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Abstract001

While multimodal large language models002
can describe visual content, their ability003
to generate executable procedures remains004
underexplored. CrochetBench presented005
in this paper evaluates this shift from006
describing to doing through fine-grained007
procedural reasoning in crochet: mod-008
els must recognize stitches, select struc-009
turally appropriate instructions, and gen-010
erate compilable procedures. We adopt011
the CrochetPARADE DSL as our interme-012
diate representation, enabling structural013
validation and functional evaluation via014
execution. The benchmark covers tasks015
including stitch classification, instruction016
grounding, and both natural language017
and image-to-DSL translation. Across all018
tasks, performance sharply decreases as019
the evaluation shifts from surface-level sim-020
ilarity to executable correctness, reveal-021
ing limitations in long-range symbolic rea-022
soning and 3D-aware procedural synthe-023
sis. Our proposed CrochetBench offers024
a new lens for assessing procedural com-025
petence in multimodal models and high-026
lights the gap between surface-level un-027
derstanding and executable precision in028
real-world creative domains. Code is029
available at https://anonymous.4open.030
science/r/crochet-82E6/README.md.031

1 Introduction032

Multimodal large language models can describe033
what they see, but can they explain how to make034
it? Given an image of a piece of furniture or a035
crocheted blanket, current models can fluently de-036
scribe its appearance, yet cannot generate the step-037
by-step instructions needed to assemble or recreate038
it. Closing this gap, from perception to executable039
procedure, is critical for applications in robotics,040
CAD design, and procedural content generation.041
However, evaluating procedural competence is dif-042
ficult: most real-world procedures require physi-043
cal execution to verify correctness. One domain044
offers a rare exception: crochet instruction syn-045

thesis. These crochet instructions follow a formal 046
symbolic grammar that can be compiled and val- 047
idated automatically, enabling scalable evaluation 048
of procedural competence without requiring costly 049
physical execution. 050
Existing multimodal benchmarks largely focus 051

on descriptive tasks. Image captioning benchmarks 052
such as COCO (Lin et al., 2014) and TextCaps 053
(Sidorov et al., 2020) evaluate whether models 054
can generate natural language descriptions of vi- 055
sual scenes. Text-to-code benchmarks such as Hu- 056
manEval (Chen, 2021a) evaluate program synthe- 057
sis but lack visual grounding, while image-to-code 058
benchmarks such as pix2code (Beltramelli, 2017) 059
test layout generation rather than stateful proce- 060
dural reasoning. Even procedural datasets such as 061
Recipe1M+ (Marin et al., 2018) primarily assess 062
cross-modal alignment rather than executable cor- 063
rectness, since validating a recipe requires cook- 064
ing it, a slow and resource-intensive process. No 065
existing benchmark combines visual understand- 066
ing, multi-step procedural decomposition, and au- 067
tomated executable validation. 068
To address this gap, we turn to crochet: an ideal 069

testbed for visual procedural reasoning. Each cro- 070
chet pattern presents a vision-to-procedure chal- 071
lenge. Given an image of a finished artifact, mod- 072
els must infer the sequential construction process: 073
which stitches were used, in what order, and with 074
what counts. This requires (1) fine-grained visual 075
recognition of stitch types from texture and topol- 076
ogy, (2) procedural decomposition into ordered op- 077
erations with symbolic grounding, (3) stateful rea- 078
soning to track counts across steps, and (4) con- 079
straint satisfaction to ensure topological consis- 080
tency. What makes crochet unique is that, cro- 081
chet instructions can be formalized into domain- 082
specific languages and validated through compila- 083
tion, which enables the automated executable eval- 084
uation that other procedural domains lack. 085
In this paper, we introduce CrochetBench, 086

the first benchmark for executable visual proce- 087
dural reasoning in creative domains. Our Crochet- 088
Bench comprises 6,085 crochet patterns spanning 089
55 categories with over 98% image coverage, rang- 090
ing from beginner to expert complexity. We de- 091
sign four tasks of increasing difficulty: Task A 092
(Stitch Recognition) evaluates multi-label vi- 093
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Figure 1: End-to-end data construction and benchmarking workflow for CrochetBench. The
left panel illustrates the data collection pipeline: we download PDF files and image links from crochet
pattern websites, and parse them using GPT-4o-mini to produce structured JSON files. From each JSON
record, we derive four supervised datasets: (A) stitch-level labels, (B) multiple-choice instruction selection
items, (C) natural-language instruction generation pairs, and (D) expert-annotated DSL programs for
procedural synthesis. The right panel summarizes the four benchmarking tasks: Task A evaluates multi-
label visual stitch recognition; Task B measures vision-to-instruction grounding via MCQ selection;
Task C assesses vision-conditioned natural-language instruction generation; and Task D tests stateful
procedural reasoning via NL-to-DSL (Natural Language to Domain-Specific Language) translation with
execution-based metrics.

sual classification; Task B (Instruction Selec-094
tion) evaluates vision-to-language grounding via095
multiple-choice matching; Task C (Instruction096
Generation) evaluates free-form instruction syn-097
thesis from images; and Task D (DSL Trans-098
lation) evaluates translation into executable Cro-099
chetPARADE programs (Tassev, 2025). Together,100
these tasks shift evaluation from surface-level flu-101
ency to procedural correctness, whether outputs102
compile and preserve structural constraints.103
We evaluate nine state-of-the-art vision-104

language models on CrochetBench, including105
GPT-4o (Hurst et al., 2024), Gemini 2.5 Flash-106
Lite (Comanici et al., 2025), Claude Sonnet 4107
(Anthropic, 2025), and open-source alternatives108
spanning 3B to 72B parameters.109
Our evaluation reveals that current models ex-110

hibit a consistent gap between perception and pro-111
cedural synthesis. Models achieve moderate per-112
formance on stitch recognition and instruction se-113
lection, but struggle to generate multi-step instruc-114
tions or executable DSL programs. A case study115
(Figure 2) illustrates this pattern: even when mod-116
els produce fluent instructions that correctly iden-117
tify local details such as colors and motifs, the118
resulting procedures misconstruct global geome-119
try and fail under execution. Also, neither model120

scaling nor supervised finetuning closes this gap. 121
Larger models often achieve lower valid pattern 122
rates during execution due to a tendency to in- 123
vent novel stitch types not defined in the DSL, 124
while finetuning improves text-based metrics with- 125
out improving executable correctness. 126

Our contributions are threefold: (1) We re- 127
lease CrochetBench, the first executable bench- 128
mark for procedural textile crafts, comprising 129
6,085 patterns integrated with the CrochetPA- 130
RADE DSL for automated validation beyond text 131
similarity. (2) We design four tasks of increasing 132
difficulty—stitch recognition, instruction selection, 133
instruction generation, and DSL translation—that 134
enable fine-grained diagnosis of procedural compe- 135
tence. (3) We evaluate nine state-of-the-art vi- 136
sion–language models on CrochetBench and re- 137
veal a consistent gap between recognition and exe- 138
cutable synthesis that persists across model scales 139
and finetuning. 140

2 Dataset Description 141

CrochetBench is a large-scale, structured bench- 142
mark comprising 6,085 crochet patterns across 55 143
distinct project categories. As shown in the left 144
panel of Figure 1, the dataset is constructed from 145
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publicly available patterns on the Yarnspirations146
website1, a widely used repository in the fiber-147
arts community. The raw patterns (originally dis-148
tributed as PDF documents) were parsed and nor-149
malized through a GPT-4o-mini–based conversion150
pipeline that extracted and standardized key fields151
such as metadata, materials, measurements, gauge,152
abbreviations, and full step-by-step instructions.153
Each pattern was then transformed into a JSON154
object following a consistent schema. Each pattern155
pairs a finished-product image with full natural-156
language instructions, enabling both perception-157
and generation-based evaluation.158
CrochetBench exhibits substantial diversity in159

both visual appearance and procedural complexity.160
Patterns vary widely in instruction length, stitch161
vocabulary, and structural depth, supporting eval-162
uation across different levels of difficulty and long-163
horizon reasoning. Detailed statistics, skill-level164
distributions, and a JSON example are provided165
in the Appendix B.166

3 Tasks167

A central goal of CrochetBench is to evalu-168
ate whether multimodal LLMs can move beyond169
surface-level visual description and produce proce-170
durally correct crochet instructions. As shown in171
Table 1, CrochetBench is organized as a progres-172
sion of four tasks that isolate the core cognitive173
abilities required for real-world crochet reasoning.174
Tasks A and B focus on perception and com-175

prehension, representing the minimum prerequi-176
sites for procedural understanding. Stitch recog-177
nition and instruction selection evaluate whether178
models can identify stitch types from images and179
correctly associate visual patterns with corre-180
sponding natural-language instructions. However,181
accomplishing these two tasks does not guaran-182
tee the ability to synthesize a valid crochet pro-183
cedure. Tasks C and D therefore target proce-184
dural generation and formalization, requir-185
ing models to produce coherent, stepwise natural-186
language instructions or executable CrochetPA-187
RADE programs. These tasks demand the inte-188
gration of visual grounding, temporal consistency,189
symbolic manipulation, and domain-specific con-190
straints. The following subsections describe each191
task in detail.192

3.1 Task A: Stitch Recognition193

Task A evaluates a model’s ability to identify194
crochet stitch types from an image of a finished195
product. We construct CrochetBench-A, a sub-196
set of 6,009 examples from the full benchmark,197
where each product image is paired with ground-198
truth stitch annotations. These labels are derived199

1https://www.yarnspirations.com/
collections/patterns

from the official pattern instructions and normal- 200
ized into a standardized set of stitch abbreviations 201
(e.g., sc, hdc, dc) to ensure consistency across pat- 202
terns. Unlike standard image classification, this is 203
a multi-label prediction problem: multiple stitches 204
may co-occur within the same image, often with 205
subtle visual differences in texture and geome- 206
try. This task therefore probes fine-grained visual 207
grounding of structured crochet semantics. 208

