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Abstract

Constrained decoding is widely used to make
large language models produce structured out-
puts that satisfy schemas such as JSON. Exist-
ing work mainly treats schemas as structural
constraints, overlooking that schema-key to-
kens also enter the autoregressive context and
may guide generation. To the best of our knowl-
edge, we present the first systematic study of
schema keys as an implicit instruction chan-
nel under constrained decoding. We formu-
late structured generation as a multi-channel
instruction problem, where task signals can
be placed in prompts, schema keys, or both.
We further provide a projection-aware analysis
that gives a sufficient condition under which
an unconstrained expected-score advantage of
an instructional key is preserved after gram-
mar projection. Experiments on GSM8K and
Math500 across seven language models show
that changing only schema-key wording can
substantially affect accuracy, with both positive
and negative effects across models. Prompt-
level and schema-level instructions also interact
non-additively. The evidence is substantially
stronger on GSMS8K than on Math500. Our
findings show that schema design is not merely
output formatting, but part of instruction speci-
fication in structured generation.

1 Introduction

Structured generation is a key interface between
large language models (LLMs) and downstream
systems. In applications such as information extrac-
tion, tool use, and workflow automation, outputs
often need to satisfy predefined formats such as
JSON or schema-constrained records. Constrained
decoding addresses this need by restricting next-
token choices according to a grammar or schema,
thereby ensuring structural validity (Scholak et al.,
2021; Willard and Louf, 2023).

However, structural validity is not the same as
task success. Most constrained decoding work fo-

cuses on how constraints are represented and en-
forced, for example with context-free grammars,
finite-state machines, or incremental parsers (Dong
et al., 2024; Beurer-Kellner et al., 2024). Recent
studies further show that hard constraints can alter
model behavior and sometimes affect reasoning
quality or generation distribution (Ye et al., 2025;
Yun et al., 2025; Wang et al., 2026; Banerjee et al.,
2025). This suggests that structured generation
should be studied not only as a validity problem,
but also as an instruction-design problem.

We focus on a simple but overlooked source of
instruction: schema keys. A JSON key is usually
treated as a field name for parsing, but under autore-
gressive generation it is also a generated prefix that
conditions the following value. Thus, a neutral key
such as steps and a more instructional key such as
Solve the problem step by step, showing
all reasoning and intermediate steps can
expose different semantic cues while preserving
the same canonical output structure. To the best
of our knowledge, this is the first systematic study
of schema keys as an implicit instruction channel
under constrained decoding.

We formulate structured generation as a multi-
channel instruction problem, where instruction
signals may be placed in the prompt, in schema
keys, or in both. We compare four controlled
settings: no additional instruction, key-only in-
struction, prompt-only instruction, and instruction
through both channels. The model, task input, out-
put structure, decoding engine, and hyperparame-
ters are kept fixed, allowing us to isolate the effect
of instruction placement.

To motivate why schema-key wording can mat-
ter, we provide a projection-aware analysis. Con-
strained decoding can be viewed as projecting
the model’s unconstrained distribution onto the
grammar-valid distribution. Under this view, we
derive a sufficient condition under which an un-
constrained expected-score advantage of an instruc-
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Figure 1: Overview of multi-channel instruction via key wording in structured generation. The same key wording
can be injected through two locations: the schema string in the prompt and the schema used by constrained decoding.
Holding the model, task input, output structure, and decoding engine fixed, we study four ablation settings: None,

Prompt-only, Key-only, and Both.

tional key is preserved after grammar projection.
This provides a distribution-level perspective on
why schema-key effects may vary across models
and settings.

Experiments on GSM8K and Math500 show that
changing schema-key wording alone can affect ac-
curacy under constrained decoding. The direction
and magnitude of these effects vary substantially
across individual models and tasks. We also ob-
serve non-additive interactions between prompt-
level and schema-level instructions, indicating that
the two channels may be complementary, redun-
dant, or conflicting depending on the model. The
evidence is particularly strong on GSM8K, whereas
many Math500 effects are smaller or statistically
inconclusive. These results show that schema de-
sign is not merely a formatting choice, but part of
instruction specification in structured generation.

Our contributions are as follows:

1. We present the first systematic study of
schema keys as an implicit instruction channel
under constrained decoding.

2. We introduce a multi-channel formulation
of structured generation and isolate prompt-
level, schema-level, and joint instruction ef-
fects through controlled ablations.

3. We provide a projection-aware sufficient-
condition analysis and empirically show het-
erogeneous model- and task-dependent sensi-
tivity to schema-key and prompt-level instruc-
tion.

