-aware pruning and beam search. The
resulting decoder is syntactically sound: every
output is accepted by the target grammar. Ex-
periments on JSON, SQL, and Linear Temporal
Logic (LTL) show both consistent syntactic va-
lidity and improved completion quality over
existing baselines.

1 Introduction

Large language models (LLMs) are increasingly
used to generate structured objects such as pro-
grams, queries, and data records. In these settings,
syntactic well-formedness is not merely a format-
ting preference: invalid outputs may be rejected
by downstream parsers, violate interface contracts,
or fail to execute. This has motivated a growing
line of work on constrained and guided decoding,
including grammar-constrained generation, type-
constrained code generation, and structured gener-
ation engines for LLMs (Willard and Louf, 2023;
Beurer-Kellner et al., 2024; Ugare et al., 2025;
Dong et al., 2025; Park et al., 2025).

The code to run all our experiments is available on
GitHub: https://github.com/Enzossssss/SWYB.

For context-free grammar constraints, many
practical decoders enforce validity through local
prefix feasibility. At each step, they compute which
tokens keep the current prefix extendable to at least
one valid completion and mask the remaining to-
kens. This mechanism is effective for preventing
immediate syntax violations and has been imple-
mented in several recent systems for structured gen-
eration (Willard and Louf, 2023; Beurer-Kellner
et al., 2024; Ugare et al., 2025; Dong et al., 2025;
Park et al., 2025; Chen et al., 2025). However,
prefix feasibility is weaker than completed-output
validity under a finite token budget. A prefix may
remain locally admissible while moving toward
configurations that require too many remaining to-
kens, additional structural commitments, or low-
probability continuations. Thus, local masking
preserves prefix validity, but it does not quantify
progress toward acceptance.

A complementary line of work studies global
control of autoregressive generation using au-
tomata, dynamic programming, probabilistic steer-
ing, or sampling-based inference (Zhang et al.,
2023, 2024; Albinhassan et al., 2026; Loula et al.,
2025; Lipkin et al., 2025). These methods show
that constrained generation can benefit from rea-
soning about future completions. For context-free
grammar constraints, however, such lookahead is
difficult: the natural operational model is a push-
down automaton (PDA), whose configurations in-
clude an unbounded stack. This yields an infi-
nite configuration space, making direct finite-state
value computation lookahead inapplicable.

In this paper, we introduce SWYB, a lookahead-
guided decoding framework for LLM generation
under context-free grammar constraints. SWYB
augments local grammar masking with distance-to-
acceptance estimates computed over a pushdown
representation. Offline, we construct bounded stack
summaries using ideas from the reachability anal-
ysis of pushdown systems (Bouajjani et al., 1997)
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Figure 1: Overview of SWYB: Model top-K tokens are validated by tokenizer-aware PDA execution, filtered using
reachability and distance-to-acceptance estimates, and combined with PDA-proposed candidates. Surviving tokens
are reranked and used to update the beam state.

and weighted pushdown systems (Reps et al., 2003).
These summaries associate abstract PDA config-
urations with reachability labels and token-level
upper-bound distances to acceptance. Online, the
decoder uses these estimates for pruning and re-
ranking in the beam search.

A practical difficulty is that LLM vocabularies
are defined over subword tokens, whereas gram-
mars are usually specified over characters, termi-
nals, or lexical units. SWYB therefore includes a
tokenizer-aware consumption procedure for match-
ing model tokens against PDA transitions. At each
decoding step, it combines model top-k tokens with
automaton-proposed backup tokens, validates the
resulting candidates through budgeted successor
exploration, and uses distance information to favor
continuations that make structural progress. The
resulting decoder is syntactically sound: every com-
pleted output returned by the algorithm is accepted
by the target PDA.

In summary, our contributions are:

• A sound pushdown lookahead mechanism
based on bounded reachability and token-
distances to acceptance.

• A tokenizer-aware decoding algorithm com-
bining model top-k, automaton proposals, and
budgeted PDA exploration.

• Experiments on JSON, SQL and LTL gram-
mars showing consistent syntactic correctness
and improved completion quality.

2 Related Work

Constrained decoding methods differ along three
axes: the constraint class they support, whether

they enforce prefix feasibility, and whether they
use lookahead or remaining-budget information.
Table 1 summarizes this landscape. SWYB
targets a missing combination in practical sys-
tems: CFG/PDA constraints with prefix safety and
budget-aware acceptance guidance.

Grammar masking. Grammar-constrained de-
coding restricts the output tokens of the language
model so that the completion belongs to a given
formal language. Practical systems such as Guid-
ance and Outlines-style guided generation support
structured generation through regular expressions,
templates, and grammar-like specifications (Lund-
berg and et. al., 2024; Willard and Louf, 2023).
Recent work focuses on efficient CFG enforce-
ment under subword tokenization: DOMINO
addresses tokenizer-grammar alignment (Beurer-
Kellner et al., 2024), SynCode builds grammar-
aware lookup structures (Ugare et al., 2025),
XGrammar optimizes grammar execution and
token-mask construction (Dong et al., 2025), Great-
Gramma studies tokenizer-grammar preprocess-
ing (Park et al., 2025), and Pre3 exploits deter-
ministic pushdown automata for LR(1) grammars,
which constitute a strict subset of CFGs (Chen et al.,
2025).

These methods primarily enforce local prefix fea-
sibility: at each step, the decoder checks whether
a token keeps the current prefix extendable to at
least one valid completion. This provides prefix
safety, but not necessarily completed-output valid-
ity under a finite token budget. If decoding stops
because the maximum number of tokens is reached
before an accepting configuration, the returned out-
put may still be syntactically invalid, even though



every generated prefix was locally feasible (Ugare
et al., 2025). Thus, local masking answers whether
a prefix can still be completed, but not whether it
is close enough to acceptance within the remaining
budget.