Evaluation. For each example, we compute 209
overlap between the predicted and reference stitch 210
sets. True Positives (TP) are stitches correctly 211
predicted; False Positives (FP) are stitches pre- 212
dicted but not in the reference; and False Negatives 213
(FN) are stitches in the reference but missed by the 214
model. From these counts, we compute precision 215
(fraction of correct predictions among all predic- 216
tions), recall (fraction of ground-truth stitches re- 217
covered), and F1 score (harmonic mean) (Powers, 218
2020). Metrics are averaged across examples to 219
provide overall performance. This formulation re- 220
wards models that recover all present stitches while 221
avoiding spurious predictions. 222
Accurate stitch recognition is foundational for 223

the benchmark, as later tasks (e.g., instruction se- 224
lection and instruction generation) depend on ro- 225
bust detection of stitch primitives. 226

3.2 Task B: Instruction Selection 227

Task B evaluates whether a model can correctly 228
associate an image of a finished crochet product 229
image with its corresponding natural-language in- 230
struction. We constructCrochetBench-B, a sub- 231
set of 6,003 examples, where each instance contains 232
one ground-truth instruction and three distractor 233
instructions sampled from the same project cate- 234
gory (e.g., hats, rugs). Because distractors origi- 235
nate from the same category, they share similar vi- 236
sual and lexical structure, thereby increasing task 237
difficulty and preventing solutions based on su- 238
perficial lexical overlap. The answer distribution 239
across options is approximately uniform (A: 24.9%, 240
B: 25.7%, C: 23.7%, D: 25.7%), ensuring no posi- 241
tional bias. 242

Evaluation. To support scalable and repro- 243
ducible benchmarking, we formulate the task as 244
a four-way multiple-choice question (MCQ). The 245
model must select one option (A–D), with exactly 246
one correct answer. Predictions are extracted using 247
a deterministic regex-based parser that identifies 248
explicit letter-based responses (e.g., “A”, “Option 249
B”, “The answer is D”). Accuracy is used as the 250
evaluation metric. 251
This task provides a controlled measure of vi- 252

sual grounding and semantic alignment between 253
images and procedural text, without requiring free- 254
form generation. By forcing discrimination among 255
near-neighbor instructions, Task B probes whether 256
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ID Ability Tested Task Evaluation Metrics Test Size Eval Set

A Recognition Stitch Recognition F1, Precision, Recall 6,009 CrochetBench-A

B Comprehension Instruction Selection Accuracy 6,003 CrochetBench-B

C Generation Instruction Generation BLEU, ROUGE, ChrF 6,009 CrochetBench-C

D Formalization
Instr.-to-DSL (Step) Valid Pattern Rate 119 CrochetBench-Dstep

Instr.-to-DSL (Project) Valid Pattern Rate, Dino
Similarity

100 CrochetBench-Dproj

Table 1: CrochetBench task overview and evaluation metrics.

models can leverage fine-grained visual cues and257
domain-specific stitch semantics, which are essen-258
tial precursors to reliable procedural instruction259
generation.260

3.3 Task C: Instruction Generation261

Task C evaluates a model’s ability to gener-262
ate natural-language crochet instructions from263
an image of a finished item. We construct264
CrochetBench-C, a subset of 6,009 examples in265
which each image is paired with the correspond-266
ing ground-truth textual instruction. In contrast267
to captioning or stylistic description, this task re-268
quires generating a sequence of domain-specific269
commands (e.g., “Rnd 1: ch 4, 6 sc in ring”),270
each of which encodes precise stitch operations,271
counts, and ordering. Because real crochet pat-272
terns may include tens of steps, hierarchical struc-273
ture (rounds, rows, substeps), and long-range de-274
pendencies, this task assesses whether models can275
infer the underlying procedural logic implied by276
the final visual product. The generated text must277
maintain consistent stitch semantics, preserve tem-278
poral ordering, and follow established formatting279
conventions used by human crafters.280

Evaluation. We evaluate generation quality us-281
ing BLEU, ROUGE-L, and ChrF (Papineni et al.,282
2002; Lin, 2004; Popović, 2015), which together283
capture complementary aspects of textual fidelity284
in procedural instructions. BLEU measures over-285
lap of word-level n-grams and thus reflects local286
lexical accuracy in stitch tokens and command se-287
quences. ROUGE-L evaluates the longest com-288
mon subsequence between the generated and refer-289
ence patterns, capturing larger-scale ordering and290
structural alignment across multi-step procedures.291
ChrF operates on character-level n-grams, which292
makes it effective for crochet patterns where stitch293
abbreviations (e.g., sc, sc2tog) often differ by only294
a few characters. Word-based metrics treat such295
tokens as entirely distinct, whereas character-level296
comparisons can capture partial matches and small297
but semantically important variations.298
However, textual overlap metrics alone can-299

not reveal whether the generated instructions300
form a coherent or executable procedure. A301
model may generate instructions that appear flu-302

ent and pattern-like while still violating fundamen- 303
tal structural constraints, including inconsistent 304
stitch counts, infeasible transitions, or unbalanced 305
repeat constructions. To directly assess structural 306
correctness and program-level understanding, we 307
introduce Task D, which requires models to for- 308
malize correct natural-language instructions into a 309
machine-checkable DSL representation. 310

3.4 Task D: Instruction-to-DSL 311
Translation 312

Tasks A–C evaluate perception, retrieval, and 313
natural-language generation, but they do not test 314
whether a model can represent crochet procedures 315
in a structured, machine-interpretable form. Cro- 316
chet patterns are inherently programmatic: they 317
contain loops, repeats, and counting logic that nat- 318
ural language expresses only implicitly, and that 319
text-based metrics cannot reliably validate. Task 320
D isolates this structural dimension by requiring 321
models to translate correct natural-language in- 322
structions into an executable DSL, thereby reveal- 323
ing whether models grasp the underlying program- 324
like structure of crochet. This capability is essen- 325
tial for true procedural reasoning, and we instan- 326
tiate it using the CrochetPARADE DSL. 327
We construct two variants of Task D: 328

CrochetBench-Dstep (119 items) for step- 329
level formalization and CrochetBench-Dproj 330
(100 items) for project-level program synthesis. 331

Step-Level Translation The step-level task 332
evaluates incremental translation from natural- 333
language crochet instructions to DSL, where each 334
instruction updates a shared stitch state. In this 335
setting, the model is given a prefix of correct 336
NL–DSL pairs representing the pattern translated 337
so far and must generate the corresponding DSL 338
line for the next instruction. Because crochet 339
patterns are stateful, correct translation requires 340
maintaining consistency with previous steps, in- 341
cluding stitch counts, repeat structures, turning 342
logic, and round-to-round topology. 343
This formulation tests whether models can map 344

local textual cues into the structured symbolic 345
operations of CrochetPARADE while preserving 346
long-range procedural context. To capture vari- 347
ation in pattern progression, CrochetBench- 348
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Dstep groups examples by prefix length: 52 early-349
step examples use prefixes covering steps 1–2, 34350
mid-step examples use prefixes covering steps 1–351
4, and 33 late-step examples use prefixes covering352
steps 1–6. Each example requires translating the353
next natural-language instruction given the corre-354
sponding NL–DSL history.355

Project-Level Translation In the project-level356
setting, the model is provided with the com-357
plete crochet instruction in natural language to-358
gether with the corresponding product image, and359
must generate an entire CrochetPARADE pro-360
gram. This variant is globally self-contained but361
considerably more challenging than the step-level362
task: models must track stitch states over long363
horizons, resolve ambiguities in natural language,364
and produce code that is both syntactically valid365
and semantically aligned with the final design.366
This setting reflects how crochet instructions are367
used in practice, where each step depends on the368
correctness of all preceding steps. Image ground-369
ing is especially helpful for interpreting repeated370
motifs, symmetry, shaping, and termination con-371
ditions that may be under-specified in text alone.372

Evaluation. Because crochet patterns are in-373
herently free-form (where multiple distinct pro-374
grams can yield the same final product and a sin-375
gle natural-language instruction may admit several376
semantically equivalent DSL realizations), there377
is no canonical gold program for Task D. Exact378
string matching would therefore misjudge many379
correct solutions. Instead, CrochetBench evaluates380
correctness through functional executability using381
the CrochetPARADE validator, which checks382
whether a predicted DSL program is syntactically383
valid, structurally consistent, and fully executable.384
We use two complementary evaluation settings.385

For step-level translation, we report the Valid386
Pattern Rate, defined as the proportion of gen-387
erated DSL steps that successfully compile. For388
project-level translation, we compute the Valid389
Pattern Rate for full programs and, for those390
that compile, render the executable portion into a391
crochet-like image and compute its DINO Sim-392
ilarity (Oquab et al., 2023) to the ground-truth393
product image, providing a coarse measure of se-394
mantic fidelity beyond syntax. To diagnose failure395
modes, we further identify the first point of fail-396
ure for each invalid prediction and categorize it us-397
ing our fine-grained error taxonomy (Appendix E),398
enabling us to distinguish local symbolic errors399
from broader state-tracking failures or misinterpre-400
tations of the natural-language instruction.401

4 Experiments402

We evaluate a representative set of widely used403
vision–language models spanning open and closed404

ecosystems. For open source models, we include 405
BLIP-2 Flan-T5 XL (Li et al., 2023), Google 406
Gemma 3 (4B and 27B) (Team et al., 2024), 407
DeepSeek-VL 7B (Lu et al., 2024), and Qwen2- 408
VL (7B and 72B) (Wang et al., 2024), covering a 409
range of architectures and parameter scales. For 410
closed source models, we evaluate GPT-4o (Hurst 411
et al., 2024) , Gemini 2.5 Flash-Lite (Comanici 412
et al., 2025), and Claude Sonnet 4 (Anthropic, 413
2025), which represent the strongest publicly ac- 414
cessible multimodal systems. These models span 415
diverse architectures and parameter scales, provid- 416
ing a diverse and meaningful basis for assessing 417
current multimodal capabilities on perception, re- 418
trieval, and procedural reasoning tasks. 419

We evaluate all models on the four Crochet- 420
Bench tasks described in Section 3, using the same 421
metrics and evaluation protocols throughout. The 422
prompts used for evaluation are provided in Ap- 423
pendix C. Results and analysis are listed below. 424

