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Abstract. An embodied kitchen assistant must do more than recog-
nize food in isolated frames. It must track ingredient states over time
and integrate visual observations with recipe and nutritional knowledge
to support constraint-aware decision-making. We formalize this capa-
bility as Embodied Nutrition Management : perceiving nutrition-relevant
events, maintaining a persistent food state, and using it for knowledge-
grounded planning. Existing benchmarks evaluate static food under-
standing or embodied cooking actions, but do not measure whether an
agent can continuously update and use nutrition-relevant states in dy-
namic kitchens. To fill this gap, we introduce NutriBench-Kitchen,
a benchmark containing 1,500 manually verified question–answer pairs
from 160 cooking videos. It covers five task families: Ingredient Entry,
Memory Management, Recipe Query, Long-Term Planning, and Short-
Term Planning, spanning food-state construction, maintenance, knowl-
edge retrieval, and decision-making across different planning horizons.
Evaluations of proprietary and open-source large vision-language models
reveal a substantial gap from human performance, particularly in quan-
titative ingredient estimation, long-term state tracking, and reasoning
under interacting constraints. We further introduce Nutri-Vgent, a di-
agnostic long-video agent with separate episodic, food-state, and recipe
memories. Its consistent improvements demonstrate the value of explicit
state representations and structured memory for nutrition management.
Together, NutriBench-Kitchen and Nutri-Vgent provide a testbed for
studying persistent state tracking and knowledge-grounded reasoning in
dynamic kitchens. Code is available at https://github.com/V1ol1n/
NutriBench-Kitchen.
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1 Introduction

Consider an embodied assistant that has observed a cook preparing a dish
for several minutes. Some flour has already been poured into a bowl, part of
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1 Long Cooking Process Observation

a. Add flour b. Pour milk c. Use eggs d. Mix bowl

2 Persistent Food State

Long cooking process

Can another serving
still be prepared?

Flour:
500 g        280 g

Milk:
   1L          650 mL

Eggs:
   4             2

Bowl:
flour + milk + eggsSingle frame is insufficient

3 Constraint-aware Decision

1500 manually
verified QA pairs

160 cooking
sequences

5 task
families

Ingredient
Entry

Episodic Memory
Stores time-ordered
observations and events.

Food-State Memory
Tracks quantities, locations,
and relations over time.

Recipe Memory
Stores recipes, constraints,
and nutrition knowledge.

Compare state + recipe + constraints

Answer: Yes,
enough ingredients remain

Plan: Next action is
adding milk

Requires quantitative tracking, long-
term memory, and reasoning under
interacting constraints.

Recipe + Nutrition
Knowledge

Recipe requirement:
flour 250 g

Dietary constraint:
low sugar

Substitution rule:
oat milk allowed

observe

update

memory

Short-Term
Planning

Long-Term
PlanningRecipe Query

Memory
Management

e. Move milk

A benchmark for persistent food-state reasoning in long cooking videos

NutriBench-Kitchen NutriVgent
Consistent improvements over base vision-language models

Current LVLMs remain below human performance.

Nutri-Vgent shows consistent gains on memory-
dependent and constraint-aware questions.

Fig. 1: Overview of Embodied Nutrition Management, NutriBench-Kitchen,
and Nutri-Vgent. NutriBench-Kitchen evaluates five interconnected capabilities,
from registering ingredients and maintaining persistent food states to querying recipes
and planning at different temporal scales. Nutri-Vgent addresses these tasks using sep-
arate episodic, food-state, and recipe memories.