Global control. A complementary line of work
studies controlled generation through global ob-
jectives, automata-based dynamic programming,
or probabilistic inference. GeLaTo formulates
tractable control for autoregressive generation with
automata and dynamic programming (Zhang et al.,
2023). Ctrl-G extends this view to adaptable log-
ical control (Zhang et al., 2024). SEM-CTRL
steers generation toward semantic constraints (Al-
binhassan et al., 2026). ABS enforces constraints
that can be represented as a deterministic finite
automaton (DFA) using the distance from the
accepting states (Collura et al., 2025). Follow-
ing a similar approach, TruncProof addresses
finite-budget constrained decoding using LL(1)
parsing and remaining-token-cost estimates (Kato
and Tarashima, 2026). Importantly, LL(1) gram-
mars form a strict subset of deterministic CFGs
(DCFGs), which are themselves a strict subset of
general CFGs. In contrast, our method, SWYB,
operates on generic PDAs and therefore supports
general CFG constraints. Sequential Monte Carlo
and adaptive weighted rejection sampling provide
sampling-based control mechanisms for syntactic,
semantic, or black-box constraints (Loula et al.,
2025; Lipkin et al., 2025). These methods show
the value of lookahead, but global control is much
harder for CFGs than for regular constraints be-
cause pushdown automata have unbounded stacks.

Reachability analysis. The formal-methods lit-
erature provides symbolic tools for infinite-state
pushdown systems. Reachability for pushdown
automata can be represented using finite stack sum-
maries and saturation procedures (Bouajjani et al.,
1997). Weighted pushdown systems extend this
idea by attaching weights to transitions and comput-
ing path quantities, with applications to interproce-
dural dataflow analysis (Reps et al., 2003). SWYB
adapts this perspective to constrained decoding
by computing bounded pushdown summaries and
upper-bound distances to acceptance, then using
them to guide token pruning and re-ranking.

Program constraints. Several methods
specialize in constrained decoding for code
or programming-language structure. Type-

Method Constraint Prefix Budget

Guidance (Lundberg and et. al.,
2024)

CFG partial no

Outlines (Willard and Louf,
2023)

CFG yes no

DOMINO (Beurer-Kellner et al.,
2024)

CFG yes no

SynCode (Ugare et al., 2025) CFG yes no
XGrammar (Dong et al., 2025) CFG yes no
GreatGramma (Park et al., 2025) CFG yes no
Pre3 (Chen et al., 2025) DCFG yes no
GeLaTo (Zhang et al., 2023) REG yes yes
Ctrl-G (Zhang et al., 2024) REG yes yes
ABS (Collura et al., 2025) REG yes yes
GenLM.control (Loula et al.,
2025; Lipkin et al., 2025)

CFG/BB yes yes

SEM-CTRL (Albinhassan et al.,
2026)

sem. no partial

Type-constr. (Mündler et al.,
2025)

program yes no

TruncProof (Kato and Tarashima,
2026)

LL(1) yes yes

SWYB CFG yes yes

Table 1: Positioning of SWYB relative to constrained
and controlled decoding methods. "Prefix" indi-
cates whether generation is kept within the prefix clo-
sure of the constraint language. "Budget" indicates
whether decoding uses a remaining-horizon, distance-
to-acceptance, or related lookahead signal.

constrained decoding restricts generation using
type information (Mündler et al., 2025), while
correctness-guaranteed code generation studies
decoding under stronger program-level spec-
ifications (Li et al., 2025). CFG-constrained
decoding has also been extended to diffusion
language models (Mündler et al., 2026). These
approaches are complementary to ours: they enrich
the constraint language or model class, whereas
SWYB adds sound distance-guided lookahead to
CFG/PDA decoding.

Budget saturation problem. Local constrained
decoding methods enforce constraints based pri-
marily on the current decoding state, but lack an
explicit notion of distance to an accepting config-
uration. Consequently, locally valid actions may
lead to increasingly complex intermediate struc-
tures without providing guidance on when to stop
expanding and start closing them. This myopia
can cause performance to saturate as the generation
budget increases: providing additional tokens does
not necessarily bring the decoder closer to satis-
fying the global constraints, as can be observed
empirically in Appendix C.



3 CFG-Constrained Decoding as a PDA
Reachability Problem

We consider LLM decoding under a context-free
grammar (CFG) constraint. Since CFG and push-
down automata (PDA) define the same class of
languages, any CFG can be represented by an
equivalent PDA, and conversely, any PDA recog-
nizes a context-free language (Hopcroft and Ull-
man, 1979). We therefore formulate the constraint
through a PDA

P = (Q,Σ,Γ,∆, q0, z0, F ), (1)

where Q is a finite set of control states, Σ is the
input alphabet whose elements correspond to CFG
terminals, Γ is the stack alphabet, ∆ ⊆ Q× (Σ ∪
{ε})×Γ×Q×Γ∗ is the transition relation, q0 ∈ Q
is the initial state, z0 ∈ Γ is the initial stack symbol,
and F ⊆ Q is the set of accepting states. A PDA
configuration is a pair (q, γ) ∈ Q× Γ∗, where γ is
the stack, written with its top on the left. We write

(q, γ)
a−→ (q′, γ′) (2)

when the PDA can consume a ∈ Σ∪{ε} and move
from (q, γ) to (q′, γ′). The language on Σ accepted
by P is denoted as L(P).

Token-level configurations. LLMs generate to-
kens from a vocabulary V , whereas the PDA con-
sumes terminals from Σ. A token may represent
a full terminal, several terminals, a strict prefix
of a terminal, or a string crossing terminal bound-
aries. We therefore track an extended configuration
(q, γ, ρ) ∈ Q×Γ∗×Σ∗, where ρ is the open prefix
of a terminal currently being matched; ρ = ε means
that no terminal is open. Let E = Q × Γ∗ × Σ∗.
Token consumption is represented as a transition
function

Consume : E × V → 2E , (3)

where Consume((q, γ, ρ), t) contains all extended
configurations reachable by matching the decoded
token string against CFG terminals and applying
the induced PDA transitions.

Reachability and token distance. For a stack
bound H , let SH ⊆ Q× Γ≤H be a bounded push-
down summary. Reachability in this summary fol-
lows the symbolic view of pushdown systems, in
which predecessor sets can be computed by Pre∗-
style saturation procedures (Bouajjani et al., 1997).

We write ReachH(q, γ) when (q, γ) can reach an
accepting configuration within SH .