Perception and grounding improve with 425
scale, but procedural generation collapses. 426
Table 2 summarizes results across Stitch Recog- 427
nition (Task A), Instruction Selection (Task B), 428
and Instruction Generation (Task C). Closed- 429
source models achieve the strongest recognition 430
performance, with Claude Sonnet 4 obtaining the 431
highest F1 score (60.94%), and DeepSeek-VL 7B 432
leading among open models (60.60%). A clear 433
precision–recall trade-off emerges across model 434
scales: smaller models such as DeepSeek-VL 7B 435
and Qwen2-VL 7B achieve higher recall but lower 436
precision, whereas larger models such as Qwen2- 437
VL 72B and closed-source models favor precision 438
over recall. This pattern reflects different ground- 439
ing strategies: smaller models tend to broadly enu- 440
merate common stitch types to maximize coverage, 441
while larger models adopt a more selective, con- 442
servative approach, yielding higher precision but 443
incomplete visual grounding. 444

Although larger models capture more fine- 445
grained visual cues, accuracy remains far from sat- 446
urated, and Instruction Selection shows similarly 447
limited progress, with most large and closed-source 448
models clustering around 55–60% accuracy, indi- 449
cating that visual–textual alignment still depends 450
on shallow correlations rather than robust ground- 451
ing. These limitations become more pronounced 452
in Task C. Natural-language instruction generation 453
remains extremely challenging for all model, with 454
BLEU, ROUGE-L, and ChrF scores uniformly low; 455
even the strongest system, Gemini 2.5 Flash-Lite, 456
achieves only 4.93% BLEU and 30.50% ChrF. The 457
sharp drop from Tasks A and B to C shows that 458
models capable of recognizing stitches or retriev- 459
ing plausible text still fail to synthesize coherent 460
multi-step procedures, reflecting fundamental gaps 461
in procedural reasoning, symbolic consistency, and 462
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Model Size Stitch Recognition (%) Instr. Sel. (%) Instr. Gen. (%)

Prec Rec F1 Acc BLEU R-L ChrF

Open

Source

BLIP-2 Flan-T5 XL 3B 29.53 23.03 22.50 25.62 0.22 9.30 9.45
Google Gemma 3 4B 20.54 10.21 12.65 24.94 0.11 3.67 5.59
Google Gemma 3 27B 17.19 18.14 16.05 24.94 0.40 5.17 6.55
DeepSeek-VL 7B 54.47 74.76 60.60 28.92 1.30 19.39 18.14
Qwen2-VL 7B 54.14 69.74 58.16 41.96 1.67 21.10 15.99
Qwen2-VL 72B 71.86 42.68 50.19 68.85 2.25 21.43 19.82

Closed
Source

GPT-4o – 62.14 59.39 58.01 58.11 3.38 23.57 24.07
Gemini 2.5 Flash-Lite – 74.49 49.77 56.83 55.63 4.93 25.92 30.50
Claude Sonnet 4 – 78.61 53.12 60.94 57.39 3.35 25.12 23.16

Finetuned Qwen2-VL (finetuned) 7B - - - -
5.64

(↑ +3.97)
25.10

(↑ +4.00)
22.39

(↑ +6.40)

Table 2: Combined evaluation results across all three CrochetBench tasks: Stitch Recognition, Instruc-
tion Selection, and Instruction Generation. Best values are bold; second-best are underlined. For the
finetuned Qwen2-VL model, values in parentheses indicate absolute improvements over the pretrained
Qwen2-VL 7B baseline.

pattern-structure understanding.463

Surface-level fluency does not imply pro-464
cedural correctness. Figure 2 presents a465
case study comparing model-generated natural-466
language instructions with their corresponding467
DSL renderings. Qwen2-VL-7B and DeepSeek-VL468
collapse into non-star geometries, revealing unsta-469
ble procedural logic. GPT-4o and Claude pro-470
duce structurally well-formed, human-like crochet471
instructions, including explicit materials sections472
and round-level organization, and correctly cap-473
ture local yarn colors. However, they fundamen-474
tally misinterpret the global motif: GPT-4o recon-475
structs a four-point star and begins with the brown476
yarn instead of blue, while Claude generates an477
eight-point motif rather than the intended seven.478
Gemini most accurately identifies the seven-point479
structure and selects plausible constructs such as480
bobbles for the star tips, but structural inconsis-481
tencies remain and yield visibly distorted shapes.482
These examples demonstrate that models can gen-483
erate fluent, crochet-like descriptions while failing484
to preserve the algorithmic structure required for485
faithful pattern synthesis.486

Supervised finetuning improves fluency but487
not procedural correctness. We evaluate su-488
pervised finetuning on CrochetBench-C using an489
80/5/15 stratified train/validation/test split with490
full-parameter updates. As shown in Table 3 (bot-491
tom line), finetuning substantially improves all492
generation metrics: BLEU increases from 1.67%493
to 5.64% (+238%), ROUGE-L from 21.10% to494
25.10% (+19%), and ChrF from 15.99% to 22.39%495
(+40%). The finetuned 7B model outperforms all496
evaluated closed-source systems, including GPT-497
4o, Claude Sonnet 4, and Gemini 2.5 Flash-Lite.498
Despite these gains, absolute performance remains499
low (5.64% BLEU), indicating that finetuning does500
not resolve core procedural failures. Qualitative501
analysis shows that improvements are largely su-502

perficial: outputs exhibit more consistent format- 503
ting, improved stitch vocabulary, and better ad- 504
herence to crochet conventions, but still contain 505
frequent stitch-count errors, malformed repeats, 506
and incorrect global structure (e.g., rounds vs. 507
rows, increases/decreases). These findings suggest 508
that finetuning primarily enhances surface fluency 509
rather than inducing robust algorithmic or struc- 510
tural reasoning. 511
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Figure 4: Task D step-level translation results
showing the proportion of generated DSL lines that
successfully compile for early (Steps 1–2), middle
(Steps 1–4), and late (Steps 1–6) stages of crochet
patterns. Across all models, valid pattern rates
increase as more context is provided, but overall
accuracy remains low. Even the strongest models
struggle in early steps, indicating difficulty estab-
lishing correct stitch state and structural depen-
dencies. Larger models (e.g., Qwen2-VL-72B and
Gemma-27B) do not consistently outperform their
smaller counterparts, highlighting scale alone does
not improve program-level structural reasoning.

Early-step instability reveals limits of pro- 512
cedural reasoning. Figure 4 shows step-level 513
results on Task D. Valid Pattern Rate increases 514
with pattern depth but remains low overall: most 515
models achieve under 15% validity in the first two 516
steps, improve modestly in steps 3–4, and reach 517
only 55–65% in later steps. This pattern reflects 518
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...A Midnight
Blue ... ...B
Copper Brown
... Ch4. Join
with sl st to
first ch to form
ring ... 4th
rnd: Sl st in
next dc. Ch 2.
3 hdc in same
dc as sl st.
*Bobble in next
st... Tassels
(make 7)...

(a) Ground Truth

... With Color
A (Blue), make
a magic ring
... Join Color
B (Brown) ...
Rnd 4:Sl st into
ch-2 sp. Ch
1, (Bobble ...
Make 7 tassels
with Color B and
attach one to
each ch-2 point
of the star...

(b) Gemini

... Star-Shaped
Crochet Blanket
Pattern ...
Yarn: Brown and
Blue... With
Brown yarn, make
a magic ring.
... Tassels:
Cut 4 lengths of
Brown yarn ...

(c) GPT-4o

... 8-Point
Star Afghan ...
Worsted weight
yarn in blue and
brown ... With
blue, ch 4, join
with sl st to
form ring. ...
Tassels: Cut
...

(d) Claude

... Star Motif
Crochet Pattern
... Worsted
weight yarn
in navy blue
and brown ...
Tassels...
Round 1:Ch 10,
join with sl st
to form a ring
...

(e) Qwen-VL-7B

ch 100, sc in
2nd ch from
hook, sc in
each ch across,
join with sl st
in 1st sc, 100
loops made.

(f) DeepSeek VL

Figure 2: Case study for Task C: Instruction Generation. Each row shows the DSL-rendered output
generated from the model’s natural-language instructions and the color-coded instruction extract below
it. Matching colors denote semantically corresponding elements across the reference and model outputs,
while red marks incorrect or hallucinated steps. The ground truth is a seven-point star with alternating
blue and brown yarn and tassels attached at each point. Gemini and GPT-4o generate structured and
mostly coherent instructions but misconstruct the global geometry, producing a circular motif rather than
a star. Claude and Qwen2-VL-7B misinterpret the shape more severely, producing circular or distorted
wireframe-like forms. DeepSeek-VL collapses entirely into a degenerate single-loop pattern. Gemini is
the only model to explicitly recognize the motif as a seven-point star, but its instructions still fail to
produce the correct star topology. To ensure transparency, we include the fully generated instructions
for all models in Appendix F.

the difficulty of the initial steps, which must cor-519
rectly initialize the program state such as defining520
stitch variables and maintaining balanced group-521
ing. Errors made early propagate irreversibly, and522
later correctness often occurs only when the initial523
state is accidentally valid, indicating reliance on524
continuation heuristics rather than genuine proce-525
dural understanding. Larger models do not consis-526
tently perform better: Qwen2-VL-72B underper-527
forms Qwen2-VL-7B, and Gemma-27B underper-528
forms Gemma-4B, suggesting that increased capac-529
ity improves descriptive fluency more readily than530
symbolic stability, and that scaling alone is insuf-531
ficient for grammar-sensitive procedural tasks.532

Project-level DSL synthesis reveals severe533
long-range structural failures, and does not534
improve with model scale. Figure 3 highlights535
the fragility of full-program CrochetPARADE syn-536
thesis. Valid outputs are rare: even the strongest537
models (Claude, Gemini, and Qwen2-VL-7B) pro-538
duce only 5–8% executable programs, while most539
others fall below 3%. The most frequent failure540
modes—undefined stitches and unbalanced brack-541
ets—indicate poor control over the DSL vocabu-542
lary and grouping structure. Additional errors,543

including multiple references, non-adjacent labels, 544
and runtime failures, further reveal difficulties in 545
maintaining consistent state and long-range struc- 546
tural dependencies across an entire pattern. 547