2 Related Work

2.1 Structured Generation with Constrained
Decoding

Structured generation is a key capability for real-
world deployment of LLMs. Increasingly, bench-
marks evaluate not only whether a model can fol-
low instructions, but also whether it can produce
outputs that satisfy explicit structural constraints
(Zhou et al., 2023; Jiang et al., 2024; Liu et al.,
2024). The dominant approach for structured out-
put generation is constrained decoding, where can-
didate tokens are restricted during inference accord-
ing to a predefined schema, ensuring that the final
output is syntactically and structurally valid.

Most existing work in this area focuses on im-
proving the efficiency and correctness of struc-
tural constraints. Representative methods rely
on context-free grammars (CFGs), pushdown au-
tomata (PDASs), finite-state machines (FSMs), or
incremental parsing to constrain model outputs
(Dong et al., 2024; Community, 2026; Willard and
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Figure 2: Performance under different instruction place-
ments on representative models in GSMS8K. Labels
above the non-baseline bars indicate percentage-point
changes relative to the None setting. The y-axis is trun-
cated to improve visual comparability.

Louf, 2023; Park et al., 2025; Scholak et al., 2021;
Beurer-Kellner et al., 2024). In addition, some
work introduces extra generation stages or post-
processing modules to preserve generation quality
while maintaining structural validity, such as two-
stage constrained decoding or dedicated models for
structured transformation (Wang et al., 2025, 2026;
Zheng et al., 2026; Banerjee et al., 2025).

2.2 Effects of Structural Constraints on
Model Behavior

Beyond structural validity and decoding efficiency,
several studies have begun to examine how for-
mat constraints affect model behavior. Prior work
shows that constrained decoding may introduce
distributional bias and reduce diversity, creativity,
or reasoning performance (Ye et al., 2025; Yun
et al., 2025; Tam et al., 2024; Schall and de Melo,
2025). At the same time, grammar constraints are
not always harmful: in certain tasks, they can even
improve model performance, although their effect
depends heavily on model scale, task type, and
constraint design (Raspanti et al., 2025). Overall,
existing studies mainly analyze the side effects of
constrained decoding from the perspectives of re-
stricted search space, bias introduced by decoding
constraints, or the strength of format control.

Unlike these studies, we focus on a finer-grained
but largely overlooked factor: whether schema-key
wording itself acts as an implicit instruction signal
under constrained decoding.

3 Method
3.1 Problem Setup

We study structured generation where a model re-
ceives an input x and generates a serialized output
y that must satisfy a schema s, such as a JSON
schema. Constrained decoding enforces this re-
quirement by masking invalid next tokens. At step
t, let the unconstrained distribution be

pe(v) = po(v | =, y<i). (D
Given the valid token set Vi (s, y<¢), constrained
decoding uses
pe(v)1v € Vi(s, y<t)]
Zy(s,y<t)

Z pr(u).

ueVi(s,y<t)

q(v) =

)
Zy(s,y<t) =

Although this guarantees syntactic validity, it does
not make the schema semantically neutral. In au-
toregressive generation, schema keys appear before
their values and thus condition subsequent value
generation.

Our intervention changes only the wording of a
target key. Let s; be a schema whose target field
is named by key k, and let 73, map valid outputs
under s, to the same canonical object used for eval-
uation. Thus, different key wordings can preserve
the same field order, value types, number of fields,
and canonical interpretation while changing the
generated key tokens.

3.2 Projection-Aware View of Schema-Key
Instructions

Following the projection view of constrained de-
coding (Wang et al., 2026), we characterize when
an instructional key can help. Let kg denote the neu-
tral key steps, and let k; denote the instructional
key used in our experiments: Solve the problem
step by step, showing all reasoning and
intermediate steps. After the key prefix has
appeared in the context, let Pk,w denote the uncon-
strained continuation distribution over the value
field, and let le denote the corresponding distri-
bution after grammar projection. This conditional
view factors out the mechanical cost of forcing
the key string itself and focuses on its downstream
effect on value generation.
For a bounded metric M € [0, 1], define

_ {M(m(y)% y € L(sp),

3
07 Yy ¢ E(sk)7 ( )

2525



Table 1: Performance under different instruction placements across models under greedy decoding.

“None

t)

corresponds to constrained decoding (CD) with neutral wording in both channels. “Key only” injects instruction
through the decoder-enforced schema key, “Prompt only” injects instruction through the prompt-side schema, and

“Both” applies both channels. All values are answer accuracy (%). The best result for each model and benchmark is

shown in bold.

