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Abstract

Cooking recipes are complex procedures that
require not only a fluent and factual text, but
also accurate timing, temperature, and proce-
dural coherence, as well as the correct compo-
sition of ingredients. Standard training proce-
dures are primarily based on cross-entropy and
focus solely on fluency. Building on RECIPE-
NLG, we investigate the use of several compos-
ite objectives and present a new topological loss
that represents ingredient lists as point clouds
in embedding space, minimizing the divergence
between predicted and gold ingredients. Using
both standard language generation metrics and
recipe-specific metrics, we find that our loss
significantly improves ingredient- and action-
level metrics. Meanwhile, the Dice loss excels
in time/temperature precision, and the mixed
loss yields competitive trade-offs with syner-
gistic gains in quantity and time. A human
preference analysis supports our finding, show-
ing our model is preferred in 62% of the cases.

1 Introduction

Generating usable cooking recipes with language
models requires more than fluent text: models must
produce ingredients, quantities, and step-by-step
instructions that are factually correct, numerically
plausible, and procedurally executable. In this set-
ting, errors on a few key tokens (e.g., omitting
“eggs” in carbonara pasta or doubling the cooking
temperature) can render the entire recipe unusable,
even if the text is fluent and the semantics are simi-
lar to the correct output (Bień et al., 2020; Liu et al.,
2025).

Standard fine-tuning with cross-entropy (CE) is
ill-suited to this challenge because it treats all to-
kens as equally important, despite a strong asymme-
try between high-impact tokens (ingredients, quan-
tities, times, temperatures, core actions) and low-
impact connective words (Chen et al., 2024). This
misalignment manifests in common failure modes:

poor ingredient recall, inaccurate quantities, and
instruction sequences that are syntactically plausi-
ble but procedurally incorrect. Existing work on
recipe generation and structured text generation
has largely relied on CE-based objectives, beam
search, or schema-constrained decoding, but has
not directly targeted the holistic composition of
ingredient sets and numerical aspects of recipes
through the training loss (Lam et al., 2024).

In parallel, some works have explored alterna-
tive or auxiliary objectives in other natural lan-
guage processing (NLP) tasks, such as focal and
dice losses (Rege Cambrin et al., 2024). These ap-
proaches suggest that rethinking the loss can steer
models toward rare but important events or holistic
set properties; however, they have not been sys-
tematically applied to structured recipe generation
and do not exploit the inherent topology of recipes.
Moreover, standard natural language generation
(NLG) metrics, such as ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2020), capture fluency
and semantic similarity but fail to directly measure
whether a recipe accurately specifies the ingredi-
ents, quantities, and cooking parameters.

This work addresses these gaps by focusing on
Small Language Models (SLMs) fine-tuned for
structured recipe generation on a focused subset of
the RECIPE-NLG corpus (Bień et al., 2020) (pasta,
rice, and sandwiches). We introduce a topological
loss that represents ingredient lists as point clouds
in embedding space and minimizes a Sinkhorn
divergence (Cuturi, 2013) between predicted and
gold ingredients, explicitly encoding ingredient-
level structure beyond token-wise CE. We further
investigate how combining our proposal with ex-
isting losses can balance ingredient structure with
numerical accuracy. To evaluate these objectives,
we design a recipe-specific metric suite, includ-
ing ingredient recall, quantity precision, action and
step edit distances, and time/temperature precision,
in addition to standard text metrics.

26489



Our experiments demonstrate that augmenting
CE with the proposed topological loss substantially
improves ingredient recall, quantity precision, and
procedural accuracy over CE alone, while Dice-
based losses excel in terms of time and tempera-
ture precision. The mixed loss yields well-rounded
trade-offs and, in some cases, synergistic gains
(e.g., in quantity and time precision), with many
improvements over CE and single custom losses.
Together, these results demonstrate that carefully
designed loss functions can meaningfully improve
structured recipe generation in SLMs without in-
creasing model size or inference-time complexity.
We release the code for reproducibility on https:
//github.com/DarthReca/losses-cook.

2 Methodology

This section presents the task, the dataset, the pro-
posed loss, and the evaluation metrics.

2.1 Task

We formalize structured recipe generation as a
mapping f : Pin → Rout, where Pin is a natu-
ral language prompt (e.g., "Generate a recipe for
Pasta Carbonara") and Rout = I, S is a structured
JavaScript Object Notation (JSON) output contain-
ing: (1) a list of ingredients I = I1, I2, . . . , In, and
(2) a list of instruction steps S = S1, S2, . . . , Sm

as shown in Appendix A. The objective is to learn
f that satisfies multiple constraints simultaneously:
fluency, factual correctness (appropriate ingredi-
ents), numerical accuracy (plausible quantities,
times, temperatures), and procedural coherence
(logical instruction sequences).