To associate summarized configurations with a
token-level distance estimate, we turn the PDA into
a weighted pushdown system. For each PDA transi-
tion consuming a terminal a, we assign the weight
w(a) = the minimum number of LLM tokens re-
quired to generate a. If a terminal is specified by
a regular expression R, we first identify a short-
est string sR ∈ L(R) and compute the minimum
tokenization length of sR using the tokenizer vo-
cabulary. Epsilon transitions are assigned weight
zero. Under a stack-height bound H , we then apply
the standard weighted Pre∗ algorithm to compute
the minimum accumulated token cost of reaching
an accepting configuration. We denote the resulting
quantity by

dH : SH → N ∪ {∞}. (4)

In the exact weighted bounded system, dH(q, γ) co-
incides with the true minimum token cost d∗H(q, γ).
More generally, when conservative approximations
are used in the construction of the terminal weights,
we require the estimate to satisfy

dH(q, γ) ≥ d∗H(q, γ). (5)

Thus, if the remaining token budget is K and
dH(q, γ) > K, no accepting continuation of length
at most K exists within the bounded summary.
The resulting estimate is therefore used for budget-
aware pruning in Equation (5).

Objective. We formulate CFG-constrained de-
coding as the problem of producing the highest-
probability sequence accepted by the PDA within
a finite token budget T :

y⋆ ∈ arg max
y∈L(P)
|y|≤T

|y|∑︂
i=1

log pθ(yi | y<i). (6)

Exact optimization of this sequence-level objective
is intractable in general: for autoregressive models,
exact maximum-a-posteriori decoding is NP-hard,
even under simple unary constraints (Pachet and
Roy, 2026). Accordingly, SWYB treats Eq. (6) as
an approximate search objective, guided by reacha-
bility and distance estimates.

4 Proposed Method

4.1 Overview
SWYB is a two-phase decoder for LLM genera-
tion under CFG constraints represented as PDAs.



Algorithm 1 SWYB decoding
Input: LLM pθ, PDA P , summary SH , distance

dH , max length T , beam width M
Output: Best completed output y found

B ← {(ε, 0, q0, z0, ε)}
for k = 0 to T − 1 do

K ← T − k
B′ ← ∅

foreach (y, ℓ, q, γ, ρ) ∈ B do
if Accept(q, γ, ρ) then

add (y, ℓ, q, γ, ρ) to B′
continue

form T cand
k by Eq. (8)

foreach t ∈ T cand
k do

compute Ct by Eq. (9),

foreach (q′, γ′, ρ′) ∈ Ct do
score using Eq. (16)
add (yt, s′, q′, γ′, ρ′) to B′

B ← top-M beams in B′

return best accepting beam in B

Offline, it builds the bounded summary SH with
reachability labels ReachH and token-distance esti-
mates dH . Online, our beam search, with a width of
M , maintains extended configurations (q, γ, ρ) and
uses these labels to validate, prune, and rank token
candidates. Algorithm 1 describes the online de-
coding loop, Figure 1 summarizes the full pipeline,
and a practical example is given in Appendix D.
Each beam stores a prefix y, a score ℓ, and an ex-
tended configuration (q, γ, ρ). Given a total token
budget T , at step k, with the remaining horizon
K = T − k, the decoder builds a candidate set,
executes candidates through the PDA, filters out
unreachable or over-budget successors, and keeps
the top M scored extensions. Here Accept(q, γ, ρ)
means that the PDA acceptance condition holds
and no terminal is open, i.e., ρ = ε.

Offline and on-the-fly computation. Offline, be-
fore decoding begins, the grammar is translated to
a PDA and SWYB caches SH and dH in a con-
figuration database reused across prompts. Online,
most queries are answered by lookup, while ex-
tended configurations absent from the configura-
tion database are computed on the fly and stored
in the configuration database itself, whilst those
out of bounds or unreachable are discarded. Thus,

repeated use of the same grammar amortizes the
cost of the summary, while on-the-fly computation
covers configurations not encountered during pre-
computation.

4.2 Candidate Tokens
At each step, SWYB combines model-led and
automaton-led proposals. Let TopKk(y) be the
model top-k tokens for the current prefix y. The
PDA also proposes tokens compatible with locally
admissible continuations: Let Tprop(q, γ, ρ) be the
set of tokens whose decoded string is compatible
with at least one admissible continuation from the
extended configuration (q, γ, ρ):

Tprop(q, γ, ρ) ⊆ V. (7)

For a given configuration (q, γ, ρ), the automaton-
proposed tokens are obtained by considering every
transition (q, a, γtop, q

′, γ′) ∈ ∆ for which ρ is a
prefix of a, where γtop is the top element of γ. Let
a[|ρ| :] be the remaining suffix after removing ρ; if
non-empty, its first token (according to the model’s
tokenizer) is included in Tprop(q, γ, ρ).

Tprop(q, γ, ρ) =⎧⎪⎨⎪⎩First
(︁
tok(a[|ρ| :])

)︁ ⃓⃓⃓⃓⃓⃓⃓ (q, a, γtop, q
′, γ′) ∈ ∆,

ρ is a prefix of a,

a[|ρ| :] ̸= ε

⎫⎪⎬⎪⎭
where First(t1t2 . . .) = t1 and tok(·) are the
model’s tokenization functions. The resulting can-
didate set is

T cand
k = TopKk(y) ∪ Tprop(q, γ, ρ). (8)

Thus, high-probability model tokens are checked
first, while automaton proposals recover struc-
turally useful tokens that may fall outside the model
top-M .

4.3 Successor Filtering
For each candidate token t, we compute a viable
successor set

Ct = CB,H(t, e,K) ⊆ Consume(e, t), (9)

where e = (q, γ, ρ) and CB,H explore at most B
successors and retain only those whose current dis-
tance estimate witnesses a completion within the
remaining token horizon:

dH(q′, γ′) ≤ K − 1. (10)



Equivalently, successors with dH(q′, γ′) > K − 1
are discarded. For every token with Ct ̸= ∅, its
lookahead distance is

DB,H(t, e) = min
(q′,γ′,ρ′)∈Ct

dH(q′, γ′). (11)

Otherwise, the token t is discarded.

