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Abstract
Large language models must satisfy hard orthographic constraints during controlled text generation, yet systematic
cross-family evaluation remains limited. We evaluate 39 configurations spanning three model families (Qwen3,
Claude Haiku 4.5, GPT-5-mini) on 58 word puzzles requiring character-level constraint satisfaction. Cross-family
differences produce substantially larger performance gaps (2.0–2.2×, F1 =0.761 vs. 0.343) than parameter scaling
within families (83% gain from 4B to 32B scaling), and a partial-correlation analysis rules out tokenizer design as a
confound for within-family scaling. Thinking budget sensitivity proves heterogeneous: high-capacity models show
strong returns (+0.102 to +0.136 F1), while mid-sized variants saturate or degrade, showing inconsistent compute
benefits. Using difficulty ratings from 10,000 human solvers per puzzle, we establish modest but consistent calibration
(ρ = 0.28–0.42) across all families, yet identify systematic failures on common words with unusual orthography
(“data”, “loll”, “acai”: 83–91% human success, 94–98% model miss rate). These failures point to over-reliance on
distributional plausibility that penalizes orthographically atypical but constraint-valid patterns.

Keywords: large language models, constrained generation, orthographic constraints, reasoning budgets,
human difficulty alignment, NLP evaluation

1. Introduction

How do large language models satisfy hard ortho-
graphic constraints during text generation? Con-
sider a model asked to generate English words us-
ing only the letters {A, G, I, L, N, O, W}, where every
word must contain W and have at least four letters.
This task requires satisfying discrete character-
level rules, a fundamental challenge distinct from
the semantic pattern matching that dominates lan-
guage model training (Pulvermüller, 2010). Unlike
classification tasks with predefined outputs, con-
strained generation demands navigation of large
combinatorial spaces while maintaining strict con-
straint adherence (Garbacea and Mei, 2025; Min
et al., 2023; Yin and Neubig, 2022). Character-
izing how neural networks handle symbolic con-
straints informs applications requiring structured
output (educational word games, controlled con-
tent generation, formal language tasks) while prob-
ing whether current architectures represent linguis-
tic structure beyond distributional patterns.1

Despite extensive research on language model
generation capabilities, few studies examine how
models handle hard orthographic constraints in
open-vocabulary settings. Prior work on con-
strained text generation has largely focused on se-
mantic or lexical constraints (Lu et al., 2022), while

1Code and model outputs: https://github.com/
ReDASers/spelling-bee-llm-eval.
Spelling-Bee Dataset: https://huggingface.co/
datasets/redasers/spelling-bee-human-difficulty

recent benchmarks suggest models still struggle
with explicit character-level rules (Edman et al.,
2024). Little prior work has systematically evalu-
ated how model scale, computational budgets, and
reasoning modes interact to satisfy character-level
constraints with human-calibrated difficulty data.

A core tension in constrained generation is the
conflict between distributional plausibility and struc-
tural validity (Dziri et al., 2023; Andreas, 2022).
Models trained on distributional patterns may as-
sign low generation probabilities to constraint-valid
solutions with atypical orthographic patterns (Liu
et al., 2023): a word may be frequent in training
data yet appear implausible under specific letter
restrictions, or satisfy all constraints yet trigger low
generation probabilities due to unusual letter com-
binations.

We address this gap using word puzzles from
the New York Times Spelling Bee, where mod-
els generate English words using only specified
letter sets with mandatory letter inclusions and
minimum length requirements. This task provides
three methodological advantages: (1) it isolates
constraint-handling from semantic reasoning, en-
abling focused study of orthographic knowledge;
(2) difficulty is calibrated for human solvers, pro-
viding ecological validity for model-human com-
parison; and (3) solver data from 10,000 solvers
per puzzle enables direct calibration without proxy
measures.

We conduct an evaluation across three model
families spanning 39 configurations from Qwen3,
Claude Haiku 4.5, and GPT-5-mini, testing direct

https://github.com/ReDASers/spelling-bee-llm-eval
https://github.com/ReDASers/spelling-bee-llm-eval
https://huggingface.co/datasets/redasers/spelling-bee-human-difficulty
https://huggingface.co/datasets/redasers/spelling-bee-human-difficulty
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generation and reasoning-guided modes with vary-
ing computational budgets. Across 58 puzzles, we
evaluate 2,262 experiments (39 configurations ×
58 puzzles) in zero-shot settings to isolate intrinsic
constraint-handling capabilities.

Our contributions are as follows:

1. Cross-family performance characterization
(Section 5.1): Cross-family differences sub-
stantially exceed within-family scaling gains,
with the gap manifesting primarily through re-
call rather than precision. While the drivers
(architecture, training data, or optimization)
cannot be fully isolated, a partial-correlation
analysis (Appendix A.5) rules out tokenizer
design as a within-family confound.

2. Heterogeneous budget sensitivity (Sec-
tion 5.2): Thinking budget effects vary dramat-
ically across models: high-capacity variants
show strong returns, mid-size models degrade
monotonically with increased allocation, and
the mixture-of-experts 30B variant requires a
substantial computational budget to compen-
sate for its limited effective capacity.

3. Human difficulty alignment with failure
analysis (Sections 5.3, 5.4): Using 10,000
solvers per puzzle, we establish modest but
consistent model-human calibration across
families, yet identify systematic failures on
common words with unusual orthography that
point to over-reliance on distributional plausi-
bility.

2. Related Work

Orthographic Knowledge in Language Models.
Language models encode orthographic structure
beyond token frequencies (Itzhak et al., 2022), yet
limitations persist: multilingual LLMs over-weight
orthographic similarity when processing interlin-
gual homographs (Tanwar et al., 2025), show
systematic gaps in grapheme-to-phoneme map-
ping (Suvarna et al., 2024), and exhibit brittleness
to character-level perturbations from subword to-
kenization (Chai et al., 2024). While character-
level (Bunzeck et al., 2024) and byte-level ap-
proaches (Dang et al., 2025) avoid tokenization
artifacts, they remain less common than subword-
based architectures. These findings reveal that or-
thographic knowledge in LLMs remains fragmented
and inconsistent, motivating systematic evaluation
under explicit constraint satisfaction rather than
recognition tasks alone.

Constrained Generation Methods. Existing
approaches primarily employ decoding-time guar-
antees through Grid Beam Search (Hokamp and
Liu, 2017), DOMINO (Beurer-Kellner et al., 2024),

and grammar-constrained generation (Raspanti
et al., 2025; Park et al., 2025), which guaran-
tee constraint satisfaction by restricting the to-
ken space during decoding. We test whether
instruction-tuned models can satisfy constraints
through prompting alone, without decoding-time
enforcement.