2.2 Dataset

We use a subset of 5,000 recipes from RECIPE-
NLG (Bień et al., 2020), focusing on pasta, rice,
and sandwich dishes to ensure distributional consis-
tency between the training and test sets (knowing
how to cook rice does not necessarily enable you to
prepare a good steak). To improve domain-specific
learning, we augment the dataset with 235 manu-
ally curated cooking questions covering: missing
ingredient identification, ingredient substitution,
recipe scaling, quantity reasoning, time estima-
tion, and temperature specification. These ques-
tions teach the model critical relationships between
ingredients and numerical reasoning required for
recipe generation. More details and examples are
reported in Appendix A.

2.3 Loss Functions

Standard Cross-Entropy (CE) minimizes LCE =
− log pc, where pc is the model’s predicted proba-
bility for the correct token c. We establish CE-only
fine-tuning as our primary baseline. We also eval-
uate Focal Loss (Lin et al., 2017), which down-
weights easy examples via a modulating factor
(1 − pt)

γ to address token frequency imbalance,
and Dice Loss (Sudre et al., 2017), which opti-
mizes set-level overlap using a differentiable Dice
coefficient to encourage correct token sets.

2.3.1 Topological Loss

Our main contribution is a topological loss that
operates in embedding space to capture the struc-
tural coherence of the ingredient section. The key
insight is that token sequences representing seman-
tically similar ingredient lists should form geomet-
rically similar shapes in embedding space, unlike
cross-entropy, which treats all substitutions equally
regardless of semantic proximity.

We construct two point clouds in embedding
space from all tokens within the ingredient section:
(1) For the predicted recipe, we generate soft prob-
abilistic embeddings by applying softmax to out-
put logits P = softmax(logits) and computing
weighted embedding averages embsoft = P · E,
where E is the model’s token embedding matrix
as shown in Figure 1. (2) For the ground truth, we
perform standard embedding lookups.

The loss then measures the geometric dissimi-
larity between these clouds using Sinkhorn diver-
gence Sϵ (Cuturi, 2013; Cuturi and Peyré, 2016), a
differentiable approximation of optimal transport
(Wasserstein) distance:

LTopo = Sϵ(PCpred, PCtarget)

where ϵ is the entropic regularization parameter.
This encourages the model to generate ingredient
lists that are both semantically and structurally co-
herent in the embedding space, not just token-wise
accurate, as shown in Figure 2.

2.4 Evaluation Metrics

To comprehensively assess recipe quality, we
combine standard NLG metrics with recipe-
specific measures. We report ROUGE-1 (R1) and
BERTScore F1 (BS) to measure linguistic fluency
and semantic coherence. Since factual and pro-
cedural correctness are paramount, we introduce
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Prompt: Carbonara Recipe

LLM
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embsoft

Embedding Matrix E
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· · ·

Token Logits z

Probabilities p

weights access
Figure 1: Soft embedding computation: output logits z
are converted into token probabilities p using softmax,
which are used to compute a differentiable weighted
average over the model’s embedding matrix E to create
embsoft = p · E.

ad-hoc metrics. Ingredient Recall (IR) is the frac-
tion of ground-truth ingredients correctly gener-
ated; Quantity Precision (QP) is the accuracy of
numerical quantities for correctly recalled ingredi-
ents; Action Precision (AP) is the precision of key
cooking verbs (e.g., boil, fry, sauté) in generated
instructions; Action (AD) and Step (SD) Edit Dis-
tances are Levenshtein distance between sequences
of cooking actions or full instruction steps with
times/temperatures, measuring procedural correct-
ness; Time (TiP) and Temperature (TeP) Precision
are the accuracy of time durations and temperatures
mentioned in instructions. Additional details on the
metrics computation are provided in Appendix B.

3 Experiments

In this section, we present the experimental settings
and results.

3.1 Experimental Settings

We fine-tune a pre-trained Qwen3-4B (Yang et al.,
2025) model with Low-Rank Adaptation (LoRA)
(Hu et al., 2022) and the AdamW optimizer. More
training details are provided in Appendix C. All

2

cups

flour
1

egg
salt

3

eggs

pepper

Figure 2: The loss aligns the ground truth (black) and
predicted (blue) token in embedding space. Shared
tokens like "flour" (black dots with blue halos) have
zero transport cost. The loss minimizes the transport
distance for divergent tokens, penalizing semantic shifts
(e.g., "salt" → "pepper") and structural deviations (e.g.,
"egg" → "eggs")

custom losses (i.e., dice, focal, and topological) are
combined with cross-entropy (CE) as a compos-
ite objective to maintain linguistic fluency while
enhancing domain-specific correctness. In all com-
posite setups with a single custom loss, the ob-
jective is L = 0.6LCE + 0.4Lcustom, chosen em-
pirically to preserve fluency while amplifying the
signal on critical tokens. We also train a mixed-
loss configuration with L = 0.6LCE +0.2LDice +
0.2LTopo. The same augmented dataset is used for
all fine-tuning conditions. We compared our model
against a commercial model (Gemini 2.0 Flash)
and a larger version of Qwen3 with 14B parameters.
To assess whether the observed trends generalize
across architectures and parameter scales, we addi-
tionally evaluate SmolLM3-3B and Qwen2.5-1.5B;
those results are reported in Appendix D.

