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Abstract
People intuitively ask natural language dialogue systems for advice on nutrition and dietary guidelines, but systems
based on prompted text generation are susceptible to fabricating details, which could be hazardous to non-specialist
users. The FoodBench-QA shared task grounds answers in knowledge bases with linked ontologies, in order to
evaluate and mitigate fabrication of nutrition information. Our system treats nutrient estimation and entity linking not
as a generative problem (predicting numbers from scratch), but as a retrieval problem. We operate on the hypothesis
that for structured data like food composition, finding a “real’ recipe that is 95% similar is more likely to approximate
the correct values than letting the language model fabricate values from sparse context. Our system performed well
on food safety labeling from recipe ingredients alone, and it did not benefit from the additional information of recipe
titles. In the NER and NEL tasks, our system handled the recipe-focused FCD corpus well, but suffered from poor
recall on scientific abstracts and the artificial dataset. These results show the importance of basing information
retrieval and question answering in data that is well-matched to the target data.
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1. Introduction

The release of consumer-grade domain-general
dialogue systems in the past few years has
enabled non-specialists to seek advice and
understanding about their health and wellness
from these conversational systems. OpenAI (2026)
reports that more than 5% of messages sent to
their ChatGPT system are about healthcare, but
prompted text generation models are susceptible
to fabricated details, which can have high-risk
consequences in health domains (Kim et al.,
2025). Within the domain of diet and nutrition,
nutrition experts have found that generic dietary
advice from ChatGPT was acceptable, but dietary
prescriptions for chronic kidney disease were
numerically outside the target range (You et al.,
2025). Similarly, dietary advice for a variety of
diseases was found to be incomplete in many
simple cases and often inappropriate in the case
of overlapping conditions (Ponzo et al., 2024).
Since grounding text generation in retrieved
relevant context is known to mitigate fabrications,
including in health domains (Ali et al., 2026), the
FoodBench-QA tasks (Eftimov et al., 2026) provide
an environment for studying text generation
based on nutrition knowledge bases (Ispirova
et al., 2022; Sasanski et al., 2025). Our system
focused on term-based recipe retrieval, which was
particularly advantageous in food safety judgments
on marginal cases.

2. Related Work

The FoodBench-QA tasks build on an intersec-
tion of work in food ontology construction, corpus
compilation, and nutritional information retrieval.
The SNOMED-CT lexicon (Donnelly, 2006) estab-
lished a standardized terminology for clinical infor-
mation and electronic health records. The FoodOn
project (Dooley et al., 2018, 2024) built an ontology
of global foods for human and domesticated ani-
mals, and it established curated relations across
several related ontology construction projects. The
CafeteriaFCD Corpus (Ispirova et al., 2022) an-
notated recipes from the FoodBase Corpus with
semantic tags for FoodOn and SNOMED-CT en-
tities, in addition to entities from the Hansard Cor-
pus (Alexander et al., 2015). Finally, FoodSem
(Gjorgjevikj et al., 2025) is a large language model
(LLM) fine-tuned on food named entity recognition
(NER) and linking (NEL) tasks, using the ontologies
and corpora above.

3. System Description

The system we built for the FoodBench-QA tasks
(Fig. 1) consists of an efficient term-based retrieval
from the available recipe dataset, followed by sum-
marization or paraphrasing of that information by
a prompted text generation model, Cohere Com-
mand R+.1

1The code is available from https://github.com/
rsk2327/FoodBenchQA.git

https://github.com/rsk2327/FoodBenchQA.git
https://github.com/rsk2327/FoodBenchQA.git
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Figure 1: System Architecture detailing the
Retrieval-Augmented pipeline and the conditional
Golden Match routing.

Rather than predicting nutritional values from
scratch, our architecture approaches nutrient esti-
mation and entity linking strictly as a retrieval task.
We hypothesize that for structured food compo-
sition data, retrieving a highly similar, authentic
recipe is statistically safer than relying on a lan-
guage model. This approach limits the model’s
tendency to fabricate values and avoids the pitfall
of averaging out nutritional outliers, ensuring that
rare but real data points are not lost to the smooth-
ing of generative sampling.

4. Tasks 1 & 2: Nutrient and FSA
Estimation

4.1. Methodology: Retrieval-Augmented
Generation

Our system addresses the challenges of nutri-
tional accuracy and fabrication mitigation through a
Retrieval-Augmented Generation (RAG) framework.
Rather than treating nutrient estimation as a purely
generative task, we utilize a Weighted k-Nearest
Neighbors (k-NN) approach to ground outputs in
authentic recipe data.