4.4 Distance-Guided Scoring

In addition to pruning, distance estimates are used
to promote tokens that provide progress towards
acceptance. Let zk(t) be the model logit for token
t at step k, and define

T viab
k = {u ∈ T cand

k : Cu ̸= ∅}. (12)

Let zmax
k = maxu∈T viab

k
zk(u). For a viable token

t, we compute

rk(t) =
DB,H(t)

max(1,K − 1)
(13)

and the ramping coefficient

αk(t) = αmin + (1− αmin)min{1, rk(t)}. (14)

Tokens selected for promotion are pushed toward
the best viable logit:

˜︁zk(t) = (1− αk(t))zk(t) + αk(t)z
max
k . (15)

The successor beam score is then

s′ = ℓ+ log softmax(˜︁zk)(t). (16)

4.5 Soundness and Approximation

We distinguish syntactic soundness from search
completeness. Syntactic soundness requires that
every returned output is accepted by the target
PDA, whereas search completeness requires ex-
ploring all valid completions. SWYB is syntac-
tically sound and preserves at least one certified
completion whenever dH(e0) ≤ T , though it is
not search-complete because of bounded successor
exploration and finite beam width.

Theorem 4.1 (Syntactic soundness and comple-
tion). Let T be the token budget and let B,M ≥ 1.
Every output returned by SWYB is accepted by
P . Moreover, if the initial configuration e0 =
(q0, z0, ε) satisfies dH(e0) ≤ T , then SWYB re-
turns at least one accepted output.

Proof. Syntactic soundness follows directly from
the construction of the algorithm: a successor is
retained only if it belongs to Consume(e, t), and
the algorithm returns only an accepting beam.

We now prove completion by induction over the
decoding step k. Let

Hk : ∃(y, ℓ, e) ∈ Bk such that

Accept(e) ∨ dH(e) ≤ T − k.
(17)

Base case (k = 0). Initially, B0 contains e0, and
dH(e0) ≤ T by assumption. Hence H0 holds.
Induction step. Assume Hk holds and let K =
T − k. If its witnessing beam is accepting, it is
copied unchanged to the next candidate pool.

Otherwise, its configuration e satisfies dH(e) ≤
K. Since dH is computed constructively, it pro-
vides a witness continuation toward acceptance.
The first token of this witness belongs to Tprop(e)
and hence to T cand

k , independently of the model
top-k truncation. The successor exploration pre-
serves a corresponding witness successor e′ with
dH(e′) ≤ K − 1; therefore B = 1 is sufficient.

Thus, the candidate pool contains at least one
accepting or viable beam. Since non-accepting
candidates are added only if they satisfy the horizon
filter, top-M selection with M ≥ 1 cannot remove
all such beams. HenceHk+1 holds.

By induction, HT holds. At k = T , no non-
accepting beam can have a positive remaining dis-
tance, so at least one accepting beam remains and
is returned.

The condition dH(e0) ≤ T means that the
bounded summary certifies an accepting contin-
uation within the available budget. If it does not
hold, SWYB reports that completion cannot be
certified under the current budget and bound H ,
rather than returning an invalid output. Since dH is
an upper-bound estimate, this does not imply that
no shorter accepting run exists outside the bounded
summary.

5 Experiments

Models. We evaluate SWYB on structured gen-
eration tasks requiring syntactic validity under
CFG using three instruction-tuned large language
models that differ in size, family, and architec-
ture: LLAMA-3.1-8B-INSTRUCT (Grattafiori et al.,
2024), LLAMA-3.2-3B-INSTRUCT (Meta, 2024),
and QWEN2.5-7B-INSTRUCT. Reporting results
on all three let us assess robustness across base
architectures rather than tuning to a single model.



Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Syn. Schema Time Perp. Syn. Schema Time Perp. Syn. Schema Time Perp.

Base LM 63.7±15.9 57.1±14.4 1.74±0.0 1.05 56.4±9.8 49.4±8.7 0.96±0.1 1.06 93.6±0.8 87.4±0.8 1.47±0.0 1.01
Sample-Verify 92.0±0.0 80.9±0.9 17.38±0.0 1.08 80.0±0.0 67.1±1.9 9.65±0.0 1.22 96.0±0.0 88.3±0.5 14.71±0.0 1.04
Guidance 96.0 89.0 2.88 1.08 93.0 84.0 2.76 1.12 92.0 87.0 2.85 1.02
Outlines 94.0 90.0 3.49 1.07 93.0 90.0 2.04 1.12 95.0 89.0 3.62 1.02
XGrammar 93.0 85.0 1.57 1.45 95.0 88.0 0.96 1.38 93.0 85.0 1.60 1.80
SynCode 88.0 79.0 3.05 1.02 88.0 77.0 2.12 1.13 94.0 88.0 1.50 1.01
GenLM (NP=2) 90.8±1.9 86.6±1.8 3.77±1.9 1.05 91.4±1.3 87.5±1.4 3.93±1.1 1.09 93.6±0.5 89.0±0.0 2.93±1.9 1.01
GenLM (NP=5) 91.6±1.1 87.2±1.3 5.59±0.3 1.03 93.0±1.0 88.4±0.9 7.36±0.4 1.09 93.8±0.4 89.0±0.0 4.07±0.2 1.01
▷ SWYB 100.0 100.0 3.96 1.13 100.0 100.0 3.46 1.14 100.0 100.0 4.05 1.11

Table 2: JSON generation results across base models. Syn. denotes syntactic validity and Schema denotes schema
validity. Best results within each model are shown in bold and second-best results are underlined. SWYB is ran
with α = 0.25 and 2 beams, and GenLM is ran with default configuration using 2 and 5 number of particles (NP).
Syncode has two modes: Strict and Mask, here we only report Strict as it outperforms its counterpart all metrics.

Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Ex. Syn. Time Perp. Ex. Syn. Time Perp. Ex. Syn. Time Perp.

