Life of Research - Published 28 October 2026 - DOI 10.5281/zenodo.23715242

Form Rescued Is Not Content Gained: What Constrained
Decoding Does to Accuracy, Why Published Studies Disagree
About Its Sign, and the Parse-Failure Accounting That Decides
the Small-Model Case

Pranay Mahendrakar
SONYTECH - ORCID 0009-0003-7224-029X
pranaymahendrakar@sonytech.in - mahendrakarpranay@gmail.com - +91 6361723454

Abstract. Constrained decoding masks every token that would break a grammar or a JSON schema, so the output always
parses. Whether it also changes how often the answer is right is contested: one line of work reports that format restrictions
lower reasoning accuracy, a second that enforcement raises accuracy by a few points, a third that structured output has no
causal effect in most settings, and a September 2026 study of small models that enforcement removes every structural
failure but leaves a semantic gap that depends on scale. In this analysis the author reviews and synthesises published
results to show that these findings measure different differences. The paper writes the accuracy change as an accounting
identity with five terms: the effect of asking for a format at all, the rescue of answers a strict parser would have rejected,
the cost of a schema that forces the answer before the reasoning, the distortion introduced by how the mask meets the
tokenizer and by local renormalisation, and the reach of constraints that encode meaning rather than syntax. Each
published design fixes some terms and lets others dominate. Arithmetic on the small-model study's own tables shows that
under one engine every model's content-accuracy gain equals, to within rounding, the number of its tasks whose native
output failed the schema, so the reported content gain is accounted for, task for task, by the outputs enforcement made
valid, one of which the study itself calls hollow, and the largest residual semantic gap is a single task on which one model
emitted one function call where two were required. The paper consolidates 32 published results in a table, maps eleven
designs onto the five terms, states an attribution procedure, and specifies the arms that would separate a mask's effect on
content from its effect on parseability.
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SONYTECH ORCID: 0009-0003-7224-029X reached the point where published results disagree about
the sign. Tam et al. (2024) reported that format
restrictions lower the accuracy of several models on
reasoning tasks, that stricter restrictions cost more, and
that classification tasks can gain. Geng et al. (2025) ran
three of the same reasoning tasks under four
enforcement frameworks and found that every
framework scored at or above the unconstrained baseline
on all three, by up to about four points on GSM8K. Yuan

et al. (2025) applied causal inference to the question and

1. Introduction

Software that consumes a language model's output rarely
wants prose. It wants a JSON object that validates
against a schema, a function call whose arguments have
the declared types, or a query in a formal language that
a parser will accept. Two families of technique supply
this. The first asks: a prompt that describes the format,
perhaps with the schema pasted in, and a parser that

hopes for the best. The second enforces: at each
decoding step the engine computes which tokens can still
lead to a valid string and sets the probability of every
other token to zero. Enforcement is now a standard
serving feature. It is implemented with finite-state
machines over the vocabulary (Willard and Louf, 2023;
Koo et al., 2024), with pushdown automata for context-
free grammars (Ugare et al., 2024a; Dong et al., 2024,
Park et al., 2025), and in query languages that interleave
prompting with constraints (Beurer-Kellner et al., 2022).
A recent benchmark of real-world schemas evaluates six
such frameworks against one another (Geng et al.,
2025).

The guarantee these engines give is about form. What
they do to content is disputed, and the dispute has
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concluded that, for GPT-40, structured output had no
statistically significant causal effect in 43 of 48
scenarios, while noting that coarse metrics on the same
data showed positive, negative and neutral effects.
Galeone et al. (2026) found that enforcement degraded
task performance substantially in several settings.
Matveev (2026) summarised plain JSON generation as
beating JSON-mode enforcement on one-shot and final
accuracy, although the study's own scenario table gives
higher final accuracy under enforcement (92.8 against
88.9 percent on aligned cases), and found that
enforcement took one model from zero to 75 percent.

A September 2026 study by Chavan (hereafter "the
anchor study") adds a scale dimension. Five open models
between 0.6 and 4 billion parameters were run on
fourteen structured-output tasks under three conditions:
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native greedy decoding, Outlines, and XGrammar. The
study scores each output on two axes, schema validity
and content accuracy. Enforcement lifts schema validity
from 78.6-92.9 percent to 100 percent for every model
below 100 percent, and lifts content accuracy too, but
not to 1.0 for the three smallest models. The authors
read the residue as a semantic gap that depends on scale:
failures of type, such as a price written as a string, are
rescued, while failures of instruction, such as a missing
second function call, are not. Their summary is that "CD's
reach ends exactly where schema conformance ends",
and that "Constrained decoding rescues form; it does not
rescue scale" (Chavan, 2026).

This paper asks what would have to be true for each of
these findings to be a finding about constrained
decoding. The author's answer is that "the effect of
constrained decoding on accuracy" names at least five
quantities, and that every study above measured a
different sum of them.

The first is the request. Asking for JSON changes what a
model generates even when nothing is enforced (Parikh,
2026; Sclar et al., 2024; He et al., 2024). A comparison
between a free-text answer and an enforced JSON
answer contains this term, and it is not caused by the
mask.

The second is rescue. If a strict parser rejects an
unconstrained output whose content was right,
enforcement turns a zero into a one without changing
the content. Whether that counts as a content gain
depends entirely on what the scorer did with
unparseable output (Galeone et al., 2026; Molfese et al.,
2025).

The third is order. A schema that places the answer field
before any reasoning field forces an autoregressive
model to commit before it computes. Tam et al. (2024)
traced their JSON-mode reasoning losses largely to this,
and there is a theoretical account of why it costs
(Banerjee et al., 2025; Merrill and Sabharwal, 2024).

The fourth is distortion. A mask applied token by token
can disagree with the tokenizer about where a grammar
symbol begins, and greedy renormalisation can steer the
model into a prefix from which only improbable
completions remain (Beurer-Kellner et al., 2024; Park et
al.,, 2024; Li et al., 2025a). This term depends on the
engine, not on the idea of enforcement.

The fifth is reach. A constraint can encode more than
syntax: the set of valid tool names, the entities in a
knowledge base, the type system of a programming
language. When it does, enforcement can fix errors of
meaning (Geng et al., 2023; Zhang et al., 2023; Mundler
et al.,, 2025). Where it stops is a property of the
constraint language and of the person who wrote the
schema.

The paper makes six contributions. First, it states the five
terms as an accounting identity and shows which

difference each published design measured (Section 3).
Second, it re-reads the anchor study's tables and shows
that under XGrammar the content gain of each of the
five models equals the number of its schema-invalid
native outputs to within rounding, so that the reported
content gain is accounted for, task for task, by the
outputs enforcement made valid, one of which the study
itself calls hollow; the residual "semantic gap" is less than
one task's worth of score in every model and is carried
by a single task (Section 4, Figure 1a). Third, it collects
the evidence on reach, showing that the boundary the
anchor study draws is set by its schema rather than by
enforcement (Section 5). Fourth, it separates order and
distortion, the two costs a mask can impose, and shows
that the engine alone moves GSM8K accuracy between
0.10 and 0.42 in one published study (Sections 6 and 7,
Figure 1b). Fifth, it separates the request from the mask
(Section 8, Figure 1c). Sixth, it consolidates 32 published
results (Table 1), maps eleven designs onto the five
terms (Table 2), proposes an attribution procedure
(Algorithm 1), and lists five studies that would settle
what remains open (Section 12).

In this analysis the author reviews and synthesises
published results to show that the sign of the reported
effect is a property of each study's design rather than of
constrained decoding. Every result is credited to the
paper that reported it. Where the paper derives a
number from a source's tables, the derivation is shown
and labelled as the author's.