Evaluation with Word Puzzles and Human
Difficulty. Word puzzle tasks provide structured
testbeds for constraint satisfaction (Giadikiaroglou
et al., 2024). Recent work on crossword solv-
ing (Saha et al., 2025) demonstrates LLM capa-
bilities on character-constrained puzzles requiring
length adherence and character overlaps. Work on
lexical complexity prediction (Kelious et al., 2024;
Nohejl et al., 2025) shows models can assess word
difficulty, but evaluations typically lack human diffi-
culty baselines for generative tasks. Existing lex-
ical complexity evaluations use frequency-based
features with small annotator pools (Kelious et al.,
2024) or word frequency norms as proxies for hu-
man familiarity (Nohejl et al., 2025). We instead
incorporate behavioral data from 10,000 solvers
per puzzle to enable direct model-human calibra-
tion on constraint satisfaction performance.

3. Experimental Setup

3.1. Task Definition

Models generate English words satisfying explicit
orthographic constraints. Each puzzle specifies
seven unique letters, one designated as manda-
tory. Valid outputs must satisfy three constraints:
minimum four letters, exclusive use of the seven
available letters (repetition permitted), and manda-
tory inclusion of the designated center letter. For
example, given {A, G, I, L, N, O, W} with W as
mandatory, “wagon” is valid (uses only available
letters, includes W, length ≥ 4) while “along” is in-
valid (missing W) and “awning” is valid (uses A, W,
N, I, N, G from available set, with N repeated).

Words using all seven letters are designated
“pangrams.” Puzzles are drawn from a profession-
ally curated collection to ensure vocabulary diver-
sity and appropriate difficulty for human solvers.

3.2. Dataset

We evaluate models on 58 consecutive daily
puzzles from the New York Times Spelling Bee
(June 2–July 29, 2025), containing 2,710 total word
instances spanning 2,007 unique words across
curated, human-verified solution sets.Table 1
presents comprehensive dataset statistics, includ-
ing dataset scale, solution set sizes per puzzle,
word length distributions, and pangram counts.
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Property Value/Mean Range

Words per puzzle 46.7± 12.1 22–72
Pangrams per puzzle 1.62± 0.83 1–4
Word length (letters) 5.52± 1.59 4–13

4-letter words 940 (34.7%)
5-letter words 615 (22.7%)
6+ letter words 1,155 (42.6%)

Table 1: Puzzle and vocabulary characteristics.
Solution sets average 47 words with substantial
variability (22–72), and longer words (6+ letters)
comprise 43% of targets.

3.3. Human Difficulty Data

We augment each puzzle with aggregate perfor-
mance statistics from the NYT Spelling Bee plat-
form, where 10,000 solvers attempt each daily
puzzle. For each word, we obtain solver success
rates (range: 3–97%), providing ground-truth hu-
man difficulty estimates calibrated to actual solver
performance rather than proxy measures. The
platform provides optional solver aids, including a
grid of remaining words organized by starting letter
and length, and a two-letter frequency list. Re-
ported success rates therefore reflect potentially
hint-assisted performance, which may inflate suc-
cess rates relative to unaided solving.

3.4. Models and Configurations

We evaluate three model families to examine con-
strained generation across scales, architectures,
and reasoning mechanisms. The selection enables
controlled comparison: Qwen3 provides open-
source models spanning parameter scales with
both dense and mixture-of-experts architectures,
while Claude Haiku 4.5 and GPT-5-mini represent
proprietary systems with different reasoning imple-
mentations, allowing us to compare cross-family
differences against within-family scaling effects.

Qwen3 Family. Five open-source Qwen3 mod-
els (Yang et al., 2025) span 4B to 32B parameters:
four dense transformers (4B, 8B, 14B, 32B) and
one Mixture-of-Experts model (30B-A3B with 3B
active parameters). This family enables within-
architecture scaling analysis while the MoE variant
tests whether sparse expert routing affects con-
straint satisfaction. We test each model in direct
generation mode and thinking mode, both at three
token budgets (4K, 8K, 16K), yielding 30 config-
urations (5 models × 6: 3 direct + 3 thinking).
Thinking mode generates reasoning traces before
outputs; direct mode produces responses imme-
diately. Varying the output budget in direct mode
controls maximum generation length, which affects

System Context

“You are an expert at solving NY Times
Spelling Bee puzzles.”

Available Letters (ONLY THESE 7)

A | G | I | L | N | O | W

CENTER LETTER (must be in every
word): O

RULES

✓ Use ONLY these 7 letters: A, G, I, L, N, O, W
✓ Every word MUST contain the center letter: O
✓ Minimum 4 letters per word
✓ Letters can be reused (e.g., ’meet’ uses E twice)
✓ Only common American English words
✓ BONUS: Words using all 7 letters (pangrams)

are especially valuable

INSTRUCTIONS
1. Start with the center letter and build words

around it
2. Focus on word patterns: common roots, prefixes,

suffixes
4. Skip words with letters NOT in the available set
5. Find as many valid English words as possible
6. Only include words you are confident exist

in standard dictionaries

OUTPUT FORMAT

After your thinking, provide ONLY a clean list
of valid words.
- One word per line
- No numbers, bullets, or punctuation
- No explanations, notes, or commentary
- No blank lines between words

Start your word list now:

Figure 1: Zero-shot prompt structure. The prompt
specifies the seven available letters, marks the
mandatory center letter, and enumerates all con-
straints explicitly. Models receive identical specifi-
cations without solution counts, isolating intrinsic
constraint-handling from memorization or calibra-
tion to expected output lengths.

the number of words produced.
Claude Haiku 4.5. We evaluate Claude Haiku

4.5 (Anthropic, 2025) in direct generation mode at
three budgets (4K, 8K, 16K tokens) and extended
thinking at three budgets (4K, 8K, 16K tokens),
yielding 6 configurations.

GPT-5-mini. We test GPT-5-mini (OpenAI, 2025)
at three reasoning effort levels (low, medium, high),
yielding 3 configurations. All GPT-5-mini configura-
tions use reasoning; no direct generation baseline
is available.

3.5. Prompt Design

Figure 1 illustrates the zero-shot prompt structure.
All models receive identical prompts specifying the
seven available letters, mandatory center letter,
and three constraints. Prompts use a target-free
formulation (“Find as many valid English words as



5469

possible”) without revealing solution counts, and
request one word per line as output.