Base LM 53.8±4.7 92.9±7.9 0.87±0.0 1.61 46.3±4.0 96.2±6.7 0.53±0.0 2.16 61.4±0.6 99.2±0.2 0.88±0.0 3.48
Sample-Verify 57.5±1.1 100.0±0.0 8.90±0.0 1.56 47.8±0.7 99.1±0.3 5.29±0.0 3.50 61.5±0.4 99.7±0.1 8.83±0.0 10.38
SynCode 43.2 90.7 3.31 3.70 39.6 98.1 2.01 2.47 43.2 90.7 3.31 3.70
GenLM (NP=5,5,4) 59.2±0.9 99.9±0.1 10.74±8.4 1.67 49.4±0.7 99.9±0.1 4.17±0.3 1.38 51.9±0.4 86.1±0.6 6.77±0.1 3.78
▷ SWYB 61.1 100.0 9.92 1.22 51.5 100.0 6.25 1.43 62.8 100.0 13.03 2.10

Table 3: SQL generation results across base models. Ex. denotes execution accuracy and Syn. denotes syntactic
correctness. Best results within each model are shown in bold and second-best results are underlined. GenLM
uses NP=5 for Llama models and NP=4 for Qwen. SWYB uses beam width 4; α is set to 0.25, 0.75, and 0.50 for
Llama-3.1-8B, Llama-3.2-3B, and Qwen2.5-7B, respectively.

Benchmarks. We consider three structured gen-
eration domains: JSON, SQL, and Linear Tem-
poral Logic (LTL). For JSON, we use the
json-mode-eval dataset (NousResearch, 2024),
which consists of 100 examples, and requires gen-
erating valid JSON objects adhering to a given
schema, testing the model’s ability to produce prop-
erly nested structures and correct data types. For
SQL, we employ the Spider dataset (Yu et al.,
2018), a cross-domain text-to-SQL benchmark
where each example pairs a natural language ques-
tion with a database schema, and the model must
generate a syntactically valid SQL query that cor-
rectly retrieves the answer. We use the official val-
idation split, which contains 1,034 examples. For
LTL, we adopt the drone planning task from Pan
et al. (2023), using their golden dataset comprising
6,185 examples. The model must generate LTL
formulas that specify planning goals for drones, en-
suring that each output strictly follows LTL syntax.

Baselines. We include two simple baselines:
BASE LM and SAMPLE-VERIFY. BASE LM runs
the unconstrained base model with a temperature

of 0.8 for 10 independent generations per input (dif-
ferent random seeds). SAMPLE-VERIFY uses the
same 10 raw generations, discards syntactically in-
valid ones, and then, for each of the 10 fixed seeds,
randomly selects one surviving generation per seed
(if any) to form 10 final runs. This follows the
protocol of Lipkin et al. (2025). For comparison,
we consider all available open-source constrained
decoding methods whose public implementations
support by default the grammar required by the
task. Concretely:
JSON: Guidance (Lundberg and et. al., 2024), Out-
lines (Willard and Louf, 2023), XGrammar (Dong
et al., 2025), SynCode (Ugare et al., 2025), and
GenLM (Loula et al., 2025; Lipkin et al., 2025).
SQL: SynCode and GenLM. While XGrammar
technically supports SQL it took up to 20 seconds
per generated token and was therefore discarded.
LTL: While LTL is a CFG, currently, none of the
public implementations natively support LTL gram-
mar.
The following methods are excluded due to lack of



Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Acc. Syn. Time Perp. Acc. Syn. Time Perp. Acc. Syn. Time Perp.

Base LM 22.1±3.3 98.8±0.4 0.29±0.0 1.31 9.6±3.3 94.6±3.1 0.17±0.0 1.57 30.9±0.5 98.4±0.4 0.29±0.0 1.61
Sample-Verify 22.2 ±0.3 100.0 ±0.0 2.86 ±0.0 1.31 9.3 ±0.2 99.9±0.0 1.64±0.0 1.56 30.6 ±0.2 99.7 ±0.0 2.89 ±0.0 1.07
SynCode 24.4 99.9 0.30 1.21 15.2 99.9 0.19 1.36 31.0 100.0 0.31 1.09
▷ SWYB 29.6 100.0 1.69 1.23 22.1 100.0 0.78 1.27 31.6 100.0 1.53 1.09

Table 4: LTL generation results across base models. Acc. denotes task accuracy and Syn. denotes syntactic
correctness. Best results within each model are shown in bold. SWYB uses beam width 4; α is set to 0.75, 0.50,
and 0.50 for Llama-3.1-8B, Llama-3.2-3B, and Qwen2.5-7B, respectively.

runnable public code: DOMINO2 (Beurer-Kellner
et al., 2024), GreatGramma (Park et al., 2025), and
SEM-CTRL (Albinhassan et al., 2026). Additional
approaches (GeLaTo (Zhang et al., 2023), Ctrl-G
(Zhang et al., 2024), ABS (Collura et al., 2025))
are restricted to regular grammars; Pre3(Chen et al.,
2025) handles only deterministic CFGs; and Type-
constr. (Mündler et al., 2025) works only for Type-
Script. For each baseline, we report the mean and
standard deviation over multiple seeds; determinis-
tic methods are reported with a single run.

Choice of the Token Budget T . We uniformly
set the token budget to T = 120 across all three
tasks. This is more than sufficient for the target out-
puts and is comparable to budgets used in prior con-
strained decoding work (Zhang et al., 2023; Lipkin
et al., 2025). Moreover, as shown in Appendix C,
the performance of existing local constrained de-
coding methods largely saturates for T > 512. In-
creasing the generation budget allows these meth-
ods to produce longer sequences, but does not re-
solve the underlying constraint-satisfaction prob-
lem. In particular, local decoding may recognize
that opening a new structure, such as a nested JSON
object or array, is grammatically valid, yet lacks
global lookahead or an explicit signal for when to
stop opening structures and begin closing them. It
may therefore keep extending locally valid contexts
without progressing toward an accepting configu-
ration. This explains why increasing the budget
from T = 120 to T = 4096 (up to 40×) yields
little or no improvement in JSON schema satis-
faction, even when syntax validity reaches 100%.
Our distance-from-accepting-configuration compo-
nent addresses this myopia by guiding decoding
toward configurations from which acceptance re-
mains reachable within the available budget, pro-
viding the missing mechanism for timely closure

2A public repository exists but contains no executable im-
plementation at the time of writing.

and reliable constraint satisfaction.

