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Abstract

In this work, we propose an entity type-specific
and knowledge-augmented token classification
framework to improve encoder models’ perfor-
mance on recipe texts. Our empirical analysis
shows that this approach achieves state-of-the-
art (SOTA) results on 5 out of 7 benchmark
recipe datasets, significantly outperforming tra-
ditional token classification methods. We intro-
duce a novel methodology leveraging curated
domain-specific knowledge contexts to guide
encoder models such as BERT and RoBERTa,
which we refer to as RecipeBERT-KA and
RecipeRoBERTa-KA. Additionally, we release
a newly reprocessed entity type-specific and
knowledge-enriched dataset that merges seven
widely used food datasets, making it the largest
annotated food-related dataset to date. A com-
parative analysis with SOTA large language
models (GPT-40, Mistral-7B, LLaMA 3-13B
and LLaMA 3-70B) highlights the practical ad-
vantages of our smaller and specialised models.
Finally, we analyse the impact of the different
knowledge context types, our models’ poten-
tial for transfer learning, the effect of combin-
ing the datasets and scenarios where traditional
token classification may still perform compet-
itively, offering nuanced insight into method
selection.

1 Introduction

Understanding food-related text through natural
language processing (NLP) has become increas-
ingly relevant for a variety of applications, includ-
ing environmental sustainability, nutritional analy-
sis, automated cooking, dietary recommendations,
and food science. However, despite its practical
importance, the food domain remains substantially
underexplored compared to biomedical and health-
care NLP, where information extraction and knowl-
edge modelling have seen significant advancement.
Information extraction (Piskorski and Yangarber,
2013) plays a vital role in leveraging food-related

data for practical applications. This includes ex-
tracting ingredients and nutritional components
from recipes (Kalra et al., 2020), encouraging sus-
tainability practices (Lee et al., 2021), supporting
ingredient substitution (Lawrynowicz et al., 2023),
food safety (Lee, 2023), food quality (Brahma et al.,
2021) and many more. In particular, named entity
recognition (NER) has been successfully applied in
clinical and biomedical texts to extract structured
information, but its application to food-related text
remains limited, fragmented and often constrained
by the lack of robust datasets and domain-specific
models.

In this paper, we address this gap by propos-
ing a token classification framework tailored for
recipe understanding. While classical NER meth-
ods aim to identify limited types of named entities
such as ingredients or dish names (Mohit, 2014; Li
et al., 2020), our approach extends beyond names
to recognise a broader range of semantically mean-
ingful tokens, including cooking actions involving
different types of entities such as the actor perform-
ing the cooking, food items or cooking equipment.
Since not all of our tokens of interest pertain to
named entities, we frame our problem as a gener-
alised token classification task rather than a strict
NER task. Our objective is to extract entities repre-
senting a rich set of semantic types from unstruc-
tured recipe data, which can serve as a foundation
for downstream tasks such as large-scale recipe pro-
cessing and the construction of structured culinary
knowledge graphs.

To this end, we present a knowledge-augmented
framework for training encoder-based models for
recognising tokens pertaining to food items or food
preparation. Unlike traditional token classification,
which feeds input text into encoder models with-
out any external guidance, we integrate curated,
domain-specific knowledge into the training and
prediction process. This auxiliary information en-
courages better task understanding and semantic
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alignment. Additionally, we reformulate token clas-
sification as an entity type-specific task. Instead of
training the model to identify all entity types simul-
taneously, we split the task into sub-tasks where
each model instance learns to identify a single en-
tity type at a time. This not only simplifies the
classification space but also enables fine-grained
transfer learning and cross-entity type generalisa-
tion. We additionally construct and release a new
large-scale dataset by combining and reprocessing
seven widely used food-related corpora. To the
best of our knowledge, this constitutes the largest
annotated resource for food token classification to
date.

Our experiments demonstrate that our entity
type-specific and knowledge-augmented token clas-
sification framework achieves SOTA performance
on five out of seven benchmark datasets. While we
include a comparison against GPT-40, Mistral-7B,
LLaMA 3-13B and LLaMA 3-70B to understand
the trade-offs between large generative models and
lightweight, specialised architectures, we limited
our exploration of LLMs to few-shot prompting
due to its practical relevance for low-resource sce-
narios and to isolate model capabilities without
extensive fine-tuning. In line with prior work, our
preliminary results show that decoder-only models
like GPT-40 often struggle with fine-grained entity
extraction tasks (Wang et al., 2023; Zhang et al.,
2024). Moreover, one of our envisioned down-
stream applications involves the large-scale pro-
cessing of recipes to construct knowledge graphs,
which demands models that are both computa-
tionally efficient and interpretable. These con-
straints render LLLMs impractical for deployment,
highlighting the value of smaller, domain-adapted
models. All code, datasets and pretrained model
weights are released publicly under CC BY-NC
4.0". In summary, our contributions are as follows:

* We propose a knowledge augmentation (KA)
framework that makes use of curated knowl-
edge contexts and food entity type-specific
training; this framework has been applied to
encoder models to produce two novel token
classification models, namely, RecipeBERT-
KA and RecipeRoBERTa-KA.

* We release the largest recipe dataset to date,
which includes annotations for a wide range
of food-related entity types and, importantly,

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

knowledge-augmented training examples.

* We validate the effectiveness of entity type-
specific training for transfer learning.

* We compare against SOTA LLMs and show
that our knowledge-augmented token classi-
fication approach consistently outperforms
them in fine-grained and domain-specific la-
beling tasks.

2 Related Work

2.1 Knowledge Context in Food Domain

Prior research explored integrating external knowl-
edge into NER (Zhang et al., 2019; Ratinov and
Roth, 2009; Yang et al., 2018). We draw inspira-
tion from advances in biomedical NLP (Lee et al.,
2020; Banerjee et al., 2021), where external knowl-
edge and domain adaptation have proven critical
for improving performance. Our work leverages
curated textual knowledge contexts tailored to food-
specific entities.