3.6. Implementation Details

Qwen3 models run on vLLM (Kwon et al., 2023)
(NVIDIA A100 GPUs) with Qwen-recommended
sampling parameters: temperature 0.6, top-p 0.95,
top-k 20, and repetition penalty 1.2 for thinking
mode; temperature 0.7, top-p 0.8, top-k 20, and
repetition penalty 1.2 for direct mode. Thinking bud-
gets are enforced through two-stage generation:
stage one generates up to the budget limit, and if
the thinking trace is not complete, an early-stop
prompt is injected to trigger the answer. Claude-
Haiku uses the Anthropic API with native extended
thinking support, where budget_tokens directly
caps thinking length and temperature is fixed at
1.0. GPT-5-mini uses the OpenAI Responses API
with three qualitative reasoning effort levels (low,
medium, high); we map these to approximate bud-
get equivalents (4K, 8K, 16K) for cross-model com-
parison. Claude-Haiku and GPT-5-mini use API-
default sampling parameters.

4. Evaluation Metrics

4.1. Standard Metrics

We evaluate generation quality using precision, re-
call, and F1 score. For puzzle i, let Gi denote gen-
erated words and Si denote the verified solution
set. Precision is P = |Gi ∩ Si|/|Gi|, recall is R =
|Gi ∩ Si|/|Si|, and F1 score is F1 = 2PR/(P +R).

4.2. Human Difficulty Alignment

Using solver data from 10,000 solvers per
puzzle, we define human difficulty for each
word-puzzle occurrence as dh(w, p) = 1 −
(user_success_count(w, p)/10,000), ranging from
0.03 to 0.97 across 2,710 word-puzzle instances.
Words appearing in multiple puzzles receive inde-
pendent difficulty scores per occurrence, as the
surrounding letter set affects solver success rates.

We compute two alignment metrics: (1) calibra-
tion strength, Spearman rank correlation between
human difficulty and model difficulty (fraction of
configurations in which the model missed each
word), and (2) quartile stratification, model recall
across human difficulty quartiles (Q1: easiest 25%,
Q4: hardest 25%).

4.3. Length-Stratified Analysis

We stratify recall by word length (4-letter, 5-letter,
6-letter, 7+ letters) to identify length-dependent fail-
ure patterns. Recall is computed as the fraction

Qwen-4B Qwen-8B Qwen-14B Qwen-30B Qwen-32B Claude-Haiku GPT-5-mini
Model Size

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

F1
 S

co
re

Model Scaling Across Thinking Budgets
4K
8K
16K

Figure 2: Cross-family performance comparison
across thinking budgets. Proprietary models
achieve 2.0–2.2× higher F1 than the largest open-
source model, with the gap driven primarily by re-
call (68% vs. 23%) rather than precision. Budget
sensitivity varies across families.

of words in each length range successfully gener-
ated, aggregated across all puzzles. Section 5.4
shows that models degrade catastrophically with
word length (up to 71× for small models) while
humans decline only 1.3×.

5. Results

5.1. Cross-Family and Scale Effects on
Constraint Satisfaction

Figure 2 reveals a performance hierarchy across
model families. Proprietary models achieve F1
scores 2.0–2.2× higher than the largest open-
source configuration tested. Within the Qwen fam-
ily, scaling from 4B to 32B yields an 83% F1 im-
provement (0.187 to 0.343), far less than the cross-
family gap. Constraint satisfaction depends on fac-
tors beyond parameter scaling alone, though the
specific drivers (architectural innovations, training
data composition, tokenizer design, or optimiza-
tion procedures) cannot be disentangled without
access to proprietary details.

Precision-Recall Decomposition of Perfor-
mance Differences Across all 39 configurations,
no model produced a single word using letters out-
side the specified set in their final respective output
(Appendix A.1). This perfect exclusion compliance,
verified programmatically by checking each gener-
ated word against the puzzle letter set, reveals an
asymmetry: models flawlessly verify “is this letter
allowed?” yet fail to retrieve valid words from the
same letter set. The constraint satisfaction bot-
tleneck lies in generation under constraints rather
than constraint checking itself.

The performance gap manifests primarily
through recall rather than precision (Table 2). Pro-
prietary models discover far more of the valid solu-
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Model Budget P R F1 Vol

GPT-5-mini 16K 0.888 0.680 0.761±0.073 34.4
Claude-Haiku 16K 0.851 0.574 0.680±0.108 30.4
Claude-Haiku 8K 0.842 0.515 0.633±0.104 27.9
GPT-5-mini 8K 0.839 0.590 0.684±0.125 31.3
Qwen-32B 8K 0.797 0.233 0.343±0.154 12.7
Qwen-30B 8K 0.786 0.201 0.310±0.134 11.2
Qwen-14B 4K 0.768 0.184 0.289±0.116 10.6

Table 2: Highest-performing configurations across
model families, ranked by F1. F1 values include
standard deviation across 58 puzzles. Vol is the
average number of valid words generated per puz-
zle.

tion space, while precision differences remain mod-
est (≈9 percentage points). The gap widens on
pangrams, which require all seven letters: GPT-5-
mini achieves 77.6% pangram recall versus Qwen-
32B’s 15.8%, a 4.9× ratio that exceeds the overall
F1 gap (Appendix A.1). The quality gap extends
beyond recall: 64.6% of GPT-5-mini’s false pos-
itives are valid English words excluded by NYT
editorial curation, compared to 13.3% for Qwen, in-
dicating that raw precision understates the quality
gap between families.

Benefits of Enabling Thinking Mode Enabling
thinking improves performance across all tested
models, though the mechanism differs from con-
ventional expectations (Table 3). Improvements
manifest primarily through precision rather than re-
call, particularly at smaller scales (the gap narrows
for larger models), the opposite of what expanding
solution search would predict. Thinking mode re-
duces false positives more than it expands solution
coverage. This verification-dominant pattern holds
across the Qwen family and extends to Claude-
Haiku, indicating that extended reasoning strength-
ens constraint checking rather than broadening
lexical search. This precision-first mechanism pre-
dicts that budget sensitivity (Section 5.2) should
track verification load: models generating more
false positives at baseline stand to gain most from
additional reasoning tokens.

5.2. Model-Dependent Budget Sensitivity

Figure 3 illustrates heterogeneous budget trajec-
tories across the Qwen3 family and proprietary
models, revealing four distinct behavioral classes.
Optimal thinking budgets diverge across models,
with some showing zero or negative returns from
additional tokens.

