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Abstract

While modern Large Language Models (LLMs)
demonstrate remarkable semantic reasoning, their
auto-regressive architecture imposes a fundamen-
tal limitation: a “myopic” generation process
that lacks inherent look-ahead planning. This
deficiency becomes critical in Constrained Text
Generation (CTG), where satisfying complex con-
straints requires anticipating future tokens before
they are generated. We introduce CTGBENCH, a
benchmark designed to isolate and stress-test this
planning gap in modern LLMs. CTGBENCH con-
tains 348 parameterized prompt templates (101
local, 97 global, 150 hybrid) and 7,740 instan-
tiated prompts. By deconstructing tasks into (i)
Local (token-level), (ii) Global (sequence-level),
and (iii) Hybrid (mixed token-level and sequence-
level) constraints, we provide a precise diagnos-
tic tool, including a robust evaluation suite, for
quantifying and improving long-horizon control-
lability in language generation. Across five mod-
els, we find that structural control remains lim-
ited: no model exceeds 25.1% accuracy on hy-
brid constraints. Our code is made accessible via
https://github.com/shinyweng/CTGBench.

1. Introduction

Auto-regressive language models generate text one token
at a time, conditioning on the prefix they have already pro-
duced. This factorization is highly effective for open-ended
generation, but it becomes brittle when validity depends on
information that lies in the future of the sequence. A model
asked to write a paragraph with exactly 150 characters, or a
list whose final item must close a structural dependency in-
troduced earlier, must commit to early token choices before
it has “seen” the full output it must ultimately satisfy.

This challenge arises naturally in Constrained Text Genera-
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tion (CTG), where correctness depends not only on seman-
tic fluency but also on adherence to explicit structural rules.
Formally, CTG can be viewed as generating a sequence of
tokens y = (¢1,...,t,) such that a constraint function C(y)
evaluates to true. When C' depends on properties of the
entire sequence—such as length, formatting, or cross-token
dependencies—the optimal choice of early tokens may de-
pend on decisions that occur much later in the generation
process.

Consider the prompt: Write five tips for young adults such
that the last letters of each tip spell “F-R-U-I-T”. To suc-
ceed, the model must choose the first words of early sen-
tences while anticipating the last letters of words that will
appear much later in the sequence. Despite strong language
modeling ability, current systems frequently produce fluent
outputs that violate such structural constraints.

We refer to this failure mode as planning myopia: the gap
between locally coherent next-token prediction and globally
valid constrained generation. Intuitively, the choice of the
current token ¢; may depend on properties of future tokens
t;+n—such as their length, content, or formatting—yet stan-
dard left-to-right decoding provides no intrinsic mechanism
for reasoning over that future constraint space.

This failure mode is easy to miss in standard evaluations.
Benchmarks such as MMLU (Hendrycks et al., 2020) and
HumanEval (Chen et al., 2021) emphasize knowledge, rea-
soning, or executable correctness, but they do not isolate
whether a model can satisfy strict structural constraints in
natural-language generation. Instruction-following bench-
marks such as IFEval (Zhou et al., 2023) are closer in spirit,
yet they span many instruction types and do not center
around auditable long-horizon constraint satisfaction as a
first-class axis.

To study this capability directly, we introduce a taxonomy
of constraint types that vary in the degree to which they
require local versus global planning:

* Local constraints: depend only on the next token (e.g.,
“Every word must start with the letter ‘A”).

* Global constraints: depend on properties of the entire
sequence (e.g., “Exactly 20 words total”).

e Hybrid constraints: combine token-level and
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sequence-level requirements (e.g., “A 300-character
movie review containing no letter ‘e”’).

Contributions. We make three contributions. First, we
introduce CTGBENCH, a benchmark for constrained text
generation consisting of 348 parameterized prompt tem-
plates (101 local, 97 global, and 150 hybrid) and 7,740 in-
stantiated prompts. Second, we provide a robust evaluation
pipeline that performs deterministic programmatic verifica-
tion whenever possible and falls back to a strict LLM-based
grader only for the small subset of prompts whose correct-
ness cannot be automatically checked. Third, we present
an empirical study across five models showing that struc-
tural control remains limited even for strong systems: on
the shared evaluation split, no model exceeds 25.1% accu-
racy on hybrid constraints, and fluent outputs frequently fail
simple structural requirements.

2. Related Work

While general-purpose benchmarks like MMLU (Hendrycks
et al., 2020) and HumanEval (Chen et al., 2021) effectively
evaluate broad reasoning and coding abilities, they do not
assess structural controllability in natural language gen-
eration—specifically, a model’s capacity to satisfy strict
sequence-level constraints like exact counts, positional de-
pendencies, or symbolic format rules.