the milk has been used, and several ingredients are no longer visible on the
counter. When asked whether another serving can still be prepared, the as-
sistant cannot answer based on the current frame alone. It must recover ear-
lier events, estimate the remaining ingredients, and compare the current inven-
tory with the recipe requirements and specified dietary constraints. A correct
answer therefore depends on a food state that has been accumulated and up-
dated throughout the cooking process. Existing food benchmarks rarely evaluate
this form of reasoning. They typically focus on ingredient recognition, nutrition
estimation, or recipe understanding from static images, short observations, or
structured records [5, 9, 12, 15, 16, 19, 23, 26]. Egocentric datasets such as EPIC-
KITCHENS [7,8], Ego4D [11], and HD-EPIC [18] bring the setting closer to real
kitchens by providing long cooking activities and rich object interactions, but
their evaluation usually targets action recognition, event localization, or tem-
poral understanding rather than nutrition-relevant state updates. Embodied-
agent work [14,29] further broadens the discussion to perception, planning, and
control, while planning benchmarks [3, 28] often assume that the current envi-
ronment state is already available. These settings leave a fundamental question
unresolved: can a model integrate observations distributed over time into an
updated food state and use that state to support a later decision?

We formulate this problem as Embodied Nutrition Management: the
ability of an embodied agent to derive an evolving food state from continuous
visual observations and use that state for recipe queries and constraint-aware
planning. The central challenge is to preserve the consequences of earlier events
after the relevant actions or objects are no longer visible. Observing flour being
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added to a bowl, for example, does not directly indicate whether enough remains
for another batch. The agent must estimate the amount used, update the avail-
able inventory, and retain this change when answering a later question. Similar
challenges arise when ingredients are divided among containers, partially con-
sumed, substituted, or transformed during cooking. The resulting state may also
depend on multiple information sources: visual evidence indicates what occurred,
whereas recipe and nutritional knowledge determine whether the resulting in-
ventory satisfies a request. Access to previous frames is useful, but insufficient
when a model cannot convert observations into persistent state updates that
remain available throughout the task.

We introduce NutriBench-Kitchen, a benchmark designed to evaluate this
capability directly. It contains 1,500 manually verified question–answer pairs de-
rived from 160 cooking sequences, including 145 HD-EPIC segments and 15
self-recorded long-form videos. The benchmark covers five task families: Ingre-
dient Entry, Memory Management, Recipe Query, Long-Term Planning, and
Short-Term Planning. Together, these tasks span the process of registering in-
gredients, maintaining their changing states, retrieving recipe knowledge, and
selecting actions across different planning horizons. HD-EPIC provides diverse,
naturally occurring cooking activities, whereas the self-recorded videos provide
directly measured ingredient quantities and nutritional values that cannot be re-
liably recovered from public footage. Each question is manually checked against
the corresponding visual evidence to ensure correct grounding and annotation.
The benchmark further includes disjoint Easy and Hard regimes that differ in
whether hints to the relevant evidence are provided.

Questions in NutriBench-Kitchen cannot be answered by retrieving a single
salient frame. A model may need to combine an early observation of the initial
quantity of an ingredient with a later action that consumes part of it, and then
compare the remaining amount with a recipe requirement introduced elsewhere
in the dialogue. In other cases, the final state is never shown explicitly and
must be inferred from multiple intermediate changes. Questions may also involve
substitutions or dietary constraints that interact with the visually inferred state.
This design distinguishes models that recognize isolated events from those that
maintain a usable representation of the current kitchen state. It also reveals
errors that conventional video question answering may overlook. A model may
retrieve the frame in which an ingredient was added but still answer incorrectly
because it fails to propagate the resulting inventory change.

Our experiments reveal a gulf between current large vision-language models
and human performance. Errors are particularly common in quantitative ingre-
dient estimation, long-range state maintenance, and reasoning over interactions
between inventory conditions and dietary constraints. Models often recognize
that an ingredient has been used but fail to incorporate this event into later
answers. Increasing model scale does not consistently resolve these failures, and
longer visual context does not uniformly improve performance. These results
suggest that retrieving additional observations alone does not ensure that their
consequences are preserved for subsequent reasoning. To examine this issue, we
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develop Nutri-Vgent, a diagnostic long-video agent equipped with structured
memory. Episodic Memory stores temporally grounded observations, Food-State
Memory maintains the current ingredient inventory, and Recipe Memory pro-
vides relevant recipe and nutritional knowledge. Nutri-Vgent consistently im-
proves the performance of its underlying vision-language models, with the largest
gains on questions involving earlier ingredient use, accumulated state changes,
or multiple interacting constraints. These improvements indicate that explicit
food-state tracking preserves information that is often lost during general long-
context reasoning.