Interestingly, scaling does not alleviate these is- 548
sues and can exacerbate them. Larger models ex- 549
hibit substantially higher rates of undefined-stitch 550
errors, suggesting a tendency toward uncontrolled 551
symbolic invention (e.g., Qwen2-VL-72B: 72.0% 552
vs. Qwen2-VL-7B: 13.6%; Gemma-3-27B: 42.6% 553
vs. Gemma-3-4B: 27.4%). 554

Image-based similarity confirms lack of 555
global structural fidelity. Compilation verifies 556
syntactic and structural correctness but cannot de- 557
termine whether two DSL programs are semanti- 558
cally equivalent. To address this gap, we compute 559
DINO similarity between the target crochet prod- 560
uct image and the rendering produced from each 561
model’s executable program (valid outputs only). 562
Figure 5 shows that similarity scores remain uni- 563
formly low across all models (0.10–0.17), far below 564
the typical threshold for visually matched crochet 565
images. Even when a model produces a compil- 566
able DSL program, the resulting rendering gener- 567
ally bears little resemblance to the intended pat- 568
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Project-Level DSL Translation Outcomes Across Models (Valid vs. Error Types)
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Runtime Error
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Other

Figure 3: Distribution of project-level DSL
translation outcomes for each model, bro-
ken down into valid outputs and error cat-
egories. Across all models, invalid programs
dominate, with most failures arising from unde-
fined stitches, unbalanced brackets, and multiple-
reference errors. The wide spread of error types
further illustrates the difficulty of maintaining
global consistency and symbolic correctness when
generating full crochet programs.

tern, indicating that syntactic validity does not im-569
ply correct procedural structure. The consistently570
low similarities reinforce that current multimodal571
LLMs fail to capture the global geometry and lay-572
out required for visually faithful crochet synthesis.573

Gem
ma-3

-4B

Gem
ma-3

-27
B

Dee
pS

ee
k-V

L

Qwen
2-V

L-7
B

Qwen
2-V

L-7
2B

GPT-
4o

Gem
ini

Clau
de

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

DI
NO

 S
im

ila
rit

y

0.144 0.138
0.168

0.149 0.157

0.109 0.115
0.137

Typical good DINO similarity  0.6

DINO Similarity Between DSL-Rendered Crochet Patterns and Ground-Truth Products

Figure 5: Task D Project-level translation re-
sults evaluating with DINO similarity between
ground-truth images and DSL-rendered outputs
generated from each model’s DSL program (valid
executable portion only). The red line marks an
approximate “good” similarity threshold. All mod-
els fall well below this level, indicating that even
executable DSL programs rarely reproduce the cor-
rect visual structure of the intended crochet design.

5 Related Work574

Multimodal benchmarks have traditionally em-575
phasized descriptive image–text alignment, as in576
COCO (Lin et al., 2014) and Flickr30k (Plummer577
et al., 2015). More recent datasets extend to in-578
structional or procedural understanding, including579
Recipe1M+ (Marin et al., 2018) and large-scale in-580
structional video corpora such as YouCook2 and581
HowTo100M (Zhou et al., 2018; Miech et al., 2019).582

However, these benchmarks primarily evaluate se- 583
mantic alignment, retrieval, or temporal recogni- 584
tion, and do not assess whether a model can gen- 585
erate or execute a correct procedure. 586
Texile crafts provide precisely such a domain. 587

Crochet patterns specify symbolic, stepwise pro- 588
cedures that determine the topology and geom- 589
etry of a final physical artifact. Prior work in 590
this area including Digital Crochet (Seitz et al., 591
2022) and Neural Inverse Knitting (Kaspar et al., 592
2019) demonstrates the feasibility of representing 593
textile structures in machine-readable form but re- 594
mains limited in scale and modality. By mov- 595
ing from general instructional data to a structured 596
craft domain, we enable multimodal models to be 597
evaluated on artifact-centric procedural reasoning 598
rather than temporal action recognition. Crochet- 599
Bench builds on this emerging direction by provid- 600
ing thousands of real crochet patterns with paired 601
images and natural-language instructions. 602
To evaluate procedural correctness, Crochet- 603

Bench adopts an executable domain-specific lan- 604
guage (CrochetPARADE), linking our tasks to pro- 605
gram synthesis benchmarks such as HumanEval 606
(Chen, 2021b), MBPP (Austin et al., 2021), and 607
Spider (Yu et al., 2018). In multimodal settings, 608
image-to-program benchmarks such as Im2LaTeX- 609
100K (Deng et al., 2017) and pix2code (Bel- 610
tramelli, 2018) similarly leverage executable for- 611
malisms for rendering-based evaluation. Crochet- 612
Bench extends this executable perspective to tex- 613
tile crafts: patterns compile to structured instruc- 614
tions that can be rendered and validated, providing 615
functional evaluation that tests whether a model’s 616
output actually works. This offers a lightweight 617
alternative to domains such as chemistry or cook- 618
ing, where validating a procedure requires physical 619
or chemical experiments that are slow, costly, or 620
impractical to scale. 621

6 Conclusion 622

CrochetBench provides a structured benchmark 623
for assessing whether multimodal LLMs can move 624
from recognizing visual content to executing the 625
step-by-step procedures required to produce a cro- 626
chet pattern. Across all four tasks, models demon- 627
strate a consistent gap: they can identify stitches 628
and retrieve plausible instructions, but they fail 629
to generate structurally valid procedures or pro- 630
duce executable programs. Qualitative analysis re- 631
veals that fluent outputs often misrepresent global 632
structure, and scaling further exacerbates execu- 633
tion failures due to uncontrolled invention of stitch 634
types. Supervised finetuning improves text-based 635
metrics but does not yield corresponding gains in 636
executable correctness. These results highlight the 637
need for learning approaches that explicitly target 638
structured and long-horizon procedural reasoning. 639
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Limitations640

While CrochetBench enables executable evaluation641
of visual procedural reasoning, it has several limi-642
tations. First, the benchmark focuses on a single643
creative domain, crochet, which although represen-644
tative of structured symbolic procedures, may not645
capture all forms of procedural reasoning found in646
domains such as robotics, mechanical assembly, or647
scientific experimentation. As a result, generaliza-648
tion to other domains should be interpreted with649
caution.650
Second, executable correctness is assessed651

through the CrochetPARADE domain specific lan-652
guage, which necessarily abstracts certain aspects653
of real world crochet practice. Multiple distinct654
procedures can produce visually similar artifacts,655
and some valid human written patterns may be pe-656
nalized due to constraints of the language or limi-657
tations of the rendering process. Although we mit-658
igate this issue using functional validation and im-659
age based similarity metrics, these signals remain660
imperfect proxies for true semantic equivalence.661
Finally, while we evaluate a diverse set of state662

of the art vision language models, our finetuning663
experiments are limited to supervised learning on664
a single architecture. Exploring alternative train-665
ing paradigms, such as program guided learning or666
learning with execution feedback, remains an im-667
portant direction for future work.668

Ethical Considerations669

We acknowledge that the original crochet pattern670
PDFs are protected under copyright and there-671
fore do not distribute raw files or full texts. In-672
stead, we release only structured JSON annota-673
tions generated with GPT, reference URLs to the674
original sources, and our parsing and annotation675
scripts. The benchmark is provided strictly for676
non-commercial academic use. This approach en-677
ables reproducible research while respecting in-678
tellectual property and ensuring that our dataset679
serves as a tool for studying structured generation680
rather than redistributing creative works.681
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A Crochet Primer836

Crochet patterns describe how to construct a tex-837
tile artifact through a sequence of symbolic stitch838
instructions. Each instruction specifies an opera-839
tion performed with a hook and yarn, and the re-840
sulting pattern is defined by the order, repetition,841
and spatial arrangement of these stitches. This ap-842
pendix summarizes only the conventions needed to843
interpret the examples in our benchmark.844

Basic stitch types. Crochet relies on a small845
vocabulary of atomic stitches, each producing a846
loop with a characteristic height and structure.847
The most common stitches in U.S. notation are:848

• ch (chain): foundational stitch used to begin849
rows or rounds.850

• sc (single crochet): a short, dense stitch.851

• hdc (half double crochet) and dc (double cro-852
chet): taller stitches that build height more853
quickly.854

• sl st (slip stitch): a joining stitch used for855
connecting motifs or closing rounds.856

• bobble (bobble stitch): a cluster of 5 par-857
tially completed double crochet stitches closed858
together into a single stitch.859

These stitches can be combined in rows (worked860
back and forth) or rounds (worked in a circle).861

Pattern syntax and structure. Crochet in-862
structions follow a compact symbolic notation. A863
pattern is organized into rows or rounds, each spec-864
ifying a sequence of stitches. For example:865

Row 3: Ch 1, sc in each st across, turn.866

Instructions may include:867

• Repetition: indicated by parentheses and a868
multiplier, e.g., (sc, ch 1) 3 times.869

• Increases/decreases: e.g., 2 sc in next870
st (increase) or sc2tog (single-crochet two871
stitches together; decrease).872

• Stitch counts: patterns often end rows or873
rounds with “—N sc,” indicating the number874
of stitches that should remain.875

Relationship to symbolic representations.876
Each crochet instruction corresponds to a local877
modification of the fabric’s topology. This makes878
crochet patterns naturally suited to symbolic or879
program-like representations such as CrochetPA-880
RADE, which encode stitches as structured prim-881
itives with explicit control flow (loops, groups, la-882
bels). Because stitch sequences fully determine the883
geometry of the final artifact, correctness can be884

assessed by verifying the structure of the gener- 885
ated program or by rendering the corresponding 886
stitch graph. 887
This primer covers the minimal terminology re- 888

quired to interpret our dataset and evaluation 889
tasks. For readers interested in additional back- 890
ground, standard crochet references provide ex- 891
tended stitch catalogs and diagram conventions. 892

