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ABSTRACT
The widespread adoption of language models for code genera-
tion makes the enforcement of formal guarantees on their outputs
ever more important. Recent constrained decoding techniques are
promising, but when applied to practical programming languages
they typically face a trade-off between soundness and completeness,
either permitting some invalid programs or rejecting some valid
ones. We argue that invalid programs should be excluded entirely,
yet find that overly restrictive acceptance criteria can significantly
impair a model’s ability to follow human intent and generate func-
tionally correct code. We attribute this degradation to a mismatch
between themodel’s internal representation of the language and the
constrained language induced by the formal guarantees. To better
align the two, we propose reducing variability through training-set
preprocessing, language design, or neural architecture design.

1 BACKGROUND
We describe a formal model of decoding for language models, based
on prior work [18]. Language models generate tokens from a token
vocabulary V , and each token corresponds to a string, which is
a sequence of symbols drawn from a character vocabulary Σ. We
assume that the token vocabulary V is complete, meaning that any
string 𝜔 ∈ Σ∗ can be represented as a finite sequence of tokens
𝑡1, . . . , 𝑡𝑛 ∈ V∗. More precisely, a tokenizer is a pair of functions

TΣ : Σ∗ → V∗ TV : V∗ → Σ∗

that map strings to token sequences (TΣ), and vice versa (TV ).
Given the previous definitions, a language model is a function

M : V∗ → Δ(V)

that, given a prefix 𝑡1, . . . , 𝑡𝑛 ∈ V∗, produces a probability distribu-
tion over the continuation token 𝑡𝑛+1 ∈ V .

Decoding is the process of generating a sequence from a language
model by iteratively sampling each token 𝑡𝑛+1 from the model’s
distribution conditioned on the preceding context 𝑡1, . . . , 𝑡𝑛 . We
define the decoding step as the function

D : V𝑛 → V𝑛+1

D(𝑝) = 𝑝 + 𝑥 𝑥 ∼ M(𝑝)

where 𝑥 is the chosen continuation for the prefix 𝑝 , + denotes
concatenation, and ∼ denotes sampling from a probability distri-
bution. Then, decoding is the function composition D𝑖 (𝑝), which
appends the next 𝑖 continuations to the prefix 𝑝 . Normally, decoding
is bounded by additional stopping criteria, such as generating an
end-of-sequence token 𝐸𝑂𝑆 ∈ V .

Recently, constrained decoding has been proposed as an extension
of decoding that enforces some property on the generated string,

e.g., syntactic and type correctness with respect to a programming
language. Such properties are checked by a constrainer predicate

C : V∗ → B

that is satisfied by only prefixes of desirable sequences. The insight
of constrained decoding is that, instead of sampling the space de-
noted byV∗ for a valid sequence usingD∗ repeatedly (i.e., rejection
sampling), one decoding step can prune the search space as soon
as one continuation precludes the satisfiability of the constraints
in C. Formally, the constrained decoding step is the function

(D | C)(𝑝) = 𝑝 + 𝑥, 𝑥 ∼ M(𝑝) | C(𝑝 + 𝑥)
where 𝑥 is the first continuation sampled without repetitions that
satisfies the constraints of C. Classical decoding is recovered when
C is the tautological predicate C⊤ (𝑝) = ⊤.

Listing 1 summarizes the decoding algorithm and highlights in
yellow the extensions for constrained decoding. Given the existence
of the tokenizer T , we can reason in terms of strings for simplicity.
We can also generalize the algorithm to an abstract generator G
that, given a prefix p, produces an iterator over the possible con-
tinuations, in the order they should be sampled. A large language
model is only a specific instance of such a generator, where the
order of the continuations is determined by its output distribution,
the sampling strategy, the stopping criteria, and other parameters.