Metrics. For each domain, we measure both con-
straint satisfaction and generation quality.
JSON. We report syntactic validity (fraction of out-
puts parsable as JSON), schema validity (fraction
conforming to the required schema, e.g., correct
field names and types), perplexity (mean token-
level perplexity of the generated sequences under
the base LM, measuring fluency), and average de-
coding time (seconds per output, capturing compu-
tational overhead).
SQL. We report syntactic correctness (the percent-
age of queries that parse according to the SQL
grammar), execution accuracy (the percentage that
returns the expected result when run on the target
database), perplexity, and decoding time.
LTL. We report syntactic correctness (parser ac-
ceptance for LTL formulas), task accuracy (the
percentage of generated LTL formulas whose cor-
responding Büchi automaton is equivalent to that
of the ground-truth formula, verifying semantic
correctness), perplexity, and decoding time.

Grammar preprocessing cost. The standard
CFG-to-PDA construction is linear in the size of
the grammar and introduces only modest overhead;
for the more complex syntax, SQL, it took 0.67 sec-
onds. Summary precomputation cost, in contrast,
can vary significantly depending on the grammar
complexity. For example, it requires 3h 40min for
SQL with H = 13 (supporting up to three nested
queries), whereas for LTL with H = 50 (support-
ing up to 50 nested parentheses), it required 0.42s.
For schema-specific JSON grammars, both conver-
sion and summary precomputation took an aver-
age of 0.29s (±0.11s). Importantly, both of these
steps are grammar-dependent rather than dataset-
dependent and can therefore be reused across all
tasks involving the same grammar.



Main findings. Across all three domains and
base models, SWYB is the only method that
achieves 100% syntactic correctness in every set-
ting. On JSON, this also corresponds to 100%
schema validity across all models. On SQL
and LTL, SWYB improves task-specific accuracy
while preserving syntactic validity. The cost is
a moderate decoding-time overhead relative to
lightweight local masking methods, but it is compa-
rable to that of repeated sample-and-verify, which
achieves lower performance in all domains.

Ablation studies. We assess the contributions of
the two main components of SWYB, Beam Search
and Distance-Guided Scoring (DGS), through ab-
lations on SQL and LTL, where task-quality met-
rics are available (Appendix B). Across all three
models, syntactic correctness remains at 100% in
every configuration, confirming that syntax guaran-
tees are independent of these components. Beam
Search provides the largest gains, substantially im-
proving execution accuracy on SQL and semantic
accuracy on LTL while reducing perplexity. DGS
adds smaller but consistent improvements in task
accuracy with negligible decoding overhead. Over-
all, combining Beam Search and DGS yields the
best trade-off between efficiency and quality.

5.1 JSON Generation

Table 2 reports results on json-mode-eval.
SWYB is the only method that achieves perfect
syntactic and schema validity across all three base
models. Other constrained decoders generally im-
prove over the Base LM on the two Llama models,
but their gains are less consistent on Qwen2.5-7B,
where the unconstrained model is already strong.
SWYB maintains 100% validity in all settings, at a
moderate runtime cost: it is slower than lightweight
masking-based methods, but faster than Sample-
Verify and competitive with GenLM at higher par-
ticle counts. Its perplexity remains close to the
best baseline, suggesting that the guarantee does
not come at the cost of substantially lower model
likelihood.

5.2 SQL Generation

Table 3 reports results on Spider. SWYB achieves
perfect syntactic correctness across all three base
models and the highest execution accuracy in ev-
ery setting. Sample-Verify also reaches perfect or
near-perfect syntax but does not improve execution
accuracy to the same extent, showing that syntactic

filtering alone is insufficient for this task. SynCode
variants underperform the Base LM in execution ac-
curacy, while GenLM is competitive on the Llama
models but degrades on Qwen2.5-7B-Instruct. In
contrast, SWYB consistently improves both syn-
tactic correctness and execution accuracy across
architectures. Its runtime is comparable to Sample-
Verify and GenLM on the Llama models, though it
is slower on Qwen, and its perplexity remains the
best or second-best in all settings. Overall, SWYB
provides the strongest trade-off between syntactic
guarantees, execution accuracy, and decoding cost.

5.3 LTL Generation

Table 4 reports results on the LTL dataset. SWYB
consistently achieves 100% syntactic correctness
and the highest task accuracy across all three mod-
els. SynCode improves task accuracy over the Base
LM in every setting, but provides smaller gains and
does not consistently guarantee syntactic correct-
ness, reaching 100% only for Qwen2.5-7B. In par-
ticular, for Llama-3.1-8B, its syntactic correctness
is slightly below that of Sample-Verify. Overall,
SWYB provides the strongest combination of syn-
tax guarantees and task accuracy, at the cost of a
moderate decoding-time overhead.

6 Conclusion

We have introduced SWYB, a distance-guided
decoding framework for guaranteed context-free
grammar compliance in large language models.

Unlike prior grammar-constrained decoders that
rely solely on local prefix feasibility, SWYB aug-
ments token-level validation with bounded push-
down summaries and upper-bound distance esti-
mates to acceptance. This enables budget-aware
pruning and reranking: configurations whose esti-
mated completion cost exceeds the remaining token
horizon are discarded; conversely, our beam search
softly promotes tokens that make measurable struc-
tural progress toward acceptance.

Experiments on JSON, SQL, and LTL genera-
tion demonstrate that SWYB consistently achieves
perfect syntactic validity across three diverse base
models while also improving task-specific accu-
racy over existing methods, including Sample-
Verify, SynCode, XGrammar, and GenLM. The
method maintains competitive perplexity and de-
coding time, offering a favorable trade-off between
guarantee and efficiency.



Limitations

Among the limitations are the stack height bound
H and the exploration budget B. The parameter
H determines the maximum stack height consid-
ered during offline precomputation. If H is set
too low, some reachable configurations may be
missing from the bounded summary; in that case,
the decoder may need to compute distances online
for configurations not present in the precomputed
table. Although such online computation is not
prohibitively expensive, it is slower than a sim-
ple lookup. The exploration budget B controls
how many intermediate PDA configurations are ex-
plored. A large B increases runtime but enables
more detailed lookahead. The impact of B depends
on the complexity of the PDA: for small grammars
such as LTL, exhaustive exploration is perfectly
feasible and incurs little overhead. Importantly,
even with a minimal budget B = 1 and a suffi-
ciently large H , the algorithm remains sound be-
cause soundness only requires knowing that at least
one valid completion exists within the remaining
token budget; detailed enumeration of all possible
successors is not needed. The distance estimate dH
is a constructive upper-bound estimate within the
bounded summary. A small value certifies that a
completion within the remaining token budget is
known, but a large value does not prove that no
shorter completion exists. Finally, while SWYB
empirically improves generation quality, it does not
incorporate semantic control (e.g., domain-specific
constraints). Adding such semantic guidance re-
mains an interesting direction for future work.