2. What the anchor study reports

The anchor study's design is compact and its numbers
can be read directly from its tables (Chavan, 2026). Five
models were tested: Qwen3-0.6B, Llama-3.2-1B,
Llama-3.2-3B, Phi-4-mini (3.8B) and Qwen3-4B. The
fourteen tasks fall into four groups: five JSON-generation
tasks, three schema-adherence tasks, three function-
calling tasks and three extraction tasks. Every condition
uses greedy decoding at temperature zero, so each
model-task-condition cell is a single output, and the
study reports 210 evaluations in total. Each task carries a
JSON schema. Expected values, against which content
can be scored, are listed for the extraction and function-
calling tasks.

Two metrics are defined. Schema validity asks whether
the parsed output validates against the task's schema
under JSON Schema Draft 2020-12. Content accuracy is
the fraction of field values matching the expected
answers, after normalising case, whitespace and some
punctuation; for function calling, a "function call score"
gives half credit for selecting the right function and half
for the presence of the required parameters. The paper
notes that unnormalised scoring produced ten false
semantic failures, all of which normalisation removed,
and that thirteen real failures remained.
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Figure 1. (a) Content-accuracy gain under constrained decoding, in task-equivalents (content accuracy times 14), against the number of
each model's 14 native outputs that failed schema validation, for the five models of Chavan (2026) under XGrammar and Outlines; the
values are the author's arithmetic on that study's Tables 5 and 6, assuming content accuracy is a 14-task mean (Section 4.1; the anchor
study's per-task Figure 1 confirms it). (b) GSM8K accuracy of Mistral 7B with JSON-formatted reasoning under different constrained-
decoding engines and Domino lookahead settings, with the unconstrained score as a dashed line, from Beurer-Kellner et al. (2024), Tables
2 and 4. (c) gpt-4o-mini accuracy in free prose (NL), under a format-restricting instruction (FRI), under JSON mode without a schema, and
under schema-enforced structured output, from Tam et al. (2024), Table 2.

Table 5 of the anchor study reports native schema
validity of 78.6 percent for both Llama models, 92.9
percent for Qwen3-0.6B and Phi-4-mini, and 100 percent
for Qwen3-4B; both engines bring every model to 100
percent. With fourteen tasks per model, 78.6 percent is
eleven valid outputs and 92.9 percent is thirteen. The
native structural failures therefore number three, three,
one, zero and one across the five models: eight single
outputs in total.

Table 6 reports content accuracy. Native, Outlines and
XGrammar values are 0.771, 0.929 and 0.986 for
Llama-3.2-1B; 0.777, 0.991 and 0.991 for Llama-3.2-3B;
0.871, 0.929 and 0.943 for Qwen3-0.6B; 1.000, 0.999
and 1.000 for Qwen3-4B; and 0.929, 0.999 and 1.000 for
Phi-4-mini.

Three task-level observations carry the study's
interpretation. On the receipt-extraction task,
Qwen3-0.6B and Phi-4-mini wrote prices as strings or
with a currency symbol; enforcement forced numeric
values and content accuracy on that task rose from 0.000
to 1.000. On a function-calling task that required two
calls, a web search followed by an email, Qwen3-0.6B
emitted only the search under every condition and
scored 0.200 throughout; the schema's minltems of 1
allowed a single call. On the same task, Llama-3.2-1B
under XGrammar scored 1.000 although the email body
consisted of the list markers "1. 2. 3. 4. 5." and nothing
else, which the study calls a "hollow rescue". The study
also asks whether a constrained 1B model can match an
unconstrained 3B model, and reports that it exceeds it
(0.986 against 0.777), while the same constraint lifts the
3B model to 0.991.

The study names its limitations: dense models only, a
hand-designed task suite, and coarse field-level
matching. Its practical recommendation is XGrammar
with a 3-4B model.

3. Five terms in one comparison

Every study in Section 1 compares two numbers and
attributes the difference to a format or to its
enforcement. This section writes down what that
difference contains. The notation is the author's.

Fix a model, a task set and a schema G. Consider three
arms. In arm N the model answers in free natural
language and is asked for no format. In arm Q the
prompt requests the format, and may include the
schema, but nothing is enforced. In arm C the prompt is
the same as in Q and an engine masks every token that
would violate G. Three further arms, defined in
Algorithm 1 (Section 11), repair C one respect at a time:
arm Co rewrites the schema so that a free-text reasoning
field precedes every answer field, or applies the mask
only after an unconstrained draft (Reddy et al., 2026);
arm Ca also replaces the engine with one that aligns
subword tokens with grammar symbols or reweights for
global constraint satisfaction (Beurer-Kellner et al., 2024;
Park et al., 2024); arm Ck also extends the schema with
the restrictions the instruction implies.

Score each arm in two ways. A lenient scorer L extracts
the answer however it was written, as an LLM-based
extractor or a repair pass does (Tam et al., 2024; Yu et
al., 2024). A strict scorer S gives credit only if the output
validates against G and its content is right. For any arm,
S =< L. Define the parse loss of an arm as the difference L
- S. For an arm whose outputs always validate, the parse
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loss is zero, provided the engine's guarantee holds and
the two scorers agree about the content of a valid
output.

With these definitions two
rearrangement.

identities follow by

For a comparison of enforced against requested output,
both scored strictly,

‘S(C) - S(Q) = [L(Q) - S(Q)] + [L(C) - L(Q)]. ‘

For a comparison of enforced output against free text,
both scored leniently,

‘L(C) - L(N) = [L(Q) - L(N)] + [L(C) - L(Q)]. ‘

The bracketed terms are the five quantities of Section 1,
grouped.

Rescue, P = L(Q) - S(Q). The content the requested arm
already had but the strict scorer refused. It is zero by
construction when the scorer is lenient, and it is the
whole of a gain when the mask changes nothing else.

Request, R = L(N) - L(Q). What asking for the format
costs, or gains, before any token is masked. It is present
only in comparisons against free text.

Mask effect, M = L(C) - L(Q). The only term that is a
property of enforcement as such. It splits further into
three parts, each identifiable with one more arm.

Order, O. The loss from a schema that makes the answer
precede the computation that would produce it.
Identified by comparing C with the same mask under a
reasoning-first schema or a draft-conditioned pass.

Distortion, D. The loss from how the mask is
implemented: tokenization misalignment, which can
prevent the model from emitting the subword it would
have chosen, and myopic renormalisation, which can
commit the model to a prefix from which only
improbable continuations remain. Identified by
comparing engines on the same schema.

Reach, K. The gain from constraints that encode
meaning: a closed set of valid identifiers, a type system,
a minimum count that the instruction implies. Identified
by comparing a syntax-only schema with one that
encodes the task's semantic restrictions.

With O = L(Co) - L(C) and D = L(Ca) - L(Co), the mask
effect satisfies M = [L(Ca) - L(Q)] - O - D: what an
order-safe, aligned mask for the same schema does,
minus the two costs the schema and the engine in use
impose. Reach, K = L(Ck) - L(Ca), is the further gain
available from a schema that says more; it enters M only
to the extent that the schema in use already encodes it.
Two consequences matter for reading the literature. A
strictly scored comparison of enforced against requested
output (the first identity) contains P, which can be large,
and no R. A leniently scored comparison of enforced
output against free text (the second identity) contains R,

which can be large, and no P. The two designs can
therefore report opposite signs for the same engine on
the same model without either being wrong, and neither
sign is the mask effect.

The identities are bookkeeping, not theory. They say
nothing about how large each term is. Sections 4 to 8
collect what the literature reports about each.

4. Rescue, and what the scorer did with
unparseable output

4.1 The anchor study's content gain is its rescue count

The anchor study's two axes are presented as separating
structure from semantics. Its own tables show that, for
this task suite, they do not.