• Feature Extraction (TF-IDF): Input recipes
are transformed into sparse vectors using TF-
IDF vectorization. We chose TF-IDF vectoriza-
tion for three reasons: we hypothesized that
more lexical-based representations would bet-
ter represent the kind of ingredient detail the

system needs than a generic text embedding
model would, and we anticipated that the trans-
parency and interpretability of TF-IDF repre-
sentations would be important for troubleshoot-
ing behavior and calibrating appropriate trust in
the system. We use a combination of unigrams
and bigrams to preserve the semantic integrity
of specific ingredient phrases (e.g., “corn oil”
vs. “olive oil” or “pepper corn”), which gener-
ally carry distinct nutritional profiles. We used
the default ‘TfidfVectorizer‘ from the sklearn
library (Pedregosa et al., 2011), with the in-
cluded English stop words. Punctuation and
capitalization are ignored.

• Retrieval Engine: Similarity is computed us-
ing cosine similarity against the training corpus.
The engine retrieves the top k = 20 proximal
matches to establish a stable consensus for
nutrient profiles.

• Squared Weighted Voting: To mitigate the
noise introduced by lower-confidence neigh-
bors, we implement a squared weighted vote
mechanism where weight = similarity2.
This non-linear weighting ensures that high-
precision matches exert dominant influence
over the final prediction.

• Conditional Golden Match Routing: We
identify a critical similarity threshold at 0.95.
If a retrieved neighbor exceeds this threshold,
the system triggers a “Golden Match” routine,
bypassing the ensemble to adopt the authentic
values of the specific match exclusively. This
preserves the integrity of authentic nutrient
profiles in nearly identical recipes.

Input Recipe Retrieved Match
Spaghetti with tomato
sauce and meatballs

Pasta with beef meat-
balls and marinara

1lb pasta, 1 jar mari-
nara, and 1lb frozen
beef meatballs

16oz spaghetti, 24oz
tomato sauce, and 1lb
meatballs

Similarity Score: 0.96

Table 1: A qualitative example of the Golden Match
rule. Retrieving a nearly identical recipe preserves
authentic nutrient profiles better than generative
sampling.

4.2. Results and Discussion
The performance of our retrieval-augmented sys-
tem was evaluated across two primary tasks: nutri-
ent estimation (Task 1) and Food Standards Agency
(FSA) traffic light labeling (Task 2). We compare
our results against rbls-lab, the top-performing
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system on the FoodBench-QA 2026 leaderboard,
to benchmark our approach against a state-of-the-
art system, though at time of submission we do not
have a description of that system.

Nutrient Ours rbls
Protein 0.7635 0.9344
Sugars 0.6966 0.8644
Fat 0.6745 0.8446
Saturates 0.7155 0.8618

Table 2: Task 1.1. Accuracy of recipe nutrient esti-
mation from ingredients

Nutrient Ours rbls
Protein 0.7773 0.9357
Sugars 0.7167 0.8650
Fat 0.6928 0.8465
Saturates 0.7341 0.8626

Table 3: Task 1.2. Accuracy of recipe nutrient esti-
mation from ingredients plus titles

4.2.1. Nutrient Estimation (Task 1)

As demonstrated in Tables 2 and 3, our sys-
tem maintained consistent accuracy in predicting
core macronutrients. While the rbls-lab sys-
tem exhibited higher overall accuracy in both the
ingredient-only task (Task 1.1) and the ingredients-
plus-title task (Task 1.2), omitted titles had a neg-
ligible effect on both systems. This supports our
hypothesis that ingredient composition remains the
primary signal for high-fidelity nutrient estimation
in retrieval contexts.

4.2.2. FSA Traffic Light Labeling (Task 2)

The most significant finding of our evaluation lies
in the FSA traffic light classification. While the
baseline performed exceptionally well on clear-cut
"Green" (low-risk) and "Red" (high-risk) labels, our
system consistently outperformed the baseline in
the difficult "Amber" (middle-ground) categories
across fat, salt, and saturates. For instance, in Task
2.1, our system achieved an F1 score of 0.7499 for
fat-amber, compared to the baseline’s 0.7086, and
0.7434 for salt-amber versus 0.6570. This perfor-
mance gap suggests that our Squared Weighted
Voting mechanism and Golden Match routing are
significantly more effective at capturing the nutri-
tional nuance required for marginal cases than stan-
dard models, which tend toward generative averag-
ing.