2.2 Entity Type-Specific and Multi-Task
Learning

Previous approaches have explored techniques to
reduce label-space confusion, such as training sepa-
rate models per entity type (Lee et al., 2020; Baner-
jee et al., 2021), sharing a BERT encoder across
multilingual token classification datasets to im-
prove cross-domain generalisation (Souza et al.,
2019) or employing multi-task learning, where
models jointly learn tasks like part-of-speech (POS)
tagging and chunking in a unified architecture
(Clark et al., 2019). Our work aligns with these
efforts in leveraging pre-trained encoder models
(specifically BERT and RoBERTa) while predict-
ing different entity types independently. We also
experiment with a unified multi-task formulation,
in which we standardise the format of all token
classification tasks and train a shared transformer
encoder with a span-based prediction head. How-
ever, our method goes further by explicitly isolating
each entity type into its own learning task. This
formulation simplifies the output label space (i.e.,
standard BIO tagging per entity type rather than
BIO-n for multi-entity type prediction) and miti-
gates label confusion both during training time and
inference time.
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2.3 Transfer Learning

Transfer learning remains a known challenge in
token classification, especially across domains or
datasets with heterogeneous annotation schemes
(Wadden et al., 2019; Liu et al., 2021). Our en-
tity type-specific design mitigates this by promot-
ing modular learning and reducing interference
between entity types. We show that this design
enables better generalisation between the datasets
and proves particularly advantageous for transfer
learning.

2.4 Food Token Classification and NER

While general-purpose token classification and
NER have advanced significantly with the intro-
duction of contextualised encoders such as BERT
(Devlin et al., 2019), their application in the food
and recipe domains remains relatively underex-
plored. Notable contributions such as TASTEset
(Wrdéblewska et al., 2022), FoodIE (Popovski et al.,
2019) and the English Recipe Flow Graph Corpus
(Yamakata et al., 2020) have laid foundational work
by providing annotated resources and entity recog-
nition models for food-related tasks. Most treat all
entity types jointly, lack external knowledge condi-
tioning for task guidance and fail to address knowl-
edge transfer or task generalisation. For instance,
the English Recipe Flow Graph Corpus (Yamakata
et al., 2020) provides one of the most detailed food
annotations—covering tools, temperature, actions,
and states—but is limited in scale. Other studies
focus on narrower entity sets: Goel et al., 2024,
Diwan et al., 2020, and Komariah and Sin, 2022 ex-
tract only food or product names, states, size, quan-
tities, and temperatures, while FoodIE (Popovski
et al., 2019) restricts recognition to food entities
alone. These limitations underscore the need for a
broader, more contextually enriched and modular
approach to token classification in the food domain.
Our work builds upon these efforts by extending
token classification to a broader set of entity types
and over a larger dataset (see Appendix D).

3 Methodology

3.1 Token Classification Problem Formulation

We formulate food-specific entity recognition as a
token classification task, assigning each token in a
given sequence (i.e., input text) an entity type. Un-
like conventional NER, which primarily focuses on
identifying named entities such as ingredients
and cooking tool names, our task encompasses

a broader set of food-domain entity types. These
include but are not limited to: cooking actions
performed by the chef (e.g., stir, mix), actions
undergone by the food (e.g., soften, melt),
actions by tools (e.g., grind, chop), cooking
temperatures and durations, measurements
and units, and the purpose or function of
an ingredient in a recipe, among others. This
entity type diversity motivates using the term token
classification rather than traditional NER.

Let an input token sequence be denoted as
x = {x1,x9,..., 2y}, where x; € V and V is
the vocabulary. The task is to learn a mapping
Fo : X — ) that assigns to each token x; a cor-
responding label y; € {B, I, O} based on a prede-
fined BIO tagging scheme, where B, I and O stand
for beginning, inside and outside of an entity,
respectively. Crucially, we constrain the model
to operate on a single entity type per training and
inference instance. That is, during each forward
pass, JFy is trained to identify only one entity type
&; € &, where £ is the set of all possible entity
types.

Formally, each training example is a tuple
(z,p,y")), where z is the token sequence, p is a
natural language context describing entity type &;,

and yU) = {ygj), . ,y,(Lj)} is the label sequence
corresponding to entity £; only. All tokens not
associated with &; are labelled as 0. This formu-
lation simplifies the output space from BIO-|E| to
standard BIO, reduces inter-entity type interference
during training, and facilitates entity type-specific
generalisation and transfer learning.

3.2 Knowledge-Augmented (KA) Token
Classification

Unlike traditional token classification pipelines that
rely solely on internal sentence context, we adopt a
KA formulation that prepends curated knowledge
contexts to the input to guide the model toward
the entities of the relevant entity type. Let the
token sequence for a recipe sentence be denoted
as x = {z1,22,...,2,}, and let the knowledge
context associated with a particular entity type &;
be represented as a natural language context p; =
{pgj ), .. ,p%) }. Each context p; belongs to one of
five types described in Section 3.3.

We construct the augmented input to the encoder
as:

z = {[CLS], p;, [SEP], 21, ..., zp, [SEP]}
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where m is the length of the context and 7 is the
length of the recipe tokens. The full sequence
Z is passed through a transformer encoder (e.g.,
BERT or RoBERTa), and a feedforward classifica-
tion layer predicts BIO tags for each token. This
setup introduces a form of entity type condition-
ing, enabling the model to modulate its attention
and token representations based on the target en-
tity type. Unlike multi-entity type classification
with shared label spaces, our formulation uses a
single encoder across all entity types but treats each
classification task independently. An illustration of
our knowledge-augmented and entity type-specific
approach compared to traditional multi-entity type
token classification is provided in Appendix A.

3.3 Knowledge Context Types

We define five distinct types of knowledge contexts,
each providing a different semantic perspective for
conditioning the model:

* Entity Type Name (ETN): A plain direc-
tive that names the entity type, e.g., FOOD
STATE.

* Question Prompt (QTN): A natural question
about the entity type, e.g., Which words de-
scribe the state of the food?.

* Example Type (EXT): A list of entity exam-
ples, e.g., melted, frozen, chopped.

¢ Definitional Sentence (DTN): A brief defini-
tion of the entity type, e.g., A STATE describes
the physical condition of an ingredient.

¢ Combined Type (CBD): A concatenation of
all the above, providing the richest context.

3.4 Datasets and SOTA Methods

We utilise and combine seven existing food-related
datasets originating from five distinct research ef-
forts, outlined below. While all provide annotations
for food-specific entities, they differ in the cover-
age, granularity, and size of their entity types. Full
details on entity types and dataset sizes are pro-
vided in Appendix D.