The first step is to establish how content accuracy is
aggregated. The paper lists expected values only for the
six extraction and function-calling tasks, so one might
expect content accuracy to be a mean over those six. It
cannot be. Qwen3-0.6B under XGrammar is reported at
0.943, and the paper states that this model scored 0.200
on the two-call task under every condition. A six-task
mean containing a 0.200 cannot exceed (5 + 0.2)/6 =
0.867. A fourteen-task mean with that single partial
score and every other task correct is (13 + 0.2)/14 =
0.943, which matches the table to three decimals. The
same reading reproduces the model's native value: with
the receipt task at 0.000 and the two-call task at 0.200,
(12 + 0.2)/14 = 0.871, as reported. The author
therefore reads content accuracy as a mean over all
fourteen tasks. The anchor study's per-task figure
confirms this reading: it gives a content score for each of
the fourteen tasks, and the means of its cells reproduce
Table 6 (Chavan, 2026, Figure 1). How the eight tasks
without listed expected values were scored is not stated;
the figure shows them at 1.00 in every cell except four
native outputs that score 0.00, consistent with their
scoring 1 for a valid output.

On that reading, multiplying each content value by 14
gives a score in task-equivalents, and the gain from
native decoding to enforcement can be compared with
the number of native outputs that failed the schema.
Under XGrammar the gains are 3.01 for Llama-3.2-1B,
3.00 for Llama-3.2-3B, 1.01 for Qwen3-0.6B, 0.00 for
Qwen3-4B and 0.99 for Phi-4-mini. The native schema
failures, from Table 5, are 3, 3, 1, 0 and 1. Every model
sits on the line y = x to within the rounding of three-
decimal reporting (Figure 1a). Under Outlines, three
models sit on the line and two fall below it:
Llama-3.2-1B gains 2.21 against three rescues, and
Qwen3-0.6B gains 0.81 against one. The per-task figure
locates both shortfalls. Llama-3.2-1B's two-call output,
which scored 0.00 natively, reaches only 0.20 under
Outlines against 1.00 under XGrammar. Qwen3-0.6B's
business-card extraction, correct natively and under
XGrammar, falls to 0.80 under Outlines (Chavan, 2026,
Figure 1).
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This arithmetic is the author's, derived from the anchor
study's Tables 5 and 6. It supports a specific inference,
stated at the level the arithmetic allows: under
XGrammar, the content gain the study reports is
accounted for by the outputs that enforcement made
valid, and no additional content was gained or lost
elsewhere in the suite. The inference does not require
knowing the scorer's internals. It requires only that a
schema-invalid native output contributed nothing, or
almost nothing, to content accuracy, which is what the
receipt task shows directly: the native values were the
right prices in the wrong type, and they scored 0.000.

Equal counts are what a pure-rescue reading requires;
they do not prove it. One of Llama-3.2-1B's three rescued
outputs is the two-call task, which scores 0.00 natively,
0.20 under Outlines and 1.00 under XGrammar, and
whose XGrammar output is the one the study calls a
hollow rescue, "list structure without content" (Chavan,
2026). On that task the engines changed what was
written, not only its form, and the full XGrammar credit
is the function call score's, not a measure of a good
email.

Two of the anchor study's claims change status under
this reading. The claim that constrained decoding
"eliminates all structural failures" stands. The claim that
it "improves accuracy', in the sense of content, is a
restatement of the first claim on a second axis: the
content axis inherits the structural failures because a
type error is scored as a content error. The receipt task is
labelled in the study's own failure taxonomy as "type
coercion", a structural archetype; its rescue appears in
the content column because the content scorer is strict
about type.

The comparison between a constrained 1B and an
unconstrained 3B model changes status as well.
Llama-3.2-3B had three schema-invalid native outputs,
so its native content of 0.777 includes three zeros that
enforcement removes. The constrained 1B model's 0.986
against the unconstrained 3B model's 0.777 is a
comparison of a rescued model with an unrescued one.
Under a lenient scorer the comparison would be between
roughly 13.8 and an unknown number no lower than
10.9 task-equivalents, and the published data cannot say
which is larger.

4.2 The residual gap rests on one task

The anchor study's second finding is that a semantic gap
survives enforcement and depends on scale. In task-
equivalents, the residual shortfall from a perfect 14
under XGrammar is 0.20 for Llama-3.2-1B, 0.13 for
Llama-3.2-3B, 0.80 for Qwen3-0.6B, and zero for the two
largest models. The Qwen3-0.6B residual is the two-call
task. The Llama residuals are single partial scores that do
not move with the decoder: Llama-3.2-1B scores 0.80 on
business-card extraction and Llama-3.2-3B scores 0.88 on
the database-query function call, natively and under
both engines (Chavan, 2026, Figure 1). They are content

misses that enforcement neither caused nor cured. With
one greedy output per cell, the '"scale-dependent
semantic gap" is a single task on which the smallest
model emitted one call where two were needed, plus
fractional misses in two other models. The anchor study
did test sampling in one respect: a temperature probe of
"3 temperatures X 3 samples per condition" found the
native failures 'systematic—stable across sampling
conditions—not artifacts of greedy decoding" (Chavan,
2026, Section 4.1), but that probe concerns the baseline's
structural failures, not whether the content residual
under enforcement varies with scale. The ordering is
consistent with scale, and it is a reasonable hypothesis,
but five points with one decisive task do not establish a
scaling relation.

The function call score sharpens the point. Half its
weight is on choosing the right function and half on the
presence of required parameters; the values of those
parameters are not checked. The hollow rescue, a perfect
score for an email body of five empty list markers, shows
that this metric is itself partly structural. The study
observes this and names it. What follows from it is that
the content axis is not an independent semantic
measurement for the function-calling tasks either.

4.3 The same pattern elsewhere

The anchor study is not unusual. Where the baseline is
scored strictly and fails to parse often, enforcement
usually shows a large gain, and the gain is mostly rescue.

Galeone et al. (2026) report the cleanest case of the
scorer deciding the result. Three 7-9B models prompted
with no system prompt reached 77-85 percent task
accuracy on GSMS8K, and O percent "output accuracy",
the joint event of a correct answer and valid JSON,
because none of them produced JSON. With a minimal
format prompt, Gemma 2-9B wrapped every response in
a markdown fence, so its output accuracy was 0 percent
while a fallback parser recovered 88.4 percent task
accuracy from the same outputs. GPT-40 did the same
under the same prompt, at 0 percent output accuracy
and 95.7 percent recovered task accuracy. The same
outputs score 0 or 88 depending on whether a fence is
stripped before parsing.

Zhang et al. (2023) report that Mistral-7B had a syntax-
error rate above 90 percent with some unseen tools and
scored O percent; an engine that enforced tool syntax
raised it to 52 percent. Matveev (2026) reports that
Qwen2.5-Coder-7B scored O percent on plain JSON
generation and 75 percent under JSON-mode
enforcement, which masks for JSON syntax through
response_format json_object and passes no schema, while
also consuming roughly an eighth of the tokens. In each
case the gain is concentrated where the baseline's parse
loss is large.

The converse also holds. Where the baseline already
parses, the strictly scored gain shrinks to the mask effect,
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and the mask effect is small. On the same ordering
benchmark, GPT-OSS 120B reached 100 percent schema
validity with and without enforcement, and its semantic
success was 83.0 percent prompted and 81.3 percent
enforced, a difference of -1.7 points with a 95 percent
interval of -5.0 to +1.7 (Li, 2026). Qwen3-30B-A3B, also
at 100 percent validity in both modes, moved from 31.3
to 30.7 percent. Qwen3-4B in the anchor study, valid on
every task natively, gained nothing.