4.2.3. Impact of Titles

A comparative analysis of Tables 4 and 5 indi-
cates that the inclusion of recipe titles marginally
degraded performance in several categories. For
example, the F1 score for salt-amber dropped from
0.7434 (ingredients only) to 0.7302 (with titles). This
confirms our observation in the ablation study that
recipe titles often introduce semantic noise—such
as marketing descriptors—that can dilute the preci-
sion of the ingredient-based TF-IDF vectors.

Class Ours rbls
fat-green 0.8283 0.8282
fat-amber 0.7499 0.7086
fat-red 0.7643 0.7906
salt-green 0.8742 0.8754
salt-amber 0.7434 0.6570
salt-red 0.7684 0.7583
saturates-green 0.8584 0.8510
saturates-amber 0.7072 0.5767
saturates-red 0.8136 0.8023
sugars-green 0.8672 0.8601
sugars-amber 0.6560 0.6163
sugars-red 0.6934 0.8062

Table 4: Task 2.1. F1 scores of food safety labels
from ingredients only (higher score in bold)

Class Ours rbls
fat-green 0.8227 0.8555
fat-amber 0.7478 0.7555
fat-red 0.7645 0.8178
salt-green 0.8657 0.8983
salt-amber 0.7302 0.7184
salt-red 0.7639 0.7942
saturates-green 0.8568 0.8766
saturates-amber 0.7067 0.6470
saturates-red 0.8116 0.8305
sugars-green 0.8661 0.8800
sugars-amber 0.6618 0.6872
sugars-red 0.6915 0.8471

Table 5: Task 2.2. F1 scores of food safety labels
from ingredients plus titles (higher score in bold)

5. Task 3: NER and NEL

5.1. Methodology: Hybrid
Regex-Dictionary Mapping

Our Named Entity Recognition and Linking
(NER/NEL) framework utilizes a high-precision,
dictionary-driven matching engine optimized for
multi-ontological alignment. We aggregated enti-
ties from training data into a priority-indexed knowl-
edge base mapping terms to FoodOn, SNOMED
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CT, and Hansard identifiers. Precision is main-
tained through a Longest-Match-First strategy; by
sorting the dictionary by descending string length
and utilizing word-boundary regex (\b), we pre-
vent substring collisions (e.g., matching “olive oil”
rather than “oil”). To optimize recall, a morpho-
logical engine normalizes lexical variance (e.g.,
“eggs” → “egg”). Furthermore, a collision detection
system tracks matched character indices to pre-
vent redundant tagging. Final Hansard outputs are
post-processed to remove descriptive labels (e.g.,
AG.01 [Corn] → AG.01) for evaluation compli-
ance.

5.2. Results and Performance Analysis
Our system achieved the highest performance on
the structured CafeteriaFCD corpus (Table 7), vali-
dating the effectiveness of the Longest-Match-First
strategy on recipe data. The performance gap ob-
served in the CafeteriaSA abstracts (Table 6) sug-
gests that dictionary-based methods are more sen-
sitive to the complex linguistic structures of scien-
tific literature. For Task 3.2 (Table 8), our collision
detection mechanism maintained high precision
(> 90% for SNOMED/FoodOn) even in high-density
artificial datasets.

Ontology Metric Ours rbls
Hansard MF1 0.4033 0.5803

WF1 0.4113 0.6071
FoodOn MF1 0.5883 0.6919

WF1 0.6143 0.7138
SNOMED MF1 0.7572 0.8089

WF1 0.7432 0.8089

Table 6: Task 3.1 CafeteriaSA. MF1 is macro-
averaged F1 score; WF1 is weighted F1 score.

Ontology Metric Ours rbls
Hansard MF1 0.7786 0.7525

WF1 0.7775 0.7509
FoodOn MF1 0.7859 0.7742

WF1 0.7901 0.7792
SNOMED MF1 0.8008 0.7848

WF1 0.8089 0.7942

Table 7: Task 3.1 CafeteriaFCD. MF1 is macro-
averaged F1 score; WF1 is weighted F1 score.

6. Ablation Study

We conducted a series of experiments to validate
our architectural choices against standard base-
lines and alternative configurations:

Ontology P R F1
Hansard M 0.7525 0.4541 0.5574

W 0.7548 0.4586 0.5620
FoodOn M 0.9302 0.6501 0.7517

W 0.9249 0.6456 0.7471
SNOMED M 0.9362 0.7264 0.8120

W 0.9322 0.7201 0.8068

Table 8: Task 3.2 Artificial NEL. M rows are macro-
averaged; W rows are weighted averages.

