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Abstract

We introduce ReciFine, the largest human-
evaluated, finely annotated recipe dataset to
date, designed to advance controllable and trust-
worthy recipe generation. Existing resources,
such as RecipeNLG, extract food items only
from ingredient lists, overlooking entities ex-
pressed in instructions, including tools, chef ac-
tions, food and tool states, and durations, which
are crucial for realistic and context-aware gen-
eration. To address this limitation, we ex-
tend RecipeNLG with finely annotated extrac-
tion of over 97 million entities across ten en-
tity types from 2.2 million recipes. We are
the first to explore recipe generation with ex-
plicit control over multiple entity types, en-
abling models to generate recipes conditioned
not only on ingredients but also on tools, chef
actions, cooking durations, and other contex-
tual factors. Large language models fine-tuned
or few-shot prompted with ReciFine extrac-
tions consistently outperform those trained on
ingredient-list data alone across both automatic
and human evaluations. ReciFine establishes
a foundation for factual, coherent, structured,
controllable recipe generation, and we release a
human-annotated benchmark to support future
evaluation and model development.

1 Introduction

Large language models (LLMs) such as GPT-
4o (Hurst et al., 2024) and LLaMA (Dubey et al.,
2024), along with their contemporaries, are in-
creasingly integrated into everyday life. They are
widely applied for text summarisation (Zhang et al.,
2020), machine translation (Liu et al., 2020), and
even literary composition (Gómez-Rodríguez and
Williams, 2023). Over the last decade, several
studies have reported that state-of-the-art (SOTA)
language models were inadequate for open-ended
tasks that require creativity, such as story gen-
eration (Fan et al., 2018), poetry (Chakrabarty
et al., 2021), and even code generation (Austin

et al., 2021). These works highlighted that the
models often struggled with coherence, expressive-
ness, or domain-specific reasoning. Yet, within
the same decade, the field has undergone a dra-
matic shift: LLMs are now relied upon for many
of these very tasks, with strong results and poten-
tial demonstrated in creative writing (Franceschelli
and Musolesi, 2025), figurative language under-
standing (Ichien et al., 2024), and code genera-
tion (Dong et al., 2025). This transformation has
been contingent upon immense investment in re-
search and engineering effort, particularly the cu-
ration of large-scale and high-quality datasets for
training and fine-tuning.

An equally essential yet comparatively under-
explored application area for LLMs is food and
its preparation. In this domain, SOTA LLMs re-
main inadequate (Mohbat and Zaki, 2024): while
they produce fluent text, they struggle to represent
the structured, sequential, and context-dependent
nature of cooking. Recipe generation, much like
other forms of creative text generation, requires not
only grammaticality and fluency but also extensive
world knowledge, commonsense reasoning, and
discourse modelling to ensure coherence. Crucially,
it also demands large, finely annotated corpora for
supervision. However, existing recipe datasets are
typically either small in scale or annotated at only a
shallow level of detail, thereby hindering the devel-
opment of LLMs capable of generating trustworthy
and controllable recipes.

For instance, prior works on automatic recipe
generation (Lam et al., 2023; Yu et al., 2020; Taneja
et al., 2024; Goel et al., 2022; Bień et al., 2020)
have typically relied on the ingredients extracted
from recipe ingredient lists alone, ignoring the ac-
tual ingredients mentioned in the recipe instruc-
tions and their quantities, the tools and chef actions
required to prepare the food, the state of the food
or tool, and other important factors. In practice,
however, ingredients mentioned in recipe direc-
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tions are often not the same as those listed, creating
mismatches that degrade model performance. In
addition, training or fine-tuning LLMs for recipe
generation by using only ingredients while ignoring
other important entity types encourages the model
to hallucinate and generate incomplete or nonsen-
sical recipes, thereby limiting their reliability for
practical use.

We address this gap by constructing and releas-
ing ReciFine, the largest finely annotated recipe
dataset to date, annotated with ten distinct food
entity types, including ingredients, tools, food
and tool actions, states of tools and food, du-
rations, and quantities, across over 2.2 million
recipes. Our approach builds on Named Entity
Recognition (NER), framing recipe entity extrac-
tion as a sequence tagging task. We begin with the
English Recipe Flow Graph (ERFG) corpus (Ya-
makata et al., 2020), which contains the most de-
tailed annotations for 300 recipes across 10 im-
portant entity types. Using the ERFG dataset and
the knowledge-augmented and entity type-specific
NER training approach in Ibrahim et al. (2026), we
trained encoder-based LLMs (BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019)) that outper-
form prior SOTA results for recipe entity extraction.
We then apply the best models to the large-scale
RecipeNLG (Bień et al., 2020) dataset, consisting
of over 2.2 million recipes, thereby producing Re-
ciFine.

This resource enables new downstream applica-
tions. First, we demonstrate controllable creative
recipe generation using ingredients extracted from
recipe directions rather than ingredient lists, show-
ing that models trained on these signals generate
recipes that are more coherent and consistent with
gold references. Second, we used the full range
of entity types to condition generation on combi-
nations of ingredients and tools, ingredients and
chef actions, and a combination of all 10 entity
types, providing unprecedented control over the
generative process. Finally, we show that con-
trol of recipe generation with fine-grained anno-
tations also facilitates recipe adaptation: for exam-
ple, omitting certain tools or actions in the input
naturally leads the model to produce alternatives,
yielding recipes aligned with specific user contexts.
All code, datasets and pretrained model weights
are released publicly under CC BY-NC 4.01. To
summarise, the contributions of our work are as

1https://github.com/nuhu-ibrahim/ReciFine

follows:

• We present ReciFine, the largest finely anno-
tated recipe dataset to date, covering ten entity
types and providing over 97 million extracted
food entities that were manually validated for
reliability.

• We extend the ERFG corpus from 300 to 800
human-annotated recipes, showing that ad-
ditional annotations improve model perfor-
mance on recipe information extraction.

• We demonstrate the application of the Re-
ciFine dataset by finetuning open-source
LLMs (GPT-2, LLaMA, Mistral, Qwen) and
few-shot prompting GPT-4.1 for recipe gener-
ation across multiple prompt types (see Sec-
tion 5.2), marking the first exploration of con-
trollable recipe generation that extends be-
yond ingredients alone.

• We release the first human-annotated eval-
uation dataset of automatically generated
recipes, enabling future benchmarking of
recipe generation and adaptation tasks.