Model Placement GSMSK  Math500
None (CD) 75.06 34.20
Key only 79.38 37.00
Qwen2.5-3B Both 7300 36.60
Prompt only 77.63 35.00
None (CD) 81.27 39.40
Key only 89.08 42.20
Qwen2.5-78 Both 8810 41.00
Prompt only 84.15 41.20
None (CD) 63.38 41.80
. Key only 69.83 24.00
DeepSeek-R1-Distill-Qwen-7B Both 76.72 47.40
Prompt only 77.03 43.00
None (CD) 87.57 38.40
Key only 89.76 34.20
Qwen2.5-Coder-14B Both 91.13 34.60
Prompt only 88.93 36.80
None (CD) 9.40 7.00
Key only 15.39 7.20
Llama-3.2-1B Both 2373 12.60
Prompt only 13.65 7.00
None (CD) 60.50 21.20
Key only 48.45 19.00
Llama-3.2-38 Both 68.46  22.60
Prompt only 63.46 22.20
None (CD) 79.53 30.20
Key only 76.35 31.60
Llama-3.1-8B Both 8279 3120
Prompt only 82.18 29.60

and define the expected scores

E,_p, V()]
E, o, (v,

Let the value-level projection tax and its induced
bound be

Teat(k; 2) = DxL(Qual| Pe),
Bkz( ) %%a( )

Under the standard shared-support and stopping
convention, Pinsker’s inequality gives

Rp(k,x) =

4
Ry(k,x) = @

6))

|Rg(k,z) — Rp(k, )| < By(z).  (6)

Therefore, if

Rp(kl’x) - R_ﬁ(kﬁo,l‘) > By, (z) + Bko(x)v
(N
then Rg(k1,x) > Rg(ko,x). This gives a suf-

ficient condition under which an unconstrained

expected-score advantage of an instructional key is
preserved after grammar projection. The condition
is sufficient but not necessary. The full derivation
is in Appendix A.

This analysis is distributional. Since our exper-
iments use greedy decoding, the bound should be
interpreted as a diagnostic explanation rather than
a deterministic guarantee for every generated tra-
jectory.

3.3 Structured Generation as Multi-Channel
Instruction

We formulate structured generation as a multi-
channel instruction problem. Let ¢, denote instruc-
tion signals placed in the prompt, and let c; denote
instruction signals placed in schema keys enforced
by the decoder:

y~po(-| @ cp,cs58). ®)
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Table 2: Channel effects and prompt—schema interaction effects under greedy decoding. Values are percentage-point
changes with unadjusted 95% paired item-level percentile bootstrap confidence intervals based on 20,000 resamples.
Akey = Ro1 — Roos Aprompt = R10 — Roo, and Ay = R11 — R19 — Ro1 + Roo. A superscript * indicates that the
confidence interval excludes zero. Effects are computed from item-level outcomes before rounding the accuracies

shown in Table 1.

(a) GSMSK
Model Akey Aplrompt Ail’it
Qwen2.5-3B 44327 [+2.05,16.60]  +2.58" [+0.38, +4.78]  —8.87" [~12.05,—5.76]
Qwen2.5-7B 7817 [45.84,49.78]  +2.88" [+0.83, +4.93] _3.87" [-6.37, —1.36]

DeepSeek-R1-Distill-Qwen-7B
Qwen2.5-Coder-14B

|
+6.44" [+3.41,4+9.55]
+2.20" [+0.61, 4+3.79]
[
[
[

+13.65" [+10.99, +16.38]
+1.36 [—0.23, +2.96]

—6.75" [~10.61, —2.96]
40.00 [—1.90, +1.97]

Llama-3.2-1B +5.99% [+3.64, +8.34]  +4.25" [+2.20, +6.29] +4.09% [+0.83, +7.35]
Llama-3.2-3B —12.05% [-15.09,-9.02]  +2.96" [+0.30,+5.69]  +17.06" [+13.19, +21.00]
Llama-3.1-8B —3.18% [~5.38, —0.99] +2.65" [+0.68, +4.62] +3.79" [+1.06, +6.52]
(b) MathS500
Model Akey Aprompt Aint
Qwen2.5-3B +2.80[—0.80,+6.40]  +0.80 [—2.80, +4.40 —1.20[=6.20, +3.80]
Qwen2.5-7B +2.80[=0.60,+6.20]  +1.80[—1.40, +5.00 ~3.00[~7.40, +1.40]

DeepSeek-R1-Distill-Qwen-7B

Qwen2.5-Coder-14B —4.20" [-7.40, —1.20]

Llama-3.2-1B +0.20 [—2.60, +3.00]
Llama-3.2-3B —2.20[—5.80, 4+1.40]
Llama-3.1-8B +1.40 [—1.80, +4.60]

—17.80* [~22.00, —13.60]

]
|
+1.20 [—2.40, +4.60]
—1.60 [—4.40, +1.20]
+0.00 [—2.60, +2.80]
+1.00 [—2.20, +4.40]
—0.60 [—3.80, +2.60]

|
+22.20* [+16.80, +27.80]
+2.00 [—1.80, +6.00]
+5.40" [+1.20, 49.60]
+2.60 [—2.20, +7.40]
+0.20 [—4.40, +5.00]

Here, s specifies the structural constraint, while ¢,
and c, specify where semantic guidance is injected.
We compare four instruction-placement settings:

* None: both the prompt schema and decoder-
enforced schema use neutral keys.