Ethics Statement
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the PDA. This is evident from the significant differ-
ence between the first and second rows of the tables.
The corresponding decrease in perplexity is also
expected, since without beam search the selected
tokens are more frequently determined by the PDA
rather than by the LLM probability distribution. In
contrast, Distance-Guided Scoring (DGS) provides
a consistent, albeit smaller, improvement in execu-
tion accuracy when comparing the corresponding
configurations with and without DGS. Moreover,
the parameter α provides a direct trade-off between
following the LLM and prioritizing the PDA: lower
values favor the fluency of the model-generated
sequence, whereas higher values favor satisfying
the constraints more quickly. As guaranteed by
our theorem, syntax correctness remains 100% in
all configurations, including those without Beam
Search or DGS.

C Budget saturation problem

To investigate whether the limited performance of
existing grammar-constrained decoding methods is
primarily caused by the generation budget, we re-
peat the JSON experiments with increasingly large
values of max_new_tokens, from 512 to 4096 (up
to 40× our default budget). As shown in Tables 7,
8, 9, and 10, increasing the generation budget does
not materially improve schema satisfaction. In par-
ticular, schema validity remains substantially below
100% for all methods and models, with most meth-
ods showing little variation as the budget increases.
While some methods achieve near-perfect or even
100% syntactic validity, this does not translate into
full schema satisfaction. These results indicate
that the failures are not primarily caused by in-
sufficient generation length. Rather, they expose
a limitation of local grammar-constrained decod-
ing: the decoder can repeatedly select locally valid
actions, such as opening nested objects or arrays,
without receiving a signal that guides it toward an
accepting configuration. Consequently, providing
a larger token budget does not resolve the underly-
ing constraint-satisfaction problem and can instead
substantially increase decoding time, as particu-
larly evident for SynCode across Tables 7–10. Our
distance-from-accepting-configuration component
addresses this limitation by explicitly guiding de-
coding toward configurations from which accep-
tance can be reached, enabling reliable constraint
satisfaction without relying on arbitrarily large gen-
eration budgets.

D Practical Example

To illustrate how our constrained beam search al-
gorithm works in practice, we consider a simple
language: strings of balanced parentheses followed
by a single ‘x‘. The grammar is

S → ’(’ S ’)’ S | ’x’

Valid strings include: x, ()x, (())x.

D.1 Pushdown Automaton (PDA)
This language is recognised by the following PDA
with a stack:

P = (Q,Σ,Γ,∆, q0, Z0, F ),

where Q = {q0, qf}, Σ = {(, ), x}, Γ = {Z0, ( },
q0 is the start state, Z0 is the bottom-of-stack
marker, F = {qf} and the transition relation ∆
is given in Table 11. Intuitively, the PDA pushes
a ‘(‘ for every opening parenthesis and pops one
for each closing parenthesis; it moves to the accept-
ing state qf only upon reading ‘x‘ when the stack
contains exactly Z0 (i.e., all parentheses are bal-
anced). For simplicity, the vocabulary is defined as:
V = {’(’, ’)’, ’x’} (In practice, longer tokens such
as ’((’ may exist, but we omit them for clarity).

D.2 Beam Search Setup
The parameters used are: token budget (maximum
steps) T = 3, beam width M = 2, score weight-
ing α = 0.25, stack height bound H = 5. To
guide the search, we employ a distance function
dH that gives the minimum number of additional
tokens needed to reach an accepting configuration.

Configuration Needed suffix dH

(qf , Z0) (already accepting) 0
(q0, [Z0]) x 1
(q0, [Z0(]) )x 2
(q0, [Z0((]) ))x 3
(q0, [Z0(((]) )))x 4
(q0, [Z0((((]) ))))x 5

D.3 Step-by-Step Execution
We initialise the beam with the configuration
(q0, Z0, ϵ).

D.3.1 Step 1 (T = 3)
From state (q0, Z0), the admissible tokens are ’(’
(valid transition, dH = 2) and ’x’ (valid transition,
leads to qf , dH = 0), while ’)’ has no valid tran-
sition given the current configuration and is there-
fore pruned. The model logits are z(() = −0.5,



Configuration Llama-3.2-3B Llama-3.1-8B Qwen2.5-7B

Exec Syn Perp Time Exec Syn Perp Time Exec Syn Perp Time

¬DGS, ¬BS 26.0 100 3.67 5.03 22.1 100 2.77 8.94 22.2 100 4.11 13.12
¬DGS, 4 Beams 50.9 100 1.41 8.00 60.4 100 1.22 9.44 61.6 100 2.08 13.35
DGS (α = 0.5), ¬BS 26.3 100 3.49 5.04 22.2 100 2.69 8.83 23.8 100 4.09 12.77
DGS (α = 0.5), 4 Beams 51.2 100 1.41 7.75 60.9 100 1.22 9.46 62.8 100 2.10 13.03

Table 5: Ablation studies on SQL generation. Where DGS stands for Distance-Guided Scoring and BS for Beam
Search.

Configuration Llama-3.2-3B Llama-3.1-8B Qwen2.5-7B

Exec Syn Perp Time Exec Syn Perp Time Exec Syn Perp Time

¬DGS, ¬BS 16.5 100 1.43 0.35 29.2 100 1.73 0.63 30.5 100 1.17 0.56
¬DGS, 4 Beams 21.8 100 1.28 0.79 29.4 100 1.23 1.71 31.2 100 1.09 1.54
DGS (α = 0.5), ¬BS 16.8 100 1.39 0.31 24.9 100 1.86 0.59 30.5 100 1.17 0.55
DGS (α = 0.5), 4 Beams 22.1 100 1.27 0.78 29.6 100 1.23 1.70 31.6 100 1.09 1.53

Table 6: Ablation studies on LTL generation. Where DGS stands for Distance-Guided Scoring and BS for Beam
Search.

z(x) = −1.0, then zmax = −0.5. After DGS
and log-softmax computation, the scores become
s′(() = −0.523, s′(x) = −0.898. The beams after
the first step are:

Sequence Score State Stack

( −0.523 q0 Z0(
x −0.898 qf (accepting) Z0

D.3.2 Step 2 (T = 2)
The sequence “x” is already in an accepting con-
figuration, and any addition of tokens would vi-
olate the constraints. For the sequence ’(’, the
configuration is (q0, Z0(); the possible tokens are
’)’ (valid transition, dH = 1) and ’(’ (valid but
dH = 3, which exceeds the remaining budget of
2, so it is pruned), while ’x’ has no valid transi-
tion given the current configuration and is therefore
pruned. Only one token remains, hence the score
does not change:

s′(()) = −0.523 + 0 = −0.523.