2 Related Work

2.1 Recipe Datasets
Recent years have seen the release of multiple large-
scale corpora for computational recipe research.
Datasets such as Recipe1M (Marin et al., 2018)
and RecipeNLG (Bień et al., 2020) contain mil-
lions of recipes scraped from online sources. These
resources typically include titles, ingredient lists,
food images, and cooking instructions, and have
been widely used to train neural models for tasks
such as recipe retrieval (Hu et al., 2024), classifi-
cation (Sakib et al., 2025), and generation (Taneja
et al., 2024). However, while their scale is an ad-
vantage, these corpora lack comprehensive fine-
grained annotations or contain none at all. For
example, Recipe1M provides no entity type level
annotation, and RecipeNLG includes only a single
annotated entity type: ingredients extracted from
recipe ingredient lists, without any annotation of
entities appearing in the instructions.

Alongside these large-scale resources, several
smaller yet more richly annotated corpora have
been introduced to represent the semantic struc-
ture of recipes. The English Recipe Flow Graph
(ERFG) corpus (Yamakata et al., 2020), for exam-
ple, provides the most detailed annotations that
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span tools, temperatures, actions, and states. How-
ever, its coverage is limited to just a few hundred
recipes. Other efforts target narrower subsets of
entities: Goel et al., 2024, Diwan et al., 2020,
and Komariah and Sin, 2022 focus on extracting
food names, states, sizes, quantities, and tempera-
tures, while FoodIE (Popovski et al., 2019) limits
its scope to food entities only. These corpora are
invaluable for modelling the procedural aspects of
cooking, but their limited size prevents them from
supporting large-scale training of modern language
models. To address this, we extended ERFG by
annotating an additional 500 recipes sampled from
RecipeNLG, yielding a final corpus of 800 anno-
tated recipes for model development.

Taken together, the state of existing recipe
datasets reveals a trade-off: large collections are
broad in coverage but shallow in annotation, while
fine-grained resources capture rich semantics but
remain tiny in scale. No existing dataset combines
both properties. This gap motivates our introduc-
tion of ReciFine, which provides the first large-
scale recipe corpus annotated with ten fine-grained
entity types and evaluated by human annotators,
thereby enabling both robust information extrac-
tion and controllable generation at scale.

2.2 Recipe Named Entity Recognition (NER)
While token classification and NER have advanced
owing to the emergence of contextualised en-
coders such as BERT (Devlin et al., 2019) and
RoBERTa (Liu et al., 2019), their use in the food
and recipe domain remains limited. Neural models
trained on small corpora, such as AK and GK (Di-
wan et al., 2020), TASTEset (Wróblewska et al.,
2022), and the ERFG corpus, have shown that con-
textualised encoders can capture fine-grained en-
tities. Recent advances in knowledge-augmented
(KA) NER also offer promising directions. For
example, question answering-style formulations
with external knowledge contexts have been used
to guide extraction in specialised domains (Ibrahim
et al., 2026; Banerjee et al., 2021), showing im-
provements in robustness and generalisation. In-
spired by these approaches, we adopted an entity
type-specific (ETS) and Knowledge-Augmented
framework for recipe NER. In particular, we train
RecipeBERT-KA and RecipeRoBERTa-KA (based
on BERT and RoBERTa encoder models, respec-
tively) on the ERFG corpus, enriching the extrac-
tion process with curated knowledge contexts for
each entity type. This design (discussed in Sec-

tion 3.2) enables the models to achieve SOTA per-
formance on ERFG. The inclusion of our newly an-
notated 500 recipes further enhances performance,
demonstrating that both ETS and KA training, as
well as human annotations, independently improve
model generalisation.

2.3 Recipe Generation
Recipe generation is emerging as an active re-
search area in NLP and food computing. Bień
et al. (2020) introduced RecipeNLG, a dataset
comprising over 2.2 million recipes that improves
the Recipe1M+ (Marin et al., 2018) dataset, and
demonstrated its use for semi-structured recipe
generation conditioned on ingredient lists. Yu
et al. (2020) proposed a routing-enforced gener-
ative model, which explicitly guides the generation
process to consider ingredients and user dietary cat-
egory constraints. In addition to automatic metrics,
they emphasised human evaluation along five di-
mensions: readability, accuracy, feasibility, creativ-
ity, and overall quality. Lam et al. (2023) trained
a ViT5 model (Phan et al., 2022) for Vietnamese
recipe generation and Taneja et al. (2024) trained
RecipeMC, a recipe text generation method using
GPT-2 that relies on Monte Carlo Tree Search.
However, these methods primarily condition on
ingredient lists and do not incorporate other im-
portant contextual factors, such as tools, actions
by chef/food/tool, states of food/tool, or quantities.
As a result, generated recipes often lack procedu-
ral grounding and may diverge from real cooking
practices.

Most prior work have evaluated recipe genera-
tion using automatic text-similarity metrics such as
BLEU (Papineni et al., 2002), ROUGE (Lin, 2004),
and GLEU (Sellam et al., 2020), which are lim-
ited in their ability to capture true recipe quality.
An exception is Yu et al. (2020), which incorpo-
rated human evaluation but did not release their
evaluation set. To date, no standardised human
evaluation dataset exists for recipe generation, hin-
dering reproducibility and fair comparisons across
models. To support rigorous evaluation, we also
release a human-annotated evaluation set of gener-
ated recipes, which allows for pairwise comparison
against gold references and enables future bench-
marking of recipe generation and adaptation tasks.
Moreover, by conditioning on multiple entity types,
our approach naturally extends to recipe adaptation:
omitting or modifying certain tools or actions in
the input leads models to generate plausible alter-
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natives, producing recipes tailored to specific user
contexts.

3 Methodology

3.1 Data Resources
3.1.1 The English Recipe Flow Graph Corpus
The English Recipe Flow Graph (ERFG) cor-
pus (Yamakata et al., 2020), sourced from All-
recipes.com2, provides detailed semantic annota-
tions for 300 recipes. It defines 10 entity types
(see Table 1). This fine-grained schema captures
procedural and contextual information beyond in-
gredients, making ERFG a foundational resource
for modelling cooking processes; however, it is
limited in scale.

Tag Name Definition
F Food Edible items, including both raw ingredients

and intermediate products
T Tool Cooking tools such as knives, bowls, pans
D Duration Time durations in cooking (20 minutes)
Q Quantity Quantities associated with ingredients
Ac Action by chef Verbs for deliberate cook actions (bring in

“Bring the mixture to a boil”)
Ac2 Discontinuous Ac Non-contiguous parts of compound chef actions

(to a boil)
Af Action by food Verbs where food is the agent (melt, boil)
At Action by tool Verbs denoting tool actions (grind, beat)
Sf Food state Descriptions of food’s state (chopped, soft)
St Tool state Descriptions of tool readiness (preheated,

greased, covered)

Table 1: Entity types in the English Recipe Flow Graph
corpus.