* Key-only: the prompt schema uses neutral
keys, while the decoder-enforced schema uses
an instructional key.

* Prompt-only: the prompt schema describes
an instructional key, while the decoder-
enforced schema keeps the neutral key.

* Both: the instructional key is used in both
the prompt schema and the decoder-enforced
schema.

This separates whether the instruction is only de-
scribed to the model, forced into the generated
output, or supplied through both routes.

3.4 Controlled Comparison and Effect
Measures

Across settings, we keep the model, dataset, con-
strained decoding engine, decoding hyperparam-
eters, model parameters, field order, value types,
number of fields, and canonical interpretation fixed.
The only intended intervention is the placement of
the instruction signal.

Let R;; denote the evaluation result when ¢, = ¢
and ¢; = j, where i,j € {0,1}. We quantify the
schema-level, prompt-level, and joint effects as

Ayey = Ro1 — Roo,
Aprompt = RlO - R007
Apoth = R11 — Roo-

€))

To measure whether the two channels combine ad-
ditively, we define

Aint = R11 — Rip — Ro1 + Roo. (10)

Positive values indicate synergy, near-zero val-
ues indicate approximate additivity, and negative
values indicate redundancy or conflict between
prompt-level and schema-level instructions.

4 Experiments

4.1 Experimental Setup

Tasks and metrics. We evaluate instruction
placement on two mathematical reasoning bench-
marks, GSMS8K (Cobbe et al., 2021) and
Math500 (Hendrycks et al., 2021). Both tasks re-
quire multi-step reasoning and a final answer, mak-
ing them suitable for studying whether schema keys
influence reasoning behavior under constrained de-
coding. We parse the generated JSON output, ex-
tract the final answer field, and report answer accu-
racy.
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Table 3: Effect of instruction placement across chan-
nels on representative models on GSM8K under greedy
decoding. For clarity, we report a subset of models il-
lustrating heterogeneous responses to instruction place-
ment. These examples are intended to illustrate model-
level variation rather than a family-level trend. The best
result for each model is shown in bold.

Model None Key  Prompt Both
Qwen2.5-7B 81.27 89.08 84.15 88.10
Qwen2.5-Coder-14B  87.57 89.76 8893  91.13
Llama-3.2-3B 60.50 4845 6346  68.46

As a decoding-regime sensitivity analysis, we
additionally repeat the original stochastic decod-
ing configuration with temperature=0.8 for three
complete runs while keeping all other inference set-
tings fixed. The results are reported in Appendix B.

Models. To study cross-model sensitivities to in-
struction channels, we evaluate a diverse set of
representative open-source models, covering both
the Qwen family (Yang et al., 2024; Hui et al.,
2024) and the LLaMA family (Grattafiori et al.,
2024; Meta Al, 2024), as well as a reasoning-
oriented variant based on Qwen, DeepSeek-R1-
Distill-Qwen-7B (DeepSeek-Al, 2025). Specif-
ically, we evaluate Qwen2.5-3B, Qwen2.5-7B,
DeepSeek-R1-Distill-Qwen-7B, Qwen2.5-Coder-
14B, Llama3.2-1B, Llama-3.2-3B, and Llama-3.1-
8B. This model set covers different parameter
scales, model families, and post-training styles,
allowing us to examine whether schema-key ef-
fects are stable across models or tied to particular
instruction-following behaviors.

Structured output and constrained decoding.
All experiments use the same structured genera-
tion framework and the same constrained decoding
backend, XGrammar (Dong et al., 2024). The tar-
get JSON output contains a reasoning field and an
answer field. Across all settings, we keep the num-
ber of fields, field order, value types, parsing pro-
cedure, answer extraction rule, decoding backend,
and inference configuration fixed. The controlled
intervention is where the reasoning instruction is
placed: in the prompt-side schema description, in
the decoder-enforced schema key, or in both.

All main experiments use greedy decoding with
vLLM and XGrammar. We use temperature=0,
n=1, top_p=1.0, top_k=0, min_p=0.0,
presence_penalty=0, frequency_penalty=0,
repetition_penalty=1.0, max_tokens=8192,

and seed=None. For statistical uncertainty, we
report unadjusted 95% paired item-level percentile
bootstrap confidence intervals based on 20,000
resamples.

Instruction-placement settings. Following Sec-
tion 3, we compare four settings: None, Key-only,
Prompt-only, and Both. In None, both channels
use neutral schema wording. In Key-only, the in-
structional wording appears only in the decoder-
enforced schema key. In Prompt-only, the same
instruction is described in the prompt while the en-
forced key remains neutral. In Both, the instruction
appears in both locations. This design separates
whether the instruction is merely described to the
model, forced into the generated context, or sup-
plied through both channels.