Our contributions are threefold:

– We formalize Embodied Nutrition Management as the joint problem of
perceiving nutrition-relevant events, maintaining persistent food states, and
performing knowledge-grounded planning in dynamic kitchens.

– We introduce NutriBench-Kitchen, a benchmark of 1,500 manually ver-
ified question–answer pairs covering five balanced task families and two
equally sized, disjoint evaluation regimes.

– We systematically evaluate large vision-language models and introduce Nutri-
Vgent, a structured-memory agent that demonstrates the value of explicit
food-state representations for long-horizon, constraint-aware reasoning.

2 Related Work

2.1 Nutrition Management in Embodied AI

Household embodied agents are increasingly expected to handle tasks that ex-
tend beyond atomic commands such as “pick up the apple.” In a kitchen, a
useful assistant must track which ingredients are available, how they change
during preparation, and whether the resulting state still satisfies a dietary or
recipe constraint. Nutrition-aware AI has made progress on calorie estimation,
ingredient recognition, and cross-modal recipe retrieval, as represented by Nutri-
tion5K [23], Recipe1M+ [16] and FoodKG [12]. These resources, however, usually
assume a static input or database state and therefore do not capture everyday
cooking changes such as partial use, cutting, transfer, or depletion. Embodied
and egocentric vision datasets [7,11] provide long observations of manipulation,
object interaction, and human activity. Their evaluation targets are often ac-
tion recognition, localization, or procedural understanding. The missing link is
how visual events update nutrition-relevant kitchen states: what changed, what
remains, and what decision is still feasible.

2.2 Evaluation and Benchmarks

Existing benchmarks usually evaluate only part of this problem. Vision-centric
resources such as SFOOD [26] and HD-EPIC [18] provide rich visual signals
for food attributes, ingredient classification, or egocentric kitchen activity, but
they do not require models to carry those observations forward into nutrition-
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Table 1: Coverage of capabilities required for embodied nutrition management. A
check mark indicates that the capability is an explicit task, annotation target, or eval-
uation objective of the benchmark/resource, rather than a capability that could only be
inferred from the raw data. Vis.: visual food or event grounding; Ing./Nutri.: ingredi-
ent, quantity, or nutrition estimation; State: temporal food-state or inventory tracking;
Food Know.: recipe, cuisine, or food-knowledge reasoning; Constraint: inventory- or
diet-constrained decision/query; Plan.: long- or short-horizon procedural planning.

Benchmark / Resource Vis. Ing./Nutri. State Food Know. Constraint Plan.