B Additional Dataset Statistics 893

CrochetBench supports diverse real-world cro- 894
chet practices, with project types ranging from 895
simple accessories to complex garments. Figure 6 896
lists the ten most common categories by frequency. 897
The majority of patterns belong to a small number 898
of dominant types—Afghans and Blankets alone 899
account for over one-quarter of the dataset. 900
Each pattern is labeled with one of four primary 901

skill levels, including beginner, easy, intermediate, 902
or experienced. This allows for stratified evalua- 903
tion across complexity tiers. Figure 7 shows the 904
skill level distribution, which is strongly skewed to- 905
ward beginner-friendly content. More details can 906
be found at Appendix B. Instructional complexity 907
varies substantially across patterns. The number 908
of characters in each instruction ranges from 20 to 909
over 30,000, with a mean of 3,216 and a median 910
of 2,453. Abbreviation counts (i.e., unique stitch 911
tokens per pattern) range from 1 to 31, with an 912
average of 10.6. These statistics are summarized 913
in Appendix B.1. 914
We observe a clear correlation between skill level 915

and instruction length: beginner patterns tend to 916
be short and use fewer abbreviations, while expe- 917
rienced patterns are significantly longer and more 918
symbolically dense. 919
In addition to symbolic complexity, the dataset 920

contains 3,143 abbreviation instances mapped to 921
789 unique standardized stitch tokens. This lexical 922
mapping enables tasks such as vocabulary trans- 923
lation, sequence generation, and instruction vali- 924
dation. Beyond raw instructions, the structured 925
schema also records rich metadata. A representa- 926
tive dataset entry is provided in Table 4. 927

B.1 Instruction Complexity by Skill Level 928

Table 3 shows the instruction complexity by skill 929
level. 930

B.2 Example Dataset Entry 931

Table 4 demonstrate a crochet dataset example. 932

B.3 Skill Level Distribution 933

B.3.1 Overall Distribution 934

Table 5 summarizes the overall distribution of skill 935
levels across the CrochetBench dataset. The ma- 936
jority of patterns are labeled as easy (58.7%), fol- 937
lowed by intermediate (32.3%). Only a small frac- 938
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Skill Level Avg. Length Median Length Avg. Abbr. Count

Beginner 1,674 1,365 9.2 465
Easy 2,761 2,182 10.8 3,569
Intermediate 4,221 3,387 10.7 1,967
Experienced 7,689 6,729 9.8 80

Table 3: Instruction complexity by skill level. Length is measured in characters.

37.1%

9.9%
8.3%

7.7%

7.1%

6.8%

6.7%

5.8%

5.4%
5.2% Project Types

Afghans & Blankets
Hats
Sweaters & Cardigans
Shawls & Wraps
Scarves
Pillows & Poufs
Amigurumi & Toys
Bags & Purses
Décor
Dishcloths

Figure 6: Distribution of the top-10 most common
project types in CrochetBench.

7.6%

58.7%

32.3%

1.3%

Skill Levels
Beginner
Easy
Intermediate
Experienced

Figure 7: Skill level distribution across the Cro-
chetBench dataset.

tion are classified as beginner (7.6%) or experienced939
(1.3%).2940

Skill Level Count Percentage

Easy 3569 58.66%
Intermediate 1967 32.33%
Beginner 465 7.64%
Experienced 80 1.31%

Total 6084 100%

Table 5: Overall skill level distribution. Percent-
ages are relative to all patterns with annotated skill
levels.

One pattern (0.02%) is missing an annotated941
skill level.942

2Three additional rare labels were observed: easy
to intermediate (1 pattern), beginners (1 pattern),
and beginner/easy (1 pattern). Together they ac-
count for < 0.1% of the dataset.

B.3.2 Distribution by Project Type 943

We further break down skill levels by the top 10 944
most common project types. Results are shown in 945
Table 6. In most categories, easy patterns domi- 946
nate, typically ranging between 53–70%. Interme- 947
diate is the second most common, while beginner 948
and experienced remain consistently low across cat- 949
egories. 950

Overall, the predominance of easy patterns re- 951
flects the accessibility of crochet as a craft and 952
aligns with the goal of many project types to cater 953
to a wide audience. The relative scarcity of ex- 954
perienced -level patterns suggests that most pub- 955
lished resources emphasize broad usability rather 956
than advanced expertise. 957

B.4 Pattern Complexity Analysis 958

B.4.1 Instruction Length Statistics 959

We first analyze the distribution of instruction 960
lengths, measured in raw character counts. As 961
shown in Table 7, the average instruction length 962
is over 3,200 characters, while the median is sub- 963
stantially lower at 2,453 characters, reflecting a 964
long-tailed distribution. The most complex pat- 965
terns extend beyond 30,000 characters, while some 966
very short patterns are as small as 20 characters. 967

Out of 6,085 total patterns, 6,084 (99.98%) con- 968
tain full instructions. 969

Statistic Value

Average 3216.0
Median 2453.0
Min 20
Max 30634
25th percentile 1511.8
75th percentile 4136.2
90th percentile 6403.9

Table 7: Instruction length statistics (in charac-
ters).

B.4.2 Abbreviation Statistics 970

Abbreviations, such as sc, dc, and hdc, are a dis- 971
tinctive element of crochet instructions. Table 8 re- 972
ports abbreviation counts across all patterns. Most 973
patterns contain about 10 abbreviations, with val- 974
ues ranging from 1 to 31. 975
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Statistic Value

Average 10.6
Median 10.0
Min 1
Max 31

Table 8: Abbreviation count statistics.

B.4.3 Complexity by Skill Level976

Instruction length correlates with the designated977
skill level. As shown in Table 9, beginner-level978
patterns average under 2,000 characters, while in-979
termediate patterns extend to over 4,200. Expe-980
rienced patterns are the longest, averaging 7,689981
characters. Rare categories such as easy to982
intermediate skew extremely long due to outliers.983

B.4.4 Most and Least Complex Project984
Types985

Finally, we identify the most complex and simplest986
project types by average instruction length. Ta-987
bles 10 and 11 list the top 10 categories. Gar-988
ments such as dresses, vests, pants, and tunics are989
the most demanding, with average instructions ex-990
ceeding 5,800 characters. By contrast, smaller ac-991
cessories such as cowls, washcloths, scarves, and992
headbands are substantially shorter, typically un-993
der 2,000 characters.994

Taken together, these results highlight strong995
alignment between project type, designated skill996
level, and instruction length. Garment-oriented997
projects require substantially longer and more998
complex instructions, while accessories and small999
decorative items remain simple and concise.1000

C Prompts1001

C.1 Task A: Stitch Recognition Prompt1002

This task evaluates a model’s ability to identify1003
stitches present in a crochet product image.1004

Stitch Recognition Prompt (Rendered Ex-
ample)

SYSTEM PROMPT You are a crochet
stitch expert.
Given an image of a crochet product, iden-
tify all stitches that appear.
Requirements:
- Use only standard U.S. crochet abbrevia-
tions
(e.g., sc, hdc, dc, tr, ch, sl st, pop, etc.).
- Output must be a comma-separated list
of abbreviations.
- Do not include explanations, extra text,
or formatting beyond the list.

1005

USER PROMPT Look at this crochet
product image and list the stitches used.
[Image]

1006

C.2 Task B: Instruction Selection Prompt 1007

This task evaluates a model’s ability to choose the 1008
correct instructions from multiple-choice options. 1009

Instruction Selection Prompt (Rendered
Example)

SYSTEM PROMPT
You are a crochet expert. Your task is to
determine which of the given options (A,
B, C, or D) contains the correct crochet in-
structions for the image shown.

USER PROMPT
Look at this crochet image and choose
which option best matches the instructions
for making it.
[Image]
Options: {options text}
Choose exactly ONE option. Your answer
should be only one letter: A, B, C, or D.

1010

C.3 Task C: Instruction Generation 1011
Prompt 1012

This task evaluates a model’s ability to generate 1013
complete crochet instructions from an image. 1014

Instruction Generation Prompt (Rendered
Example)

SYSTEM PROMPT
You are a professional crochet pattern
writer. Examine the image of the finished
crochet product carefully. Write a complete
set of crochet instructions in the standard
style used in published patterns.
Requirements:
- Use standard abbreviations: sc (single cro-
chet), hdc (half double crochet),
dc (double crochet), tr (treble), ch (chain),
sl st (slip stitch), rep (repeat).
- Organize the instructions row by row or
round by round (e.g., ”Rnd 1: ...”, ”Row 2:
...”).
- If color changes are visible in the image,
include them in the pattern.
- Keep the instructions concise and precise,
as if for experienced crocheters.
- Output only the crochet pattern. Do not
add any explanations, commentary, or ex-
tra text.

USER PROMPT
1015
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Generate step-by-step crochet instructions
for this image.
[Image]

1016

C.4 Task D (Step-level): NL → DSL1017
Translation Prompt1018

This task evaluates whether a model can trans-1019
late a single natural language instruction into ex-1020
actly one line of compilable CrochetPARADE1021
DSL code.1022

Step-level NL → DSL Translation Prompt
(Rendered Example)

SYSTEM PROMPT
You are a crochet compiler. Translate the
next instruction NL into one line of Cro-
chetPARADE DSL.
Use consistent naming and syntax.
Important rules for translations:
1. Make sure your output ONLY contains
the DSL code, nothing else.
2. Use the previous examples to understand
the pattern of translation.
3. Be consistent in naming conventions
with the examples.
4. Your output should be exactly one line
of DSL code.

USER PROMPT
Now translate the NL into DSL:
NL:
DSL:

1023

C.5 Task D (Project-Level): NL → DSL1024
Translation Prompt1025

This task evaluates whether a model can convert1026
natural language crochet instructions (with op-1027
tional images) into compilable CrochetPARADE1028
DSL code.1029

NL → DSL Translation Prompt (Rendered
Example)

SYSTEM PROMPT
You are a professional crochet pattern
writer. Convert instructions + images into
compilable CrochetPARADE DSL code.
Output only the DSL code. No explana-
tions, commentary, or extra text.
Example 1:
”image path”: https://www.

yarnspirations.com/cdn/shop/files/

BRC0116-035467M.jpg,

INSTRUCTIONS
1030

Note: Join with sl st to first sc at end of
each rnd.