3.2 Quantitative Evaluation

As shown in Table 1, strong pretrained instruction-
tuned LLMs (Gemini 2.0, Qwen3-14B, and Qwen3-
4B) underperform our fine-tuned models on both
general NLG metrics (R1, BS) and on recipe-
specific measures. While Qwen3-14B improves
over Gemini in R1 and yields the best temper-
ature precision (TeP), both models exhibit sub-
stantially weaker action/ingredient grounding (e.g.,
lower AP and IR) and larger procedural divergences
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Model R1 ↑ BS ↑ AP ↑ QP ↑ IR ↑ TeP ↑ TiP ↑ AD ↓ SD ↓
N

o-
FT

Gemini 2.0 15.08 88.50 43.80 44.51 37.47 76.88 36.92 36.21 48.60
Qwen3-14B 25.24 85.69 42.12 44.51 28.25 81.71 41.98 35.97 38.09
Qwen3-4B 22.49 87.93 32.40 25.09 26.09 39.84 41.45 48.50 52.09

Q
w

en
3-

4B
FT CE 27.30 88.78 45.09 50.94 35.98 61.93 52.09 37.83 39.48

Focal 26.09 89.94 41.09 54.94 43.09 59.60 48.52 37.40 38.05
Dice 29.87 90.49 50.59 57.44 44.90 74.58 59.68 31.09 35.08
Topological 30.40 90.97 59.68 63.93 48.59 65.59 55.55 30.49 34.09

Topo+Dice 31.90 90.99 57.59 65.09 47.09 67.89 61.95 30.49 34.09

Table 1: Results for finetuned Qwen3-4B and pretrained models using ROUGE-1 (R1), BERTScore (BS), Action
Precision (AP), Quantity Precision (QP), Ingredient Recall (IR), Temperature Precision (TeP), Time Precision
(TiP), Action Distance (AD), Step Distance (SD). In bold the top performance, and in italic the second best. FT
= FineTuned; No-FT = Non FineTuned. Results on additional architectures (SmolLM3-3B, Qwen2.5-1.5B) are
reported in Appendix D.

(AD, SD) than the fine-tuned objectives. This sug-
gests that general conversational competence does
not directly translate into executable, constraint-
satisfying recipe generation, highlighting the im-
portance of domain adaptation for maintaining in-
gredient coverage and step-level alignment.

Across fine-tuned configurations, even pure
cross-entropy (CE) yields large improvements over
the pretrained baselines in AP, QP, IR, TiP, and TeP,
while also reducing AD and SD, indicating better
procedural faithfulness to the ground-truth recipes.
Among composite objectives, focal loss slightly
improves BS and IR over CE, but lags behind Dice
and Topological losses on most task-specific met-
rics, indicating that reweighting difficult tokens
alone is insufficient to enforce fine-grained culi-
nary constraints (quantities, times, and action se-
quences). Consistent with this, our significance
tests indicate that improvements in BS are not al-
ways reliable, reinforcing that the primary benefits
of the custom objectives are manifested in structure-
and constraint-sensitive metrics rather than generic
semantic similarity.

Dice loss yields stronger gains than CE and fo-
cal in both numerical and procedural dimensions,
with notable improvements in QP, TeP, and TiP,
alongside lower edit distances, underscoring its ef-
fectiveness in covering critical tokens and reducing
omissions. Our topological loss delivers the most
consistent improvements over CE across the recipe-
specific metrics, substantially increasing AP, QP,
and IR, while achieving the lowest (or tied-lowest)
AD and SD. This suggests that aligning ingredient
point clouds in embedding space facilitates coher-
ent ingredient sets and step sequences, surpassing

what token-wise objectives can capture. The mixed
Topo+Dice objective further improves overall per-
formance, achieving the best R1, BS, QP, and TiP
while matching the best edit distances, suggest-
ing that Dice and topological alignment are com-
plementary—Dice sharpens numerical/procedural
accuracy, whereas the topological term enforces
ingredient-level semantic structure. These trends
are consistent across architectures and parameter
scales, as confirmed by experiments on SmolLM3-
3B and Qwen2.5-1.5B reported in Appendix D.

3.3 Human Evaluation

We conducted pairwise comparisons on 64 recipes
(balanced across pasta, rice, and sandwiches) with
3 expert annotators evaluating ingredients, num-
bers, procedure, and overall quality. Inter-annotator
agreement was substantial (mean Fleiss’ κ = 0.69)
with full (3/3) and partial (2/3) agreement in 71%
and 28% of cases. Topo+Dice was preferred over
CE for ingredients (38% vs 10%), procedure (46%
vs 9%), numbers (42% vs 9%), and overall qual-
ity (62% vs 11%), corresponding to win rates of
79%, 81%, 88%, and 84% when excluding ties. All
differences are statistically significant (p < 0.01,
χ2, and McNemar tests). Error analysis revealed
a 67.5% reduction in generation errors (7.8% vs
24.0%), with Topo+Dice virtually eliminating criti-
cal errors such as step mismatches and hallucina-
tions. More details are provided in Appendix E.