Responsive High-Capacity Models: Dense and
MoE Dynamics Within the Qwen3 family, budget
responsiveness (F1 improvement with increased

Model ∆P ∆R ∆F1 Rel. (%)

Qwen-4B +0.454 +0.080 +0.134 +291
Qwen-8B +0.302 +0.109 +0.172 +310
Qwen-14B +0.301 +0.140 +0.214 +335
Qwen-30B +0.155 +0.087 +0.130 +137
Qwen-32B +0.187 +0.141 +0.197 +169

Claude-Haiku +0.414 +0.208 +0.290 +79

Table 3: Thinking mode effects averaged across
matched budgets (∆ = Thinking ON − Thinking
OFF). GPT-5-mini is excluded because all tested
configurations use reasoning (no OFF baseline).

4 6 8 10 12 14 16
Thinking Budget (K tokens)
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Figure 3: Heterogeneous budget sensitivity across
model sizes. Smaller models remain flat with addi-
tional budget, while the 14B variant paradoxically
degrades. The MoE 30B variant (3B active param-
eters) shows the strongest budget dependence
(∆F1=+0.249). Proprietary systems show consis-
tent improvements.

thinking budget) appears only in the high-capacity
variants (30B and 32B), though their architectures
differ fundamentally: the 30B employs mixture-of-
experts (MoE) while the 32B uses a dense archi-
tecture.

The MoE variant exhibits particularly dramatic
budget dependence, underperforming other fam-
ily members at minimal allocation yet improving
from F1 =0.058 to F1 =0.310 in the 4K-to-8K
range before plateauing (∆F1=+0.249). The dense
32B, by contrast, shows only modest sensitivity
(∆F1=+0.033 across the same range). This asym-
metry is consistent with active parameter count as
the driving factor: the 30B-A3B activates only 3B
parameters per token, the smallest effective capac-
ity of any model tested, requiring more reasoning
steps to compensate.

Both patterns carry a practical deployment con-
sequence: large models with insufficient budget
may yield worse performance than smaller models
at the same allocation, inverting typical parameter-
scaling assumptions.
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(b) Model-Human Calibration Strength

Figure 4: Model-human difficulty calibration using 10,000 solvers per puzzle. Left: Performance gradients
from easy to hard words vary by model capacity (19× drop for Qwen-4B vs. 2.5× for GPT-5-mini). Right:
Calibration strength (Spearman ρ) at each model’s F1-maximizing budget shows modest alignment (ρ =
0.28–0.42, all p < 0.001), with proprietary models achieving higher correlations.

Budget-Insensitive Small Models The small-
est variants (4B and 8B) exhibit budget insensitiv-
ity, maintaining flat performance across the tested
range. Without thinking mode, Qwen-4B produces
zero valid words on 51% of puzzles, a complete
generation collapse absent from all proprietary con-
figurations (Appendix A.2). These models lack the
representational capacity to decompose constraint
satisfaction into profitable sub-steps, and additional
budget cannot compensate.

Paradoxical Degradation in Mid-Sized Models
Unlike the small models that gain nothing from
budget and the large models that benefit, the
14B variant actively degrades as reasoning bud-
get increases. One explanation connects to the
distributional plausibility bottleneck identified in
Section 5.4: for a mid-capacity model, extended
thinking may amplify distributional generation with-
out proportionally improving constraint verification,
producing more candidates that appear plausi-
ble but violate constraints. This interpretation
aligns with the Qwen volume-increasing pattern
(Appendix A.2), where more budget generates
more candidates rather than better-verified ones.

Proprietary Model Budget Efficiency Propri-
etary models (Claude-Haiku, GPT-5-mini) show
consistent positive returns across the full budget
range without saturation or degradation. The ap-
pendix generation strategy analysis (Appendix A.2)
reveals a mechanistic explanation: Claude reduces
output volume by 19% under thinking while dou-
bling F1, a volume-decreasing pattern where ad-
ditional tokens refine the candidate set. Qwen
models, by contrast, increase output volume under
thinking. The volume-decreasing pattern scales
better because additional reasoning tokens appear
to eliminate false positives, whereas volume ex-

pansion generates more candidates that require
increasingly costly verification.

5.3. Human Difficulty Alignment with
Model-Specific Gradients

The cross-family performance gaps and budget
sensitivity patterns documented above raise a com-
plementary question: do these differences track
human difficulty perception? Using ground-truth
data from 10,000 NYT Spelling Bee solvers per
puzzle, we find that calibration follows the same
cross-family hierarchy.

Calibration Strength Across Model Families
We measure calibration using Spearman rank cor-
relation between human difficulty and model miss
rate (Figure 4). Among the four dense Qwen mod-
els, calibration is stable across scale (ρ = 0.28
to 0.30, all p < 0.001), indicating that parameter
scaling alone does not improve human difficulty
alignment. The MoE 30B variant achieves notably
higher calibration (ρ = 0.36) at its F1-maximizing
budget, consistent with its distinctive budget sen-
sitivity profile (Section 5.2). Proprietary models
reach the highest alignment (Claude-Haiku ρ =
0.42, GPT-5-mini ρ = 0.41; all p < 0.001). The
gap between dense Qwen models and proprietary
models mirrors the cross-family F1 pattern from
Section 5.1: the factors driving performance gains
also improve human-like difficulty perception.

Difficulty Gradients and Uniform Performance
Gaps Difficulty gradients vary sharply by capac-
ity (Figure 4, left panel). Gradient steepness spans
an order of magnitude across models, tracking the
same capacity axis that drives recall differences
(Section 5.1): models with limited recall lose a
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Word Model Miss (%) Human Success (%) Puzzles Pattern

loll 98.3 83.4 3 Doubled cons.
illicit 98.3 84.3 3 Doubled cons.
acai 97.4 84.2 3 Loanword
nana 96.8 84.7 4 Repeated letters
annotation 96.6 86.1 3 Doubled cons.
momma 96.6 87.6 3 Doubled cons.
papa 95.7 88.8 3 Repeated letters
ammo 94.0 89.5 3 Doubled cons.
data 93.8 91.1 5 Atypical pattern
toon 92.3 91.9 4 Repeated letters

Table 4: Systematic failures: words with mean hu-
man success >80% but high model miss rates
(>92%) across all configurations. Human suc-
cess is averaged across puzzle appearances. Puz-
zles indicates how many of the 58 puzzles con-
tained each word. Pattern categories: doubled
consonants (ll, nn, mm), repeated letters (sym-
metric patterns), loanwords (borrowed terms with
non-English orthographic origins), atypical patterns
(common words whose letter patterns are under-
represented relative to their frequency).

larger fraction of their retrieved set as difficulty in-
creases. Scaling within the Qwen family improves
robustness but does not eliminate the steep gra-
dient, while the flatter proprietary gradients reflect
the same broadly superior constraint-satisfaction
capabilities that produce their recall advantage.