AllRecipes (AR) and GeniusKitchen (GK):
These two datasets are adopted from the work of
Diwan et al. (2020) and contain seven entity types.
The recipes were sourced from Allrecipes.com
and Food.com (formerly GeniusKitchen.com). For
AR and GK, the current SOTA is a fine-tuned

spaCy-transformer model (Diwan et al., 2020; Goel
et al., 2024).

TASTEset 1 & 2: These datasets are sourced
from the work of Wréblewska et al. (2022) and
contain nine entity types. The recipes were
sourced from Allrecipes.com, Food.com, Tasty.co
and Yummly.com. For TASTEset 1 & 2, the cur-
rent SOTA is a fine-tuned BERT-based model using
the multi-entity type token classification approach
(Wréblewska et al., 2022).

FINER: The FINER dataset, introduced by Ko-
mariah and Sin (2022), is the largest among those
used in this study and contains five entity types.
The recipes were sourced from Allrecipes.com. For
FINER, the current SOTA is RNE, an ensemble
framework that combines recurrent models such
as RNNs, GRUs, and LSTMs (Komariah and Sin,
2022).

English Recipe Flow Graph (ERFG): This
dataset, adopted from Yamakata et al. (2020), is the
most semantically detailed among our datasets and
contains ten entity types. Despite its richness, the
dataset is limited in size. In our work, multi-task
learning allows knowledge transfer from this richly
annotated corpus to other datasets. The recipes
were sourced from Allrecipes.com. For ERFG, the
current SOTA is a fine-tuned BERT-based model
using the multi-entity type token classification ap-
proach (Yamakata et al., 2020).

FoodBase: Lastly, we incorporate the FoodBase
dataset from Popovski et al. (2019), which includes
annotations solely for the FOOD entity type. The
recipes were sourced from AllRecipes.com. For
FoodBase, the current SOTA is FoodlE, a rule-
based NER method (Popovski et al., 2019).

3.5 Dataset Preprocessing and Alignment

We standardise all datasets using a unified BIO
tagging scheme, where only one entity type is con-
sidered at a time. Instead of tagging multiple entity
types jointly (as in traditional BIO-n tagging), each
training instance is reprocessed to focus on a single
target entity type.

Consider an example sentence in the
FINER dataset containing five different en-
tity types: Add 200[quantity] gramspynit] of

chopped[ gt ate] ONIONS[ £o0d7 10 the pan[ g1 7-
We decompose this into five entity type-specific

training instances, each annotated with BIO
labels for a single target entity type, while
treating all others as outside. Applying this
decomposition across all seven datasets and
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five distinct knowledge context types yields 35
dataset variants in total. This enables fine-grained
evaluation of model performance across diverse
semantic knowledge context types and entity
type-specific configurations. Figure 3 in Appendix
F presents a sample training datapoint that has
been pre-processed using an entity type-specific
method and enriched with curated knowledge
context. Based on this datapoint, various training
inputs can be derived and fed into the encoder
model, depending on the specific knowledge
context type intended for use.

Entity Type Normalisation: Given the hetero-
geneity across the seven food-related datasets, we
conducted a semi-automatic entity type mapping
to align conceptually similar entity types under a
unified schema. For instance, entity types such as
name in AR and GK, ingredient in FINER, and
food in TASTEset 1 & TASTEset2 were mapped
to a unified entity type INGREDIENT.

Our objective in performing entity type align-
ment was to enable joint training across datasets
that exhibit structurally similar annotations, while
preserving the original semantic intent of each
source corpus. However, complete normalisation
is often impractical due to subtle but important dif-
ferences in annotation granularity and schema de-
sign. For instance, the quantity label in the ERFG
dataset typically combines both numerical values
and measurement units, e.g., 5 cups, whereas in
other datasets, quantity refers strictly to numeric
values, e.g., 5 or 1/2, with units treated as a sep-
arate entity type. To mitigate the risk of semantic
dilution or label ambiguity, we adopted a conserva-
tive alignment strategy: only entities with demon-
strable conceptual equivalence and consistent anno-
tation guidelines were unified. The final dataset in-
cludes over 1,500,000 annotated training instances,
making it, to the best of our knowledge, the largest
token classification dataset of recipes available.

4 Experiments

4.1 Experimental Setup

All experiments were conducted on two NVIDIA
A100 GPUs (80GB each). We used a maximum
batch size of 256 per GPU to fully utilise available
memory and accelerate training. All models were
trained using the HuggingFace Transformers li-
brary? with AdamW optimiser settings of 1 x 1078

Zhttps://huggingface.co

and a learning rate of 2 x 1075, Training was car-
ried out for up to 30 epochs for individual dataset
configurations, while the FINER dataset and the
combined multi-dataset setups were limited to 10
epochs due to their significantly larger size.

4.2 Baseline Models (Multi-Entity Type Token
Classification)

To establish strong comparative baselines, we
used the same pre-trained transformer encoders
(BERT and RoBERTa) trained using the multi-
entity type token classification approach and with-
out knowledge augmentation as baseline mod-
els. We then compared them with our entity
type-specific and knowledge-augmented versions,
namely, RecipeBERT-KA and RecipeRoBERTa-
KA. The underlying architecture for each model re-
mains unchanged across baseline and non-baseline
variants. The key distinction lies in input formula-
tion, i.e., our KA models are trained with additional
textual knowledge contexts and use the entity type-
specific training, while the baseline models receive
no such contextual signal and use the multi-entity
type training.

4.3 Training and Testing Configurations

We train models using both individual datasets and
a combined multi-dataset setup. For each configu-
ration, we experiment with five types of knowledge
contexts (see Section 3.3) and evaluate them using
token-level precision, recall and F1 scores under
strict span and type matching as done in previous
work in the food domain (Popovski et al., 2019;
Wréblewska et al., 2022; Goel et al., 2024). We
also perform cross-dataset testing to assess trans-
ferability and generalisation across different food-
related datasets.

5 Results and Discussion

Table 1 presents the comparative performance of
our KA (knowledge-augmented and entity type-
specific prediction) models against both baseline
counterparts (non-KA and multi-entity type pre-
diction) and previously reported SOTA results
across all seven benchmark datasets. Across
all configurations, we observe that in 5 out of
7 datasets, our KA models (RecipeBERT-KA
or RecipeRoBERTa-KA) consistently outperform
both alternatives. These findings confirm that se-
mantically augmented contexts, layered over an
entity type-sensitive encoder architecture, yield
stronger and more reliable token representations.