Listing 1: Decoding algorithm for an abstract generator.
1 G: Generator, C: Constrainer
2 fun decode(p: String): String =
3 continuations: Iterator[String] = G(p)
4 for t in continuations do
5 p': String = p + t
6 if not C(p') then continue
7 return if t == EOS then p' else decode(p')
8 error "No valid continuation found"

2 LIMITATIONS OF CONSTRAINING
Compared to rejection sampling, constraining can improve effi-
ciency, but it can also alter the model’s distributions. In general,
global conditioning is not necessarily equivalent to local condition-
ing, that is (D𝑛 | C) ≠ (D | Ĉ)𝑛 even when C = Ĉ. More precisely,
manipulating the probability distributions of language models in-
troduces biases, which distort the knowledge of the models and
can degrade their performance [2, 3, 12, 15, 22]. For example, the
constrainer might prefer low-probability continuations, which are
associated with text degeneration and repetitions [6, 11, 13].

Biases can also be introduced by specific kinds of constrainers.
For example, syntactic constrainers can limit continuations to the
next lexemes accepted by a given grammar [5, 8, 22, 23, 28, 29, 32].
However, forcing the vocabulary of the languagemodel tomatch the
lexemes of the grammar can introduce biases due to approximation
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Table 1: Experimental results for the sensitivity to completeness. In bold, the best of each metric.

Decoding Functional Compilable Max Tokens Timeout Confidence Output Tokens Time (s)
unconstrained 0.59 0.92 0.00 0.00 0.99 81.14 12.04
constrained 0.63 1.00 0.00 0.00 0.97 78.14 13.40
no number formats 0.63 0.99 0.00 0.00 0.97 78.22 14.20
no multiline strings 0.63 0.99 0.00 0.00 0.97 78.22 15.88
no dotted keys 0.63 1.00 0.00 0.00 0.97 78.33 15.62
no comment 0.63 0.99 0.00 0.00 0.97 78.39 14.87
no array tables 0.60 0.93 0.00 0.00 0.96 75.45 15.09
no inline tables 0.59 0.98 0.00 0.00 0.95 78.50 17.67
no space before equal 0.48 0.78 0.22 0.00 0.72 170.92 30.68
no optional spaces 0.39 0.90 0.09 0.00 0.46 90.23 16.83

(i.e., token misalignment) [24, 27, 28]. Another example is type
constrainers, which are type-checkers on program prefixes [1, 17,
18]. Sufficiently complex type systems require choosing between
soundness and completeness of the constrainer (i.e., C ≠ Ĉ), either
rejecting valid continuations or permitting invalid ones [17, 18, 31].

We argue that the value in constrained decoding is to provide
guarantees on the output of language models. In fact, if the goal
was to only improve conformance to a set of constraints, then fine-
tuning on a dataset of valid sequences would be sufficient. Therefore,
we consider soundness a necessary property for constrainers, while
completeness is a desirable property. Since prioritizing soundness
will inevitably decrease completeness for certain constrainers, we
study the latter as a primary source of bias in the following section.

3 SENSITIVITY TO COMPLETENESS
To assess the sensitivity of constrained decoding to completeness,
we evaluate a sound and complete constrainer for code generation
and compare its performance to that of several incomplete variants.

Constrainers. As a case study, we consider a syntactic constrainer
that is complete with respect to the TOML language specification
[26]. We choose TOML because it is widely adopted, has a simple
syntax and semantics, and includes several derived forms. These
properties make TOML a good fit for our study: themodel is likely to
understand it well, and we can easily derive incomplete variants by
removing some syntactic features or derived forms of the language,
without losing expressivity. In particular, we consider the following
restrictions of the complete constrainer:
• No Number Formats: forbid binary, octal, and hex formats.
• No Multiline Strings: forbid multiline strings.
• No Dotted Keys: forbid dotted keys (e.g., a.b.c=d).
• No Comments: forbid comments (e.g., #comment).
• No Array Tables: forbid array tables (e.g., [[array]]).
• No Inline Tables: forbid inline tables (e.g., a={b=c}).
• No Spaces Before Equal: forbid spaces before the = symbol.
• No Optional Spaces: forbid all optional spaces.