The proprietary models’ absolute recall advan-
tage persists uniformly across all difficulty quartiles,
ruling out differential handling of difficult cases as
the sole explanation. The uniform gap points to
broadly superior constraint-satisfaction capabilities
rather than merely better strategies for edge cases.

Systematic Failures and Two-Component Diffi-
culty Structure Even the strongest correlations
leave substantial unexplained variance. Words like
“data,” “toon,” and “papa” (Table 4) exemplify a re-
curring pattern: humans find these words easy yet
models miss them at rates exceeding 92%, despite
clear vocabulary presence. These misses cannot
be attributed to lexical gaps (all words appear fre-
quently in pre-training corpora) but rather to failures
in recognizing valid letter combinations under the
specific constraint structure of each puzzle.

The moderate calibration coupled with substan-
tial model-specific failures is consistent with par-
tially overlapping difficulty drivers: (1) inherent lin-
guistic difficulty that affects humans and models
similarly, and (2) model-specific difficulty arising
from capacity or training limitations. Proprietary
models achieve both higher correlations and better
absolute performance, indicating partial alignment
between these components. Inter-model agree-
ment on puzzle difficulty (mean ρ = 0.457; Ap-
pendix A.4) exceeds any individual model’s align-
ment with human solvers, though this comparison
spans different granularities (puzzle-level F1 vs.

word-level miss rates) and the puzzle-level aggre-
gation reduces noise. The direction nevertheless
suggests that models share retrieval biases par-
tially distinct from human difficulty drivers.

5.4. Length-Dependent Performance and
Systematic Difficulty Patterns

The 60–80% of variance unexplained by human
difficulty (Section 5.3) points to model-specific fail-
ure modes. We investigate the structural proper-
ties behind this variance through two complemen-
tary lenses: categorical orthographic patterns that
trigger systematic failures, and continuous length-
dependent degradation that affects all models to
varying degrees.

Categorical Orthographic Pattern Failures Ta-
ble 4 identifies words that humans find easy yet
get missed by models at extraordinarily high rates
across all configurations. These failures cluster
into three orthographic categories:
• Doubled consonants: consecutive identical

consonants such as ll, nn, mm (“illicit,” “loll,” “an-
notation,” “momma,” “ammo”).

• Repeated letters: the same letter appearing
multiple times non-consecutively, creating palin-
dromic or symmetric patterns (“papa,” “nana,”
“toon”).

• Loanwords and atypical patterns: borrowed
terms with non-English orthographic origins
(“acai”) and common words whose letter patterns
are underrepresented relative to their frequency
(“data”).
The words in Table 4 appear frequently in train-

ing corpora, yet models miss them consistently
across all configurations. Most are 4–5 letters long,
the length range where models perform best over-
all. Orthographic atypicality overrides the length
advantage, making these failures more diagnostic
of the distributional plausibility bottleneck than the
length gradient alone. These systematic retrieval
failures persist across model families and scales.

Length-Dependent Performance Degradation
Figure 5 quantifies length-dependent patterns
through direct model-human comparison. Perfor-
mance stratified by word length reveals a consis-
tent monotonic pattern: all models perform best
on short words and progressively worse as length
increases. This length gradient appears universal
across model families but varies sharply in magni-
tude, with weaker models collapsing almost entirely
on longer words while stronger models maintain
substantial recall even at length extremes. Both
humans and models exhibit monotonic decline as
word length increases, confirming that length inher-
ently increases difficulty. However, the magnitude
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Figure 5: Word length effects on model and human performance. Left: Model recall by word length. Right:
Human success declines gently (1.3× drop) while models show catastrophic degradation (1.5–71×+
drops).

of degradation differs dramatically: human suc-
cess declines gently (1.3× from 4-letter to 7+ letter
words), while model degradation ranges from 1.5×
to over 71× depending on capacity. These archi-
tectures lack the robustness humans employ to
maintain performance as combinatorial complex-
ity grows. A partial-correlation analysis control-
ling for token count confirms that this degradation
tracks character-level complexity rather than sub-
word tokenization artifacts: within the Qwen family
(shared tokenizer), token count adds no predictive
power beyond character length (partial r = −0.004,
p = 0.845; Appendix A.5).

Candidate Mechanistic Bottlenecks: Distribu-
tional Plausibility and Working Memory The
observed failure patterns motivate two candidate
computational bottlenecks. We present these as
hypotheses that account for the empirical evidence
rather than demonstrated mechanisms.

Hypothesis 1: Over-reliance on distributional
plausibility. The categorical pattern failures indi-
cate that constraint satisfaction may engage dif-
ferent mechanisms than natural language gen-
eration. In free-form text, words like “data” and
“papa” appear in predictable semantic contexts that
prime their generation. In constraint satisfaction
tasks, models must verify character-level proper-
ties independently of contextual cues. The near-
universal failures on doubled consonants (consecu-
tive ll in “illicit,” nn in “annotation,” mm in “momma”)
and symmetric repeated patterns (“papa” with al-
ternating p-a-p-a, “nana” with n-a-n-a) implicate
heavy reliance on distributional plausibility. These
orthographically atypical but constraint-valid pat-
terns may trigger lower generation probabilities
than more common letter sequences, even when
both satisfy constraints equally. We hypothesize
that common words like “data” get systematically
missed because the repeated ‘a’ creates a d-a-t-a

pattern with low generation probability under the
model’s learned distribution.

Hypothesis 2: Limited working memory for
multi-constraint verification. The monotonic
length-dependent decline tracks increasing veri-
fication load: each character in a candidate word
requires an independent set-membership check
against the seven allowed letters, plus verification
that the mandatory letter appears at least once.
A 4-letter word requires 4 such checks; a 9-letter
word requires 9. While each check is simple, main-
taining constraint state across more positions taxes
sequential attention and increases opportunities
for verification errors. Humans maintain 69% suc-
cess on 7+ letter words while small models col-
lapse to 0.3%, suggesting that smaller neural ar-
chitectures lack the working memory capacity or
systematic enumeration strategies humans employ.
Testing this hypothesis would require controlled
experiments varying constraint complexity while
holding vocabulary constant.