3.1.2 The RecipeNLG Dataset
RecipeNLG (Bień et al., 2020) is, to date, the
largest openly available corpus of cooking recipes,
containing over 2.2 million recipes collected from
online sources. Its size makes it a valuable resource
for large-scale model fine-tuning and training; how-
ever, the annotations are limited to food entities
extracted from the structured ingredient lists. Our
exploratory analysis in Appendix A reveals that
92% (2,052,740) of the 2.23 million recipes in
RecipeNLG contain at least one ingredient listed
in their extracted ingredient list but missing from
the cooking instructions. Moreover, approximately
9.9 million of their total 18.9 million extracted
ingredients are absent from the instructions, under-
scoring that relying solely on structured ingredi-
ent lists, rather than instructions for extraction, is
unreliable. Critically, the recipe instructions them-
selves remain unannotated with other valuable in-
formation, such as food, tools, durations, actions,

2https://allrecipes.com

or states, required to enable controlled recipe gen-
eration.

3.2 Recipe Entity Extraction

3.2.1 Knowledge Augmented (KA)
Framework

In contrast to traditional NER, which relies only
on the surrounding sentence context, we adopted
an approach (Ibrahim et al., 2026) that incorpo-
rates KA input. Specifically, curated knowledge
prompts are prepended to guide the encoder toward
recognising the target entity type (see Fig 1 in Ap-
pendix B). Formally, let a recipe instruction be rep-
resented as a token sequence x = x1, x2, . . . , xn,
and let pj = p

(j)
1 , . . . , p

(j)
m denote the textual

knowledge context associated with an entity type
Ej . The input to the encoder is then constructed
as:

x̃ = [CLS], pj , [SEP], x1, . . . , xn, [SEP] (1)

The knowledge contexts used in the experiment,
pj , are drawn from five types: Entity Type, which
is the class name; Definitional Sentence, a
dictionary-style description; Example, which con-
sists of annotated examples; Question Prompt, a
prompt explicitly asking the model to recognise
entities; and Combined, a combination of all four
preceding types.

3.2.2 Entity Type-Specific (ETS) Learning
In addition, we adopt an ETS formulation (Ibrahim
et al., 2026). Let x = x1, . . . , xn be a token se-
quence and E the set of entity types. Unlike con-
ventional multi-class BIO tagging (BIO-|E|), we
constrain the model to identify a single entity type
Ej ∈ E . Each training or inference example is rep-
resented as a tuple (x, pj , y(j)), where pj is the KA
context for Ej and y(j) = y

(j)
1 , . . . , y

(j)
n is a BIO

label sequence for that entity type only (all other
tokens are tagged as O).

3.2.3 RecipeRoBERTa-KA and
RecipeBERT-KA Models

We trained two encoder models, based on BERT-
base (Devlin et al., 2019) and RoBERTa-base (Liu
et al., 2019), following the ETS and KA frame-
work described in Sections 3.2.2 and 3.2.1 on
the 300 recipes from the ERFG corpus. We de-
note the resulting models as RecipeBERT-KA and
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RecipeRoBERTa-KA, which are subsequently ap-
plied to the RecipeNLG dataset to extract fine-
grained entities (see Section 4.1).

3.2.4 KA Models’ Performance on ERFG
We evaluate the trained models, RecipeRoBERTa-
KA and RecipeBERT-KA, using precision (P), re-
call (R), and F1-score (F1). As a baseline, we
compare our results against those presented in the
ERFG paper by Yamakata et al. (2020). Their sys-
tem, referred to as BERT-NER, was built on BERT
(Devlin et al., 2019) and trained without the KA
and ETS framework, jointly predicting all ten entity
types based only on internal sentence context. As
shown in Table 2, both models significantly outper-
form the baseline. Notably, RecipeRoBERTa-KA
establishes a new SOTA with an F1 of 90.37 on the
ERFG test set, exceeding the previously reported
87.60 from BERT-NER.

Model Precision Recall F1
BERT-NER (Baseline) 86.50 88.80 87.60
RecipeBERT-KA 89.93 89.74 89.33
RecipeRoBERTa-KA 90.05 90.70 90.37

Table 2: RecipeRoBERTa-KA and RecipeBERT-KA
performance on the English Recipe Flow Graph corpus.

4 ReciFine Dataset

The limitations outlined in Section 3.1.2 under-
score the need for a large-scale dataset with fine-
grained annotations, which are suitable for con-
trolled recipe generation. To address this gap, we
introduce a new resource, ReciFine, which builds
on the RecipeNLG corpus but extends it with de-
tailed annotations for ten entity types (see Table 1)
and over 97 million extracted entities. Unlike
RecipeNLG, which is restricted to food entities
extracted from ingredient lists, ReciFine provides
human-evaluated token-level annotations within
recipe instructions, covering foods, tools, durations,
quantities, actions, and states.

4.1 Extracting Recipe Entities
To construct ReciFine, we applied our best-
performing model, RecipeRoBERTa-KA, to every
recipe instruction in the RecipeNLG corpus. Each
sentence was processed independently, and predic-
tions were made for all ten entity types defined in
the ERFG scheme. This procedure allowed us to
identify and extract fine-grained entities directly
from the instructions, rather than relying solely on
the structured ingredient lists.

The extraction process involved running the
model sequentially over the dataset, with each for-
ward pass restricted to a single entity type follow-
ing the ETS formulation (see Section 3.2.2). This
design ensured that all entities in the RecipeNLG
recipes’ instructions could be captured with high
precision, while reducing the risk of confusion be-
tween overlapping categories such as food states,
tool states, and action types. The outcome is
a large-scale, semantically enriched version of
RecipeNLG, which we refer to as ReciFine, con-
taining over 97 million annotated entities across
more than two million recipes.

4.2 Manual Validation

Although the trained models achieved SOTA re-
sults on the ERFG benchmark, it was necessary
to validate their performance when applied at
scale to RecipeNLG, which contains over 2.2M
recipes. To assess generalisation, we conducted
human evaluation on a subset of the finely anno-
tated recipes. Specifically, we recruited two anno-
tators with native-level proficiency in English to
manually annotate 500 randomly selected recipes
from RecipeNLG, following the annotation guide-
lines defined in the ERFG corpus. This process
allowed us to directly compare the automatic pre-
dictions of RecipeBERT-KA and RecipeRoBERTa-
KA with human-labeled references, thereby mea-
suring the model’s reliability on a new dataset dis-
tribution. The results of this evaluation are pre-
sented in Section 4.2.1, while inter-annotator agree-
ment between the two annotators is reported in
Section 4.2.2.