4 Conclusion

We studied structured recipe generation where mod-
els must jointly satisfy fluency, plausibility, and co-
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herence. To address a key weakness of token-level
objectives, we introduced a topological loss that
aligns predicted and reference ingredient sets as
point clouds in embedding space. This improves
over CE baselines, and it complements Dice loss
in a mixed objective that yields the best overall bal-
ance between linguistic quality and constraint sat-
isfaction. Future work includes scaling to broader
cuisines and dietary constraints, as well as incorpo-
rating explicit safety- and nutrition-aware valida-
tion to better support real-world use.
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Limitations

This work has several limitations. The training and
evaluation domain is intentionally narrow (pasta,
rice, and sandwiches), so the observed improve-
ments may not transfer to other cuisines, cooking
styles, or multi-course recipes without additional
adaptation. Second, our curated question augmen-
tation is relatively small and manually constructed;
it may not cover the full diversity of quantity, time,
and temperature reasoning failures encountered in
open-ended prompting. Third, several proposed
evaluation measures rely on automated extraction
of ingredients, quantities, actions, and temperatures
from generated text; these pipelines can be brittle
to paraphrase, formatting deviations, or uncommon
culinary terminology, which can introduce noise
into metric estimates. Fourth, the topological loss
depends on the geometry of the model’s embed-
ding space and hyperparameters, and it introduces
computational overhead relative to CE-only fine-
tuning. Fifth, the human evaluation is small-scale
and based on convenience sampling, which limits
statistical power and generalizability. Fifth, the
method compares entire token sequences rather
than individual ingredient entities, meaning it cap-
tures sequence-level geometric similarity but does
not explicitly parse or compare individual ingre-
dients. Finally, while we measure some safety-
related aspects (e.g., temperatures and times), the
system is not guaranteed to produce safe recipes, re-
spect allergies, or provide nutritionally appropriate
guidance, and should not be treated as a substitute
for professional advice.

Ethical Considerations

This paper focuses on improving factual and pro-
cedural correctness in recipe generation, but gen-
erated recipes can still cause harm if followed
blindly. Potential risks include incorrect or missing
allergen-related ingredients, unsafe handling sug-
gestions, and implausible times/temperatures that
could lead to undercooking or other food safety
issues. To mitigate misuse, models and demos built
on this work should include clear user-facing warn-
ings, encourage verification against trusted culinary
sources, and, where possible, apply post-generation
validation (e.g., allergy constraints, range checks
for temperatures and times, and consistency checks
between ingredients and steps).

Regarding data and bias, recipes reflect cul-
tural preferences and may over-represent certain
cuisines, ingredients, or cooking norms, which can
lead to uneven performance across user groups and
prompts. The dataset was used for research on
recipe text generation; nevertheless, users should
be aware that generated outputs may reproduce bi-
ases present in the training data (e.g., assumptions
about dietary norms).

For human evaluation, participants were adult
volunteers recruited via convenience sampling, par-
ticipated without compensation, and could stop at
any time. No sensitive personal data was collected
beyond basic background relevant to the evaluation
task.
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A Dataset Details

This section provides additional details on the train-
ing dataset.

A.1 Dataset Preparation
Recipe-NLG contains recipes expressed in a con-
venient format, as they already include two fields
called “ingredients” and “instructions” that contain
a list of the respective entities. The primary aspect
that needed modification for our experiment was
the conversion of the unit of measure for the ingre-
dients and other entities to the metric system. We
decided to convert to the metric system to ensure
reliable and consistent numerical values for ingre-
dient quantities, time, and temperature. To achieve
this, we utilized Gemini 2.0 Flash (Hassabis and
Kavukcuoglu, 2024) to convert all quantities to the
metric system. The full conversion prompt used
with LangExtract 1 is reported in Prompt A.1. An
example transformation can be seen in the Figure 3.

Prompt A.1: Imperial-to-Metric Conversion

System: You are a precision data extraction
tool specializing in culinary text. Your task
is to analyze a list of ingredients and ex-
tract specific entities into a structured JSON
format.

Instructions: For each ingredient in the
input list, extract three fields: quantity,
unit, and ingredient.

• Quantity: Extract the numerical value.

1https://langextract.com/
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Convert fractions to decimals. If no
quantity is specified, assume 1.

• Unit: Must be one of "g", "ml",
or "unit". Convert all imperial and
household measurements (e.g., spoons,
cups, cans) to their estimated met-
ric equivalent. Use grams for solids,
ml for liquids, and unit for countable
items (e.g., eggs).

• Ingredient: Extract only the core base
name.

Example:
Input: "3/4 c. chopped onion"
Output: {"quantity": 180, "unit":
"ml", "ingredient": "onion"}

Before (Imperial)
{
"ingredients": [
"10.5 oz spaghetti",
"5.3 oz guanciale,

diced",
"2 large eggs",
"1.8 oz Pecorino Romano,

grated",
"0.9 oz Parmigiano,

grated",
"Black pepper, to taste

"
],
"instructions": [ ... ]

}

After (Metric)
{
"ingredients": [
"300g spaghetti",
"150g guanciale, diced",

"2 large eggs",
"50g Pecorino Romano,

grated",
"25g Parmigiano, grated

",
"Black pepper, to taste

"
],
"instructions": [ ... ]

}

Figure 3: Example of imperial-to-metric conversion
applied to a carbonara recipe. Instructions omitted for
brevity.