Implications. Length-dependent patterns and
systematic orthographic difficulties collectively
demonstrate that constraint satisfaction failures
are non-random. They cluster around structural
properties (increasing length, unusual orthography)
tied to specific computational bottlenecks: limited
working memory for tracking multiple simultaneous
constraints, over-reliance on distributional plausi-
bility that penalizes valid-but-unusual patterns, and
difficulty with systematic enumeration strategies.
These failure modes motivate several directions:
explicit constraint-tracking mechanisms that verify
character-level validity independently of semantic
plausibility, training objectives that reward gener-
ating orthographically unusual but valid solutions,
and prompting strategies that decompose long-
word generation into systematic prefix enumeration
(i.e., building candidate words by extending valid
letter prefixes one character at a time).
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6. Conclusion

We investigated how large language models han-
dle hard orthographic constraints, using the NYT
Spelling Bee as a controlled testbed with human-
calibrated difficulty data from 10,000 solvers per
puzzle. Systematic evaluation across 39 configu-
rations shows that cross-family differences (2.0–
2.2×) substantially exceed within-family scaling
gains (83%), manifesting through recall rather than
precision. Thinking budget effects prove hetero-
geneous: the 14B model degrades with increased
allocation while the MoE 30B variant (3B active
parameters) requires substantial budget to com-
pensate for its limited effective capacity.

Models systematically miss common words with
atypical orthography (“data”: 94% model miss vs.
91% human success), revealing systematic re-
trieval failures despite vocabulary knowledge. Cal-
ibration with 10,000 human solvers is modest (ρ
= 0.28–0.42), with substantial unexplained vari-
ance indicating that model and human difficulty are
driven by partially distinct factors.

These findings motivate four research directions:
(1) explicit verification modules operating indepen-
dently of distributional priors, (2) training objectives
rewarding orthographically unusual but valid so-
lutions, (3) model-specific budget allocation poli-
cies accounting for heterogeneous sensitivity, and
(4) evaluating base model variants to isolate the
effects of alignment training on constraint satis-
faction, as censorship and safety tuning can alter
generation behavior in task-relevant ways (Tuck
and Verma, 2025). If the candidate bottleneck our
analysis highlights (over-reliance on distributional
plausibility when structural validity is required) gen-
eralizes, it could be relevant to other constrained
generation domains where correct outputs may be
distributionally atypical, such as code synthesis
with syntactic constraints, structured data genera-
tion requiring schema conformance, or mathemati-
cal reasoning demanding logical validity in unlikely
intermediate steps.

7. Limitations

The experimental paradigm focuses exclusively
on English orthography, limiting cross-linguistic
generalization, though whether the distributional
plausibility hypothesis transfers to other alphabetic
systems remains untested. The task emphasizes
lexical retrieval and constraint satisfaction without
requiring semantic understanding, isolating one
component of constrained generation while leav-
ing semantic constraint interactions unexplored.
Zero-shot evaluation reveals intrinsic constraint-
handling capabilities; few-shot prompting might
mitigate some failures but would not address un-

derlying architectural limitations.
We evaluate on a single task domain (the NYT

Spelling Bee). While this task provides a controlled
testbed that enables precise measurement of con-
straint satisfaction with human-calibrated difficulty,
generalization to other constrained-generation do-
mains (crossword puzzles, anagram generation,
code synthesis with syntax constraints) remains
an open question. We treat the Spelling Bee as a
methodological foundation; extending to additional
domains is a natural next step.

Finally, the mechanistic hypotheses proposed
in Section 5.4 (distributional plausibility bias and
working memory limitations) are generated by, not
tested by, our empirical findings. Our partial-
correlation analysis (Appendix A.5) rules out tok-
enization as a within-family confound and identifies
only a modest cross-family residual, but validating
the remaining hypotheses would require reasoning
trace analysis to test whether models attempt sys-
tematic enumeration, and probing experiments to
measure internal representations of character-level
constraints.

8. Ethical Considerations

This work evaluates models on a publicly available
word generation task, raising minimal ethical con-
cerns. The experimental instances are drawn from
the New York Times Spelling Bee for research and
evaluation purposes consistent with fair use princi-
ples. We do not redistribute puzzle content beyond
what is necessary for reproducibility. The word
lists reflect editorial curation choices and may en-
code vocabulary biases, though the task focuses
on orthographic constraints rather than semantic
content.
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Model Budget Pangram Non-Dict
Recall (%) FPs/puzzle

Qwen-4B 16K 1.7 1.4
Qwen-8B 4K 2.7 1.9
Qwen-14B 4K 10.5 2.4
Qwen-30B 8K 0.0 2.3
Qwen-32B 8K 15.8 2.6

Claude-Haiku 16K 47.3 4.3
GPT-5-mini 16K 77.6 3.8

Table 5: Pangram recall and non-dictionary false
positives (words absent from any standard dictio-
nary) per puzzle at each model’s F1-maximizing
budget.

A. Supplementary Results

A.1. Pangram Recall and Error Taxonomy

This section examines pangram recall and false
positive composition to determine whether the
cross-family performance gap from the main text
extends to the hardest constraint-satisfaction sub-
task and whether model errors reflect genuine gen-
eration failures or vocabulary breadth.

Table 5 reports pangram recall and non-
dictionary false positive rates at each model’s F1-
maximizing budget. The cross-family pangram re-
call gap between GPT-5-mini and the best open-
source configuration (Qwen-32B) reaches 4.9×.
This substantially exceeds the 2.0–2.2× F1 gap
reported in Section 5.1; notably, Qwen-30B fails to
recall any pangrams at its F1-maximizing budget.
Pangrams require all seven letters simultaneously,
imposing a stricter combinatorial constraint that
amplifies the cross-family divide.

No model in any configuration generates words
violating the letter-set constraint: zero violations oc-
cur across all 39 configurations, verified program-
matically by checking each generated word against
the puzzle letter set (validation code included in
the repository). The precision ceiling is instead
bounded by lexical false positives: words satisfying
the orthographic constraints but absent from the
NYT’s curated answer list.

False Positive Taxonomy Not all false posi-
tives represent the same type of error. A model-
generated word absent from the NYT answer set
may be either (a) a valid English word excluded
by NYT editorial curation or (b) a fabricated string
with no dictionary entry. These error types have dif-
ferent implications: the former reflects vocabulary
breadth exceeding the curated answer set, while
the latter reflects genuine generation failures.