4.2.1 Evaluating Automatic Annotations
To assess the reliability and validity of the Re-
ciFine silver-standard annotations, we compared
model-generated labels from RecipeBERT-KA and
RecipeRoBERTa-KA against human annotations
on 500 randomly selected recipes. As shown in Ta-
ble 3, the models achieved strong agreement with
human labels, confirming that the large-scale auto-
matically annotated ReciFine corpus closely aligns
with expert annotation quality. This finding mirrors
the results observed on the ERFG corpus (Table 2),
further supporting the consistency and robustness
of ReciFine’s finely annotated extractions.

We then incorporated 300 of the human-
annotated recipes (60% of the manually annotated
ReciFine subset) into the training data, resulting
in 600 annotated examples when combined with
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Model Prec.↑ Rec.↑ F1↑
BERT-NER (Baseline) 79.03 79.75 79.39
RecipeBERT-KA 82.71 81.86 82.28
RecipeRoBERTa-KA 83.78 83.24 83.51
RecipeBERT-KA* 95.56 95.86 95.71
RecipeRoBERTa-KA* 95.53 95.91 95.72

Table 3: Model performance on the ReciFine subset.
Models marked with * denote versions trained with an
additional 300 human-annotated recipes. Arrows (↑)
indicate that higher values are better.

ERFG. As shown by the * models in Table 3, this
additional supervision improved precision and re-
call on the remaining 200 recipes (40%) used for
testing. These results highlight that even limited
human supervision further enhances the alignment
of automatic annotations with expert judgements,
reinforcing the reliability, scalability, and trustwor-
thiness of ReciFine as a silver-standard dataset for
recipe generation and other related downstream
tasks.

4.2.2 Inter-annotator Agreement

To assess the reliability of the human annotations,
we measured inter-annotator agreement (IAA) us-
ing the F1 score. One annotator’s labels were
treated as the gold standard, and the second an-
notator’s annotations were compared against them.
On the 500 randomly selected recipes, the two an-
notators achieved an F1 of 91.53%. This level of
consistency is comparable to that reported by Ya-
makata et al. (2020) (F1 = 90.50%), demonstrating
that the annotation guidelines were clear and con-
sistently applied.

4.3 ReciFine Descriptive Metrics

ReciFine contains over 2.2 million distinct recipes,
making it the largest finely annotated recipe corpus
to date. Each recipe is annotated with ten entity
types following the ERFG scheme, yielding over
97 million entity mentions. Table 7 in Appendix A
shows entity frequencies in ReciFine, and lists the
most frequent entities. Common ingredients, such
as salt and sugar, dominate the food category, while
bowls and ovens are the most frequently used tools.
Similarly, verbs such as add, mix, and bake are
prevalent among chef actions, reflecting both the
scale and linguistic diversity of the dataset. Addi-
tional analyses, provided in Appendix A, include
the distribution of recipe instructions lengths and in-
gredient counts, a comparison of ingredients found
in instructions versus in ingredient lists, and co-

occurrence patterns between entity types, offering
further insight into the dataset composition.

5 Controllable Recipe Generation with
ReciFine

We demonstrate the downstream application of
ReciFine for generating controllable and creative
recipes. In this section, we formulate the task,
describe dataset preparation, and evaluate gener-
ation performance under different types of entity-
enhanced prompt types (see Section 5.2). We exper-
iment with both few-shot prompting of LLMs and
parameter-efficient fine-tuning (PEFT) approaches,
comparing their effectiveness in leveraging the
structured information provided by ReciFine. Fur-
thermore, we manually evaluate a subset of the
automatically generated recipes and release this
human-annotated set as a benchmark dataset to
support future research in recipe generation and
adaptation.

5.1 Task Formulation

We define controllable recipe generation as a
conditional text generation task, where a model
learns to generate a full recipe sequence R =
{r1, r2, . . . , rT } given a structured set of extracted
entities C = {c1, c2, . . . , ck} obtained from Re-
ciFine. Formally, the objective is to maximise the
conditional likelihood:

Pθ(R | C) =
T∏

t=1

Pθ(rt | r<t, C), (2)

where rt represents the token predicted at time
step t and r<t = {r1, . . . , rt−1} denotes all previ-
ously generated tokens. The model is trained to
generate each next token rt conditioned on the pre-
ceding tokens r<t and the structured control con-
text C, thereby allowing the generation process to
be guided by specific entity information extracted
from ReciFine.

5.2 Entity-enhanced Prompt Types (EPT)

To examine how varying levels of structured infor-
mation influence recipe generation, we experiment
with five entity-enhanced prompt types:

1. Ingredients only from Ingredient List (ING-
List): using ingredients from recipe ingredi-
ent list, which was the baseline approach pre-
sented in Bień et al. (2020);
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2. Ingredients only from Instructions (ING-
Inst): using ingredients from recipe instruc-
tions;

3. Ingredients + Tools (ING+Tool): condition-
ing the model on both food entities and asso-
ciated cooking tools;

4. Ingredients + Chef Actions (ING+Cook):
using ingredients and verbs that describe de-
liberate actions performed by the cook; and

5. All Entities (ALL): conditioning on the full
set of ten entity types defined in ReciFine (see
Table 1).

The specific prompt templates used for few-shot
prompting and PEFT training across the different
EPTs are provided in Appendix E.

EPT Model BLEU↑ METEOR↑ WER↓ BERTScore↑

ING-List

GPT-2 0.119 0.314 0.914 0.882
LLaMA-3 8B 0.151 0.352 0.879 0.892
Mistral 7B 0.164 0.364 0.868 0.895
Qwen2.5 7B 0.125 0.334 0.905 0.887
GPT-4.1 0.065 0.391 1.818 0.867

ING-Inst

GPT-2 0.159 0.376 0.886 0.896
LLaMA-3 8B 0.203 0.420 0.838 0.908
Mistral 7B 0.219 0.432 0.823 0.910
Qwen2.5 7B 0.182 0.408 0.877 0.903
GPT-4.1 0.071 0.405 1.829 0.870

ING+Tool

GPT-2 0.190 0.420 0.845 0.907
LLaMA-3 8B 0.239 0.470 0.804 0.918
Mistral 7B 0.254 0.479 0.781 0.919
Qwen2.5 7B 0.211 0.452 0.857 0.912
GPT-4.1 0.077 0.420 1.772 0.873

ING+Cook

GPT-2 0.284 0.510 0.714 0.924
LLaMA-3 8B 0.348 0.564 0.652 0.933
Mistral 7B 0.365 0.576 0.626 0.936
Qwen2.5 7B 0.305 0.536 0.722 0.927
GPT-4.1 0.091 0.449 1.707 0.877

ALL

GPT-2 0.283 0.493 0.812 0.911
LLaMA-3 8B 0.498 0.702 0.552 0.953
Mistral 7B 0.514 0.712 0.527 0.955
Qwen2.5 7B 0.448 0.674 0.630 0.946
GPT-4.1 0.132 0.519 1.533 0.888

Table 4: Evaluation results using automatic text-
similarity metrics. Reported values are mean scores
computed across all ten independent generations. Ap-
pendix C provides the mean scores computed across the
best and worst scores observed across these runs. Bold
values indicate the best-performing model per context
type. Arrows (↑/↓) denote whether higher or lower val-
ues are better.