2780


https://huggingface.co

FINER TASTEset1 TASTEset2 AR GK FoodBase ERFG

Baseline (Ours) Rec@peRoBERTa 93.10 93.78 92.96 96.22 94.00 97.15 86.51

) RecipeBERT 92.92 94.09 93.40 95.89 93.90 97.12 86.25

SOTA (prior work) 96.09 93.50 94.30 96.82 95.19 96.05 87.60
Augmented (Ours) RecipeRoBERTa-KA 98.30 89.66 88.47 98.01* | 96.21* 97.40 90.37*
RecipeBERT-KA 98.32* 89.85 87.84 97.80 95.97 97.85% 89.33

Table 1: F1 scores (F1) for Baseline (our traditional multi-entity type token classification), Augmented (our
knowledge-augmented and entity type-specific token classification), and SOTA (scores from prior work) models
across seven food-domain datasets. Our models use the best-performing knowledge context type. Bold scores
indicate the best overall F1, and * marks statistically significant improvements over the prior SOTA using 95%

Wilson score confidence intervals.

F1
ETN QTN DTN EXT CBD
FINER 97.62£0.12 97.66 £ 0.07 97.58 £0.09 98.20 £ 0.03 98.19 £ 0.47
TASTEsetl 89.18 £0.22 89.08 £ 0.36 89.01 £ 0.38 89.74 £ 0.42 89.53 +0.37
TASTEset2 86.95+0.56 87.15+0.46 87.03 £0.59 87.99 £ 0.44 87.75 £ 0.52
AR 97.32£0.26 97.34 £0.30 97.35 £ 0.39 97.99 £0.23 97.85 £ 0.21
GK 95.19£0.12 95.26 £0.11 95.32 £0.04 96.27 £ 0.05 96.28 £ 0.04
FoodBase 97.37 £0.23 97.30 £0.13 97.35£0.23 97.30 £0.15 97.29 £ 0.12
ERFG 85.39 +0.38 90.14 +0.23 89.75+0.43 89.96 +0.31 90.00 + 0.46

Dataset

Table 2: F1 scores obtained by the RecipeRoBERTa-KA
model using different knowledge context types: Entity
Type Name (ETN), Question Prompt (QTN), Defini-
tional Sentence (DTN), Example Type (EXT) and Com-
bined Type (CBD). Best scores are in bold. Averages
over ten random seed runs are reported along with the
standard deviations.

5.1 Ablation Studies

Comparison of Knowledge Context Types:
We evaluate our consistently performing model,
RecipeRoBERTa-KA, across the five knowledge
context types (see Section 3.3) over 10 random
seeds. As shown in Table 2, in terms of F1 scores,
the example (EXT) and combined (CBD) knowl-
edge context types consistently yield the best re-
sults in datasets where entity types are semanti-
cally distinctive, such as FINER, TASTEset 1 &
2, AR and GK?. However, in the ERFG dataset,
a dataset with dense and fine-grained procedural
annotations, the question (QTN) knowledge con-
text type slightly outperforms the example (EXT)
knowledge context type. We hypothesise that this
is due to high semantic overlap among closely re-
lated entity types (e.g., action by chef, action
by food and action by tool), which may re-
duce the discriminative power of static examples.
In contrast, the question (QTN) knowledge con-
text type provides more structured guidance that
helps disambiguate entity type roles.

Statistical Robustness and Confidence Es-
timation: To ensure the robustness of our re-

3See Table 12 in Appendix H for the precision and recall
scores of RecipeRoBERTa-KA across different knowledge
context types.

Dataset SOTAF1 OurF1 AF1 Sig? CI
FINER 96.09  98.20 +0.03 +2.11 Yes 0.02
TASTEset]l 9350 89.74+0.42 -3.76 No 0.26
TASTEset2 9430 87.99+0.44 -6.31 No 027
AR 96.82 9799 +0.23 +1.17 Yes 0.14
GK 95.19  96.28+0.04 +1.09 Yes 0.02
FoodBase 96.05 97.37 £0.23 +1.32 Yes 0.14
ERFG 87.60 90.14 +0.23 +2.54 Yes 0.14

Table 3: F1 scores from RecipeRoBERTa-KA (our
knowledge-augmented and entity type-specific) model,
averaged over ten random seeds. The Significant (Sig?)
column indicates whether our F1 scores are statistically
significantly better than the SOTA F1 using a 95% confi-
dence interval based on Wilson score intervals (Mee and
Anbar, 1984). Best F1 scores are shown in bold, and

AF1 values are positive when our method outperforms
SOTA.

sults, we ran our consistently performing model,
RecipeRoBERTa-KA, with the combined (CBD)
knowledge context type across 10 random seeds for
each dataset. We report the mean F1 scores, along
with their standard deviations and 95% confidence
intervals. Table 3 summarises the performance rel-
ative to previously reported SOTA scores. Our KA
models achieve statistically significant improve-
ments in 5 out of 7 datasets, with confidence inter-
vals indicating stable and consistent performance
across runs.

Comparison of Individual and Multi-Dataset
Training: To assess the impact of multi-dataset
training, we trained our consistently performing
model, RecipeRoBERTa-KA, on the combined
dataset and compared its performance to models
trained individually on each dataset. As seen in Ta-
ble 4, initial results from the full combined dataset
were competitive, demonstrating that cross-dataset
training can support generalisable learning. How-
ever, performance was lower on smaller datasets
such as TASTEset 1 & 2 and FoodBase, likely
due to the dominance of the FINER dataset, the
largest corpus, during gradient updates (see dataset
distribution in Appendix D). After excluding the
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I?I?\tla}‘islgt 97.713) 46&}; f 1.A713) 979]; 4?25 AAE 97.1;; +%.T; AAE . RecipeBERT-KA RecipeROBERTa-KA|

TASTEseti 27.23 —2.29 +(3).82 zgg +2.(3)g —3.g| 29.26 —o.g —l.gg Entity Type |SRCF1 TGT F1 [SRC F1 TGT F1

TASTEse S. +5.35 —0.01 .23 +1.93 —0.91 3 +4. +1.