4.2 Main Results under Different Instruction
Placements

Table 1 reports the full results across models
and benchmarks. The central observation is that
schema-key wording is not a neutral formatting
detail under constrained decoding. Even when
the output structure and decoding engine are fixed,
changing the decoder-enforced key can noticeably
change task accuracy. This supports our view that
schema keys can become part of the effective in-
struction context once they are generated autore-
gressively.

On GSMSK, Key-only improves Qwen2.5-7B
from 81.27 to 89.08 and Qwen2.5-3B from 75.06
to 79.38. The effect is not uniformly positive:
Llama-3.2-3B drops from 60.50 to 48.45 under
Key-only, whereas Llama-3.2-1B improves from
9.40 to 15.39. DeepSeek-R1-Distill-Qwen-7B also
improves under Key-only from 63.38 to 69.83 and
reaches 77.03 under Prompt-only. These results
show that schema-level instruction is a real behav-
ioral factor, but its direction and magnitude depend
on the model and task.

The Both setting further shows that prompt-
level and schema-level instructions are not uni-
formly additive. On GSMS8K, Both yields the
best performance for Qwen2.5-Coder-14B, Llama-
3.2-1B, Llama-3.2-3B, and Llama-3.1-8B, whereas
Qwen2.5-7B performs best under Key-only and
DeepSeek-R1-Distill-Qwen-7B performs best un-
der Prompt-only. Thus, combining the same in-
struction across both channels can lead to comple-
mentarity, redundancy, or interference depending
on the model.

2528



Overall, Table 1 supports three claims: schema
keys can act as instruction-bearing tokens;
instruction-channel sensitivity is model- and task-
dependent; and prompt-level and schema-level sig-
nals can interact rather than simply reinforce each
other.

4.3 Cross-Model Sensitivity to Instruction
Channels

Table 3 highlights representative GSM8K cases
that make the cross-model pattern easier to inspect.
Unlike Table 1, which provides the complete bench-
mark results, this subset isolates three distinct be-
haviors: Qwen2.5-7B benefits most from schema-
level instruction, Qwen2.5-Coder-14B obtains its
best result when both channels are used, and Llama-
3.2-3B is harmed by Key-only but improves under
prompt-side guidance.

These cases suggest that the effectiveness of in-
struction placement is not determined only by the
benchmark or by the formal JSON schema. It also
depends on how a model interprets text appearing
in different parts of the structured generation in-
terface. A schema key that helps one model can
distract another, even when the constrained out-
put space is identical. Figure 2 provides a visual
summary of these representative patterns.

4.4 Single-Channel and Interaction Effects

To connect the empirical results with the effect
definitions in Section 3, Table 2 reports both single-
channel effects and interaction effects on GSM8K
and Math500. Figure 3 visualizes the same quanti-
ties as a channel-sensitivity map, making the cross-
model and cross-benchmark patterns easier to com-
pare.

As shown in Figure 3, instruction-placement ef-
fects are heterogeneous across models and tasks.
On GSMSK, the paired bootstrap confidence in-
tervals exclude zero for schema-key effects in all
seven models, with five positive and two nega-
tive effects. Prompt effects are positive and sup-
ported for six of seven models, while interaction
effects are supported for six of seven models and
can be either positive or negative. For example,
Qwen2.5-7B shows a positive key effect (Ayey =
+7.81) and a negative interaction (Aj,y = —3.87),
whereas Llama-3.2-3B shows a negative key effect
(—12.05) and a large positive interaction (+17.06).
DeepSeek-R1-Distill-Qwen-7B shows positive key
and prompt effects but a negative interaction. In
contrast, Math500 provides weaker evidence: all

prompt main effects are statistically inconclusive,
and only selected key and interaction effects have
confidence intervals excluding zero.

For Qwen2.5-7B, all instructed settings improve
over None, with the largest gain coming from
Key-only. Qwen2.5-Coder-14B also improves un-
der all instructed settings, but obtains its largest
gain under Both, indicating a more complemen-
tary relationship between prompt-level and schema-
level instruction. In contrast, Llama-3.2-3B suffers
a large negative change under Key-only but im-
proves under Prompt-only and Both. Llama-3.1-
8B is harmed by Key-only while improving un-
der Prompt-only and Both. These results explain
why schema wording should be treated as a model-
dependent instruction design choice rather than a
purely syntactic field name.

The same table also helps interpret the interac-
tion between channels. If prompt-level and schema-
level instructions combined additively, A;,, would
be approximately zero. Instead, Table 2 shows
both positive and negative supported interaction ef-
fects on GSMB8K, indicating that the two channels
can exhibit synergy, redundancy, or interference
depending on the model. For Qwen2.5-7B, the in-
teraction is negative, whereas Qwen2.5-Coder-14B
is approximately additive and Llama-3.2-3B shows
a strong positive interaction. These patterns sup-
port the multi-channel view introduced in Section 3:
constrained decoding does not merely enforce out-
put validity, but also changes where instruction sig-
nals enter the generation process. Prompt descrip-
tions and schema keys can reinforce each other,
compete with each other, or produce asymmetric
effects depending on the model.