Ch 2.
**Rnd 1:** 6 sc in 2nd ch from hook.

Join. (6 sc)
**Rnd 2:** Ch 1. 2 sc in each sc around.

Join. (12 sc)
**Rnd 3:** Ch 1. (2 sc in next sc, 1 sc

in next sc) repeat around. End with 1 sc.
Join. (18 sc)

**Rnd 4:** Ch 1. (2 sc in next sc, 1 sc
in each of next 2 sc) repeat. End with 1 sc
in last 2 sc. Join. (24 sc)

**Rnd 5:** Ch 1. Sc in each sc around.
Join. (24 sc)

**Rnd 6:** Ch 1. (2 sc in next sc, 1 sc
in each of next 3 sc) repeat. End with 1 sc
in last 3 sc. Join. (30 sc)

**Rnds 7–8:** Repeat Rnd 5 (sc in each
sc). Join. (30 sc each round)

**Rnd 9:** Ch 1. **Working in back
loops only**: (2 sc in next sc, 1 sc in each
of next 2 sc) repeat. End with 1 sc in last
2 sc. Join. (40 sc)

**Rnd 10:** Ch 1. Sc in each sc around
(both loops). Join. (40 sc)

**Rnd 11:** Ch 1. (2 sc in next sc, 1 sc
in each of next 3 sc) repeat. End with 1 sc
in last 3 sc. Join. (50 sc)

**Finish:** Fasten off.

DSL
¶ch.B
¶$k=0$,sc@B.A[k],5sc@B,ss@A[k++]
¶ch.A[k],sk,6sc2inc,ss@A[k++]
¶ch.A[k],sk,[sc2inc,sc]*6,ss@A[k++]
¶ch.A[k],sk,[sc2inc,2sc]*6,ss@A[k++]
¶ch.A[k],sk,24sc,ss@A[k++]
¶ch.A[k],sk,[sc2inc,3sc]*6,ss@A[k++]
¶[ch.A[k],sk,30sc,ss@A[k++]
¶]*2
¶ch.A[k],sk,[scbl,scbl@[@],2scbl]*10,ss@A[k++]
¶ch.A[k],sk,40sc,ss@A[k++]
¶ch.A[k],sk,[sc2inc,3sc]*10,ss@A[k++]
¶ch.A[k],sk,[2sc,3sc]*10,ss@A[k++]

USER PROMPT
Now generate DSL code for the following:

[Image]

[Instructions]
Rnd 1: Ch 2, 6 sc in ring
Rnd 2: 2 sc in each (12)
Rnd 3: [Sc, sc, inc] around (16)
Rnd 4: [Tr, sc] repeat around

1031
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[DSL]
1032

D CrochetPARADE: Pattern1033

Renderer, Analyzer, and1034

Debugger1035

CrochetPARADE (short for Crochet Pattern1036
Renderer, Analyzer, and Debugger) is an interac-1037
tive platform that enables users to author, visual-1038
ize, test, and export crochet patterns in both 2D1039
and 3D (Tassev, 2025). By combining a custom1040
pattern grammar with simulation and rendering1041
tools, CrochetPARADE addresses common issues1042
of ambiguity, correctness, and interpretability in1043
textual crochet instructions.31044

Core Capabilities.1045

• Interactive authoring and rendering.1046
Users write pattern instructions in the Cro-1047
chetPARADE grammar and then invoke a1048
“calculate” operation to convert those instruc-1049
tions into a virtual model. The system sup-1050
ports both 2D and 3D views, along with in-1051
teractive controls such as zoom, rotation, and1052
stitch highlighting.1053

• Validation and debugging. CrochetPA-1054
RADE parses the input, checks for syntac-1055
tic and consistency errors (e.g., mismatched1056
stitch counts, impossible attachments), and1057
flags over- or under-stretched stitches.1058

• Export and interoperability. From a ren-1059
dered pattern, users can export:1060

– A standard crochet chart (SVG) with1061
conventional stitch symbols and labeled1062
stitch connections.1063

– A 3D model (GLTF format) for integra-1064
tion into external tools such as Blender.1065

– The underlying pattern instructions text1066
(in the CrochetPARADE grammar), en-1067
suring reproducibility and sharing.1068

Design Ideals and Rationale. CrochetPA-1069
RADE is built to meet several design goals: (i)1070
unambiguous precision, where the grammar is far1071
more strict than free-form natural language, reduc-1072
ing interpretive errors; (ii) local computation, since1073
all parsing, simulation, and rendering occur client-1074
side in the browser with no user instructions sent1075
to a central server; and (iii) open source extensibil-1076
ity, as the platform is released under GPLv3, with1077
the grammar manual provided under a Creative1078
Commons BY-NC-SA license.1079

3https://www.crochetparade.org/

Role in Our Work. Within the context of Cro- 1080
chetBench, CrochetPARADE provides a rigorous 1081
target representation: model predictions can be 1082
compiled into CrochetPARADE instructions, vali- 1083
dated for syntactic and structural correctness, and 1084
then visualized or executed. This enables eval- 1085
uation beyond surface-level metrics (e.g., BLEU, 1086
ROUGE) toward executor correctness—whether a 1087
generated pattern is valid, renderable, and stitch- 1088
balanced. 1089

E DSL Error Taxonomy 1090

To better understand failure cases in Task D, we 1091
extend the validator’s error analysis with detailed 1092
subcategories and examples. 1093

Unbalanced Brackets. Missing opening/closing 1094
parentheses or brackets. 1095

Examples

Unbalanced brackets:

(sc,hc5,sltr)infl)

1096

Multiple References. Improper formatting of 1097
references. 1098

Example

Multiple references defined

without parenthesis:

(21ch),turn

sk,(20sc)

(2ndrow):Ch1.(1scbl)

ineachchtoendofrow.Turn
1099

Undefined Stitch. Undefined stitch types not in 1100
the dictionary. 1101

Examples

ch1, ch3, scfp, hdc bar

1102

Variable Naming Conflict. Conflicts between 1103
variable names and stitch names. 1104

Example

Error: variable name matches

stitch name. For example,

$ch=0$ cannot be used since

’ch’ is a stitch name.
1105

Label Not Found. Reference to a non-existent 1106
label. 1107

Example

Label not found: C
1108
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Figure 8: Example of the CrochetBench translation pipeline. (Left) Natural language crochet instructions
from the dataset. (Second) Automatically translated into CrochetPARADE DSL, a formal stitch gram-
mar. (Third) Mesh rendering generated from the DSL. (Right) Target crocheted item image provided
in the dataset. This pipeline enables direct text-to-image consistency checks, automated validation, and
future training of NL → DSL models, analogous to text-to-code generation.

Non-Adjacent Labels. Same label used for non-1109
adjacent stitches.1110

Example

Cannot use same label over

non-adjacent stitches.

Consider using different

labels.
1111

Turning Issue. Misplaced turning commands.1112

Example

Turning can happen only at the

end of a row.
1113

Runtime Errors. Low-level parsing failures from1114
the JavaScript compiler.1115

Examples

Cannot read properties of null

(reading ’0’)

Cannot use ’in’ operator to

search for ’attach id’ in NaN
1116

Multiplier Issue. Improper formatting in multi-1117
plier.1118

Examples

Error: Exception during

pattern parsing: Multiplier

set, but no stitch found: ch.B
1119

F Example Model-Generated1120

Crochet Instructions1121

This appendix provides the full verbatim cro-1122
chet instructions generated by each model for the1123
Task C (Instruction Generation) case study (Fig-1124
ure 2). We include the complete outputs with-1125
out truncation or post-editing to preserve long-1126

horizon procedural dependencies and enable trans- 1127
parent qualitative inspection. Because many fail- 1128
ure modes in crochet pattern generation only 1129
emerge after multiple rounds, partial excerpts can 1130
obscure structural inconsistencies and topology er- 1131
rors. Presenting the full instructions allows readers 1132
to directly assess how each model handles state- 1133
ful pattern progression, global geometry, and motif 1134
repetition beyond surface-level textual fluency. 1135

Ground Truth

Notes:

• Ch 2 at beg of rnd does not count as hdc.

• Ch 3 at beg of rnd counts as dc.

• To change colors, work to last 2 loops on hook
of first color. Draw new color through last 2
loops and proceed with new color.

1. Ch 2 at beg of rnd does not count as hdc.

Stripe Pat:
With A, work 4 rnds.
With B, work 4 rnds.
These 8 rnds form Stripe Pat.

Ch 4. Join with sl st to first ch to form ring. See
diagram on page 3.

1st rnd: Ch 3. 13 dc in ring. Join with sl st to
top of ch 3. 14 dc.
2nd rnd: Ch 3. 1 dc in same sp as last sl st. 2
dc in each dc around. Join with sl st to top of ch
3. 28 dc.
3rd rnd: Ch 3. 4 dc in same sp as last sl st.
*Dc3tog. 5 dc in next dc.*
Rep from * to last 3 sts. Dc3tog. Join with sl st
to top of ch 3.
4th rnd: Sl st in next dc. Ch 2. 3 hdc in same
dc as sl st.
*Bobble in next st. 3 hdc in next dc. Hdc3tog.*
3 hdc in next dc. Rep from * around, ending last
rep at **. Join with sl st to first hdc.
5th rnd: Sl st in next st. Ch 3.
*3 dc in next st. 1 dc in next st. 3 dc in next st.
1 dc in next st. Dc3tog.*