5.3 Model Selection

We evaluate controllable recipe generation using
both a baseline and several instruction-tuned large
language models (LLMs). As our baseline, we
adopt GPT-2, consistent with the model used in
the RecipeNLG framework for ingredient-list gen-
eration (Bień et al., 2020). To explore more capa-
ble but computationally efficient alternatives, we
select instruction-tuned models of moderate size
that: (i) understand task–response prompts, (ii) can
be efficiently finetuned on one or two NVIDIA

A100 (80GB) GPUs via PEFT methods, and (iii)
have open weights to support reproducibility.

Specifically, we experiment with LLaMA-3 (8B)
Instruct3, Mistral (7B) Instruct4, and Qwen2.5
(7B) Instruct5, all available on Hugging Face6

through the Unsloth framework7. We employ two
complementary modelling strategies: (1) few-shot
prompting, where we prompted the SOTA premium
LLM, GPT-4.18, with structured ReciFine contexts,
and (2) parameter-efficient fine-tuning (PEFT),
where the open-weight models are finetuned us-
ing LoRA (Hu et al., 2022) on the same structured
prompts to achieve controllable generation with
minimal additional parameters. This setup enables
a direct comparison between instruction-tuned and
lightweight fine-tuning on medium-scale LLMs
and few-shot prompting of SOTA commercial mod-
els, across different entity-enhanced prompt types.
Together, these experiments provide a comprehen-
sive evaluation of how structured and finely anno-
tated entities shape controllable and creative recipe
generation. Appendix D presents comprehensive
details of the model training configurations and
evaluation procedures to ensure transparency and
facilitate reproducibility.

5.4 Dataset Preparation

We randomly selected 200 thousand recipes for
fine-tuning and 200 distinct recipes for evaluation.
Each evaluation recipe was tested across ten runs
(200 × 10), resulting in a total of 2,000 evalua-
tion samples to account for randomness and ensure
robustness.

5.5 Recipe Generation Evaluation

We evaluate generation quality using both auto-
matic and human assessments.
Automatic Evaluation: We report n-gram overlap
metrics (BLEU (Papineni et al., 2002) and ME-
TEOR (Banerjee and Lavie, 2005)) and seman-
tic similarity metric (BERTScore (Zhang et al.,
2019)) between generated and reference recipes.
Structural accuracy is evaluated using the Word
Error Rate (WER) metric to measure overall lan-
guage quality. Two hundred randomly selected
test recipes were each generated ten times (to ac-

3https://huggingface.co/unsloth/llama-3-8b-Instruct
4https://huggingface.co/unsloth/mistral-7b-instruct-v0.3
5https://huggingface.co/unsloth/Qwen2.5-7B-Instruct
6https://huggingface.co
7https://github.com/unslothai/unsloth
8https://openai.com/index/gpt-4-1/
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count for randomness) by every model, and the
outputs were evaluated using standard automatic
text-similarity metrics. The evaluation outcomes
are presented and discussed in Section 6.
Human Evaluation: Annotators rated each recipe
on a 5-point Likert scale, si ∈ {1, 2, 3, 4, 5},
where si denotes the score assigned to recipe i,
with 1 = very poor and 5 = excellent. Ratings
were collected across five dimensions: readabil-
ity, accuracy, feasibility, creativity, and overall
quality. Readability measures fluency and clar-
ity; accuracy captures correctness of ingredients,
tools, and actions; feasibility assesses whether the
recipe is realistically executable; creativity eval-
uates novelty and originality; and overall quality
reflects the annotator’s holistic impression of the
recipe. Detailed annotation instructions and illus-
tration of the annotation tool are in Appendix F.1.
Fifty randomly selected test recipes were each gen-
erated ten times (to account for randomness) using
our best-performing model, Mistral 7B and manu-
ally evaluated. The results of the evaluation of the
generated recipes and inter-annotator agreement
(IAA) are discussed in Section 6

EPT Readability↑ Accuracy↑ Feasibility↑ Creativity↑ Overall↑
ING-List 4.59 4.11 4.08 4.00 4.12
ING-Inst 4.74 4.39 4.40 4.24 4.43
ING+Tool 4.74 4.35 4.38 4.21 4.39
ING+Cook 4.66 4.30 4.35 4.17 4.34
ALL 4.64 4.30 4.33 4.13 4.31

Table 5: Average human evaluation scores (1–5 Lik-
ert scale) across five dimensions for different entity-
enhanced prompt types (EPT). Higher values indicate
better performance.

Evaluation Dimension Soft Agreement↑
Readability 0.881
Accuracy 0.834
Feasibility 0.776
Creativity 0.750
Overall Quality 0.824
Average 0.813

Table 6: Inter-annotator agreement (IAA) measured
using soft agreement between two annotators across five
evaluation dimensions. Higher values indicate stronger
agreement.