4.5 Summary of Findings

The experiments lead to three main findings. First,
schema-key wording can substantially influence
reasoning accuracy even when the output structure
and constrained decoding engine are fixed. Second,
the direction and magnitude of these effects vary
across individual models and tasks, with substan-
tially stronger statistical evidence on GSM8K than
on Math500. Third, prompt-level and schema-level
instructions can interact non-additively, with both
positive and negative interaction effects observed
across models. These findings suggest that schema
keys should be treated as instruction-bearing design
choices rather than neutral field names in structured
generation.
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{(a) GSM8K (b) Math500
Qwen2.5-3B - +4.32 +2.58 -8.87 Qwen2.5-3B - +2.80 +0.80 -1.20 r20
F 15
Qwen2.5-7B-  +7.81 +2.88 -3.87 Qwen2.5-78- +2.80 +1.80 -3.00
r 10
DeepSeek-R1-_ 5 : DeepSeek-R1- y
Distiowenge TRIC #13.65 6.75 Distill.Qwen.78 | -17:80 +1.20 +22.20 .
(1)
=
Owen2.5-Coder-14B-  42.20 +1.36 +0.00 Qwen2 5-Coder-14B-  -4.20 -1.60 +2.00 Lo g
2
o]
=5
Llama-3.2-1B - +5.99 +4.25 +4.09 Llama-3.2-1B- +0.20 +0.00 +5.40
F—10
Llama-3.2-3B - -12.05 +2.96 +17.06 Llama-3.2-3B - -2.20 +1.00 +2.60
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Columns show fyey, Bprompr, and . Positive values indicate beneficial effects; negative values indicate harmful effects.

Figure 3: Channel-sensitivity map of single-channel and interaction effects on GSM8K and Math500. Rows
correspond to models, and columns correspond to Agey, Aprompt. and Ajy¢. Positive values indicate beneficial
effects, while negative values indicate harmful effects. The map highlights model- and task-dependent sensitivity to
instruction placement and the non-additive interaction between prompt-level and schema-level instructions.

5 Discussion and Conclusion

This work shows that structured generation under
constrained decoding is not only a matter of en-
forcing valid output formats. Because schema keys
are generated as part of the autoregressive con-
text, their wording can act as an instruction-bearing
signal rather than a neutral parsing detail. Our re-
sults demonstrate that changing the reasoning-field
key can alter downstream accuracy even when the
schema structure, field types, parsing rules, and
decoding backend are fixed.

The multi-channel formulation helps interpret
these model-dependent and non-additive effects.
Prompt-side descriptions and decoder-enforced
keys inject instruction signals through different
routes: the prompt provides guidance before gen-
eration, while the schema key is forced into the
generated prefix and directly conditions the follow-
ing value. As a result, placing the same instruction
in the prompt, in the schema key, or in both can
lead to different outcomes. The experiments show

substantial heterogeneity across individual models:
schema-level instruction can help, hurt, or inter-
act with prompt-side guidance depending on the
model and task. The interaction analysis further
shows that the two channels can be complementary,
redundant, or even interfering, rather than simply
additive.

These findings suggest a practical implication
for structured generation systems: schema wording
should be treated as part of the instruction design.
Developers often tune prompts while leaving field
names as arbitrary implementation choices, but
our results show that this separation is incomplete
under constrained decoding. For fair evaluation
and reproducible deployment, prompts, schemas,
key names, decoding backends, and parsing rules
should be reported together. In conclusion, schema
keys do not merely describe the shape of an answer;
under constrained decoding, they can also shape
how the answer is produced.
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Limitations

Our study focuses on mathematical reasoning
benchmarks, specifically GSM8K and Math500.
These tasks are useful for studying intermediate
reasoning and final-answer extraction, but they do
not cover the full range of structured generation
scenarios, such as information extraction, tool use,
code generation, data-to-text generation, or agent
workflows. Our model coverage is also limited to
several open-source Qwen and Llama-family mod-
els, together with a Qwen-based distilled reasoning
model, so the observed instruction-channel sensi-
tivities may not directly transfer to other model
families, larger systems, or proprietary models. Fi-
nally, we study a controlled but limited schema
design space centered on reasoning-field wording.
Other schema factors, including field descriptions,
field order, nesting depth, optional fields, enum val-
ues, and natural-language schema documentation,
may also affect model behavior and deserve further
study.

Our evaluated JSON schema contains two re-
quired fields and remains structurally simple; we
do not test nested schemas, optional fields, or a
broader range of key paraphrases. In addition, we
do not include an unconstrained-generation base-
line or directly measure the terms in the projection-
aware analysis. Finally, the statistical evidence is
substantially stronger on GSM8K than on Math500,
where many effects remain inconclusive.