1136
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1 dc in next st. Rep from * around, ending last
rep at **. Join with sl st to top of ch 3.
6th rnd: Sl st in next st. Ch 2. 1 hdc in same st
as sl st.
*(Bobble in next st. 3 hdc in next st) twice. Bob-
ble in next st. 1 hdc in next st. Hdc3tog.*
1 hdc in next st. Rep from * around, ending last
rep at **. Join with sl st to first hdc.
7th rnd: Sl st in next st. Ch 3. 1 dc in each of
next 2 sts.
*3 dc in next st. 1 dc in next st. 3 dc in next st.
1 dc in each of next 3 sts. Dc3tog.*
1 dc in each of next 3 sts. Rep from * around,
ending last rep at **. Join with sl st to top of ch
3.
8th rnd: Sl st in next st. Ch 2. 1 hdc in same st
as sl st.
*Bobble in next st. 1 hdc in next st. (Bobble in
next st. 3 hdc in next st) twice. (Bobble in next
st. 1 hdc in next st) twice. Hdc3tog.*
1 hdc in next st. Rep from * around, ending last
rep at **.
9th rnd: Sl st in next st. Ch 3. 1 dc in each of
next 4 sts.
3 dc in next st. 1 dc in next st. PM in dc. 3 dc in
next st.
1 dc in each of next 5 sts. Dc3tog. PM in dc3tog.
*1 dc in each of next 5 sts. 3 dc in next st. 1 dc
in next st. PM in dc.
3 dc in next st. 1 dc in each of next 5 sts. Dc3tog.
PM in dc3tog.*
Rep from * around. Join with sl st to top of ch 3.
10th rnd: Sl st in next st.
*1 hdc in next st. Bobble in next st.* Rep from *
to * until 1 st before next marked st.
3 hdc in next st. Bobble in next st. PM in Bobble.
3 hdc in next st.
*Bobble in next st. 1 hdc in next st.* Rep from
** to 1 st before next marked st.
Hdc3tog. PM in hdc3tog. Rep from * around.
Join with sl st to first hdc.
11th rnd: Sl st in next st. Ch 3.
*1 dc in each st to 1 st before marked st. 3 dc in
next st. 1 dc in next st. PM in dc.
3 dc in next st. 1 dc in each st until 1 st before
next marked st. Dc3tog. PM in dc3tog.*
Rep from * around. Join with sl st to top of ch 3.

Rep 10th and 11th rnds, keeping cont of Stripe
Pat, until work from center to outer point mea-
sures approx 30” [76 cm]. Fasten off.

Tassels (make 7):
Cut a piece of cardboard 5” [12.5 cm] wide. Wind
B around cardboard 40 times. Break yarn leaving
a long end and thread end through needle. Slip
needle through all loops and tie tightly. Remove
cardboard and wind yarn tightly around loops 1”
[2.5 cm] below fold. Fasten securely. Cut through
remaining loops and trim ends evenly. Sew one
tassel to each “peak” along the edge of Blanket as
pictured.
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Gemini

Special Stitch
Bobble: [Yarn over, insert hook in indicated st,
yarn over and pull up a loop, yarn over and draw

1138

through 2 loops] 5 times in same st, yarn over and
draw through all 6 loops on hook.

Instructions
With Color A (Blue), make a magic ring.
Rnd 1: Ch 1, 14 sc in ring. Join with sl st to first
sc. [14 sc]
Rnd 2: Ch 1, sc in first st. *Ch 2, skip 1 st, sc in
next st. Rep from * around to last st, ch 2, skip
last st. Join with sl st to first sc. Fasten off A. [7
sc, 7 ch-2 sps]

Join Color B (Brown) with sl st in any ch-2 sp.
Rnd 3: Ch 1, (Bobble, ch 2, Bobble) in same sp.
*Sc in next sc, (Bobble, ch 2, Bobble) in next ch-2
sp. Rep from * around. Join with sl st to top of
first Bobble. [14 Bobbles, 7 sc]
Rnd 4: Sl st into ch-2 sp. Ch 1, (Bobble, ch 2,
Bobble) in same sp. *Sc in next Bobble, Bobble in
next sc, sc in next Bobble. (Bobble, ch 2, Bobble)
in next ch-2 sp. Rep from * around, omitting last
point group on final rep. Join with sl st to top of
first Bobble. Fasten off B. [3 sts on each of 7 sides]

Join Color A with sl st in any ch-2 sp.
Rnd 5: Ch 1, (Bobble, ch 2, Bobble) in same sp.
*(Sc in next st, Bobble in next st) twice, sc in next
st. (Bobble, ch 2, Bobble) in next ch-2 sp. Rep
from * around, omitting last point group on final
rep. Join with sl st to top of first Bobble. [5 sts
on each of 7 sides]
Rnd 6: Sl st into ch-2 sp. Ch 1, (Bobble, ch 2,
Bobble) in same sp. *(Sc in next st, Bobble in
next st) three times, sc in next st. (Bobble, ch
2, Bobble) in next ch-2 sp. Rep from * around,
omitting last point group on final rep. Join with
sl st to top of first Bobble. Fasten off A. [7 sts on
each of 7 sides]

Join Color B with sl st in any ch-2 sp.
Rnd 7: Ch 1, (Bobble, ch 2, Bobble) in same sp.
*(Sc in next st, Bobble in next st) four times, sc
in next st. (Bobble, ch 2, Bobble) in next ch-2 sp.
Rep from * around, omitting last point group on
final rep. Join with sl st to top of first Bobble. [9
sts on each of 7 sides]
Rnd 8: Sl st into ch-2 sp. Ch 1, (Bobble, ch
2, Bobble) in same sp. *(Sc in next st, Bobble
in next st) five times, sc in next st. (Bobble, ch
2, Bobble) in next ch-2 sp. Rep from * around,
omitting last point group on final rep. Join with
sl st to top of first Bobble. Fasten off B. [11 sts
on each of 7 sides]

Join Color A with sl st in any ch-2 sp.
Rnd 9: Ch 1, (Bobble, ch 2, Bobble) in same sp.
*(Sc in next st, Bobble in next st) six times, sc in
next st. (Bobble, ch 2, Bobble) in next ch-2 sp.
Rep from * around, omitting last point group on
final rep. Join with sl st to top of first Bobble. [13
sts on each of 7 sides]
Rnd 10: Sl st into ch-2 sp. Ch 1, (Bobble, ch
2, Bobble) in same sp. *(Sc in next st, Bobble in
next st) seven times, sc in next st. (Bobble, ch
2, Bobble) in next ch-2 sp. Rep from * around,
omitting last point group on final rep. Join with
sl st to top of first Bobble. Fasten off. [15 sts on
each of 7 sides]

Finishing
1139
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Weave in ends.
Make 7 tassels with Color B and attach one to
each ch-2 point of the star.

1140

GPT-4o

Star-Shaped Crochet Blanket Pattern

Materials:

• Yarn: Brown and Blue

• Crochet hook: Size H/8 (5.00 mm)

• Yarn needle

• Scissors

• Optional: Tassels (for points)

Abbreviations:

• ch = chain

• sc = single crochet

• hdc = half double crochet

• dc = double crochet

• tr = treble

• sl st = slip stitch

• rep = repeat

Instructions

Foundation Ring:
With Brown yarn, make a magic ring.

Rnd 1:
Ch 3 (counts as dc), 11 dc in ring. Join with sl st
to top of ch-3. (12 dc)
Rnd 2:
Ch 3, dc in same space, 2 dc in each st around.
Join. (24 dc)
Rnd 3:
Ch 3, *dc in next st, 2 dc in next st; rep from *
around. Join. (36 dc)
Rnd 4:
Ch 3, *dc in next 2 sts, 2 dc in next st; rep from
* around. Join. (48 dc)

Change to Blue Yarn.

Rnd 5:
Ch 3, *dc in next 3 sts, 2 dc in next st; rep from
* around. Join. (60 dc)
Rnd 6:
Ch 3, *dc in next 4 sts, 2 dc in next st; rep from
* around. Join. (72 dc)
Rnd 7:
Ch 3, *dc in next 5 sts, 2 dc in next st; rep from
* around. Join. (84 dc)

Change to Brown Yarn.

Rnd 8:
Ch 3, *dc in next 6 sts, 2 dc in next st; rep from
* around. Join. (96 dc)
Rnd 9–11:
Repeat Rnds 5–7 (using Blue & Brown alter-
nately).

1141

Finishing:
Fasten off and weave in ends.

Tassels:

• Cut 4 lengths of Brown yarn (about 8 inches
each).

• Wrap yarn around fingers, tie off center, trim
ends, and attach one tassel to each point of
the star.

Block if necessary.

Enjoy your star-shaped blanket!
1142

Claude

8-Point Star Afghan
Materials: Worsted weight yarn in blue and
brown
Hook: Size H/8 (5mm)
Center:
With blue, ch 4, join with sl st to form ring.
Rnd 1: Ch 1, 8 sc in ring, join with sl st. (8 sc)
Rnd 2: Ch 1, 2 sc in each sc around, join. (16 sc)
Rnd 3: Ch 1, *sc in next sc, 2 sc in next sc*, rep
around, join. (24 sc)
Rnd 4: Ch 1, *sc in next 2 sc, 2 sc in next sc*,
rep around, join. (32 sc)
Rnd 5: Ch 1, *sc in next 3 sc, 2 sc in next sc*,
rep around, join. (40 sc)
Rnd 6: Ch 1, *sc in next 4 sc, 2 sc in next sc*,
rep around, join. (48 sc)

Star Points Formation:
Rnd 7: Ch 1, *sc in next 5 sc, 2 sc in next sc*,
rep around, join. (56 sc)
Rnd 8: Ch 1, *sc in next 6 sc, 2 sc in next sc*,
rep around, join. (64 sc)
Rnd 9: Change to brown. Ch 1, sc in each sc
around, join.
Rnd 10: Ch 1, *sc in next 7 sc, 2 sc in next sc*,
rep around, join. (72 sc)
Rnd 11: Ch 1, *sc in next 8 sc, 2 sc in next sc*,
rep around, join. (80 sc)
Rnd 12: Ch 1, *sc in next 9 sc, 2 sc in next sc*,
rep around, join. (88 sc)
Rnd 13: Change to blue. Ch 1, sc in each sc
around, join.
Rnd 14: Ch 1, *sc in next 10 sc, 2 sc in next sc*,
rep around, join. (96 sc)
Rnd 15: Ch 1, *sc in next 11 sc, 2 sc in next sc*,
rep around, join. (104 sc)
Rnd 16: Ch 1, *sc in next 12 sc, 2 sc in next sc*,
rep around, join. (112 sc)
Rnd 17: Change to brown. Ch 1, sc in each sc
around, join.
Rnd 18: Ch 1, *sc in next 13 sc, 2 sc in next sc*,
rep around, join. (120 sc)
Rnd 19: Ch 1, *sc in next 14 sc, 2 sc in next sc*,
rep around, join. (128 sc)
Rnd 20: Change to blue. Ch 1, sc in each sc
around, join.