One published case runs against the pattern. On the
same ordering benchmark, Llama-3.1-8B's schema
validity rose from 68.7 to 100 percent under provider
schema mode, so nearly a third of its prompted orders
failed the schema, yet its semantic success moved only
from 31.7 to 36.0 percent, a gain of 4.3 points with a 95
percent interval of -0.7 to +9.3 (Li, 2026, Tables 1 and
5). Unsafe acceptances fell from 13.3 to 8.3 percent,
which was significant. A strictly scored gain is P plus M,
so unless the mask effect was substantially negative, P
here was a small fraction of the 31.3 points of invalid
output: most of Llama's schema-invalid orders were
wrong in content as well as in form. The share of invalid
outputs is an upper bound on P, not an estimate of it.

4.4 Lenient scoring removes the term, and the sign can
flip

Tam et al. (2024) designed the rescue term out. Their
scorer was an LLM prompted to extract the final answer,
which they describe as a perfect text parser; they chose
the extractor model by comparing candidates against a
reference. Their results therefore contain little P for most
models, but not none. They report near-zero parse
failures for Gemini 1.5 Flash and GPT-3.5-Turbo and
judge parse errors "not the primary factor', yet their
Table 3 gives parse-error rates of 60.07 percent for
Claude 3 Haiku in JSON on GSM8K and 86.66 percent in
YAML on DDXPlus, and they name Claude 3 Haiku and
LLaMA 3 8B as the models with the most parse errors.
With that qualification, on reasoning tasks the remaining
terms were mostly negative. Molfese et al. (2025) show
why the choice of extractor matters in evaluation
generally. On multiple-choice benchmarks, regular-
expression extraction agreed with human judgement
97.9 percent of the time when the prompt constrained
the answer format and 84.3 percent when the model was
allowed to reason first; they describe the resulting trade-
off between constraining the format for easy extraction
and leaving the model free to reason. Yu et al. (2024)
report that regular-expression extraction is a frequent
source of evaluation error.

Geng et al. (2025) compared four engines with an "LM
only" baseline on Last Letter, Shuffled Objects and
GSMS8K, using Llama-3.1-8B-Instruct and a two-field
schema with reasoning before the answer. Every engine
scored at or above the baseline on every task: on
GSMS8K, 80.1 percent for LM only against 81.6 to 83.8
percent for the engines. Their quality section does not

report how an LM-only output that failed to parse was
scored, or how many did. Without that number the result
cannot be split between rescue and mask effect. The
authors attribute the best engine's roughly three-point
margin to its token-healing implementation, which is a
statement about the distortion term, not about rescue.

The result is a simple rule for reading this literature. A
strictly scored gain from enforcement is an upper bound
on the mask effect, loose by the baseline's parse loss. A
leniently scored comparison against free text mixes the
mask effect with the request effect. Neither, alone,
measures what enforcement does to content.

5. Reach: where a constraint stops is a choice

The anchor study's boundary, "CD's reach ends exactly
where schema conformance ends', is true by definition: a
mask cannot enforce what the grammar does not
express. The substantive question is where schema
conformance can be made to end. The literature shows
that this boundary moves with the constraint language
and with the schema's author, and that it has been
moved well past syntax.

5.1 Constraints that encode meaning

Geng et al. (2023) framed closed information extraction,
entity disambiguation and constituency parsing as
grammars, including grammars that depend on the input.
For closed information extraction, where subjects and
objects must be among 2.7 million Wikidata entities and
relations among 888 Wikidata relations, few-shot
LLaMA-33B scored a triplet F1 of 17.5 unconstrained and
36.0 constrained. For entity disambiguation with input-
dependent grammars, LLaMA-7B's average accuracy rose
from 37.4 to 77.2. These gains are not syntactic. The
grammar contains the set of admissible answers, so an
invented entity name cannot be written.

Zhang et al. (2023) enforced not only call syntax but the
set of available tool names and their arguments, which
removed the "tool name error' -category entirely.
Mundler et al. (2025) built prefix automata for a type
system and report that enforcing well-typedness cut
compilation errors by more than half and raised
functional correctness in synthesis, translation and
repair, for models above 30 billion parameters as well as
small ones. Poesia et al. (2022) enforced scope, typing
and contextual rules for SQL, Vega-Lite and SMCalFlow
programs. Scholak et al. (2021) report that incremental
parsing during decoding turned fine-tuned T5 text-to-
SQL models of passable quality into state-of-the-art ones.
Fu et al. (2024) used constrained decoding to enforce
security properties in generated code and report it more
effective than prefix tuning, without a specialised
training set. Ugare et al. (2024b) added backtracking
driven by semantic checks and report better accuracy for
generated SQL and Vega-Lite. Wang et al. (2023) go a
step further and have the model first predict a
specialised grammar for the particular output, then
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generate under it, so that the constraint itself is chosen
per input.

Each of these is a case where a constraint expresses part
of the task's meaning, and enforcing it fixes errors the
anchor study would classify as semantic.

5.2 What the anchor's schema chose not to say

The two-call task is the anchor study's central example of
a failure enforcement cannot reach. Its schema had
minltems of 1 on the array of calls. The instruction
required two calls, to two named functions. A schema
that set minltems to 2, or that required one element
whose name was the search function and one whose
name was the email function, would have made the
single-call output impossible.

Whether such a schema would have produced a correct
second call is a separate question, and the hollow rescue
suggests caution: Llama-3.2-1B, given room for the
email, filled the body with list markers. Enforcing that
an item exists does not make its content good. But the
claim at issue is about where enforcement's reach ends,
and in this task it ended where the schema's author
stopped writing, not where token masking stops
working. The author's reading is that the anchor study's
taxonomy distinguishes failures its schemas could
express from failures they did not, which is a property of
fourteen hand-written schemas.

5.3 Where encoding meaning genuinely runs out

The opposite case is also published, and it is the
strongest support for the anchor study's conclusion as a
practical matter. Li (2026) built a restaurant-ordering
benchmark whose schema forbids extra properties and
bounds quantities, then scored whether the emitted
order was the transaction the customer meant.
Enforcement produced 100 percent schema-valid objects
for every model, and semantic success of 81.3 percent
for the strongest and 2.0 percent for the weakest; 41.7
percent of all Gemma-2-2B's orders were unsafe
acceptances, including an allergen conflict. Rules such as
"this customer is allergic to peanuts, so satay noodles
must be refused" are expressible as constraints only if the
schema is rewritten for each customer's stated
restrictions, which is an input-dependent grammar of the
kind Geng et al. (2023) used, built from a reading of the
utterance that is itself the hard part.

Basu et al. (2024) report that the best model on a
benchmark of nested API-call sequences reached a full-
sequence match of 28 percent. Patil et al. (2023) identify
wrong arguments and hallucinated API usage as the
main obstacles in API calling. Neither failure is syntactic,
and a grammar would have to know the plan to prevent
it. Shrimal et al. (2025) argue that schemas written for
human developers are ambiguous or incomplete as
instructions to a model, and report that a system which
rewrites schemas for model consumption, combined with
reflection-based  extraction, improved extraction

accuracy by up to 64.7 percent on one web-extraction
dataset. That places part of the semantic gap in the
schema rather than in the model, although the reported
gain is for the combined system, not for the schema
rewrite alone.

The fair summary is that reach is bounded by what can
be stated as a constraint before the model has
understood the input. Catalogues, types and counts that
the instruction fixes are within reach. Plans, intentions
and conditional rules that depend on the content of the
request mostly are not. The anchor study's two-call task
sits on the near side of that line.

6. Order: a schema can remove the
computation

The mask effect can be negative for two reasons. This
section takes the first, which is about the schema and not
the engine.