Ethics Statement

This work uses publicly available benchmarks and
open-source models, and does not involve private
user data, human subjects, or personally identifi-
able information. The main ethical consideration
is transparency in structured-generation evaluation.
Since schema key wording can influence model
performance, benchmark results under constrained
decoding may depend on implementation choices
that are easy to overlook. We therefore recom-
mend that structured-generation studies report not
only prompts and models, but also schemas, key
names, decoding backends, and parsing rules. In
deployment, schema variants should be evaluated
carefully, especially in high-stakes settings where
subtle changes in field names may affect correct-
ness, robustness, or user trust.
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A Derivation of the Projection-Aware
Schema-Key View

This appendix provides the derivation behind the
projection-aware view in Section 3.2. The analysis

is distributional. Our main experiments use greedy
decoding, so the result should be interpreted as a
theoretical diagnostic of constraint-induced distor-
tion rather than a deterministic guarantee for every
greedy trajectory.

A.1 Constrained Decoding as KL Projection

At step ¢, let p; be the unconstrained next-token dis-
tribution and let V; be the valid next-token set under
the grammar and current prefix. The constrained
distribution is

pe(v)1[v € Vi

Qt(U) = T’

Zt = Z pt(U)

vEVy

(11)

For any distribution r supported on V;, we have

Dy (r|lpt) =

Since Dk, (r||g:) > 0, the minimum is achieved
at r = q, with value — log Z;. Thus, constrained
decoding performs a reverse-KL projection of the
model distribution onto the set of valid next-token
distributions.

The token-level projection cost is therefore

DKL(QtHPt) = —log Z;. (13)

For a sequence y = (y1,...,yr) sampled under
the constrained distribution (), assuming the same
stopping convention for P and @ and Q(y) > 0 =
P(y) > 0, the sequence-level KL is

D (@IIP) = Eyeg los 52 : 2]
t(yt)
=E,. log
y~Q Z 2 (yt)
[T
=K, Z —log Zi(G, ht)
Lt=1
(14)
We call this quantity the cumulative projection tax:
T
T(Gr,2) =Eyug | Y —log Zi(Gr, )
t=1

(15)
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The projection tax is small when the model already
assigns high probability mass to valid continua-
tions, and large when constrained decoding must
strongly override the model’s preferred next-token
distribution.

A.2 Schema-Key Conditioning

Let s(k) denote the token sequence correspond-
ing to schema key k. In JSON-style constrained
decoding, the key tokens are generated before the
corresponding value. Hence, after the field name
has been emitted, the model distribution over the
value is conditioned on s(k):

p@(yval | l’,h,S(k’)). (16)
This provides a direct autoregressive conditioning
pathway through which schema-key wording can
affect generation. An instructional key may shift
the continuation distribution relative to a neutral
key. A CoT-style key can move the model distri-
bution toward reasoning-like continuations, while
a neutral key may provide weaker semantic guid-
ance.

For this reason, we define a conditional reference
distribution PIW over continuations after the key
prefix s(k) is already present in the context. We
also define @y, as the corresponding constrained
continuation distribution after the same prefix. This
conditional formulation isolates the semantic effect
of the key from the structural cost of forcing the
key tokens themselves.

A.3 Bounding the Effect of Projection

Let My, (y) € [0, 1] be the bounded metric defined
in Section 3.2. For any two distributions A and B
over the same continuation space,

Eya[My(y)] — Eyn[M(y)]
< TV(A, B),

)

where TV denotes total variation distance. By
Pinsker’s inequality,

TV(A,B) </5DkL(A|B).  (18)
Taking A = kax and B = Pk,:c gives

with By(z) defined in Equation 5.

A.4 A Sufficient Condition for CoT-Key
Improvement

Let kg be a neutral key and k; be a CoT-style key.
From the bound above,

RQ(klvx) > Rp(ki,z) — By, (),

(20)
Rg(ko,z) < Rp(ko,x) + B, ().
Therefore,
RQ(kla SU) - RQ(k07 .’IT)
> Rp(ki,z) — Rp(ko, ) (21)
— By, (z) — By, ().
Thus, if

Rp(kl,x)—Rp(ko,l') > Bkl <$)+Bk0<1‘), (22)

then
RQ(k)l,x) > RQ(ko,w). (23)

This is a sufficient condition, not a necessary one.
It formalizes a condition under which an uncon-
strained expected-score advantage of an instruc-
tional key is preserved after grammar projection. If
the model is insensitive to key wording, then

Rp(k1,z) — Rp(ko,z) ~ 0, (24)

and the condition is unlikely to hold. If the CoT-
style key introduces a large projection tax, the con-
dition may also fail. This offers one possible ex-
planation for why key-level effects can vary across
models.