AR ' 96.93 +1.74 —0.64197.45 +3.77 +1.81 9;.22 +3.16  +1.31 QUANIIIY 9964 91‘84 9964 9157

GK 9432 +1.77 +2.61(95.57 +2.62 +1.07|94.94 +343 +1.45 UNIT 96.86 86.19 96.86 83.71

ERFG . |$913 1210 41139023 4515 1424|3968 1352 1376 STATE 9549 8475 | 9549  90.30

ING 87.15 61.40 | 87.21 59.81

Table 4: Change in performance (Precision (P), Re-  TASTE 91.67  76.92 | 91.67 87.80
call (R), and F1) when RecipeRoBERTa-KA model is SIZE 9820 100.00 | 98.20 100.00

trained with Question (QTN) knowledge context type
on combined dataset and combined dataset excluding
FINER dataset. Positive A (combined dataset) or AA
(combined dataset excluding FINER dataset) for P, R,
and F1 scores indicates single task is better.

FINER dataset and retraining on the reduced com-
bined dataset, performance improved substantially
and aligned more closely with individual dataset
benchmarks. These findings suggest that while our
semi-automated entity type mapping supports ef-
fective dataset integration and yields competitive
performance, model performance in multi-dataset
setups remains sensitive to size imbalance. Future
work could investigate more advanced strategies,
such as weighted loss functions or curriculum learn-
ing (Misra et al., 2016), which have the potential
to enhance performance across all datasets in joint
training scenarios.

Comparing the Results of Transfer Learning:
To assess the generalisation capability of our KA
models, we evaluate their ability to transfer learned
representations across datasets for semantically
aligned entity types. For each entity type, we iden-
tify the dataset where it has the highest F1 score
and designate it as the target test set (see Table 11 in
Appendix G for the F1 scores for each entity type
in the different datasets). We then train exclusively
on other datasets containing the same entity type,
ensuring the target test set remains completely un-
seen and out of distribution. This evaluation uses
only the question (QTN) knowledge context type
to maintain consistency.

Results in Table 5 show that our models main-
tain high accuracy even under strong distributional
shifts. For instance, target F1 scores remain above
90% for quantity, state and size. While more
semantically variable entities like ingredient and
taste exhibit lower F1 scores, performance re-
mains competitive, underscoring the effectiveness
of KA training in learning generalisable entity type
semantics.

Comparison of Multi-Entity Type and Entity
Type-Specific Knowledge-Augmented Training:
We compare our baseline (multi-entity type, see

Table 5: Transfer learning experiment results using the
question (QTN) knowledge context type. The metric
is the exact match F1 score for the source (SRC) and
target (TGT) domains. Bold across each of the entities
are the best.

Section 4.2) models with our KA (entity type-
specific and knowledge-augmented, see Section
3.2) models. Results in Table 1 show that entity
type-specific and knowledge-augmented training is
superior in 5 out of 7 datasets, particularly when
semantic cues are essential (e.g., in the FINER and
ERFG datasets). However, the baseline training
performs better in structurally simple datasets like
TASTEset 1 & 2, where entities are lexically dis-
tinct or separable by patterns. This suggests that
entity type-specific training helps when meaning
drives the distinction, while multi-entity type train-
ing excels when structural context is sufficient.

5.2 Error Analysis

We performed a token-level error analysis on the
predictions made by RecipeRoBERTa-KA using
the question (QTN) knowledge context type
across all seven datasets, with representative ex-
amples provided in Table 6. This analysis revealed
several notable trends:

Semantic Misclassification: The most frequent
errors involved semantically similar tokens, espe-
cially in the ERFG and FINER datasets. In Ex-
ample E2, the model predicted the tokens tender;,
reduced; desired consistency for the entity type
food state, instead of the correct annotated span
tender.

Span Boundary Issues: Partial span predictions
were common in the ERFG and FoodBase datasets.
For instance, in Example E7, Stir in; grated; stir
that were annotated as actions by chef are pre-
dicted as Stir; grated; stir.

Contextual Errors: We observed errors where
the model failed to distinguish between subtle se-
mantic differences. For instance, in Example E1,
the phrase no - salt - added is correctly annotated
as a state, but the model incorrectly extended the
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Recipe Text

Entity Type Gold

Predictions

E1. 1 ( 15 ounce ) can cannellini beans no - salt - added rinsed and state
drained

E2. Cook on High 4 to 6 hours, or on Low 6 to 8 hours until the chicken food state

is tender and the sauce has reduced to your desired consistency.

E3. Top each with lime slices. food
E4. Cover with a damp cloth, and let rise until doubled in volume, food
about 40 minutes.

ES. Cover with a damp cloth, and let rise until doubled in volume, food state

about 40 minutes.

E6. Once the lamb is very tender, remove the lid, and cook until the food state

sauce thickens slightly, about 20 minutes.

E7. Stir in 2/3 of the grated Cheddar cheese and stir until melted.
E8. Whisk the egg, egg yolk and sugar with an electric mixer until food
well mixed.

E9. Add the parsnips, garlic and curry powder, and fry for a couple of duration

minutes to release the flavours.

E10. When the bread maker is finished, tip the dough onto a well food
floured surface and divide it into 3 parts for 40cm pizzas or 4 for 30cm
pizzas.

action by chef

no - salt - added no - salt - added rinsed and drained

tender tender; reduced; desired consistency
lime lime slices

volume —

doubled doubled in volume

tender very tender; thickens

Stir in; grated; stir
egg; egg; sugar

Stir; grated; stir
egg; egg yolk; sugar
couple of minutes a couple of minutes

dough; it; pizzas; pizzas ~ dough; pizzas; pizzas

Table 6: Examples (numbered E1 to E10) of errors and correct predictions made by RecipeRoBERTa-KA model

with the Question (QTN) Knowledge Context Type.

prediction to include rinsed and drained, which are
food preparation actions.