6.1 The answer-first schema

An autoregressive model computes as it writes. If it must
write the answer before any reasoning, it must answer
without the intermediate tokens that chain-of-thought
prompting supplies (Wei et al.,, 2022; Kojima et al.,
2022). Tam et al. (2024) found that under JSON mode,
which guarantees valid JSON but not a particular key
order, 100 percent of GPT-3.5-Turbo's responses on the
last-letter task put the answer key before the reasoning
key. Zero-shot chain-of-thought had become direct
answering. This, not the mask as such, was the main
source of their JSON-mode reasoning losses, and they
say so: the order of keys and whether reasoning is
decoupled from format are the factors they identify.

Yu et al. (2026) measured order directly by asking for
answers before reasoning. An autoregressive Qwen
model lost up to about 67 percent of its accuracy relative
to the reasoning-first order, while a masked diffusion
model, which can settle later tokens before earlier ones,
lost at most about 14 percent. The comparison isolates
order from format: no schema is involved.

6.2 The theoretical account and its fix

Banerjee et al. (2025) give an explanation. Building on
the result that a constant-depth transformer answering in
one step is limited to a small circuit class, while
intermediate generation extends what it can compute
(Merrill and Sabharwal, 2024), they show that a
grammar admitting only syntactically valid final answers
confines the model to that small class, so that some
problems solvable with unconstrained reasoning become
unsolvable under the constraint. They then show that
augmenting the grammar with rules that allow free
reasoning before the constrained answer restores the
capability while keeping the guarantee. Their algorithm
switches the mask off inside reasoning spans and on
inside answer spans. On GSM-Symbolic, Qwen2.5-
Math-7B scored 29 percent with the answer-only
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grammar, 29 percent with unconstrained chain-of-
thought, and 38 percent with the switched mask;
DeepSeek-R1-Distill-Llama-8B scored 13, 21 and 31
percent respectively.

Their table also shows the rescue term at work inside the
"unconstrained" arm. Across the nine models of the
current version (Banerjee et al., 2025, Table 1, v4),
unconstrained chain-of-thought parsed in 82 to 95
percent of cases, against 88 to 100 percent for the
switched mask, so part of the switched mask's advantage
over unconstrained reasoning is parse rescue. The
advantage over the answer-only grammar is the order
term, and parse rescue cannot explain it: for the two
models above, the answer-only grammar parses at 99
and 96 percent and the switched mask at only 94 and
92, so the switched mask gains accuracy while parsing
less often.

Reddy et al. (2026) generate an unconstrained draft first
and apply the mask in a second pass conditioned on it.
They frame the cost of hard constraints as a cumulative
"projection tax" that grows when little of the model's
probability mass falls on valid continuations, and argue
that a draft raises that mass. Under strict structured
scoring their method raised a 1B model from 15.24 to
39.04 percent on GSM8K compared with standard
enforcement. Tam et al.'s NL-to-Format arm, which
answers in prose and then converts, matched
unrestricted prose on most models (Tam et al., 2024). Li
et al. (2025b) let a large model reason freely and train a
small model to restructure its answer, and report gains of
35.4 percent in format accuracy and 29.4 percent in
content correctness. Geng et al. (2024) refine a black-box
model's unconstrained output with a small local model
that does have logit access. Wang et al. (2025a) post-
process unstructured output with a fine-tuned small
model and report 99.5 percent schema accuracy and
94.0 percent content similarity when it is combined with
enforcement.

The common element is that reasoning happens before
or outside the mask. When it does, the order term goes
to zero by construction.

6.3 What this does to the comparisons

Tam et al's JSON-mode arm left order uncontrolled.
Their gpt-40-mini experiment with schema-enforced
structured output, where a schema can fix key order, is
different: on GSM8K the model scored 94.57 percent in
prose and 91.71 percent under schema enforcement, on
Shuffled Objects 82.85 and 81.77, and on Last Letter
83.11 and 86.07 (Tam et al., 2024). Prose still led on
two of the three tasks, by 2.86 and 1.08 points, and
schema enforcement led on the third. JSON mode,
without schema, scored 86.95, 76.43 and 76.00. Most of
the gap between prose and JSON mode closes once the
schema is enforced. That is consistent with the order
account, provided the enforced schema fixed the
reasoning field before the answer field, as the two-field

format the authors describe would; the paper does not
report key order for this arm.

Geng et al. (2025) put reasoning first in every schema.
Their positive result for every engine is what the order
account predicts too, once rescue is allowed for. The
anchor study's tasks have no reasoning field and require
no computation beyond copying and formatting, so its
design sets the order term to zero by the choice of tasks.
That is why it can detect no cost of enforcement: the
main published mechanism of cost was absent from its
suite.

7. Distortion: the engine is a variable

The second way a mask can cost accuracy is in how it is
computed. Two mechanisms are documented.

7.1 Tokenization misalignment

Grammars are written over characters; models emit
subword tokens. A template that inserts fixed text, or a
mask that permits only tokens which do not cross a
grammar-symbol boundary, can stop the model from
emitting the multi-character token it would naturally
use, forcing an unusual segmentation (Beurer-Kellner et
al., 2024; Koo et al., 2024). Vieira et al. (2024) show
that token-level models are sensitive to how a prompt
string ends, such as a trailing space, and give algorithms
for converting them into character-level models. Park et
al. (2025) note that sound enforcement must compute
how a tokenizer aligns with a grammar's terminals, and
that this is expensive enough to take tens of minutes for
common grammars in existing tools.

Beurer-Kellner et al. (2024) measured the consequence.
On GSMS8K with JSON-formatted reasoning and five-shot
prompts, Mistral 7B scored 0.415 unconstrained. With
the same task and output format, a template-based
engine scored 0.345, a whitespace-flexible variant 0.403,
and a grammar engine with online parsing 0.375. Their
subword-aligned engine scored 0.418. Varying the
lookahead of their own engine moved the score to 0.308
at k =0 and 0.100 at k = 1. For Llama-2 13B the
template engine fell from 0.262 to 0.152, about 11
points. The engine alone, with the model, the prompt
and the output format held fixed, moved accuracy across
a range of more than 30 points (Figure 1b). The authors
call a method minimally invasive if every valid output
the unconstrained model could produce remains
producible under the constraint, and their aligned engine
met or slightly exceeded the unconstrained accuracy in
every reported setting.

Geng et al.'s attribution of their best engine's margin to
token healing is an observation of the same term with
the opposite sign: an engine that repairs token
boundaries around the prompt performed best (Geng et
al., 2025).
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7.2 Myopic renormalisation

A mask applied one token at a time keeps any token
from which some valid completion exists. It does not ask
how probable those completions are. Park et al. (2024)
show that this skews the output distribution away from
the model's distribution conditioned on the grammar. In
their illustrative example, the target distribution placed
most mass on strings ending in 1, but sampling under
grammar-constrained decoding produced such strings
only 30 percent of the time, because a first token that
admitted only one improbable completion was chosen
about half the time. Their correction samples repeatedly
and learns the expected future grammaticality of each
prefix. Its result is instructive in two directions. It
converged toward the correct conditional distribution on
most benchmarks, and the authors report that it had no
strong effect on solving downstream tasks.

Li et al. (2025a) give a concrete code-completion case. A
model intending to write a matrix-rank function
generated the prefix it would use, after which the
constraint blocked the continuation carrying 99.59
percent of its probability and steered it into a different
function, one the model itself rated as wrong. Their
backtracking method, which retreats when most of the
next-step mass is invalid, improved API completion by
up to 360.87 percent over plain enforcement on a
synthetic dataset and by up to 7.84 percent on
HumanEval. Lipkin et al. (2025) and Loula et al. (2025)
correct the same myopia with weighted rejection
sampling and sequential Monte Carlo, building on Lew et
al. (2023); Loula et al. report that the correction let
small open models outperform models more than eight
times larger, and attribute the gain to a better
approximation of the constrained posterior. Melcer et al.
(2024) trade some of the distortion for speed. Tuccio et
al. (2026) start from the observation that enforcement
degrades semantic quality when the model's preferred
outputs fit the grammar poorly, train the model toward
the grammar with label-free reinforcement learning, and
report an average gain of 9.8 points over constrained
greedy decoding. Training against a schema validator is
a related route: Lu et al. (2025) report gains in both
valid-JSON generation and downstream tasks, and
Agarwal et al. (2025) train a 1.5B model with reasoning
rewards for schema adherence. These methods change
the model so that the mask has less to remove; in the
terms of Section 3 they lower D by raising the mass the
model already places on valid continuations, rather than
by changing the engine.