All constrainers are implemented as GGML BNF grammars [9],
which are used by llama-cpp to perform constrained decoding.

Benchmarks. To reduce the risk of benchmark contamination,
we build a new benchmark, TomlModeEval. We start from the Json-
ModeEval dataset [19], used for evaluating SynCode [28]. JsonMod-
eEval contains 100 JSON solutions, each paired with a specification

consisting of a JSON schema and natural language instructions.
The task is to generate the JSON solution from its specification. In
TomlModeEval, we replace the JSON solutions with their equiva-
lent TOML solutions and keep the same specifications, except for
minimal adjustments (e.g., asking for TOML instead of JSON).

Results. Table 1 shows the results of the experiment usingQwen3-
Coder-30B-A3B-Instruct, a 30B mixture-of-experts code model with
3.3B active parameters and 256K context, trained for coding tasks.
For decoding, we use greedy sampling with a temperature of 0.1.
We consider the following metrics for the generated programs:
• Functional: ratio of programs that are functionally correct, i.e.,

match the AST of the solution exactly, ignoring key order.
• Compilable: ratio of programs that are syntactically and type-

correct. For TOML, type-correctness is uniqueness of keys.
Notably, our constrainers only ensure syntactic correctness.

• Max Tokens: ratio of programs that are truncated by the token
limit, i.e., the EOS token is not generated before 300 tokens.

• Timeout: ratio of programs that are truncated by timeout, i.e.,
after 5 minutes of decoding.

• Confidence: average per-token probability in the programs.
• Output Tokens: average token count in the programs.
• Time: average time for decoding a program.

We report averages over 10 runs for unconstrained and complete
constrained decoding, and the aforementioned incomplete variants.

Observations. Compared to unconstrained decoding, we can see
that the complete constrainer improves functional correctness and
compilability of the generated programs by 4% and 8% points, re-
spectively. We observe a slight 2% points decrease in confidence,
which is expected as the constrainer forces the model to discard
probable but invalid continuations. We expect low confidence to
lead to text degeneration and repetitions, which are correlated with
the number of incomplete programs and output tokens. However,
in this case, the impact of the constrainer on confidence is not
significant enough to harm the performance of the model.

Comparing the incomplete constrainers with the complete one,
we can see that incompleteness leads to a significant decrease in
functional correctness. The most extreme case is the constrainer
with no optional spaces, showing a decrease of 24% points in func-
tional correctness. Incompleteness also correlates with a decrease
in confidence and an increase in truncated programs, which are
signs of text degeneration and repetitions. The most extreme case
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is the constrainer with no spaces before equal, showing an increase
of 22% points in truncated programs. This is surprising, given that
the incomplete constrainer only differs from the complete one by a
single space, indicating that even minor errors in the constrainer
can significantly degrade performance. Finally, we observe that
it is hard to predict the impact of a feature on the performance
of the model, as it depends on the internal representation of the
language learned by the model, which itself depends on the training
data and the architecture of the model. For example, the results
for functional correctness show that optional spaces are crucial to
the model’s representation of TOML, while other features such as
dotted keys are not as important. This suggests that the model’s
learned representation of the language is very different from the
language specification used to design the constrainers.

Manual Inspection. A manual inspection of the generated pro-
grams reveals that the unconstrained model confuses the syntax
of TOML with JSON, which is prevented by the constrainers. We
also observe that constraining can affect generated programs long
after a constraint is enforced. For example, in the following excerpt,
enforcing no optional spaces causes the model to later generate a
list of objects instead of the required list of strings.