A.5 An Optional Activation-Based
Interpretation

The sufficient condition above can be connected to
reasoning-field activation. Let R, denote the set
of useful reasoning continuations for input x, and
define

A= Pr [yeR,] (25)
yNPk x
Let N _
= E[M, € R.l,
M'i [ ~k(y) |y ] 26)
py, = E[M(y) |y ¢ Re
Then
Rp(k,x) = Aguf + (1 — Ay, (27)

If the CoT-style key increases Ay and the condi-
tional quality gap u? — ; remains positive, then
the semantic gain term Rp(k1,z) — Rp(ko, x) is
expected to increase. This interpretation is not used
as a theorem; it only explains why key wording can
change the semantic benefit term in Equation 7.
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B Decoding-Regime Sensitivity

As a decoding-regime sensitivity analysis, we addi-
tionally repeated the full factorial evaluation three
times with temperature=0.8, while keeping the
models, datasets, prompts, schemas, constrained-
decoding backend, and all other inference settings
fixed.

Tables 4 and 5 report the mean factorial effect
across the three runs, the sample standard deviation
across runs, and unadjusted 95% paired item-level
percentile bootstrap confidence intervals computed
from run-averaged item-level contrasts.

Several large GSMS8K effects remain stable
across runs. For example, Qwen2.5-7B retains a
positive schema-key effect, while Llama-3.2-3B
retains a large negative schema-key effect and a
positive interaction. At the same time, selected
effects are sensitive to the decoding regime, most
notably for DeepSeek-R1-Distill-Qwen-7B.
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Table 4: Factorial effects on GSM8K under stochastic decoding with temperature=0.8 across three runs. Values
report mean effect + run-level standard deviation and unadjusted 95% paired item-level bootstrap confidence
intervals (in percentage points).

Model Akey Aprompt Aint
Qwen2.5-3B +2.60 £ 0.69 —0.73+2.28 —4.22 + 2.60
e [+0.96,+4.25]  [-2.35,4+0.91]  [-6.75,—1.72]
Qwen2.5-7B +7.88 £0.20 +5.23 £ 1.40 —4.40 +£1.91
e [+6.44,49.33]  [+3.74,4+6.75]  [—6.27,—2.58]
- —13.44 +4.71 +6.77 £ 2.65 +16.96 + 3.60
DeepSeck-R1-Distill-Qwen-7B [-15.72, —11.17]  [+4.98,4+8.54] [+13.98,+19.91]
+1.87+0.37 +2.15+0.54 —0.71+£0.49
Quen2.-Coder- 148 [+0.30,43.44]  [+0.94,+3.39]  [—2.70,+1.26]
Llama-3.2-1B +3.13 £0.74 +4.1240.46 —1.4740.49
e (4167, +4.65]  [+2.01,4533]  [-3.51, +0.56]
Llama-3.2-3B —13.62 + 0.64 +4.09 + 1.34 +16.48 £+ 2.42
a2 [-15.77,-11.52] [+2.35,+5.81] [+13.52,+19.43]
Llama-3.1-8B +1.16 £1.16 +4.78 +1.06 —1.06 £+ 3.25
amaz. 1 [—0.58,42.91]  [+3.18,46.37]  [—3.29,+1.11]

Table 5: Factorial effects on Math500 under stochastic decoding with temperature=0.8 across three runs. Values
report mean effect + run-level standard deviation and unadjusted 95% paired item-level bootstrap confidence
intervals (in percentage points).

Model Akey Aprompt Aint
Qwen2.5-38 +1.87+£232  40.67+£1.42  —2.07+2.01
wens.>- [—0.27,44.07)  [-1.27,42.60]  [—5.07,+1.00]
Qwen2.5-7B +1.67+£1.29  4+1.00+1.11 ~0.93+1.10
wenz.o- [—0.53,+3.87]  [~1.00,43.00]  [—3.93,+2.13]
o —17.00£1.74  42.13+£1.14  +16.40 £ 2.20
DeepSeck-R1-Distill-Qwen-7B 1 9 53 “13.60]  [~0.07, +4.40] [+12.13, +20.73]
—347+0.83  +0.13+£1.36  —0.67=+2.50
Qwen2.5-Coder-14B [-5.53,—1.40]  [~1.67,42.00]  [-3.80, +2.33]
Llama.3.2-1B ~1.93+155  —0.27+0.95  +2.60=+1.04
ama-3.2- [-3.40, —0.47]  [-1.67,41.13]  [+0.67,+4.60]
Llama.3.2.3B ~500+1.56  +240+275  +4.53+2.48
ama-3.2- [~7.20,-2.87]  [+0.47,44.33]  [+1.60,+7.53]
Llama3.1.8B 4+0.60+£2.80  40.53+1.70  —1.67+2.70
: [~1.67,+2.93]  [-1.67,42.73]  [-4.73,+1.33]
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