Continue pattern of color changes every 3–4
rounds, increasing evenly to maintain flat star
shape until desired size.
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Edging:
Final Rnd: With blue, ch 1, *sc in next 2 sc, ch
3, sl st in 3rd ch from hook (picot made)*, rep
around, join.

Tassels:
Cut 40 strands of brown yarn, 4 inches long. Di-
vide into 8 groups of 5 strands each. Attach one
tassel to each star point.

1144

Qwen-VL-7B

Star Motif Crochet Pattern

Materials:

• Worsted weight yarn in navy blue and brown

• Crochet hook size H (5.0 mm) or size needed
to obtain gauge

• Yarn needle for weaving in ends

• Tassels (optional)

Gauge: 16 sc and 16 hdc around a 4” circle

Instructions:

Round 1: Ch 10, join with sl st to form a ring.
10 sc in the ring.

Round 2: Ch 1, 1 sc in each sc around.
Fasten off.

Round 3: Ch 1, 1 hdc in each sc around.
Fasten off.

Round 4: Ch 1, 1 dc in each hdc around.
Fasten off.

Round 5: Ch 1, 1 tr in each dc around.
Fasten off.

Round 6: Ch 1, 1 hdc in each tr around.
Fasten off.

Round 7: Ch 1, 1 sc in each hdc around.
Fasten off.

Round 8: Ch 1, 1 hdc in each sc around.
Fasten off.

Round 9: Ch 1, 1 dc in each hdc around.
Fasten off.

Round 10: Ch 1, 1 tr in each dc around.
Fasten off.

Round 11: Ch 1, 1 hdc in each tr around.
Fasten off.

Round 12: Ch 1, 1 sc in each hdc around.
Fasten off.

Finishing:
Join the rounds with slip stitches to form a star
shape.
Weave in ends.
Attach tassels to each point of the star (optional).

Note: Adjust the number of rounds to achieve
the desired size of the star.
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DeepSeek-VL

ch 100, sc in 2nd ch from hook, sc in each ch across,
join with sl st in 1st sc, 100 loops made.
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Qwen-VL-72B

Star Blanket Crochet Pattern

Materials:

• Yarn in two colors: Blue (A) and Brown (B)

• Crochet hook size H/8 (5mm)

Abbreviations:

• ch = chain

• sc = single crochet

• hdc = half double crochet

• dc = double crochet

• sl st = slip stitch

Pattern

Foundation Round:
With Blue (A), ch 4, join with sl st to form a ring.

Round 1:
Ch 3 (counts as first dc), work 2 dc in ring, *ch 1,
skip next ch, work 3 dc in ring; rep from * around,
join with sl st to top of beg ch-3. (6 clusters)

Round 2:
Ch 3 (counts as first dc), work 2 dc in same st,
*ch 1, skip next ch, work 3 dc in next cluster; rep
from * around, join with sl st to top of beg ch-3.
(12 clusters)

Round 3:
Ch 3 (counts as first dc), work 2 dc in same st,
*ch 1, skip next ch, work 3 dc in next cluster; rep
from * around, join with sl st to top of beg ch-3.
(24 clusters)

Round 4:
Ch 3 (counts as first dc), work 2 dc in same st,
*ch 1, skip next ch, work 3 dc in next cluster; rep
from * around, join with sl st to top of beg ch-3.
(48 clusters)

Round 5:
Ch 3 (counts as first dc), work 2 dc in same st,
*ch 1, skip next ch, work 3 dc in next cluster; rep
from * around, join with sl st to top of beg ch-3.
(96 clusters)

Color Change:
Join Brown (B) with sl st in next ch-1 sp.

Round 6:
Ch 3 (counts as first dc), work 2 dc in same st,
*ch 1, skip next ch, work 3 dc in next cluster; rep
from * around, join with sl st to top of beg ch-3.
(192 clusters)

Round 7:
Ch 3 (counts as first dc), work 2

1147
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Field Value

Pattern Name SKULL TRICK OR TREAT BAG (TO CROCHET)
Skill Level Intermediate
Project Type Bags or Purses
Measurements 15 cm diameter × 15 cm high (excluding handle)
Gauge 13 sc and 14 rows = 10 cm
Materials Lily® Sugar’n Cream (White, Black), 5 mm hook, cardboard
Image https://www.yarnspirations.com/cdn/shop/products/

SCC0303-005314M.jpg

Source input file/Bags+Purses/SCC0303-005314M.pdf

Instructions Instructions:
Note: Ch 2 at beg of each rnd counts as hdc.
BAG
With MC, ch 4. Join with sl st to form ring.
1st rnd: Ch 2. 11 hdc in ring. Join with sl st to top of ch 2. 12
hdc.
2nd rnd: Ch 2. 1 hdc in same sp as sl st. 2 hdc in each hdc
around. Join. 24 hdc.
3rd rnd: Ch 2. 1 hdc in same sp. 1 hdc in next hdc. *2 hdc in
next hdc, 1 hdc in next.* Rep around. Join. 36 hdc.
4th rnd: Ch 2. 1 hdc in each hdc around. Join.
5th rnd: Ch 2. 1 hdc in same sp. 1 hdc in next 2 hdc. *2 hdc, 1
hdc in next 2.* Join. 48 hdc.
6th rnd: As 4th rnd.
7th rnd: Ch 2. 1 hdc in next 2 hdc. *2 hdc, 1 hdc in next 3.*
Rep. 60 hdc.
8th rnd: Ch 2. Back loops only, 1 hdc around. Join.
9th–13th rnds: Ch 2. 1 hdc in each hdc around. Join.
14th rnd: Ch 2. 1 hdc in same sp. 1 hdc in next 4 hdc. *2 hdc, 1
hdc in next 4.* Join. 72 hdc.
15th rnd: Ch 2. 1 hdc in same sp. 1 hdc in next 5 hdc. *2 hdc, 1
hdc in next 5.* Join. 84 hdc.
16th–22nd rnds: Ch 2. 1 hdc in each hdc around. Join.
23rd rnd: Ch 2. 1 hdc in next 4 hdc. *Hdc2tog, 1 hdc in next 5.*
Rep. Hdc2tog. Join. 72 sts.
24th rnd: Ch 2. 1 hdc in next 3 hdc. *Hdc2tog, 1 hdc in next 4.*
Rep. Join. 60 sts.
25th rnd: Ch 2. 1 hdc in next 2 hdc. *Hdc2tog, 1 hdc in next 3.*
Rep. Join. 48 sts. Fasten off.
Eyes (Make 2)
With A, ch 8.
1st rnd: 2 sc in 2nd ch from hook. 1 sc in next 5 ch. 3 sc in last
ch. Continue on rem loops, 1 sc in each ch. Join. 17 sc.
2nd rnd: Ch 1. 3 sc in first sc. 1 sc in next 7 sc. 3 sc in next sc.
1 sc in next 8 sc. Join. Fasten off.
Handle
With MC, ch 45.
1st row: 1 sc in 2nd ch from hook. 1 sc across. 44 sc. Turn.
2nd row: Ch 1. 1 sc across. Turn.
Rep last row 4 more times. Fasten off.
Finishing
Sew Eyes to Bag. Embroider mouth and teeth with A. Attach
Handle. Cut cardboard circle to fit bottom.

Table 4: Representative pattern entry from CrochetBench.

20

https://www.yarnspirations.com/cdn/shop/products/SCC0303-005314M.jpg
https://www.yarnspirations.com/cdn/shop/products/SCC0303-005314M.jpg


Project Type Easy Intermediate Beginner Experienced

Afghans & Blankets 56.1% 35.3% 7.0% 1.5%
Hats 61.3% 27.8% 10.1% 0.7%
Sweaters & Cardigans 56.6% 35.9% 5.0% 2.5%
Shawls & Wraps 52.7% 41.8% 4.2% 1.2%
Scarves 63.2% 20.7% 16.1% –
Pillows & Poufs 70.0% 22.9% 6.5% 0.7%
Amigurumi & Toys 64.0% 33.2% 2.1% 0.7%
Bags & Purses 53.8% 39.0% 6.8% 0.4%
Décor 58.4% 33.3% 6.5% 1.7%
Dishcloths 62.6% 27.5% 9.9% –

Table 6: Skill level distribution by top 10 project types. Percentages are within each project category.

Skill Level Avg. Length Median Length Avg. Abbr. Count

Easy to intermediate 13812.0 13812.0 21.0 1
Experienced 7689.4 6729.0 9.8 80
Intermediate 4221.3 3387.0 10.7 1967
Easy 2760.7 2182.0 10.8 3569
Beginner 1673.9 1365.0 9.2 465
Beginners 1633.0 1633.0 11.0 1
Beginner/Easy 1063.0 1063.0 – 1

Table 9: Instruction length and abbreviation counts by skill level.

Project Type Avg. Length Median Count

Dresses 6484.9 5799.0 34
Vests 6032.0 5193.5 64
Pants 5866.7 5409.0 11
Tunics 5850.4 5832.0 29
Sets 5625.5 4847.0 111
Sweaters & Cardigans 5429.2 5113.0 357
Amigurumi & Toys 5322.4 4505.0 286
Jackets 5311.9 4831.0 31
Onesies & Rompers 5263.4 5181.0 5
Aprons 4467.8 4494.0 11

Table 10: Top 10 most complex project types (by average instruction length).

Project Type Avg. Length Median Count

Cowls 1288.3 956.5 154
Washcloths & Mitts 1502.5 1420.0 28
Scarves 1567.3 1221.0 304
Headbands 1617.5 1475.5 38
Dishcloths 1688.4 1571.0 222
Coasters 1750.3 1625.0 26
Booties 1921.9 1938.5 24
Jewelry 1960.3 1549.0 55
Super Scarves 2007.6 1213.0 13
Tech Accessories 2011.1 2099.0 13

Table 11: Top 10 simplest project types (by average instruction length).
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