6 Specialised KA Encoder Models in the
Era of LLMs

While LLMs demonstrate strong general-purpose
capabilities, specialised models remain essen-
tial for tasks like recipe token classification,
where structured, fine-grained labelling is crit-
ical (Goel et al., 2024). To confirm this, we
compared our knowledge-augmented and entity
type-specific model (RecipeRoBERTa-KA) with
question (QTN) knowledge context type against
GPT-40, Mistral-7B, LLaMA 3-13B and LLaMA
3-70B using few-shot prompting (4 examples) on
200 randomly selected recipe sentences from the
ERFG dataset. Results in Table 7 demonstrate a
clear and substantial performance advantage of
our model, with an F1 score exceeding that of
GPT-40 by over 28 percentage points across mul-
tiple runs. Notably, while GPT-40 performed best
among the LLM baselines, other models such as
LLaMA 3-13B, LLaMA 3-70B, and Mistral-7B ex-
hibited abysmally low F1 scores, highlighting the
challenges these models face in this domain. The
prompt used for querying the LLMs, along with
the different methods explored to improve their
performance, is detailed in Appendix E.

These findings align with recent work in food
and biomedical domains (Goel et al., 2024; Yuan
et al., 2023), where LLMs underperform super-
vised models by up to 30% (in terms of F1 score)
in extraction tasks. Collectively, these results posi-
tion our framework as a lightweight and scalable
approach for achieving SOTA performance without

Model Precision Recall F1

RecipeRoBERTa-KA 89.27 90.67 89.96
GPT-40 62.49 61.04 61.76
LLaMA 3-13B 14.31 14.66 14.48
LLaMA 3-70B 26.71 25.32 26.00
Mistral-7B 17.05 19.85 18.35

Table 7: Performance of few-shot prompting (4 exam-
ples) of SOTA LLMs (best F1 scores over 10 runs)
compared to RecipeRoBERTa-KA with question (QTN)
knowledge context type on 200 recipe sentences from
the ERFG dataset.

reliance on massive parameter scaling or external
LLM APIs. In Table 9 of Appendix C, we present
a comparison of results using 0 to 6 examples in
the LLM prompts, showing why 4-shot prompting
was chosen for our experiments.

7 Conclusion

In this work, we introduced a novel token clas-
sification framework for food NLP, combining
curated knowledge contexts with entity type-
specific training to create RecipeBERT-KA and
RecipeRoBERTa-KA. Our contributions include
the release of the largest annotated and knowledge-
augmented food dataset to date, comprising seven
processed datasets, available individually and as
a unified corpus. We demonstrated that entity
type-specific training substantially improves trans-
fer learning performance and validated our ap-
proach through extensive benchmarking across
these datasets. Our models consistently outperform
SOTA LLMs and achieved new SOTA results on 5
out of 7 benchmarks. Looking ahead, the ultimate
aim of this work is to apply these trained models
at scale across large recipe collections to automat-
ically build rich and structured food knowledge
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graphs. These graphs will support downstream ap-
plications such as automated cooking, automatic
recipe generation and recipe adaptation.

Limitations

While our proposed framework demonstrates
strong performance, it has several limitations that
suggest directions for future work. Our down-
stream goal involves large-scale processing of
recipes to build structured knowledge graphs,
which requires models that are both computation-
ally efficient and interpretable. These deployment
constraints made LLMs impractical for our setting,
so we limited their use and evaluation to few-shot
prompting. We did not explore parameter-efficient
fine-tuning methods such as LoRA, focusing in-
stead on lightweight encoder models enhanced
through knowledge-augmented supervision. Ad-
ditionally, our method operates at the sentence and
token level and does not model multi-sentence con-
text, which may limit its ability to capture composi-
tional or temporally dependent instructions. Lastly,
although training on the combined dataset yielded
competitive results, we observed improved perfor-
mance when the dominant FINER dataset was ex-
cluded. Future work could investigate advanced
techniques, such as weighted loss functions or cur-
riculum learning, which may enhance joint training
performance across datasets. We leave these opti-
misations for future exploration.
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A TIllustration of our
Knowledge-Augmented Approach
Compared to Traditional NER

B-Ac B-F I-F B-Ac B-D 1-D

v vy ooy v vob
Top each with lime slices and cook for a couple of minutes

Recipe Text: Top each with lime slices and cook for a couple of minutes
Augmented Input: [Context] + [Recipe Text]

Entity Type Name: Action by chef (Ac)

Question Prompt: What are the action performed by the chef
mentioned in the text?

Definitional Sentence: Actions by the chef involve verbs representing
direct human interaction with food or tools.

Example Type: chop, stir, bake, whisk, fry, add

Combined Type: What are the action performed by the chef mentioned
in the text? Actions by the chef involve verbs representing direct human
interaction with food or tools. e.g., chop, stir, bake, whisk, fry, add.

Answer: Top, cook

Entity Type Name: Food (F)

Question Prompt: What are the food mentioned in the text?
Definitional Sentence: Food is any substance consumed to provide
nutritional support or used in a recipe.

Example Type: butter, vegetable oil, red bell pepper, honey maid
graham crumbs, salt, pepper

Combined Type: What are the food mentioned in the text? Food is any
substance consumed to provide nutritional support or used in a recipe,
e.g., butter, vegetable oil, red bell pepper, honey maid graham crumbs..
Answer: lime slices

Figure 1: Comparison between traditional multi-entity
type NER (top), and our knowledge-augmented & en-
tity type-specific token classification approach (third
and fourth). While the traditional 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).

B Comparison of Balanced and
Unbalanced Dataset Training

We construct a balanced dataset variant by includ-
ing negative examples, i.e., instances with no tar-
get entity type mentions, enabling us to assess the
effect of training with negative examples. This
contrasts with our default unbalanced setup, where
every instance includes at least one positive label.
As shown in Table 8, the overall performance dif-
ference between the two setups is minimal. In
four datasets, the F1 score difference is negligible
(AF1 within +0.5%), while in the remaining three
datasets, ERFG, FINER, and FoodBase, the unbal-
anced training yields higher scores by up to 3.5%.
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These results suggest that incorporating negative
samples through balanced training does not lead to
a significant drop in performance. Further probing
indicates that observed variations are influenced by
the relative scarcity and distribution of negative in-
stances for certain entities (see dataset distribution
in Appendix D).

Dataset P AP R AR F1 AFI
FINER 98.23 +4.93(98.41 +1.52]98.32 +3.26
TASTEsetl | 87.48 +0.76[91.83 —0.74|89.55 +0.05
TASTEset2 | 85.85 +1.61(89.93 —0.05|87.89 +0.83
AR 97.56 —0.24]97.68 —0.08(97.78 —0.16
GK 9591 +0.40|96.44 +0.25(96.18 +0.32
FoodBase |[97.04 +2.81(98.17 +0.65|97.61 +1.75
ERFG 88.31 +2.19190.84 +2.30(89.58 +2.25

Table 8: Comparing Precision (P), Recall (R), and F1
using RecipeRoBERTa-KA model with question (QTN)
knowledge context type for balanced and unbalanced
datasets. AP, AR, and AF1 represent a change in perfor-
mance compared to training our model on full datasets.
A negative value indicates that training on the balanced
dataset is better, while a positive value indicates that un-
balanced Dataset training produces better performance.