Instruction-following benchmarks are more relevant to our
setting. IFEval (Zhou et al., 2023) measures whether mod-
els satisfy explicit instructions, while FollowBench (Jiang
et al., 2024) studies fine-grained constraint following. CT-
GBENCH differs in emphasis: we focus specifically on
constraint families that expose planning requirements in
left-to-right generation and pair them with auditable scoring
whenever possible.

Our benchmark is also complementary to inference-time
control methods. Grammar-constrained decoding (Geng
et al., 2024), lexically constrained decoding (Hokamp &
Liu, 2017), and lookahead heuristics such as NeuroLogic
A*esque (Lu et al., 2022) aim to enforce structure during
generation. CTGBENCH instead measures the underlying
constrained-generation ability of a model before specialized
decoding is applied, making it useful both as a standalone
evaluation and as a target for future control methods.

3. CTGBENCH Design

3.1. Constraint Taxonomy

We define a taxonomy of constraints to systematically cate-
gorize tasks by increasing levels of difficulty and cognitive
load. Formally, we define these as:

* Local Constraints: Constraints where the validity of

a token t; can be determined solely by the immediate
context window ¢;_, ..., t;—1, independent of the to-
tal sequence length or future states. Affects the next
token only (e.g., “Start every word with ‘A’”).

¢ Global Constraints: Constraints applied to the ag-
gregate properties of the complete sequence X. The
validity function f(X) returns True/False only upon
the EOS (End of Sequence) token. Requires maintain-
ing a running count or looking ahead (e.g., “Exactly
20 words total”).

e Hybrid Constraints: A composition of one local and
one global constraint.

3.2. Semantic Requirements (Orthogonal Axis)

Nearly all prompts include a topical requirement; we eval-
uate semantic adequacy orthogonally on a 1-3 scale so
that structural satisfaction is not conflated with meaning
preservation. We utilize our LLM grader to assess semantic
coherence.

3.3. Prompt Construction and Split

CTGBENCH is defined in code as a parameterized prompt
bank. The current version contains 101 local, 97 global,
and 150 hybrid base templates. Prompt parameters such as
topics, counts, target letters, and formatting symbols expand
the 348 base templates into 7,740 concrete instances.

The shared evaluation split contains 97 base templates and
1,837 expanded prompts: 27 local, 32 global, and 38 hybrid
base families, corresponding to 160, 675, and 1,002 concrete
prompts respectively. We use this split for cross-model
comparison because all five main models were scored on it
under the same protocol.

Table 1. CTGBENCH statistics. “A/B” denotes exact programmatic
versus LLM-judged template families.

Constraint  Base A/B  Expanded Eval
Local 101 96/5 760 160
Global 97 93/4 2,047 675
Hybrid 150 136/14 4,933 1,002
Total 348  325/23 7,740 1,837

3.4. Feasibility Auditing

All expanded prompts were audited for feasibility. We
flagged and removed or revised prompts that were impos-
sible or near-impossible to satisfy—for example, requiring
every word in a long passage to have exactly five syllables
while maintaining coherent prose on a specific topic. For
hybrid prompts in particular, auditing verified that the two
component constraints do not conflict (e.g., “every word
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Figure 1. Constraint pass rate by model and constraint type on the shared evaluation split. The local > global > hybrid ordering holds for

every model.
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starts with ‘S’ combined with “‘and’ appears exactly 3
times”) or trivially subsume one another.

3.5. Verification Modes

Each base prompt family is assigned one of two verification
modes in the repository:

e A-type: correctness is fully and deterministically
checkable with a lightweight Python verifier.

* B-type: exact verification is not reliable with
lightweight rules alone, typically because the prompt
depends on semantics, lexical knowledge, or gram-
matical judgment. We utilize a Qwen3-235B-A22B-
Instruct model (Yang et al., 2025) as the LLM-as-a-
judge (Zheng et al., 2023).

The evaluation pipeline always computes programmatic ver-
ifier output when available and also records LLM-grader
judgments. However, the final authoritative pass/fail label
uses the verifier type attached to the prompt family: A-type
prompts trust the exact verifier, and B-type prompts trust
the LLM grader. On the shared evaluation split, 1,784 of
1,837 prompts (97.1%) are A-type.

This distinction matters in practice. When both signals are
available on A-type evaluation prompts, programmatic and
LLM judgments may disagree. We therefore treat exact
verifiers as authoritative whenever possible.