A.2 Question Examples

In addition to the recipe collection, we manually
curated and added a new dataset of 235 questions
related to general knowledge in the cooking do-
main. We decided to augment the dataset with this
set of questions to enable the model not only to
learn how to write recipes in general, but also to
understand how to better handle quantities, ingredi-
ent similarities and differences, ingredient propor-
tions, and other challenges related to recipe gen-
eration. The questions have been generated from
a set of humanly written samples that have been
augmented using Gemini 2.0 Flash (Hassabis and
Kavukcuoglu, 2024). The resulting augmented set
has been then evaluated by humans for the quality

of questions, diversity in recipes and ingredients
involved, and potential data leaks in relation to the
test dataset. The questions can be categorized into
the following:

Missing ingredient identification. It consists of
presenting recipes along with an incomplete list of
ingredients. The questions, therefore, evaluate the
model’s capacity to identify the missing ingredients
and learn the relationships between them.

Question: You are an expert chef. You
have been tasked with generating a
recipe for Carbonara. The following
ingredients have been identified: pasta,
pecorino, and eggs. Which ingredient(s)
are missing?

Answer: pepper, guanciale

Substitution validation. This teaches the model
about similarity and differences between ingredi-
ents. Our goal is to teach the model to recognize
similar candidates.

Question: You are an expert chef. You
have been tasked with generating a
recipe for Carbonara. Pecorino is not
available, and you have been asked to
propose an alternative ingredient. Which
ingredient can best substitute it?

Answer: Parmesan

Recipe scaling. The goal is to identify the scaling
rules used for different types of ingredients when
adapting the recipe to serve a different number of
people.

Question: You are an expert chef. You
have been tasked with modifying the fol-
lowing list of ingredients, intended for
two servings, to accommodate 4 servings.
Modify the quantities of each ingredient.
List of ingredients: 200g of pasta, 100g
of pecorino, 3 yolks, 140g of guanciale.

Answer: 400g of pasta, 100g of
pecorino, 3 yolks, 140g of guanciale.

Quantity ingredient. They aim to teach the
model how to properly dose ingredients based on
the context.

Question: You are an expert chef. How
many grams of spaghetti are needed to
prepare a Carbonara for two people?

Answer: 400g
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Time This set of questions aims to teach the
model how to properly define times in relation to
the different steps involved.

Question: You are an expert chef. How
much time do you need to boil pasta?

Answer: 10 minutes.

Temperature This set of questions aims to teach
the optimal temperature at which certain ingredi-
ents should be exposed to accomplish a specific
step.

Question: You are an expert chef.
At which temperature should you boil
pasta?

Answer: 100 Celsius degrees.

B Extraction Pipeline

All models generate 1,000 recipes in JSON format
with schema enforcement via the Outlines library
(Willard and Louf, 2023) to prevent malformed out-
puts. We then apply NER using a Qwen3-4B to
extract quantities, units, times, temperatures, and
primary actions from natural language instructions,
enabling precise metric computation using LangEx-
tract 2 with the Prompts B.1 and A.1.

Prompt B.1: Directions Extraction

System: You are an expert culinary data
scientist. Your task is to analyze a list of
cooking recipe steps and extract key infor-
mation for each step into a structured JSON
format.
Instructions: Process the input list of
recipe steps in the order they are provided.
For each step, extract the following four
entities:

• action: The single, primary cooking
verb for the step (e.g., "Combine",
"Bake", "Stir").

• temperature_celsius: The temperature
mentioned, converted to Celsius. If not
present, use null. Must be a number.

• time_minutes: The duration in min-
utes. If a range is given (e.g., "10-
12 minutes"), use the average. If not
present, use null. Must be number

2https://langextract.com/

• ingredients: A list of the food ingredi-
ents involved in that specific step. If
no ingredients are mentioned, use an
empty list [].

C Additional Experimental Settings

We used LoRa with bfloat16 training, and the learn-
ing rate is 10−4 for 2 epochs. The batch size is 2
with gradient accumulation of 3. The Sinkhorn ϵ
parameter is set to 0.05, and the focal loss γ is set
to 2. The Table 2 summarizes LoRa hyperparame-
ters, while the targeted modules are q_proj, k_proj,
v_proj, o_proj.

Hyperparameter Value

Rank (r) 8
Alpha (α) 16
Dropout 0.05
Bias none
Task type Causal LM

Table 2: LoRA hyperparameters shared across all fine-
tuning runs.

D Additional Results

This appendix reports results on SmolLM3-3B
(Bakouch et al., 2025) and Qwen2.5-1.5B (Qwen
et al., 2025), to assess whether the trends observed
in the main experiments persist across architec-
tures and parameter scales. Overall, the same pat-
tern holds: (i) domain fine-tuning is crucial (all
fine-tuned variants strongly outperform the pre-
trained baselines), and (ii) the proposed Topologi-
cal loss provides the most consistent improvements
on recipe-specific factual and procedural metrics,
particularly ingredient recall, quantity precision,
and action/step edit distances.