To distinguish these cases, we collected all
words generated across 39 configurations and

Family Unique Total Real English (%)

words instances of unique of occurrences

Qwen† 3,325 4,998 13.3 26.5
Claude-Haiku† 2,746 4,489 17.0 26.0
GPT-5-mini 500 834 64.6 70.7

All models 6,083 10,321 14.4 29.8

Table 6: False positive taxonomy by model family.
Unique words: distinct word forms not in the puz-
zle answer set. Total instances: summed across
all puzzles and configurations. Real English (%
of unique): percentage of distinct false-positive
word forms that are valid English words, validated
against a 259K-entry reference dictionary (NLTK
words corpus + WordNet lemmas). Real English
(% of occurrences): same validation applied to the
total count of false-positive instances across all
puzzles and configurations; a higher rate here than
in the unique column indicates that real-English
false positives are generated more repeatedly than
fabricated ones. Both rates are conservative lower
bounds as the dictionary excludes some domain-
specific and archaic terms. †Includes both di-
rect and thinking mode configurations; GPT-5-mini
lacks a direct mode baseline.

58 puzzles that did not appear in puzzle answer
sets. All generated words were lowercased before
lookup; no lemmatization was applied, so inflected
forms present in either corpus were matched di-
rectly. We validated each against a reference dic-
tionary constructed from the union of the NLTK
words corpus and WordNet lemma set (259,404
entries). This reference dictionary provides broad
coverage of standard English vocabulary but does
not include all domain-specific, archaic, or bor-
rowed terms; consequently, the valid-word rates in
Table 6 are conservative lower bounds.

Table 6 breaks down false positives by family.
The gap between the two Real English columns
(higher by occurrences than by unique words) con-
firms that valid-English false positives recur more
frequently across configurations than fabricated
ones, consistent with models drawing on common
vocabulary items that happen to fall outside NYT’s
curated lists.

The cross-family divergence is sharp: GPT-
5-mini produces the fewest unique FP types
but the highest valid-word rate, dominated by
low-frequency but legitimate English words (e.g.,
“chine,” “milt,” “adit”). Qwen models produce far
more unique FP types, the vast majority of which
are fabricated strings. GPT-5-mini’s profile reflects
broader vocabulary coverage exceeding NYT’s cu-
rated lists; Qwen’s reflects genuine generation fail-
ures. Raw false positive counts therefore conflate
two qualitatively different error types, and unad-
justed precision metrics understate the vocabulary



5478

Model Think Vol ∆Vol F1 ∆F1

Qwen3 Family
4B OFF 2.9 0.048

ON 6.5 +122% 0.187 +0.139
8B OFF 5.9 0.059

ON 8.4 +43% 0.235 +0.177
14B OFF 9.6 0.060

ON 10.6 +10% 0.289 +0.229
30B OFF 4.0 0.072

ON 11.2 +178% 0.310 +0.238
32B OFF 5.8 0.116

ON 12.7 +118% 0.343 +0.227

Proprietary Models
Claude-Haiku OFF 37.5 0.360

ON 30.4 −19% 0.680 +0.321
GPT-5-mini ON 34.4 0.761

Table 7: Generation strategy profiles by thinking
mode at each model’s F1-maximizing budget. Vol:
mean words generated per puzzle. Think: thinking
mode ON or OFF. ∆Vol and ∆F1 show percentage
and absolute change from OFF to ON, computed
as (ON − OFF) / OFF × 100 for ∆Vol and ON −
OFF for ∆F1. GPT-5-mini lacks an OFF baseline
because all tested configurations use reasoning.

quality of models with broader lexical coverage.

A.2. Generation Strategy Under
Extended Reasoning

This section examines how thinking mode changes
generation behavior, distinguishing models that
expand output volume from those that filter it.

Table 7 reports generation volume and F1 un-
der thinking ON versus OFF at each model’s
F1-maximizing budget. Two distinct strategies
emerge.

Volume-Increasing Pattern (Qwen Family) All
five Qwen models increase output volume under
thinking, generating more candidate words and dis-
covering more valid solutions but also introducing
additional false positives. Volume increase magni-
tude does not predict F1 gain (Table 7): the model
that expands most does not achieve the largest F1
improvement, while the model that expands least
achieves a comparable gain. Volume expansion is
therefore necessary but not sufficient; the precision
of expanded candidates varies by model capacity.

Volume-Decreasing Pattern (Claude-Haiku)
Claude-Haiku reverses the pattern: volume de-
creases under thinking while F1 nearly doubles.
This filtering behavior suppresses invalid candi-
dates rather than generating additional ones. Pro-

prietary models generate higher absolute volume
than Qwen models, producing more total false pos-
itives per puzzle (Table 5), but this reflects genera-
tion volume rather than lower precision (Table 2).
The false positive taxonomy in Section A.1 con-
firms that most GPT-5-mini false positives are valid
English words rather than fabrications.

Connection to Budget Sensitivity These pat-
terns explain the budget sensitivity reported in Sec-
tion 5.2. Volume expansion produces diminishing
returns because additional tokens generate more
candidates without proportionally improving con-
straint verification, consistent with the plateau and
degradation observed in Qwen models at higher
budgets. Volume-decreasing behavior yields con-
sistent gains: additional reasoning tokens appear
to remove false positives from the candidate set,
consistent with Claude-Haiku’s monotonic improve-
ment across budgets.

Complete Generation Collapse Without think-
ing, Qwen-4B produces zero valid words on 50.6%
of puzzles (88 of 174 puzzle-configuration pairs
across three budgets), compared to 0% for all
proprietary configurations. Failure rates vary non-
monotonically by budget (46.6% at 4K, 60.3% at
8K, 44.8% at 16K), with the highest failure rate at
the intermediate budget rather than the smallest.
This pattern suggests that output length variation
interacts with generation quality in model-specific
ways and cannot rescue a model below the ca-
pacity threshold for constraint satisfaction. This
complete generation collapse, rather than gradual
degradation, produces the bimodal F1 distributions
analyzed in Section A.3.

A.3. Performance Distribution
Characteristics

Mean F1 scores can obscure qualitative reliability
differences between models. This section exam-
ines per-puzzle F1 distributions to identify failure
modes hidden by averages.

Figure 6 reveals reliability differences that mean
F1 scores obscure. Proprietary models achieve
high means through consistency: tight distributions
concentrated near the ceiling, with zero complete
failures (F1 = 0) across all 58 puzzles. Qwen mod-
els produce qualitatively different distributions, ex-
hibiting mixtures of moderate successes and com-
plete failures rather than uniform moderate perfor-
mance. Even at best configurations, open-source
models occasionally produce zero valid words, a
failure mode entirely absent from proprietary re-
sults.

These failure rates are low in absolute terms but
represent a categorically different reliability profile.
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Figure 6: Per-puzzle F1 score distributions at each model’s F1-maximizing budget. Violin width encodes
density; black lines show means, red lines show medians. Percentages below violins indicate complete
failure rates (F1 = 0).