Galeone et al. (2026) show a third version of the
problem: enforcement applied without telling the model
the schema. Their constrained arm on GSMS8K used a
JSON grammar with no format instructions in the
prompt. Qwen 2.5-7B's output accuracy fell from 74.30
percent with a minimal format prompt to 32.83 percent
with enforcement alone, and 52.4 percent of Gemma
2-9B's enforced outputs were exact duplicates. Llama

3.1-8B moved the other way, from 44.43 to 52.46
percent. A mask that the prompt has not prepared the
model for has low feasible mass in the sense of Reddy et
al. (2026) from the first token.

7.3 Where this leaves the distortion term

Distortion is real, can be large, and is a property of the
engine and the prompt rather than of enforcement in
principle. Aligned and reweighted engines report
recovering unconstrained accuracy or better. Two
cautions apply. First, provider-hosted modes do not
disclose their implementation, so their distortion term is
unknown. This applies to the JSON mode of Tam et al.'s
API models, though not to their open-weight models,
which ran on the open-source Text-Generation-Inference
server (Tam et al., 2024); to the schema mode of Li
(2026); and to the GPT-40 function calling of Yuan et al.
(2025), whose study otherwise used format-restricting
instructions and no structured-output mode. Second,
correcting the distribution does not guarantee better
answers: the correction of Park et al. (2024) changed
likelihoods more than accuracy.

8. The request is not the mask

The fifth term is present whenever enforced output is
compared with free prose. It is the effect of asking for
structure, and it exists without any decoder intervention.

Parikh (2026) asked 44 models one-word questions with
wide answer spaces, first in chat and then with the
request "Reply with JSON only". The request alone, with
no enforcement, raised the modal answer's share on an
open prompt from 41 to 64 percent and lowered mean
answer-choice surprisal from 1.80 to 1.58 bits. On the 36
of 44 models whose providers support schema
enforcement, enforcing the schema compressed the
answers by a further 0.03 bits (1.56 to 1.53), an
increment Parikh reads only as a battery-wide mean
because response_format "is a native decoder constraint
for some providers and a gateway coercion for others"
(Parikh, 2026). In that setting essentially the whole
effect of structured output was the request.

Yuan et al. (2025) intervened separately on instruction
wording and on output format and tested for causal
effects with McNemar tests pooled across instruction
variants. For GPT-40 they found no significant causal
effect of format in 43 of 48 scenarios, against coarse
comparisons that suggested effects in both directions;
small open models showed effects in 7 of 24. Output
produced through function calling outperformed format-
restricting instructions on five of eight datasets for
GPT-40, and the reasoning model 03 was unaffected by
format in their tests.

The sensitivity of models to meaning-preserving prompt
formatting is well documented: Sclar et al. (2024) report
differences of up to 76 accuracy points across formats for
LLaMA-2-13B in few-shot settings, and He et al. (2024)
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report up to 40 percent variation for GPT-3.5-Turbo on
code translation across plain text, Markdown, JSON and
YAML prompt templates. Tam et al's own Table 1
isolates a request effect inside a request: adding the
schema to the JSON prompt, without enforcement,
lowered Claude 3 Haiku's GSM8K score from 86.99 to
23.44 percent, and GPT-3.5-Turbo's from 74.70 to 49.25
(Tam et al., 2024). Their Table 3 reports a 60.07 percent
parsing-error rate for Claude 3 Haiku in JSON on
GSMS8K, which suggests that this particular drop may
contain parse loss despite the LLM extractor; the paper
does not state which prompt variant the error table
refers to.

Xia et al. (2024) report that format-following ability is
independent of content quality across the models they
test, and Zhou et al. (2023) and Yang et al. (2025) build
benchmarks that score format adherence separately.
These are measurements of the request side: how well a
model complies when asked. They are a reason to expect
R to vary by model, which is what Yuan et al. (2025)
found.

9. Re-reading the disagreement

With the five terms separated, the published results stop
contradicting one another. Table 2 lists, for eleven
designs, which comparison was made and which terms
the design allowed to be large.

The anchor study measured enforced against native
output, strictly scored on a content axis that treats type
errors as content errors, on tasks with no reasoning, with
two widely used engines. Its design makes P large (eight
invalid native outputs of seventy), R zero (the request is
fixed) and O zero (no reasoning), and short copying tasks
plausibly leave little room for distortion, although
Section 4.1 found one direct case: under Outlines,
Qwen3-0.6B lost 0.20 on a business-card extraction it
had right natively and under XGrammar. Under
XGrammar its content gain equals, to within rounding,
its count of rescued outputs; one of those, the hollow
two-call output, shows that the engine changed content
as well as form, so the gain cannot be read as P alone.

Tam et al. (2024) measured enforced against free prose,
leniently scored, with order uncontrolled in JSON mode
and the schema sometimes pasted into the prompt. Their
design makes P small for most models, though not for
Claude 3 Haiku and LLaMA 3 8B, and lets R and O be
large. Their negative result on reasoning tasks is R plus
O, and where the order was fixed by a schema the gap
mostly closed. Their positive result on classification,
which they attribute to a narrowed answer space, is
consistent with a small reach term on tasks whose
answers form a closed set.

Geng et al. (2025) measured enforced against requested
output, with reasoning first and an unreported parse-
failure count. Their design makes R zero and O small,
and their positive result is P plus whatever mask effect
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remained, with the best engine's margin attributed by
them to distortion handling.

Beurer-Kellner et al. (2024) held model, task and output
format fixed and varied the engine, isolating D. Banerjee
et al. (2025) and Reddy et al. (2026) varied the schema
or the order of operations, isolating O. Yuan et al. (2025)
and Parikh (2026) isolated R. Galeone et al. (2026) and
Matveev (2026) measured strictly scored output
accuracy with large and model-specific parse losses, and
found both large gains and large losses: P for models that
could not produce JSON unaided, and distortion or an
unprepared mask for models that could. Matveev's mask
enforced JSON syntax with no schema, so his results
describe a generic-JSON mask, not a schema mask. Li
(2026) held the request fixed across arms with a strong
model that already parsed, and found a mask effect
indistinguishable from zero.

Read this way, the sign of "the effect of constrained
decoding" is a property of the design, not of the
technique. A study that compares enforced output with a
strictly scored, often-unparseable baseline will report a
gain. A study that compares enforced output with
leniently scored prose, under a schema that puts the
answer first, will report a loss. A study that holds the
request and the order fixed, uses an aligned engine and a
model that already parses will report approximately
nothing. Each is a correct report of the quantity it
measured.

The author's reading of the mask effect itself, M, is that
the published evidence places it near zero for capable
models under aligned engines and reasoning-first
schemas, negative under misaligned engines or answer-
first schemas, and positive where the constraint encodes
the task's admissible answers. This is a hedged inference
from designs that each isolate one term, not a
measurement: no study collected here runs all the arms
on one model and task.

10. The strongest case for the anchor study's
reading

The anchor study's conclusions deserve a fair statement
before the limits of its evidence are pressed.