4. Experimental Setup

We evaluate five instruction-tuned models: Llama-3.1-8B,
Llama-3.3-70B (Grattafiori et al., 2024), DeepSeek-V3.1
(DeepSeek-Al et al., 2025), Claude Sonnet 4.6 (Anthropic,

Table 2. Authoritative pass rates (%) on the shared 1,837-prompt
evaluation split.

Model Local Global Hybrid Overall
Llama-3.1-8B 41.9 11.1 6.2 11.1
Llama-3.3-70B 61.3 22.8 13.1 20.8

DeepSeek-V3.1 56.2 15.0 13.1 17.5
Claude Sonnet 4.6 65.6 24.6 16.0 23.5
Claude Opus 4.6 76.2 452 25.1 37.0

2026b), and Claude Opus 4.6 (Anthropic, 2026a). All gen-
erations use the same system prompt, temperature 0.2, and a
maximum of 512 new tokens. The system prompt requests
that the final answer be enclosed in <answer> tags so that
scoring can reliably isolate the model’s final output.

Models were run on the full 7,740-instance benchmark,
after which the shared evaluation split was extracted. How-
ever, Claude models were generated only on the same 1,837
evaluation prompts due to monetary constraints. For every
response, we record authoritative pass/fail and an auxiliary
semantic coherence score from 1 to 3, where 3 denotes
coherent, relevant, and semantically sound output.

5. Results
5.1. Main Benchmark

Table 2 reports exact authoritative pass rates on the shared
evaluation split, and Figure 1 visualizes the per-type pattern.

Three findings stand out: first, all models exhibit an ex-
pected difficulty gradient from local to global to hybrid
constraints. Averaged across models, pass rate drops from
60.2% on local prompts to 23.7% on global prompts and
14.7% on hybrid prompts. Second, scale helps but does not
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Figure 2. Constraint pass rate heatmap across models and con-
straint types. Performance degrades consistently from local to
global to hybrid constraints, with Claude Opus 4.6 performing best
overall but still showing substantial failure on hybrid prompts.

solve the problem: Claude Opus 4.6 more than triples the
overall score of Llama-3.1-8B (37.0% vs. 11.1%), yet still
fails 63.0% of evaluation prompts (Figure 2). Third, hybrid
prompts remain especially challenging. No model exceeds
25.1% accuracy despite the fact that hybrid prompts are
constructed from component constraints, local and global,
that are individually solvable at much higher rates.

5.2. Semantic Fluency Does Not Imply Structural
Correctness

The benchmark separates semantic adequacy from struc-
tural validity (Figure 3). Although passing results often
do have higher semantic coherence scores, across all failed
evaluation outputs with available semantic ratings, the mean
semantic coherence score is still high at 2.42/3. For success-
ful outputs it is 2.90/3. In other words, many failures are not
nonsense; they are fluent, topical answers that miss the con-
straint by a small but decisive margin. For example, Claude
Opus 4.6 produces the fluent sentence “Yearly supply nat-
urally flows slowly, steadily, orderly, downwardly” for a
prompt requiring every word to end in —1y; this response
fails on the single word flows. Appendix A.2 contains
additional examples.

5.3. Fine-tuning Results

Table 3 and Figure 4 report the effect of supervised fine-
tuning (SFT) with Low-Rank Adaptation (LoRA) (Hu et al.,
2021) on the two open-weight Llama models. Fine-tuning
data was constructed from the training split using the author-
itative verifier for each constraint (programmatic for A-type,

Table 3. Effect of SFT on constraint pass rates (%). A denotes the
absolute change from the base model.

Model Variant Local Global Hybrid Overall
Base 41.9 11.1 6.2 11.1

Llama-3.1-8B SFT 61.3 144 9.1 15.6
A +194 433 +2.9 +4.5
Base 61.3 22.8 13.1 20.8

Llama-3.3-70B  SFT 67.5 21.5 12.5 20.6
A +6.2 -1.3 -0.6 -0.2

LLM-graded for B-type) as reward signals: for each training
prompt, we sampled multiple completions and retained only
those that passed all constraints.

SFT produces a striking asymmetry across constraint types.
For Llama-3.1-8B, fine-tuning improves all categories, with
local constraints seeing the largest gain (+19.4 percentage
points). Llama-3.3-70B shows a similar local improvement
(+6.2 pp) but regresses on global (—1.3 pp) and hybrid
(—0.6 pp) constraints, resulting in a near-zero overall change

(0.2 pp).