D.1 SmolLM3-3B

Table 3 confirms the results when changing archi-
tecture (and pretraining data), showing that CE
fine-tuning already yields significant gains over
the pre-trained model across all metrics, confirm-
ing the necessity of fine-tuning to learn the recipe
structure and cooking-action patterns. Among the
composite objectives, Topological achieves the best
overall balance: it yields the highest ROUGE-1 and
BERTScore, improves Action Precision, Quantity
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Precision, and Ingredient Recall over CE, and re-
duces both Action and Step edit distances (better
procedural alignment). Dice remains competitive
and provides the strongest Temperature Precision
on this backbone, suggesting that set-level overlap
objectives help reliably recover critical numeric to-
kens, while the topological term primarily strength-
ens ingredient-set semantic coherence.

D.2 Qwen2.5-1.5B

Table 4 confirms the same overall behavior on a
smaller 1.5B backbone: fine-tuning substantially
improves not only surface-form metrics (ROUGE-
1) but also executability-oriented measures (ingredi-
ent recall, quantity precision, and lower procedural
edit distances). The Topological objective again
provides the greatest improvements on ingredient-
and procedure-related metrics, achieving the best
ROUGE-1, BERTScore, Ingredient Recall, and the
lowest Action/Step edit distances. Dice remains
a strong alternative when prioritizing numerical
faithfulness, attaining the best Temperature Pre-
cision and Time Precision in this setting, which
supports the view that Dice and Topological objec-
tives emphasize complementary aspects of recipe
correctness.

E Human Evaluation Details

This section provides additional details on the hu-
man evaluation and its settings.

E.1 Participants and recruitment.

Three adult volunteers were recruited via conve-
nience sampling from the authors’ personal net-
work: (i) one hobbyist home cook, (ii) one profes-
sional pastry chef, and (iii) one participant with
professional experience as a baker and pizza maker
with restaurant cooking experience. All partici-
pants were located in Italy and evaluated the out-
puts in English as presented. Participation was
unpaid and fully voluntary, and participants could
stop at any time without providing a reason.

E.2 Human Evaluation Instructions

Materials. For each evaluated prompt, we gen-
erated two structured recipes (ingredients + steps)
using (a) CE fine-tuning and (b) Topo+Dice fine-
tuning, using identical decoding settings. To reduce
bias, the two candidates were randomized in order
and labeled as Recipe A/B.

Purpose. You will compare two automatically
generated structured recipes for the same cooking
prompt. The goal is to help identify which recipe
is more plausible and to spot concrete errors.

What you will see. For each prompt, you will
see: (1) the recipe name (e.g., “Pasta Carbonara”);
(2) two candidate recipes labeled Recipe A and
Recipe B, each with an ingredients list and step-
by-step instructions.

Your tasks (for each prompt).

1. Preference: Choose which recipe you prefer
(A or B), assuming a home cook will execute
it based on:

• the ingredient completeness and plausi-
bility

• the plausibility of numbers (times, tem-
peratures, and quantities)

• the procedural plausibility and clarity
• the overall quality of the recipe

2. Error spotting: Mark any problems you no-
tice, using any of these categories:

• Ingredient issues: missing essential in-
gredients, incompatible combinations,
clearly wrong substitutions.

• Quantity issues: unrealistic amounts, in-
consistent units, quantities that contra-
dict steps.

• Time issues: unrealistic or unsafe values.
• Temperature issues: unrealistic or unsafe

values.
• Procedural issues: wrong ordering, miss-

ing crucial steps, contradictions.
• Hallucination: absurd steps or ingredi-

ents.
• Safety Issues: unsafe procedure or ingre-

dients that could cause harm if the recipe
is cooked.

3. Notes: Eventual notes not included in the
previous evaluation.

Risks and notes. This is not a medical or profes-
sional consultation on food safety. Some generated
recipes may contain mistakes (including potentially
unsafe suggestions). Please do not cook from these
recipes as they are. Stop at any time if you feel
uncomfortable.
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Model R1 ↑ BS ↑ AP ↑ QP ↑ IR ↑ TeP ↑ TiP ↑ AD ↓ SD ↓
PreTrained 16.09 86.44 31.08 22.29 22.09 37.50 37.30 48.40 56.09

CE 21.89 88.79 34.84 47.74 32.04 56.67 44.50 41.09 42.09
Focal 20.39 89.00 34.49 47.39 31.09 56.39 44.31 42.98 43.89
Dice 23.08 89.59 35.10 49.58 34.10 58.96 46.45 43.60 44.60
Topological 25.91 89.78 37.56 51.90 36.99 57.98 45.89 41.60 42.10

Table 3: Results for finetuned and pretrained SmolLM3-3B models using ROUGE-1 (R1), BERTScore (BS), Action
Precision (AP), Quantity Precision (QP), Ingredient Recall (IR), Temperature Precision (TeP), Time Precision (TiP),
Action Distance (AD), Step Distance (SD). In bold the top performance, and in italic the second best.