First, deployment scores strictly. A transaction compiler,
an extraction pipeline or a tool-calling agent receives no
credit for a correct price written as a string if the
downstream system rejects the type. For a practitioner
choosing between a 1B and a 3B model, the strictly
scored number is the relevant one, and the anchor
study's recommendation follows from it. Rescue is not an
artefact from the user's point of view; it is the product.

Second, "schema conformance is necessary but not
sufficient for semantic correctness" is correct, and is
supported by every study that has looked, most sharply
by the ordering benchmark (Li, 2026), the nested-call
benchmark (Basu et al., 2024) and the hollow rescue



Form Rescued Is Not Content Gained

itself. A team that reads 100 percent schema validity as
100 percent correctness will be wrong. The structured-
output literature has begun to build checks that sit after
the mask for this reason: per-field trust scores for
extracted objects (Goh and Mueller, 2026) and
consistency scores across repeated generations (Wang et
al., 2025b).

Third, the anchor study did not claim that enforcement
changes content beyond the rescued tasks. Its taxonomy
puts type coercion in the rescuable column, which is the
author's point stated from the other side.

What the evidence does not establish is narrower. It does
not establish that content accuracy, as computed,
measures something separate from structure; under
XGrammar it moves exactly with the structural repairs. It
does not establish that the residual gap depends on scale;
it rests on one task and fractional misses. And it does not
establish that enforcement's reach ends at schema
conformance in any sense stronger than the schema's
own wording, since the decisive task's schema could
have required the second call.

11. Consolidated evidence and an attribution
procedure

Table 1 collects the published results the argument rests
on, one row per result, with the source named on the
row. Values are as reported by each source. The final
column gives the term the author reads as dominant in
each comparison, which is an interpretation and not a
reported quantity.

Two rows need comment. The text-to-table study found
enforcement helpful on numeric tables and harmful on
short textual descriptions; its authors attribute the harm
to densely packed text and long aggregation, and the
author's assignment of D or O to that row is a guess at
mechanism that the study did not test (Oestreich and
Muller, 2025). The final row records that the 100
percent guarantee is itself conditional: on the hardest
real-world schemas in JSONSchemaBench, the share of
schemas for which open engines produced a valid output
ranged from 0.03 to 0.41, against 0.13 for the
unconstrained model, because engines failed to compile,
timed out or under-constrained (Geng et al., 2025). The
anchor study's fourteen hand-written schemas sit at the
easy end of that range.

Table 2 maps eleven designs onto the five terms. "Large",
"small" and "zero" describe what the design permits, as
read by the author from each source's methods; they are
not measured magnitudes.

Algorithm 1 states the attribution procedure the author
proposes for any claim that constrained decoding
changed accuracy. Every arm uses the same model, task
set, decoding temperature and number of samples.

The procedure is ordered so that the cheapest arms come
first. Arms N, Q and C are what most studies already run;
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the anchor study ran Q-like native decoding and C. Re-
scoring existing outputs with a lenient scorer costs no
generation at all and would give P for any study that
kept its raw outputs. Arms Co and Ca need a schema edit
and an engine swap. Arm Ck is the only one that requires
thought about the task, and it is the one that tests a
claim about reach.

12. Studies that would settle the open part

Five studies, each using components that already exist,
would settle what the published record leaves open.

Study 1: re-score the anchor suite. Take the anchor
study's released native outputs and score them with a
lenient extractor that accepts a numeric string as a
number and strips a currency symbol. If the native
content values rise to within a task of the enforced
values, the inference of Section 4.1 is confirmed, and the
content gain was rescue. If they do not, enforcement
changed content on some task, and the study would
identify which. This requires no new generation.

Study 2: the reach arm on the two-call task. Re-run
the decisive task with a schema that requires two calls
with the two named functions, and score the parameter
values, not only their presence. If Qwen3-0.6B then
produces a usable email, the failure was within reach
and the schema had not expressed it. If it produces a
hollow one, the failure is beyond reach in the sense that
matters, and the anchor study's taxonomy holds for this
case with a better test behind it.

Study 3: the full arm set on one small model. Run
Algorithm 1 on Llama-3.2-1B and Qwen3-0.6B over a
suite that includes reasoning tasks, with an aligned
engine. This is the study the scale question needs. It
would say whether the mask effect, as distinct from
rescue, changes with scale, and whether small models
pay a larger distortion cost, as Reddy et al. (2026) and
Tuccio et al. (2026) suggest when they report their
largest gains at small scale.

Study 4: hard schemas. Repeat the anchor study's two
axes on the GitHub Hard and JSON Schema Store subsets
of JSONSchemaBench. On those schemas the guarantee
itself fails for most engines (Geng et al., 2025). A claim
that enforcement removes "all structural failures" should
be tested where engines report compile errors, timeouts
and under-constraint, not only on hand-written schemas.

Study 5: reasoning models with hidden traces.
Models that reason in a separate channel before any
visible output may have an order term near zero
regardless of schema. Yuan et al. (2025) report 03
unaffected by format in their tests. Running the order
arm with and without a hidden reasoning channel on the
same model family would show whether the most-cited
mechanism of cost is disappearing from deployed
systems.
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Table 1. Published results on what enforcing an output format does to accuracy, with the comparison each made.

Source

Setting

Comparison

Reported result

Dominant term

Chavan (2026)
Chavan (2026)

Chavan (2026)
Galeone et al. (2026)
Galeone et al. (2026)
Galeone et al. (2026)
Zhang et al. (2023)
Matveev (2026)
Matveev (2026)

Li (2026)
Li (2026)

Li (2026)

Tam et al. (2024)
Tam et al. (2024)
Tam et al. (2024)
Tam et al. (2024)
Geng et al. (2025)

Beurer-Kellner et al.
(2024)

Beurer-Kellner et al.
(2024)

Banerjee et al. (2025)

Reddy et al. (2026)
Yu et al. (2026)
Park et al. (2024)
Li et al. (2025a)
Tuccio et al. (2026)
Geng et al. (2023)
Geng et al. (2023)

Oestreich and Muller
(2025)

Oestreich and Muller
(2025)

Yuan et al. (2025)
Parikh (2026)

5 models 0.6-4B, 14 tasks
same

Qwen3-0.6B, two-call task
3 models 7-9B, GSM8S8K
Gemma 2-9B, GSM8K
Qwen 2.5-7B, GSMSK
Mistral-7B, unseen tools
Qwen2.5-Coder-7B
Hermes-4-405B

GPT-0OSS 120B, ordering
Llama-3.1-8B, ordering

Gemma-2-2B, ordering
GPT-3.5-Turbo, Last Letter
gpt-40-mini, GSM8K
gpt-40-mini, Last Letter
Claude 3 Haiku, GSM8K
Llama-3.1-8B, GSM8K
Mistral 7B, GSM8K

Llama-2 13B, GSM8K

Qwen2.5-Math-7B, GSM-
Symb.

1B model, GSM8K

Qwen (AR), reasoning
toy grammar

API completion

Llama 1-8B, 3 tasks
LLaMA-33B, closed IE
LLaMA-7B, entity disamb.