1 # unconstrained (correct)
2 facilityId = "BLD−4021"
3 urgencyLevel = "high"
4 requestedServices = [
5 "HVAC repair", ...
6 ]

# no optional spaces
facilityId="BLD−4021"
urgencyLevel="high"
[[requestedServices]]
value="HVAC repair"
...

Finally, we observe cases of repetition in which constrained
decoding appears to get stuck in a loop. In the excerpt below, for-
bidding spaces before the equal sign causes the model to repeatedly
emit spaces after a key. This occurs because spaces can still follow
a key if it is extended into a dotted key, but generating a dotted
key would preclude functional correctness. Thus, a dotted key is
likely a low-probability continuation for the model and generating
spaces is coincidentally more likely with greedy decoding.

1 # unconstrained (correct)
2 SKU = "TOB−1928"

# no spaces before equal
SKU \t\t\t\t\t\t\t...

Summary. Consistent with prior work [17, 18, 28], we find that
constrained decoding can improve the functional correctness of
generated code. However, small losses in completeness can signifi-
cantly degrade performance, often in unpredictable ways.

Threats to Validity. An extensive evaluation should consider dif-
ferent model families and sizes, temperatures, and sampling strate-
gies, as well as lesser-known languages and more expressive ones.

4 MITIGATING INCOMPLETENESS
When the completeness of a constrainer cannot be improved di-
rectly, the only alternative is to adapt the languages on which
constrained decoding operates. For the same expressivity, reducing
variability in the constrained language and the model’s learned
representation should reduce their difference, thereby increasing
completeness. This intuition is consistent with prior work showing
that code models are sensitive to semantics-preserving syntactic
changes [20, 30]. We outline three promising research directions.

Training Set. The first direction is to reduce variability at the
level of the training data. Rather than adopting a new language,
one can preprocess the training set so that the model is exposed to
a canonical version of the language that is closer to the constrainer.
A simple example is formatting all programs according to a unique
style, thereby removing redundant surface forms, such as alter-
native layouts. More generally, one could canonicalize programs
before training so that semantically equivalent fragments are syn-
tactically similar. This view is supported by recent work indicating
that formatting variability contributes little to training quality, as
well as by training pipelines that normalize code [21, 25].

Programming Languages. A second direction is to design lan-
guages with less variability, i.e., admitting fewer equivalent surface
forms for the same semantics by construction. This should facilitate
defining constrainers and training a model to learn a representation
that is faithful to the intended semantics of the language. Recent
work reports that DSLs can outperform general-purpose languages
for code generation, supporting this perspective [16]. One can also
explore languages that trade expressivity for learnability and com-
pleteness, to identify the most effective point in the design space
for LLM-based constrained code generation.

Network Architectures. A third direction is to design neural ar-
chitectures that are inherently more robust to language variability.
Current language models operate primarily over token sequences,
which makes them sensitive to syntactic details that are often ir-
relevant to program semantics. An alternative is to build models
whose representations are organized around more structured views
of code. Recent work suggests that structure-aware representations
such as ASTs and grammars can improve code generation [10, 14],
indicating that robustness to syntactic variability also depends on
the architecture’s representational bias.

5 SCOPE AND APPLICABILITY
The proposed directions are intended specifically for code gener-
ation rather than for code understanding tasks such as code com-
pletion. Accordingly, we do not expect them to improve existing
developer–AI collaboration workflows. Our vision is a language
designed for language models to synthesize code that is guaranteed
to satisfy the requirements enforced by a user-defined constrainer.

Orthogonal directions include more efficient constrainers (e.g.,
GPU-accelerated [7]); adapting unconstrained frameworks to con-
strained decoding (e.g., self-debugging [4]); or studying the granu-
larity of constraint enforcement (e.g., every 𝑘 tokens).

6 CONCLUSIONS
We studied the role of soundness and completeness in constrained
decoding for code generation.While soundness is needed to rule out
invalid outputs, our results show that small losses in completeness
can impose a large and unpredictable cost on generation quality.
This suggests a discrepancy between the internal representation
of the language learned by the model and the language induced
by the constrainer. We propose reducing this gap by lowering vari-
ability in both languages and identify three research directions:
canonicalizing training data, designing less variable languages, and
developing models that are more robust to syntactic variation.
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