6 Results and Discussion

Table 4 presents the automatic evaluation results
across five entity-enhanced prompt types (EPT),
comparing fine-tuned and few-shot models using
standard automatic text-similarity metrics. Across
all metrics, the results show a consistent trend: gen-
eration quality improves as richer, finely annotated
entity combinations from ReciFine are incorpo-

rated into the prompts. Models conditioned on
all entity types (ALL) yield the highest BLEU,
METEOR, and BERTScore values, with the low-
est Word Error Rate (WER), followed by those
conditioned on prompts that combine ingredients
with chef actions (ING+Cook) or cooking tools
(ING+Tool) (see Table 14 in Appendix G for sam-
ple generated recipes and related contexts). These
results confirm that structured entity information
leads to more coherent, grounded, and contextually
aligned recipe generation. Interestingly, prompts
that use ingredient entities from ReciFine (ING-
Inst) consistently outperform those using ingredi-
ent entities from RecipeNLG (ING-List), indicat-
ing that food entities extracted from recipe instruc-
tions are more semantically aligned with actual
recipe processes than those extracted from ingre-
dient lists alone. Among models, Mistral 7B con-
sistently achieves the best performance across all
EPTs and evaluation metrics, outperforming larger
models such as GPT-4.1 and similar competitive
open-weight models. We attribute this to Mistral’s
robust instruction-tuned foundation, which enable
stable and coherent long-context generation. No-
tably, despite the open-source models’ smaller pa-
rameter sizes (≤8B), they surpass GPT-4.1 across
all metrics, demonstrating that targeted fine-tuning
on ReciFine yields greater domain grounding than
few-shot prompting of even SOTA large models.
This reinforces the relevance of ReciFine for reli-
able generation and other downstream tasks. The
human evaluation results further validate these find-
ings. Table 5 summarises ratings across five quali-
tative dimensions: readability, accuracy, feasibility,
creativity, and overall quality. The overall mean rat-
ing across all human evaluation metrics and entity-
enhanced prompt types is 4.35/5, indicating gen-
erally strong human-perceived quality. Recipes
generated using ReciFine prompts achieve higher
scores than those generated using RecipeNLG in-
gredient lists alone. Finally, the entity type–specific
(ETS) and knowledge-augmented (KA) training ap-
proach achieves state-of-the-art performance on the
ERFG corpus and further validates the quality of
the ReciFine dataset for controllable and trustwor-
thy recipe generation, achieving 95% accuracy on
its human-annotated subset.

7 Conclusion

We presented ReciFine, the largest finely anno-
tated recipe dataset to date, enabling structured
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and controllable recipe generation. By extending
RecipeNLG with over 97 million entities across
ten entity types, we show that incorporating fine-
grained contextual information, beyond ingredi-
ents, improves the coherence and factual accuracy
of generated recipes. To our knowledge, this is
the first work to explore recipe generation condi-
tioned on multiple entity types, including tools,
chef actions, durations, and many others. Mod-
els fine-tuned or few-shot-prompted with ReciFine
outperform existing approaches across both auto-
matic and human evaluations. We release ReciFine
and its human-evaluated benchmark to support fu-
ture research on controllable text generation and
grounded food modelling.

Limitations

In this work, we focus on textual recipe instructions,
establishing a strong foundation for structured and
controllable recipe generation through the intro-
duction of ReciFine. Our approach demonstrates
that fine-grained entity conditioning substantially
enhances coherence and factual accuracy in gen-
erated recipes. Building on this, future work will
extend ReciFine into multimodal domains, inte-
grating visual and auditory signals from cooking
videos and images to support grounded recipe gen-
eration and agentic learning. We also plan to ex-
plore integrating knowledge graphs and reinforce-
ment feedback to allow interactive and adaptive
generation aligned with user preferences. Overall,
we see ReciFine as the foundation of a broader re-
search direction toward multimodal, context-aware,
and user-controllable food artificial intelligence
systems, connecting structured understanding, cre-
ativity, and trustworthiness in generative models.
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A Exploring the RecipeNLG and
ReciFine Datasets

In Table 7, we present the total number of entities
for each entity type in ReciFine, along with the top
five entities for each type.

Entity ReciFine Top Entities
Food (F) 30,199,222 salt, water, sugar, butter, flour
Tool (T) 10,384,889 bowl, oven, pan, saucepan
Duration (D) 3,700,982 10 min, 5 min, 30 min
Quantity (Q) 4,476,287 remaining, all, 2, half, 1
Chef Action (Ac) 30,854,542 add, bake, mix, stir, cook
Discont. Ac (Ac2) 2,199,530 together, to taste, to a boil
Food Action (Af) 3,023,358 cool, stand, set, combined
Tool Action (At) 705,504 comes out, stand, set
Food State (Sf) 7,331,595 hot, tender, smooth, browned
Tool State (St) 5,022,448 large, medium, small, 350°

Table 7: Frequencies of entities for each ReciFine entity
type, along with their most frequent entities.

We then examine the relationship between in-
gredients listed in RecipeNLG and their actual oc-
currence within the recipe instructions. Table 8
summarises the total number of ingredients that ap-
pear exclusively in the ingredient lists, those found
in both lists and instructions, and the corresponding
number of recipes with these patterns.

Statistic Count Portion (%)
Recipe-Level Coverage
Recipes with ≥ 1 extracted ingredient missing in directions 2,052,740 92.0
Recipes with all extracted ingredients found in directions 178,402 8.0
Ingredient-Level Totals
Extracted ingredients found in directions 9,984,641 52.8
Extracted ingredients not in directions 8,936,609 47.2

Table 8: RecipeNLG extracted ingredient coverage in
the instructions. Proportions are relative to total recipes
(2.23M) or total extracted ingredients (18.9M).

We also analyse the distribution of instructions
and ingredients in ReciFine and RecipeNLG. Ta-
ble 9 presents the mean, median, and mode for the
number of instructions and ingredients per recipe
in both datasets. The results indicate that recipe
instructions frequently contain a greater number
of food entities than those explicitly listed in the
ingredient lists.

Feature Mean Median Mode
Number of instructions per recipe 6.61 5.00 4
Number of ingredients per recipe 8.73 8.0 7
Food entities extracted from instructions (ReciFine) 10.63 9.00 8
Food entities extracted from ingredient lists (RecipeNLG) 8.48 8.00 7

Table 9: Descriptive statistics of instruction and ingredi-
ent counts in RecipeNLG and ReciFine.

Finally, we analyse the top co-occurring enti-
ties across the ten entity types in ReciFine and
RecipeNLG (see Table 10) to understand their rela-

tional structure and contextual dependencies within
recipes.

Entity Type Top 5 Co-occurring Entities (Recipes)
Food (F) [RecipeNLG] flour + salt, salt + sugar, flour + sugar, butter + salt, eggs + salt
Food (F) [ReciFine] pepper + salt, salt + water, flour + salt, butter + salt, salt + sugar
Tool (T) bowl + oven, bowl + heat, heat + saucepan, heat + skillet, oven

+ pan
Duration (D) 10 min + 5 min, 10 min + 30 min, 15 min + 5 min , 30 min + 5

min, 10 min + 15 min
Quantity (Q) half + remaining, all + remaining, 1/2 cup + remaining, 1 cup +

remaining, 1 tbsp + remaining
Action by Chef (Ac) add + cook, add + stir, add + bake , add + mix, bake + mix
Discontinuous Action
(Ac2)

out + together, to a boil + to taste, to make + together, out + to
make, to taste + together

Action by Food (Af) combined + cool, cool + set, cool + form, cool + stand, cool +
cooled

Action by Tool (At) comes out + stand, another + comes out, comes out + small,
comes out + medium, comes out + cool

Food State (Sf) hot + tender, hot + smooth, browned + tender, smooth + warm,
hot + warm

Tool State (St) large + medium, large + small, medium + small, large + med-
high, large + low

Table 10: Top 5 most frequent co-occurring entity pairs
per entity type in ReciFine and for the Food entity type
in RecipeNLG.