For deployment, this distinction carries practical
weight: a system that occasionally produces zero
valid outputs requires different error-handling than
one that consistently produces partial solutions,
even at identical mean F1.

A.4. Inter-Model Agreement on Puzzle
Difficulty

This section asks whether models agree on which
puzzles are difficult, and how that agreement com-
pares to model-human alignment.

Figure 7 shows pairwise Spearman rank correla-
tions of per-puzzle F1 scores across all seven mod-
els at each model’s F1-maximizing budget (n = 58
puzzles per pair). The mean pairwise ρ = 0.457
exceeds any individual model’s correlation with hu-
man difficulty (ρ = 0.28–0.42, Section 5.3). How-
ever, the two comparisons operate at different gran-
ularities: inter-model agreement is measured at
the puzzle level, while human-model calibration is
measured at the word level. Puzzle-level aggre-
gation reduces noise and inflates correlations, so
the difference in magnitude should not be over-
interpreted. The direction nevertheless suggests
that models share puzzle-level difficulty drivers that
partially diverge from the factors affecting human
solvers. Plausible sources include common train-
ing data distributions, shared tokenizer-induced
biases, or similar failure modes on orthographically
atypical letter sets.

Agreement structure varies systematically
across the heatmap. Within the Qwen family, small-
to-large correlations are modest, indicating that
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Figure 7: Pairwise Spearman rank correlation
of per-puzzle F1 scores across models at each
model’s F1-maximizing budget. All pairwise corre-
lations significant at p < 0.001. Mean pairwise
ρ = 0.457. White lines separate Qwen (open-
source) from proprietary model families.

scaling changes which puzzles a model finds dif-
ficult rather than uniformly improving all puzzles.
Claude-Haiku and GPT-5-mini show the strongest
pairwise agreement, consistent with their similar
absolute performance levels and filtering-oriented
generation strategies despite different architec-
tures. The cross-family block structure (higher
within-family than between-family correlations for
Qwen) suggests that architecture-specific factors
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Token count Words % Recall

1 429 21.4 0.250
2 1,281 63.8 0.179
3 286 14.3 0.072
4 11 0.5 0.056

Table 8: Distribution of Spelling Bee target words
by Qwen3 subword token count, with aggregate
recall across all model configurations.

Char length n Mean tokens Single-token % Recall

4 589 1.58 42.4 0.275
5 447 1.86 19.9 0.210
6 402 2.05 11.7 0.120
7 279 2.16 8.2 0.087
8 157 2.36 7.0 0.056
9 69 2.41 8.7 0.048

10+ 64 2.59 4.7 0.030

Table 9: Tokenization profile and aggregate recall
by character length. n: number of unique words at
each length. Recall drops monotonically with char-
acter length; single-token percentage also drops,
though the two gradients are only moderately cor-
related.

influence which puzzles are difficult, in addition to
factors shared across all models.

A.5. Tokenization Robustness Check

Section 5.4 reports that model performance de-
grades monotonically with word length. Because
subword tokenizers encode longer words into more
tokens, observed length-dependent degradation
could reflect tokenization granularity (more tokens
= more decoding steps = more opportunities for er-
ror) rather than character-level combinatorial com-
plexity. To distinguish these accounts, we tok-
enized all 2,007 unique target words using the
Qwen3 tokenizer (shared across all five Qwen mod-
els) and analyzed the independent contributions of
character length and token count to model success
rates.

Token Count Distribution Tables 8 and 9 report
the distribution of target words by token count and
character length, with recall averaged across all 39
configurations. The majority of target words require
multiple subword tokens, and mean token count
increases monotonically with character length. The
Pearson correlation between the two predictors is
moderate (r = 0.466, n = 2,007): high enough
that shared variance must be accounted for, but
far from collinear, making partial correlation a vi-
able method to isolate each predictor’s indepen-
dent contribution.

Scope Predictor (controlling for) Partial r p

All models (39 configs) Char length | token count −0.446 < 10−98

Token count | char length −0.110 < 10−6

Qwen only (30 configs) Char length | token count −0.399 < 10−77

Token count | char length −0.004 0.845

Table 10: Partial correlations of word-level success
rate with character length and token count (2,007
unique words). Within the Qwen family (shared
tokenizer), token count has no residual predictive
power after controlling for character length.

Partial Correlation Analysis To isolate each
metric’s independent contribution, we computed
partial correlations of word-level success rate with
character length and token count, each controlling
for the other. Success rates are averaged across
configurations for each unique word (n = 2,007),
treating each word as a single observation. We
report results at two scopes (Table 10): all mod-
els combined (where cross-family tokenizer differ-
ences may contribute) and the Qwen family alone
(shared tokenizer, isolating the within-family con-
found question).

The Qwen-only analysis provides the cleanest
test because all five models share an identical tok-
enizer, eliminating cross-tokenizer confounds. As
Table 10 shows, token count has no residual predic-
tive power beyond character length for within-family
comparisons, while character length retains a ro-
bust independent effect at both scopes. This con-
firms that character-level combinatorial complexity,
not subword segmentation, drives the observed
length-dependent degradation.

Char length r (token count) p 1-token recall 2-token recall

4 −0.038 0.362 0.307 0.297
5 −0.139 0.003 0.271 0.219
6 −0.213 < 0.001 0.150 0.137
7 −0.084 0.164 0.126 0.091

Table 11: Within-length-stratum Pearson correla-
tion of token count with word-level success rate.
Significant effects appear only at 5–6 letters; 4-
letter and 7-letter words show no significant token
count effect.

Within-Length Strata As a further check, we
examined whether token count predicts success
within words of the same character length, remov-
ing between-length variance entirely (Table 11).
Significant token-count effects appear only at inter-
mediate lengths (5–6 letters), where both single-
and multi-token encodings are common enough to
support comparison. At shorter and longer lengths,
the effect is non-significant. The absolute recall
differences between 1-token and 2-token words
within each stratum are small (1–5 percentage
points), compared to the 25-percentage-point re-
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call drop between 4-letter and 7-letter words over-
all. Character-level complexity remains the primary
driver; tokenization contributes a secondary effect
only where encoding variation is sufficient to detect
it.

Across all analyses, character length consis-
tently dominates token count as a predictor of
model difficulty. The cross-family residual (Ta-
ble 10) indicates that tokenizer differences con-
tribute modestly to performance gaps between
families but do not account for the core length-
dependent degradation pattern.
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