The beam at step 2 is:

Sequence Score State Stack

x −0.898 qf Z0

() −0.523 q0 Z0

D.3.3 Step 3 (T = 1)
The sequence ’x’ remains in an accepting configu-
ration. For ’()’, the configuration is (q0, Z0); ad-
missible tokens are ’x’ (valid transition, dH = 0)

and ’(’ (valid but dH = 2, which exceeds the re-
maining budget of 1, so it is discarded). Again,
only one token remains, so

s′(()x) = −0.523.

The final beam contains two accepting sequences:

Sequence Score Accepting?

x −0.898 Yes
()x −0.523 Yes

D.4 Final Result
Among the two sequences, we select the one with
the highest score:

()x because − 0.523 > −0.898.

Thus, the output generated by our method for this
example is the string ()x. This simple case demon-
strates how the beam search, guided by the dis-
tance function dH , efficiently explores the space of
derivations, discards candidates that cannot lead to
a valid string within the token budget, and finally
picks the most plausible solution.



Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Syn. Schema Time Perp. Syn. Schema Time Perp. Syn. Schema Time Perp.

Guidance 98.0 90.0 3.63 1.07 98.0 85.0 3.16 1.10 98.0 91.0 3.56 1.01
Outlines 99.0 91.0 3.74 1.07 95.0 92.0 1.95 1.09 100.0 93.0 3.62 1.02
SynCode 100.0 83.0 13.27 1.02 99.0 79.0 7.52 1.11 100.0 92.0 1.61 1.01
GenLM (NP=2) 98.0±0.0 92.6±0.7 2.50±1.4 1.04 95.7±0.8 89.3±1.3 4.00±1.1 1.08 98.0±0.0 92.6±0.7 2.50±1.4 1.01
GenLM (NP=5) 98.0±0.0 92.9±0.3 4.20±0.1 1.04 97.2±0.6 90.8±0.9 6.10±0.7 1.08 98.0±0.0 92.9±0.3 4.20±0.1 1.01

Table 7: Max New Tokens = 512.

Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Syn. Schema Time Perp. Syn. Schema Time Perp. Syn. Schema Time Perp.

Guidance 98.0 90.0 3.62 1.07 98.0 85.0 3.12 1.10 98.0 91.0 3.61 1.01
Outlines 99.0 91.0 3.70 1.07 95.0 92.0 1.93 1.09 100.0 93.0 3.66 1.02
SynCode 100.0 83.0 26.89 1.02 99.0 79.0 15.14 1.11 100.0 92.0 1.60 1.01
GenLM (NP=2) 96.3±0.7 89.8±0.9 5.4±1.8 1.04 96.1±0.9 90.1±1.3 4.8±1.2 1.08 98.0±0.2 92.9±0.6 2.6±1.4 1.01
GenLM (NP=5) 96.9±1.1 90.8±1.1 6.8±2.3 1.04 97.0±0.9 90.4±1.2 8.2±1.3 1.08 98.0±0.2 92.8±0.4 4.2±0.1 1.01

Table 8: Max New Tokens = 1024.

Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Syn. Schema Time Perp. Syn. Schema Time Perp. Syn. Schema Time Perp.

Guidance 98.0 90.0 3.62 1.07 98.0 85.0 3.13 1.10 98.0 91.0 3.48 1.01
Outlines 99.0 91.0 3.69 1.07 95.0 92.0 1.94 1.09 99.0 91.0 3.69 1.09
SynCode 100.0 83.0 55.84 1.02 99.0 80.0 31.65 1.11 100.0 92.0 1.61 1.01
GenLM (NP=2) 96.7±0.7 89.9±1.7 6.8±3.0 1.04 96.0±1.2 89.6±1.3 7.7±2.8 1.08 98.0±0.0 92.7±0.7 2.5±1.5 1.01
GenLM (NP=5) 96.5±0.5 90.2±0.8 10.3±5.9 1.04 97.1±0.7 90.2±1.5 12.7±3.9 1.08 98.0±0.0 92.8±0.6 4.0±0.2 1.01

Table 9: Max New Tokens = 2048.

Llama-3.1-8B-Instruct Llama-3.2-3B-Instruct Qwen2.5-7B-Instruct

Method Syn. Schema Time Perp. Syn. Schema Time Perp. Syn. Schema Time Perp.

Guidance 98.0 90.0 3.57 1.07 98.0 85.0 3.08 1.11 98.0 91.0 3.46 1.01
Outlines 99.0 91.0 3.68 1.07 95.0 92.0 1.91 1.09 100.0 93.0 3.60 1.02
SynCode 100.0 83.0 113.81 1.02 99.0 79.0 63.47 1.12 100.0 92.0 1.60 1.01
GenLM (NP=2) 96.4±0.5 89.9±0.9 22.0±8.9 1.04 95.5±1.3 89.8±1.5 20.4±15.2 1.08 98.0±0.0 92.6±0.5 2.4±1.5 1.01
GenLM (NP=5) 96.3±0.5 89.8±1.0 26.3±19.1 1.04 96.7±1.1 90.5±0.8 29.0±16.7 1.08 98.0±0.0 92.8±0.4 4.2±0.2 1.01

Table 10: Max New Tokens = 4096.

Current State Input Stack Top Next State Stack Operation

q0 ( Z0 q0 push (
q0 ( ( q0 push (
q0 ) ( q0 pop (
q0 x Z0 qf –

Table 11: PDA transitions for the running example.
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