This pattern suggests that SFT effectively teaches surface-
level patterns—formatting rules, word-level constraints, and
other token-local properties that can be learned from input—
output pairs. However, global constraints (e.g., maintaining
a running word count, structuring a multi-paragraph argu-
ment, or satisfying cross-sentence dependencies) require
planning and compositional reasoning that outcome-based
SFT does not directly optimize. For Llama-3.3-70B, which
already handles many local constraints in its base form, SFT
appears to overfit to local patterns at the expense of global
coherence. These findings motivate future work on process
reward models and search-time methods that can provide
fine-grained feedback on intermediate generation steps.

6. Limitations and Future Work

CTGBENCH evaluates single-turn, text-only generation and
does not cover multi-turn interaction, tool use, or multi-
modal constraints. Our taxonomy, while systematic, is not
exhaustive: real-world CTG tasks may involve domain-
specific rules or soft preferences that resist binary verifi-
cation. The B-type (LLM-judged) subset, though small
(2.9% of eval prompts), introduces grader variance. Our
fine-tuning experiments use LoRA-based SFT only; other
approaches such as DPO (Rafailov et al., 2023) or RLHF
(Ouyang et al., 2022) may yield different patterns.

These gaps suggest several directions. First, Structural
Chain-of-Thought: training models to maintain intermediate
state variables—running counts, letter queues, dependency
structures—in a scratchpad before producing the final out-
put, analogous to how CoT improves mathematical reason-
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Figure 3. Distribution of semantic coherence scores for passed versus failed outputs across models. Even failed generations are frequently
coherent and relevant, indicating that semantic fluency is a weak proxy for exact constraint satisfaction.

ing (Wei et al., 2022). Second, process-level supervision:
Process Reward Models (Lightman et al., 2023) that evaluate
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A. Appendix

A.1. Example of Prompts Across Constraints

Table 4. Taxonomy of Constrained Text Generation Tasks. We categorize constraints into three levels of planning complexity: Local
(token-level), Global (sequence-level), and Hybrid (multi-objective). The table provides representative examples from our proposed
dataset used to evaluate auto-regressive planning capabilities.

Constraint Class

Example Prompt (Input)

Local Constraints

(Token-Level)

1. Explain how a car engine works using only words that have exactly one syllable.

2. Write a sentence where each word is strictly longer than the word immediately preceding it.

3. Describe what a forest is without using the letter ‘e’.

Global Constraints

(Sequence-Level)

the entire review must be exactly 4.

1. Write a review of a movie using exactly 20 words. The total number of the letter ‘e’ used in

2. Write a poem about space where the first letters of each line spell out the word ‘GALAXY’.
3. Write a text where the word ‘time’ appears exactly at the beginning, the exact middle, and the

very end of the sequence.

Hybrid Constraints

(Local + Global)

1. Write a review of a book using exactly 15 occurrences of the letter “a”. Additionally, every

single word must contain at least one set of double letters (e.g., book, apple, seed).
2. Write a 5-sentence paragraph about classical music where the total word count is exactly 80.

Additionally, every single word must start with the letter “S”.

3. Write a short story about the ocean where the first and last words are identical. Additionally,

every single word must start with the letter “S”.

A.2. Example of OQutput & Failures

Table 5. Qualitative Examples of Output & Failures. We highlight representative failures where auto-regressive models generate
semantically coherent text that violates structural constraints.

Constraint Type Prompt & Model Response Failure Analysis

Local Prompt: Describe what a forest is without using the letter ‘e’. Failure: Uses the letter ‘e’ in
Output: A forest is a vast natural world full of tall trees and dense under- “trees” and “‘dense”. The model
growth... produces fluent prose but fails the

token-level constraint.

Global Prompt: Write a review of a movie using exactly 20 words. The total Failure: Expected exactly 20
number of the letter ‘e’ used in the entire review must be exactly 3. words, got 13. The model fails
Output: A thrilling film, full of twists. It’s a grand story, told with skill. both the word count and letter

count constraints.

Hybrid Prompt: Write a 5-sentence paragraph about classical music where the  Failure: Maintains the per-word
total word count is exactly 80. Additionally, every word must start with the  constraint (S-words) but fails the
letter “S’. exact word count target.

Qutput: Symphonic sounds soar softly, stirring souls since centuries
started...
Hybrid Prompt: Write a story about a lost key that is exactly 100 words long. Failure: Multi-syllable words like

Additionally, use only words with exactly one syllable.
QOutput: Yearly supply naturally flows slowly, steadily, orderly, down-
wardly...

“naturally” and “steadily” violate
the one-syllable local constraint.