C Finding the Optimal Number of Shots

Table 9 reports the best F1 scores (over 10 runs)
obtained by GPT-40, LLaMA 3-13B, and LLaMA
3-70B on a 50-sample subset of the ERFG dataset.
The evaluation spans 0-shot to 6-shot prompting
settings, where the number of examples in the
prompts are gradually increased. This setup is de-
signed to determine the optimal number of shots
needed to reliably evaluate a model’s capability
for fine-grained recipe token classification. As ob-
served across all three models, performance tends
to peak at 4-shot prompting, indicating it as the
most effective configuration for this task.

Model 0-shot 1-shot 2-shot 3-shot 4-shot 5-shot 6-shot
GPT-40 0.00 41.29 5397 47.53 5552 4528 47.13
LLaMA 3-13B 1.10 921 16.72 1528 1812 1631 17.45
LLaMA 3-70B 095 13.89 21.72 25.04 29.07 27.75 30.69

Table 9: F1 scores of GPT-40, LLaMA 3-13B and
LLaMA 3-70B on the 50 samples of the ERFG dataset
with 0 to 6-shot prompting. The best F1 over 10 runs is
reported.

D Entity Type Distribution in the Dataset

Table 10 presents the distribution of positive and
negative samples for each entity type across the
training, validation, and test splits. A positive sam-
ple contains at least one mention of the target entity,

while a negative sample contains none. This break-
down highlights the class balance and coverage for
each dataset-entity type combination.

Dataset Entity Type Train + Train -] Val + Val —[Test + Test —
FINER QUANTITY 135716 329[16837 36[27812 85
UNIT 110465 2558013848 3025(24999 2898
ING 134984 106116873 15(15778 12119
PRODUCT 5433 5659| 545 746|10697 10697
STATE 78592 57453| 9765 710813057 13057
TASTEsetl QUANTITY 2973 248| 386 50| 421 17
UNIT 2494 686| 323 103| 355 67
FOOD 3184 4| 408 5| 428 4
PROCESS 819 1062 123 211 149 247
PHYSICAL QUALITY 604 815 89 161 100 178
COLOR 164 268 35 76 32 71
TASTE 99 176 15 39 12 33
PURPOSE 78 145 11 31 5 17
PART 39 83 11 31 5 17
TASTEset2 QUANTITY 4556 381 381 44| 465 20
UNIT 3814 1054 329 84| 379 93
FOOD 4754 52| 394 4| 463 3
PROCESS 1239 1525 118 204 175 282
PHYSICAL QUALITY 965 1225 102 181 111 194
COLOR 270 408 26 60 41 86
TASTE 147 245 20 49 20 49
PURPOSE 115 199 10 29 9 27
PART 71 134 10 29 11 31
TRADE_NAME 191 305 16 41 23 55
EXAMPLE 88 160 12 33 15 39
DIET 80 148 12 33 4 15
AR NAME 1171 51 292 21 482 1
STATE 562 614| 145 149| 251 232
UNIT 956 220| 234 60| 399 84
QUANTITY 1151 25| 289 5| 473 10
SIZE 50 101 13 35 20 49
TEMP 18 45 10 29 10 29
DF 113 196 41 86 51 103
GK NAME 4090 13| 1026 2| 1697 5
STATE 1473 1775 494 534| 643 861
UNIT 3231 872| 747 281| 1304 398
QUANTITY 3909 194| 887 141| 1601 101
SIZE 238 367 63 122 81 149
TEMP 79 146 30 67 31 69
DF 333 488| 121 208| 141 236
FoodBase FOOD 4185 14011 591 2I11] 570 208
ERFG FOOD 1307 344 339 73] 481 103
TOOL 847 804| 184 228 288 296
DURATION 327 481 82 151 136 229
QUANTITY 247 379 74 139 91 164
ACTION BY CHEF 1651 o 412 0| 564 20
ACTION BY CHEF DISC 104 183 22 53 32 71
ACTION BY FOOD 130 221 49 99 59 115
ACTION BY TOOL 9 27 1 5 3 12
FOOD STATE 513 708| 123 211 184 295
TOOL STATE 364 527 74 139] 128 218

Table 10: Data distribution showing the number of posi-
tive (+) samples (with at least one entity mention) and
negative (-) samples (with no target entity) across train-
ing, validation, and test splits for each dataset and entity

type.
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E LLM Prompt

Figure 2 shows the prompt template used for few-
shot prompting of the LL.Ms. Several variations
of this base prompt were explored by selectively
adding or removing components, such as, instruc-
tion phrasing, generating structured json output,
replacing the BIO tags with actual food names, for-
matting cues, or example structures and counts, to
evaluate their effect on model performance.

You are a culinary Al assistant specialised in identifying cooking-related entities from recipe
instructions.
Carefully read the input sentence and assign accurate entity tags to cach word in the same order.
Use a tag set consisting only of the entity types listed below (no BIO format). The number of tokens
in the input and output must be equal.
Entity Categories

« roop: Ingredients or edible items (e.g., garlic, tomato)

« 700L: Cooking equipment or utensils (c.g., whisk, oven)

« burarron: Cooking time (c.g., 15 minutes, overnight)

« quantrry: Amount of ingredients (c.g., 3 tablespoons, 200 grams)

o acTion s _ces: Actions dircctly performed by the chef (c.g., chop, stir)
c: Discontinuous or multi-word chef actions (e.g., take out, cut off)
ons where food undergoes change on its own (c.g., melt, rise)
ons performed by tools during cooking (e.g., squecze, mix)

o acTIon BY TooL:
« oop_srare: Physical or chemical condition of food (e.g., raw, melted, browned)
« zoow_saze: Condition or configuration of tools (¢.g., hot, preheated, large)

« 0: Tokens that are not part of any relevant enfity

Figure 2: Example 3-shot prompt for LLM evaluation;
final experiments used 4-shot prompting.