Model R1 ↑ BS ↑ AP ↑ QP ↑ IR ↑ TeP ↑ TiP ↑ AD ↓ SD ↓
PreTrained 9.49 85.42 27.40 18.89 14.88 31.10 33.09 57.99 63.45

CE 14.10 85.10 27.87 41.76 26.48 47.79 39.90 47.97 55.56
Focal 13.99 85.25 26.79 41.49 25.32 47.00 39.33 50.86 58.97
Dice 14.38 85.50 28.61 42.68 27.49 48.70 42.91 46.49 52.67
Topological 16.86 87.79 29.82 43.50 29.29 47.08 40.91 45.39 51.98

Table 4: Results for finetuned and pretrained Qwen2-1.5B models using ROUGE-1 (R1), BERTScore (BS), Action
Precision (AP), Quantity Precision (QP), Ingredient Recall (IR), Temperature Precision (TeP), Time Precision (TiP),
Action Distance (AD), Step Distance (SD). In bold the top performance, and in italic the second best.

E.3 Consent Form

Before starting, each participant received a short
written information sheet and provided explicit con-
sent to participate. We recorded only participants’
preference choices and free-text feedback on model
outputs, along with coarse background descriptors
relevant to the evaluation (i.e, home cook, pastry
chef, baker-pizza maker; country: Italy). In the
ARR submission, participants are not identified by
name. With participants’ explicit permission, we
may acknowledge them by name in the camera-
ready version; otherwise, acknowledgements will
remain anonymous. No institutional ethics review
board approval was sought for this study because
it consisted of an unpaid, minimal-risk, voluntary
feedback activity with adults and did not involve
the collection of sensitive personal data. Partici-
pants were informed of the study’s purpose and
their right to withdraw at any time.

Study title. Qualitative evaluation of automati-
cally generated cooking recipes.

What you will do. You will review pairs of gen-
erated recipes and (i) choose which you prefer and
(ii) mark errors you notice. The activity takes ap-
proximately 5 hours in total.

Voluntary participation. Your participation is
voluntary. You may skip any question and may stop
participating at any time without any consequences.

Compensation. There is no payment for partici-
pation.

Data collected and privacy. We will record your
written feedback and your preference choices. We
will also record a coarse description of your cook-
ing background. We will not record your name or
any identifying information in the paper. Results
will be reported in aggregate or with anonymized
quotes.

Risks. Minimal risk. Some recipes may include
incorrect or unsafe cooking instructions; please do
not execute the recipes as written.

Consent statement. By proceeding, you confirm
that you are at least 18 years old, that you have
read the information above, and that you consent
to participate in this study.

Optional: being named in the paper. You may
optionally allow us to include your name in the
acknowledgements section of the final (camera-
ready) paper. This is optional and not required to
participate.
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Permission (choose one).

• I DO give permission to include my name in
the acknowledgements.

• I DO NOT give permission to include my
name in the acknowledgements.

E.4 Human Evaluation Statistics

This subsection reports detailed statistics from the
human evaluation study, including inter-annotator
agreement, preference distributions, and error anal-
ysis.

E.4.1 Agreement and Preference Distribution
Table 5 shows preference statistics across all evalu-
ation dimensions. Inter-annotator agreement was
measured using Fleiss’ κ, which quantifies the de-
gree of agreement beyond chance among multiple
raters evaluating categorical items. All dimensions
achieved substantial agreement according to the in-
terpretation guidelines of Landis and Koch (1977):
ingredients (κ = 0.69), numbers (κ = 0.69), pro-
cedure (κ = 0.67), and overall quality (κ = 0.75),
with a mean of κ = 0.70 . At the recipe level,
48 out of 64 recipes (75%) achieved unanimous
agreement among all three annotators on overall
preference, while 16 recipes (25%) had majority
agreement (2 out of 3 annotators).

The raw preference percentages indicate that
Topo+Dice was consistently preferred across all
dimensions, with overall quality showing the
strongest preference (62% for Topo+Dice vs. 11%
for CE, with 27% tied). When excluding tie cases
(which is standard practice for computing win rates
in pairwise comparisons), Topo+Dice achieved win
rates ranging from 79.3% (ingredients) to 88.0%
(procedure), with an overall win rate of 84.3%.
The high proportion of ties in certain dimensions
(52% for ingredients, 49% for numbers) indicates
that many generated recipes were of comparable
quality on specific aspects, but when annotators
could distinguish quality differences, they favored
Topo+Dice. Statistical significance was confirmed
using both χ2 tests and McNemar’s test, with all
comparisons yielding p < 0.01.