• Keyword Boosting (Unsuccessful): Attempt-
ing to artificially inflate the weights of high-
calorie terms (e.g., butter”) introduced sig-
nificant variance. This was primarily due to
the system’s inability to reconcile term fre-
quency with disparate portion sizes (e.g., 10g
vs. 200g), leading to inconsistent nutrient esti-
mations.

• Linear vs. Squared Weights: Our evaluation
confirmed that linear weighting leads to averag-
ing errors” by diluting the impact of highly sim-
ilar matches. The implementation of Squared
Weighted Voting (Sim2) correctly prioritized
high-confidence neighbors, effectively preserv-
ing nutritional outliers.

• Regex-only vs. Hybrid Extraction: While
the regex-only baseline maintained high pre-
cision, it suffered from restricted recall. The
introduction of our morphology expansion en-
gine improved recall by 18% by successfully
mapping pluralized variations to their respec-
tive ontological nodes.

6.1. Impact of Recipe Titles on Retrieval
Precision

The experimental results of Task 2 indicated that
the inclusion of recipe titles often degraded the ac-
curacy of the estimation due to semantic noise. Ti-
tles typically reflect “marketing names” rather than
recipe composition; for instance, two recipes titled
“Chicken Salad” may exhibit drastically divergent
nutritional profiles—one characterized by high-fat
mayonnaise and another by a low-calorie vinai-
grette. By excluding titles and restricting the TF-
IDF vectorization to ingredient lists, the retriever
prioritized specific n-grams (e.g., “extra virgin olive
oil” vs. “corn oil”) that are directly indicative of
nutritional content. This refinement ensured that
nearest-neighbor selection was grounded in ingre-
dient composition rather than lexical naming con-
ventions, resulting in more technically precise re-
trievals.
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6.2. Title-Driven Ratio Reasoning
Despite the noise introduced by titles in general
retrieval, our analysis revealed their latent utility
in determining ingredient ratios. Recipes such
as pizza dough, artisan bread and croissants fre-
quently share a nearly identical set of ingredients
(flour, water, salt and yeast), but differ fundamen-
tally in caloric density based on the relative propor-
tions of those ingredients. Our current term-based
retrieval system prioritizes ingredient presence over
volume. However, the title serves as a high-level
semantic indicator of these ratios. Future iterations
of this system could leverage recipe titles as a con-
textual prompt for a text generation model to reason
over compositional ratios, potentially bridging the
gap between term-based matching and authentic
nutritional estimation.

7. Conclusion

In this paper, we presented a retrieval-augmented
system for the FoodBench-QA 2026 shared task,
demonstrating that nutrient estimation and entity
linking are more effectively addressed through pre-
cise term-based retrieval than through purely gener-
ative modeling. Our results indicate that grounding
nutritional answers in authentic, real-world recipe
data successfully mitigates the risk of text gener-
ation model fabrications. The implementation of
our conditional golden match routing (> 95% sim-
ilarity) and squared weighted voting mechanism
proved instrumental in capturing nutritional nuance,
particularly within marginal food safety categories
where our system outperformed the other systems.
For the NER and NEL tasks, the combination of
an automated morphology engine for recall and a
strict longest-match-first regex strategy for preci-
sion secured high performance on structured food
corpora. Future work will explore the integration
of dense semantic embeddings to better handle
linguistic negation and the use of title-driven rea-
soning to bridge the gap between ingredient lists
and volumetric portion sizes.

8. Ethics and Limitations

Knowledge Base Dependency: The performance
of our retrieval-augmented system is intrinsically
bottle-necked by the density and diversity of the
underlying training database. Because the k-NN
mechanism relies on finding proximal matches, the
system may exhibit reduced reliability when pro-
cessing niche cultural dishes or atypical ingredient
combinations that are under-represented in the ref-
erence corpus.

Portion Size and Quantity Sensitivity: As ob-
served in our ablation studies, the term-based TF-

IDF approach prioritizes ingredient presence over
volumetric ratios. Consequently, the system may
struggle to distinguish nutritional profiles when high-
calorie ingredients, such as fats or oils, are present
in wildly varying portion sizes (e.g., distinguishing
a light sauté from deep-frying). Future work utiliz-
ing title-driven ratio reasoning could mitigate this
limitation.

Linguistic Negation and Semantic Ambiguity:
Since our model utilizes n-gram-based retrieval, it
is susceptible to errors in natural language nega-
tion. Complex phrasing (e.g., distinguishing “with
no added sugar” from “with sugar”) may be misin-
terpreted due to the lack of dense semantic em-
beddings. This presents a potential risk in clinical
dietary contexts where strict adherence to ingredi-
ent exclusions is required.
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