F Examples of Pre-processed Datapoints
and Encoder Inputs with Entity
Type-Specific Splits and
Knowledge-Augmentation

Sample Pre-processed Data

Sample 1 Inp: gother add th
‘cayenne pepper and pour water over the mixture .

ter over the mixture .

Encoder Model Training Input for Definitional Sentence (DTN)

Sample 1 Input:

Encoder Model Training Input for Example Type (EXT)

Sample 1 Input: butter, vegetable oil h ,  Stir all together; after

stic, baks, whisk, it add th
1 the mixture .

Encoder Model Training Input for Entity Type Name (ETN)

Sample 1 Inp
over the mixture .

pour water over the mixture .

Encoder Model Training Input for Combined Type (CBD)

Sample 1 ]
= butter, vegetable oil he i,

:food : Stir al together;

. chop, sir, bake, whisk, f
mixture .

Figure 3: An illustration of our input construction
pipeline. The first block shows a sample datapoint from
our pre-processed dataset, where the text is split into en-
tity type-specific segments and enriched with knowledge
contexts. The remaining five blocks show correspond-
ing input formats for the encoder model, each using one
of five different knowledge context types.

G Entity Type-Specific Results

Table 11 reports precision, recall, and F1 scores
for each entity type across all datasets used in this
study. These results provide a detailed view of
model performance at the entity type level, high-
lighting which entity types are more consistently
identified across the datasets. This breakdown com-
plements overall scores by revealing strengths and
weaknesses in fine-grained token classification for
specific entity types.

Dataset Entity Type Precision Recall F1
FINER QUANTITY 9991 99.94 99.92
UNIT 99.46  99.89  99.67
ING 97.13 9773 9743
PRODUCT 89.52  89.39 89.46
STATE 96.12 9631 96.22
TASTEsetl QUANTITY 89.28 9575 9240
UNIT 91.53 97.59 94.46
FOOD 8391 85.63 84.76
PROCESS 76.92 8247  79.60
PHYSICAL QUALITY 85.19 88.46 86.79
COLOR 93.10 96.43 94.74
TASTE 91.67 91.67 91.67
PURPOSE 66.67 100.00  80.00
PART 80.00 100.00 88.89
TASTEset2 QUANTITY 88.50 90.67 89.57
UNIT 87.29 98.15 9240
FOOD 82.89 85.64 8424
PROCESS 78.95 7627 77.59
PHYSICAL QUALITY 87.95 85.88 86.90
COLOR 100.00 86.84 92.96
TASTE 86.36  100.00 92.68
PURPOSE 80.00 100.00 88.89
PART 8571 66.67 75.00
TRADE_NAME 5294 5625 5455
EXAMPLE 0.00 0.00 0.00
DIET 66.67 100.00  80.00
AR NAME 9191 9339 92.64
STATE 98.01 9833 98.17
UNIT 98.42 98.64 98.53
QUANTITY 100.00  99.81  99.90
SIZE 100.00 100.00 100.00
TEMP 90.00  90.00  90.00
DF 98.04 98.04 98.04
GK NAME 87.45 8854 87.99
STATE 9534 9827 96.78
UNIT 97.94 99.21 9857
QUANTITY 97.93 98.63 98.28
SIZE 97.62 98.80 98.20
TEMP 93.94 9394 93.94
DF 97.96 98.63 98.29
FoodBase  FOOD 96.64 98.09 97.36
ERFG FOOD 0558 9326 9441
TOOL 88.62 87.90 88.26
DURATION 75.51 84.09 79.57
QUANTITY 7424 8448 79.03
ACTION_BY_CHEF 9345 91.01 9222
ACTION_BY_CHEF_DISC 66.67 100.00  80.00
ACTION_BY_FOOD 82.61 82.61 82.61
ACTION_BY_TOOL 100.00  50.00 66.67
FOOD_STATE 7320 77.17 75.13
TOOL_STATE 89.13 89.13 89.13

Table 11: Precision, Recall, and F1 scores across all
entity types and datasets.

H Precision and Recall of
RecipeRoBERTa-KA Model Using
Different Knowledge Context Types

Table 12 shows the precision and recall of the
RecipeRoBERTa-KA model across the five knowl-
edge context types (see Section 3.3).
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Precision Recall

ETN QTN DTN EXT CBD ETN QTN DTN EXT CBD

FINER 97.51£0.12 97.56 £0.08 97.47 £0.09 98.12+0.03 98.11 £0.06(97.72+0.14 97.76 £0.08 97.68 £0.11 98.27 + 0.05 98.27 £ (.08
TASTEset] | 88.38 +0.30 88.92+0.82 88.90 +0.40 88.61 +0.72 88.32+0.3890.02+0.21 89.25+0.95 89.11 +0.53 90.96 + 1.33 90.81 +0.97
TASTEset2 | 88.91 +1.59 88.84 +1.41 88.92+1.50 89.02+1.77 88.86+ 1.24|85.08+1.21 85.55+1.21 8523+ 1.41 87.08+1.65 86.74 + 1.02
AR 97.09+0.31 97.14+0.40 97.09+0.50 97.91+0.29 97.75+0.24|97.54+0.31 97.54+0.26 97.61 +£0.37 98.07 +0.25 97.96 + 0.28
GK 94.90+0.17 9498 £0.21 95.11+0.08 96.11 +£0.12 96.19 £ 0.10 | 95.50 + 0.19 95.55+0.13 95.55+0.08 96.45 +0.11 96.39 +0.11
FoodBase |96.78 +0.26 96.69 +0.16 96.74 +0.26 96.66+0.17 96.71 £0.11|97.97 £0.29 97.92+0.20 97.97 +0.28 97.93+0.22 97.87 +0.23
ERFG 84.28 £0.62 90.07 £0.34 89.84 +0.46 89.97 £0.36 90.42 +0.64 | 86.59 +0.51 90.22 +0.26 89.68 +0.37 89.97 +0.53 89.58 +0.31

Dataset

Table 12: Precision and recall of RecipeRoBERTa-KA using different knowledge context types: Entity Type Name
(ETN), Question Prompt (QTN), Definitional Sentence (DTN), Example Type (EXT), and Combined Type (CBD).
Best scores are in bold, second best are underlined. Results are averaged over ten runs with standard deviations.
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