Phi-4, Rotowire teams
Phi-4, E2E

GPT-4o0, 8 tasks x 3 formats
44 models, 31 prompts

native vs XGrammar,
validity
native vs XGrammar,
content

native vs CD

no prompt, strict JSON
minimal prompt, fence
prompt vs grammar only
prompt vs tool FSM

plain JSON vs JSON mode
plain JSON vs JSON mode

prompt vs schema mode

prompt vs schema mode

schema mode

JSON mode

prose vs schema-enforced
prose vs schema-enforced

JSON prompt, +schema text

LM only vs 4 engines

engines, same format
template engine
answer-only vs switched

CD vs draft-conditioned
answer-first vs CoT-first
target vs GCD sampling
CD vs backtracking
greedy GCD vs RL-adapted
unconstrained vs grammar

unconstrained vs input
grammar

unstructured vs structured
unstructured vs structured
causal test

chat vs JSON request vs
enforced

78.6-92.9% to 100%

e.g. Llama-1B 0.771 to 0.986

0.200 to 0.200

task 77-85%, output 0%
output 0%, fallback 88.4%
74.30% to 32.83%

0% to 52%

0% to 75%

1-shot 92.5% to 35.0%; final 92.5%

to 100%
83.0% to 81.3% (ns)

validity 68.7% to 100%; semantic

+4.3 (ns)

100% valid, 2.0% semantic
100% answer-first

94.57% vs 91.71%

83.11% vs 86.07%

86.99% to 23.44%

80.1% vs 81.6-83.8%
0.100-0.418 vs 0.415

0.262 to 0.152
29% to 38%

15.24% to 39.04%

up to ~67% relative drop
30% of strings end in 1
up to +360.87%

+9.8 points average
F117.5to 36.0
37.4t077.2

cell F1 0.675 to 0.937
cell F1 0.818 to 0.727

no effect in 43 of 48

-0.22 bits; enforced -0.03 more (36

models)

P
P (Sec. 4.1)

K not encoded

P

P

D / unprepared mask
P+ K

P

D

M near 0

P small despite parse
loss

K limit

o

R + O small
M+ R

R (P possible)
P+D

D

D
0}

O / feasible mass
(0]

D (distribution)
D

D
K
K
P+ K

DorO

R near 0
R

Geng et al. (2025)

Llama-3.2-1B, GitHub Hard empirical schema coverage

0.03-0.41 across open engines guarantee limit

13. What is not known

The size of the mask effect M, holding the request, the
order and the engine fixed, is not known for any small
model. No study collected here runs arms Q, C, Co and
Ca on the same small model and tasks with both scorers.

Whether the anchor study's native outputs contain the
right content in invalid form on all eight schema-invalid
outputs is not known. The receipt task shows it for two
of them. The anchor study's per-task figure locates the
other six, all scored 0.00 natively: Llama-3.2-1B's
complex-API, database-record and two-call outputs, and
Llama-3.2-3B's database-record, config-file and two-call
outputs (Chavan, 2026, Figure 1). It gives their scores,
not their text, and Llama-3.2-1B's two-call output is the
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one whose XGrammar rescue was hollow.

Whether the semantic gap the anchor study reports
depends on scale is not known. The evidence is one task
with one greedy output per model.

How much distortion provider-hosted structured-output
modes introduce is not known, because their
implementations are not published.

Whether reach can be extended to instruction-level
failures such as a missing second call, in the sense of
producing a correct call rather than a present one, is not
known. The hollow rescue suggests that forcing presence
is not enough.
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Table 2. Which terms each published design allows into its reported difference.

Request
Design Scorer Rescue P R Order O Distortion D Reach K
Chavan (2026) strict on type large zero zero (no small as written
reasoning)
Tam et al. (2024) LLM extractor small; large for large large in JSSON unknown for API models small
some mode

Geng et al. (2025) not stated unknown Zero small varied, reported none
Beurer-Kellner et al. well-formed + small Zero fixed isolated none
(2024) answer
Banerjee et al. (2025) parse + answer small Zero isolated small none
Galeone et al. (2026) strict JSON large varies small large for some none
Li (2026) strict, semantic model-specific Zero none unknown (provider) not

encoded
Matveev (2026) strict, repair loop large for some Zero none large for some none
Yuan et al. (2025) task metrics small isolated not reported none; unknown for function none

calling

Parikh (2026) exact match Zero isolated none small, confounded (36 models) none
Geng et al. (2023) task F1 small zero none small isolated

Algorithm 1. Attributing an accuracy change to constrained decoding

Q format and G stated in the prompt, no mask

C prompt of Q, mask for G with engine E

interval excluding 0
license "the gain is parseability" if S(C)

name the term, not the technique

Input: model, tasks T, schema G, engine E, lenient scorer L,
Arms:
N free prose answer, no format requested

- 5(Q)

strict scorer S

Co as C, G rewritten so a free reasoning field precedes every answer field
(or: mask applied to a second pass conditioned on Q's free draft)
Ca as Co, engine replaced by a subword-aligned or reweighted engine
Ck as Ca, G extended with every restriction the instruction implies
(closed sets of names, counts, types, input-dependent enumerations)
Step 1 check the guarantee: S(C) = L(C) on every task; if not, report
the engine's coverage failures before any accuracy claim
Step 2 rescue P = L(Q) - S(Q)
request R = L(N) - L(Q)
mask effect M = L(C) - L(Q)
order O = L(Co) - L(C)
distortion D = L(Ca) - L(Co)
reach K = L(Ck) - L(Ca)
Step 3 report S(C) - S(Q) =P + M and L(C) - L(N) = M - R, with intervals
Step 4 license "enforcement improved content" only if M > 0 with its

>0 and M ~ 0
license "format hurts reasoning" for whichever of R, O, D is > 0;

license "beyond reach" for a failure only if it persists in Ck

Whether the request effect R is shrinking as models are
trained on structured output is not known. Yuan et al.
(2025) report it near zero for GPT-40 and 03 but present
for small open models, and Parikh (2026) reports a
battery-wide drop in answer-choice surprisal across 44
models that is individually significant for six of them;
these measure different outcomes.

14. Limitations

This analysis rests heavily on one short preprint, posted
a month before this paper, and on arithmetic applied to
its rounded tables. The anchor study's text does not state
that content accuracy is a fourteen-task mean; the
reading rests on two exact matches for Qwen3-0.6B and
on the study's per-task figure, whose cell means
reproduce every value in Table 6. The rescue reading for
Outlines is weaker than for XGrammar: two models fall
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below the line, because Outlines rescued Llama-3.2-1B's
two-call output only to 0.20 and lowered Qwen3-0.6B's

natively correct business-card extraction to 0.80
(Chavan, 2026, Figure 1).
The five terms are an accounting device. Their

separation assumes that the strict and lenient scorers
agree about the content of a valid output, and that the
arms differ only in the stated respect. In practice a
reasoning-first schema also changes output length, and
an engine swap can change speed and therefore any
time-limited result. The assignments in the final column
of Table 1 and throughout Table 2 are the author's
readings of each source's design and are open to dispute;
they are labelled as interpretation. Several of the sources
are 2026 preprints, some with very small task counts: the
TOON benchmark has four cases, and the anchor study
has fourteen tasks with one output each.
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Figure 1 juxtaposes results from three studies with
different models, tasks and scorers. It illustrates the three
terms; it does not rank engines or models.

15. Conclusion

Constrained decoding does what it promises about form,
on schemas its engine supports. What it does to content
depends on which difference is measured. A strictly
scored comparison against a baseline that often fails to
parse reports rescue, and in the anchor study, under
XGrammar, the content gain equals the number of
outputs enforcement made valid, to within rounding. A
leniently scored comparison against free prose reports
the request effect and, where the schema puts the answer
first, the order cost. A comparison across engines reports
distortion. A comparison between a syntax-only schema
and one that encodes the task's admissible answers
reports reach. The mask effect itself, with those terms
held fixed, has not been measured on the small models
the scale question concerns.

Two corrections to the anchor study's summary follow.
"CD's reach ends exactly where schema conformance
ends" is true, and where schema conformance ends is
decided by whoever writes the schema; on the study's
decisive task it could have been written further.
"Constrained decoding rescues form" is also true, and on
the evidence of the study's own tables it is all that the
reported content gain shows. The six arms of Algorithm
1, three of which most studies already run, and a lenient
re-scoring that needs no new generation at all, would
turn the question of what enforcement does to content
from a matter of which design one happened to choose
into a measured quantity.
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