E.4.2 Error Analysis
Table 6 details the errors identified by annotators
across 192 evaluations. We find a dramatic reduc-
tion in critical structural errors: step mismatches
decreased from 14 (CE) to 2 (Topo+Dice), missing
ingredients from 14 to 3, incorrect quantities from

Dimension κ Agr. TD Tie CE Win

Ingredients .69 .72 .38 .52 .10 .79
Numbers .69 .70 .42 .49 .9 .81
Procedure .67 .69 .46 .48 .6 .88
Overall .75 .75 .62 .27 .11 .84

Table 5: Human evaluation results across 192 judgments
(64 recipes × 3 annotators). κ: Fleiss’ κ; Agr.: full
agreement (3/3); TD/CE: Topo+Dice/CE preference;
Win%: TD win rate excluding ties. All differences are
significant at p<0.01 according to χ2 and McNemar
tests.

13 to 2, and hallucinations from 4 to 0. These reduc-
tions (ranging from 78.6% to 100%) demonstrate
that the topological loss effectively addresses the
coherence and factual correctness issues that affect
standard cross-entropy training. The "Other" cat-
egory encompasses various issues, including time
inconsistencies (7 cases for Topo+Dice, 3 for CE),
temperature discrepancies (1 vs. 3), and one safety
issue in CE. The relative increase in time-related er-
rors for Topo+Dice (7 vs 3) suggests that while the
model excels at structural and ingredient coherence,
temporal specifications remain an area for future
improvement. However, these are less severe than
the structural errors eliminated by our approach.
In total, annotators flagged errors in only 7.8% of
Topo+Dice evaluations compared to 24.0% for CE,
representing an overall error reduction of 67.5%.
This substantial improvement in generation quality
aligns with the preference results and validates the
effectiveness of incorporating geometric structure
into the training objective.

Error Type TD CE Reduction

Step Mismatch 2 14 85.7%
Missing Ingredient 3 14 78.6%
Bad Quantity 2 13 84.6%
Hallucination 0 4 100%
Other 8 7 –

Total Errors 15 46 67.5%

Table 6: Error analysis across 192 evaluations.
Topo+Dice (TD) eliminates critical structural errors
(step mismatches, missing ingredients, hallucinations)
that affect the CE baseline.
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F NER Validation

To assess the reliability of the Qwen3-4B-based
NER pipeline, we conducted a post hoc validation
study on a random subset of 60 generated recipes.
We re-ran entity extraction with Gemini 2.0 as an
independent, stronger reference system and further
verified both extractors against human annotations
on 20 of those samples.

Table 7 reports pairwise F1 scores measuring
agreement between (i) Qwen and Gemini and (ii)
Gemini and human annotators across all five en-
tity types. Both comparisons provide high F1 val-
ues (>91%), with Gemini–Human agreement con-
sistently at or above 94%, confirming that Qwen-
extracted entities closely approximate human-level
annotations, such as Gemini ones.

Qwen-Gemini Gemini-Human

Quantity 97.06 99.43
Temperature 91.67 99.67
Time 93.13 94.44
Ingredients 97.06 99.43
Instructions 97.35 99.33

Table 7: NER F1 scores (on 60 recipes) between the
Qwen3-4B and Gemini 2.0 extractors (Qwen-Gemini)
and between Gemini and human annotations on a 20-
recipe sub-sample (Gemini-Human) across the five en-
tity types.

Table 8 reports the task metrics recomputed on
the 60-sample subset using Gemini-extracted en-
tities, together with the absolute shift (∆) rela-
tive to the Qwen-extracted scores for the CE and
Topo+Dice (TD) configurations. The shifts are
near-uniform (≈ +1 point for all metrics, except
≈ +2.5 points for step distance) and nearly identi-
cal between CE and TD, confirming two key proper-
ties: (i) the extraction noise introduces only a small,
consistent offset that does not distort any individual
metric, and (ii) the offset is non-differential. Since
it affects all configurations equally, the relative
ranking across all loss objectives is fully preserved
regardless of which extractor is used.

G Computational Overhead

Inference-time complexity is identical across all
objectives, since the model architecture and de-
coding procedure are unchanged. The proposed
losses affect training only, with a modest overhead
as shown in Table 9. Compared to the CE baseline,

Metric CE (∆) TD (∆)

QP 50.64 (+0.97) 65.66 (+1.02)
IR 37.20 (+1.00) 47.75 (+1.04)
AP 45.21 (+1.03) 56.39 (+0.96)
TeP 62.68 (+0.97) 67.64 (+0.97)
TiP 53.13 (+0.98) 63.19 (+0.99)
AD 30.68 (+0.83) 30.69 (+0.88)
SD 32.48 (+2.53) 32.50 (+2.51)

Table 8: Task metrics recomputed on the 60-recipe val-
idation subset using Gemini 2.0 as the NER extractor
for CE and TD. ∆ denotes the absolute shift from the
corresponding Qwen-extracted scores.

the additional wall-clock training time is at most
4 minutes (+6.7%), while the topological loss gets
the largest GPU utilization increase of +9.61 per-
centage points as expected. Given these marginal
costs, all custom objectives remain practical for
standard single-GPU fine-tuning runs.

Loss Training time Avg GPU util.

CE 59 min 59.74%
Focal 60 min 61.78%
Dice 62 min 63.12%
Topo 63 min 69.35%

Table 9: Training time (wall-clock, in minutes) and
average GPU utilization of each loss objective during
fine-tuning, measured on a single GPU using
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