B Illustration of KA and ETS NER
Approach Compared to Traditional
NER

Figure 1 shows the comparison between traditional
multi-entity type named entity recognition (NER)
and knowledge-augmented (KA) & entity type-
specific (ETS) NER approach. While the tradi-
tional model predicts all entity types jointly and
without knowledge context, our method predicts
only the BIO tags relevant to the given context
(e.g., only the green tokens are predicted when the
context is about Action by Chef (Ac)). Tokens un-
related to the target entity type are assigned the O
label (not shown).

Figure 1: Comparison between traditional multi-entity
type NER (top), and KA & ETS NER approach (third
and fourth).
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C Best and Worst Recipe Generation
Evaluation Metrics

To complement the mean of automatic text-
similarity metrics over all independent generation
reported in Table 4, we present the mean over best
(highest) and worst (lowest) performance across
ten independent generation runs for each entity-
enhanced prompt type (EPT) in Tables 11 and 12,
respectively.

EPT Model BLEU↑ METEOR↑ WER↓ BERTScore↑

ING-List

GPT-2 0.159 0.388 0.832 0.896
LLaMA-3 8B 0.202 0.432 0.790 0.907
Mistral 7B 0.210 0.443 0.778 0.908
Qwen2.5 7B 0.172 0.412 0.815 0.901
GPT-4.1 0.085 0.427 1.600 0.873

ING-Inst

GPT-2 0.206 0.453 0.781 0.909
LLaMA-3 8B 0.255 0.499 0.727 0.920
Mistral 7B 0.272 0.511 0.714 0.922
Qwen2.5 7B 0.230 0.485 0.765 0.915
GPT-4.1 0.093 0.446 1.609 0.877

ING+Tool

GPT-2 0.240 0.493 0.747 0.918
LLaMA-3 8B 0.239 0.543 0.691 0.928
Mistral 7B 0.307 0.554 0.674 0.930
Qwen2.5 7B 0.257 0.524 0.745 0.922
GPT-4.1 0.098 0.458 1.572 0.880

ING+Cook

GPT-2 0.341 0.588 0.613 0.934
LLaMA-3 8B 0.348 0.637 0.652 0.943
Mistral 7B 0.364 0.650 0.626 0.945
Qwen2.5 7B 0.305 0.613 0.605 0.937
GPT-4.1 0.091 0.489 1.707 0.885

ALL

GPT-2 0.348 0.593 0.671 0.914
LLaMA-3 8B 0.558 0.767 0.431 0.961
Mistral 7B 0.570 0.773 0.417 0.963
Qwen2.5 7B 0.510 0.747 0.490 0.955
GPT-4.1 0.179 0.570 1.239 0.901

Table 11: Evaluation results using automatic text-
similarity metrics on the best of ten generations per
model and extracted prompt context type (EPT). Bold
values indicate the best-performing model per context
type. Arrows (↑/↓) denote whether higher or lower val-
ues are better.

EPT Model BLEU↑ METEOR↑ WER↓ BERTScore↑

ING-List

GPT-2 0.034 0.243 1.048 0.862
LLaMA-3 8B 0.075 0.275 1.056 0.876
Mistral 7B 0.084 0.287 1.038 0.879
Qwen2.5 7B 0.056 0.255 1.071 0.871
GPT-4.1 0.042 0.355 2.143 0.861

ING-Inst

GPT-2 0.064 0.305 1.043 0.883
LLaMA-3 8B 0.117 0.344 1.038 0.894
Mistral 7B 0.129 0.356 1.008 0.896
Qwen2.5 7B 0.102 0.336 1.034 0.890
GPT-4.1 0.048 0.369 2.173 0.864

ING+Tool

GPT-2 0.095 0.346 0.977 0.881
LLaMA-3 8B 0.152 0.399 1.001 0.906
Mistral 7B 0.160 0.404 0.917 0.908
Qwen2.5 7B 0.127 0.380 1.044 0.899
GPT-4.1 0.054 0.382 2.110 0.867

ING+Cook

GPT-2 0.185 0.433 0.836 0.908
LLaMA-3 8B 0.249 0.488 0.807 0.923
Mistral 7B 0.264 0.498 0.751 0.925
Qwen2.5 7B 0.203 0.455 0.949 0.915
GPT-4.1 0.065 0.409 2.043 0.870

ALL

GPT-2 0.173 0.385 0.998 0.761
LLaMA-3 8B 0.394 0.634 0.741 0.944
Mistral 7B 0.413 0.644 0.684 0.945
Qwen2.5 7B 0.333 0.595 0.854 0.931
GPT-4.1 0.096 0.468 1.855 0.879

Table 12: Evaluation results using automatic text-
similarity metrics on the worst of ten generations per
model and extracted prompt context type (EPT). Bold
values indicate the best-performing model per context
type. Arrows (↑/↓) denote whether higher or lower val-
ues are better.

D Models Training and Evaluation
Details

D.1 Fine-tuning GPT-2 Baseline

The GPT-2 baseline model was fine-tuned using
the Hugging Face Trainer API on the filtered
RecipeNLG and ReciFine datasets. Tokenisation
was performed with truncation and padding to a
maximum sequence length of 512 tokens. Train-
ing was run for three epochs with the following
configuration:

• Batch size: 2 per device (both train and eval)

• Optimiser: AdamW

• Learning rate schedule: linear warmup with
500 steps

• Weight decay: 0.01

• Max sequence length: 512 tokens

• FP16 mixed precision enabled

The fine-tuned model serves as the baseline for
comparison with the LoRA-based instruction-tuned
models.

D.2 LoRA Fine-tuning of Instruction-tuned
Models

Open-source instruction-tuned models (LLaMA-3
8B, Mistral 7B, and Qwen2.5 7B) were fine-tuned
using the Unsloth framework.9 LoRA (Hu et al.,
2022) parameter-efficient fine-tuning (PEFT) was
applied to reduce memory overhead while main-
taining strong adaptation performance.

Generation Setup: For evaluation, models were
switched to inference mode and generated com-
pletions with Temperature: 0.7, Top-p: 0.9, and
max_new_tokens: 1024.

D.3 Few-shot Prompting with GPT-4.1

For comparison against proprietary SOTA models,
we performed few-shot prompting using GPT-4.1
via the OpenAI API. For each extracted prompt
context type (see Section 5.2), a fixed set of k = 3
randomly sampled few-shot examples from the
training set was prepended to the test prompt. Gen-
eration was configured as: temperature = 0.7, top-p
= 0.9, max_tokens = 1024.

9https://github.com/unslothai/unsloth
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D.4 Training RecipeRoBERTa-KA and
RecipeBERT-KA Encoder Models

To train the encoder models for fine-grained en-
tity extraction in ReciFine, we employed a single
NVIDIA A100 GPU (80 GB memory) with an
effective batch size of 256 to maximise GPU utili-
sation and training efficiency. The models were im-
plemented using the HuggingFace Transformers
library and optimised with AdamW, applying a
weight decay of 1 × 10−8 and a learning rate of
2 × 10−5. Each model was trained for up to 30
epochs.

D.5 Summary of Key Hyperparameters

Table 13 provides a summary of the important train-
ing, fine-tuning or few-shot prompting hyperparam-
eters.

Setting GPT-2 Unsloth Models GPT-4.1 (Few-shot)
Epochs 3 1 –
Batch size 2 4 (×8 grad. acc.) –
Learning rate – 4.2 × 10−5 –
Max sequence length 512 2048 1024 (generation)
Precision FP16 BF16/FP16 FP32 (API)
LoRA rank (r) – 16 –
Temperature – 0.7 0.7
Top-p – 0.9 0.9
Max new tokens – 1024 1024

Table 13: Summary of hyperparameters used for GPT-2
fine-tuning, LoRA fine-tuning, and GPT-4.1 few-shot
prompting.

E LLM Prompts for the 5 EPTs

Figures 2–6 present example prompts used for the
five entity-enhanced prompt types (see Section 5.2)
in fine-tuning the instruction-tuned models or few-
shot prompting the premium GPT4.1 model.

Figure 2: Example prompt for ING-List: using only
ingredients from the recipe ingredient list (baseline).

Figure 3: Example prompt for ING-Inst: using ingredi-
ents extracted from recipe instructions.

Figure 4: Example prompt for ING+Tool: combining
ingredients and associated cooking tools.

F Evaluation Tools and Guidelines

F.1 Recipe Generation Human Evaluation
Guide and Tool

Figures 9 and 7 illustrate the annotation tool inter-
face and guide for human evaluation of the auto-
matic recipe generation, respectively.

F.2 Recipe Annotation Tool for Food
Information Extraction

Figures 8 illustrate the annotation tool interface for
food information extraction from recipes.

G Sample Prediction Using Different
Entity-enhanced Prompt Types

To qualitatively illustrate the impact of differ-
ent entity-enhanced prompt types on controllable
recipe generation, Table 14 presents sample gener-
ations produced under five entity-enhanced prompt
types. Each example shows how conditioning the
model on progressively richer contextual informa-
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Figure 5: Example prompt for ING+Cook: combining
ingredients and chef actions.

Figure 6: Example prompt for ALL: conditioning on all
ten entity types defined in ReciFine.

tion, from ingredients alone to the full set of ten
entity types, enhances coherence, specificity, and
alignment with real cooking procedures.
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Figure 7: Doccano interface for manually evaluating generated recipes.

Figure 8: Doccano interface for manually extracting food entities.
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Recipe Title: Caramelized Onion Tart – (www.epicurious.com/recipes/member/views/caramelized-onion-tart-50166020)
Food (F in RecipeNLG) Crust, Flour, Mix all together, Filling, Onions

Food (F in ReciFine) Butter, Onions, Cream, Balsamic vinegar, Salt, Pepper, Mixture, Crust
Tool (T) Oven, Skillet, Heat, Baking pan

Duration (D) 30 minutes
Quantity (Q) 1/2 cup

Chef Action (Ac) Preheat, Add, Melt, Cook, Stir, Allow to thicken, Spread
Discont. Action (Ac2) To taste

Food Action (Af) Melted, Browned, Thicken
Tool Action (At) Melted
Food State (Sf) Melted, Thickened
Tool State (St) Hot

Ingredient List

1 1/2 c. All-purpose flour
1/4 Teaspoon salt
7 Tablespoons unsalted butter
4 Tablespoons ice cold water (more if needed)
6 Medium-sized onions
Sliced 1/2 cup unsalted butter
1/2 Heavy cream
Mix all together
2 Tablespoons balsamic vinegar Salt

ING-List Preheat oven to 400 degrees. Saute onions in butter over medium-high heat until browned. Add cream, vinegar, salt, pepper,
and thyme. Continue to saute until liquid is evaporated. Spread onion mixture into tart shell. Bake for 30 minutes. Cool
before serving.

ING-Inst Melt butter in skillet and saute onions until golden brown. Add cream and balsamic vinegar. Season with salt & pepper.
Cook until mixture is thickened. Pour into crust. Bake at 400 degrees for about 30 minutes or until crust is golden brown.

ING+Tool Preheat oven to 375°. Melt butter in large skillet over medium heat. Add onions and cook, stirring occasionally, until golden
brown, about 30 minutes. Add cream and balsamic vinegar. Season with salt and pepper. Cook until mixture is reduced to a
syrupy consistency, about 5 minutes. Spread mixture evenly in crust. Bake until crust is golden brown, about 30 minutes.

ING+Cook Preheat oven to 350 degrees. In a large skillet, add butter and melt over medium-high heat. Once melted, add onions and
cook, stirring occasionally, until browned. Stir in cream and balsamic vinegar. Add salt and pepper to taste and allow to
thicken for about 10 minutes. Spread mixture over crust and bake for 30-40 minutes or until golden brown.

ALL Entities Preheat oven to 350F. In a large skillet, add butter and melt over medium heat. When melted, add onions and cook, stirring
occasionally, until browned. Stir in cream, balsamic vinegar and salt & pepper to taste, and allow to thicken (about 30
minutes). Spread mixture over crust in baking pan. Bake for 30 minutes, or until crust is browned and filling has thickened.

Table 14: Example generations under five entity-enhanced prompt types for a sample recipe from ReciFine. The left
column lists entities and entity-enhanced prompt types; the right column shows extracted entities, ingredinet list or
generated text.
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Figure 9: Guide for annotating recipes, as provided in the Docanno annotation interface
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