UNICT-FD889 [9] ✓ ✗ ✗ ✗ ✗ ✗

Food-500 Cap [15] ✓ ✓ ✗ ✗ ✗ ✗

Recipe1M+ [16] ✓ ✓ ✗ ✓ ✗ ✗

Nutrition5k [23] ✓ ✓ ✗ ✗ ✗ ✗

FastFood [19] ✓ ✓ ✗ ✗ ✗ ✗

SFOOD [26] ✓ ✓ ✗ ✗ ✗ ✗

FoodieQA [13] ✓ ✗ ✗ ✓ ✗ ✗

WorldCuisines [25] ✓ ✗ ✗ ✓ ✗ ✗

HD-EPIC [18] ✓ ✓ ✗ ✓ ✗ ✗

ET-Plan-Bench [28] ✗ ✗ ✗ ✗ ✗ ✓

CookBench [3] ✓ ✗ ✗ ✓ ✗ ✓

NutriBench-Kitchen (ours) ✓ ✓ ✓ ✓ ✓ ✓

or recipe-constrained decisions. Text-centric and QA benchmarks such as Food-
ieQA [13] and WorldCuisines [25] evaluate food knowledge, but lack the em-
bodied dimension of updating that knowledge from a changing kitchen scene.
Planning benchmarks such as CookBench [3] and ET-Plan-Bench [28] evaluate
procedural decision-making, while generally leaving nutrition constraints and
persistent ingredient-state changes outside the task. As summarized in Table 1,
existing resources usually cover one or two parts of the nutrition-management
lifecycle rather than the full loop from video-grounded food-state updates to
recipe, nutrition, and planning decisions under changing inventory constraints.
NutriBench-Kitchen fills this gap; the concrete task formulation and capabil-
ity definitions are introduced in Sec. 3.

3 Embodied Nutrition Management

3.1 Task Scope and Formulation

We define Embodied Nutrition Management as the ability to infer, main-
tain, and use nutrition-relevant kitchen states from long-form cooking obser-
vations. Let V = {vt}Tt=1 denote a cooking video, q a question, h an optional
dialogue history, and r an optional textual frame hint. A model predicts an
answer

ŷ = F (V, q, h, r;K), (1)

where K denotes permitted external recipe or nutrition knowledge. The bench-
mark evaluates whether the model can recover a latent kitchen state St from
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temporally distributed visual evidence and use that state to answer questions
about ingredients, recipes, nutritional constraints, and feasible future steps.

This formulation is intentionally observational. The model does not change
the environment, receive simulator feedback, or execute physical actions. Instead,
NutriBench-Kitchen evaluates the perception, memory, and reasoning prerequi-
sites that an embodied assistant would need before acting in the physical world.
In particular, Long-Term Planning and Short-Term Planning are treated as plan
understanding and decision reasoning tasks: a model must infer what stage has
been reached, what dependencies have been satisfied, or what immediate next
decision is appropriate, but it is not asked to perform closed-loop control.

The core difficulty is that the answer often depends on state changes that
are no longer visible. A model may need to recognize that an ingredient was
added several minutes earlier, estimate how much was consumed, retain the
consequence after the ingredient disappears from view, and compare the resulting
state with a recipe or dietary constraint. This requires more than retrieving a
salient frame. The model must convert visual events into persistent food-state
updates and ground later reasoning in those updates.

3.2 NutriBench-Kitchen Benchmark Construction

To evaluate Embodied Nutrition Management, we construct NutriBench-Kitchen,
a benchmark of 1,500 manually verified question–answer pairs from 160 long-
form cooking videos. The videos include 145 selected HD-EPIC cooking seg-
ments [18] and 15 self-recorded long-form cooking videos. These two sources
provide complementary supervision: HD-EPIC contributes diverse, naturally oc-
curring egocentric kitchen activity, while the self-recorded subset provides con-
trolled ingredient-state changes with directly measured quantities and nutri-
tional values. The overall construction process follows the data-processing and
QA-generation workflow shown in Fig. 2.

Data processing. We first curate cooking videos that contain meaningful ingre-
dient interactions, visible preparation steps, and temporal state changes. Long
videos are temporally processed into sampled visual evidence, with denser cov-
erage around action-rich intervals such as adding, transferring, cutting, mixing,
consuming, or discarding ingredients. Near-duplicate frames are removed with
perceptual hashing to reduce redundant evidence. When audio or transcript in-
formation is available, it is aligned with the visual stream as auxiliary context
for annotation, while visual evidence remains the primary grounding source for
benchmark questions.

Recipe and nutrition knowledge construction. In parallel, we collect recipe re-
sources and construct a Recipe Knowledge Graph from more than 10,000 recipes.
The graph links recipes, ingredients, tools, procedural steps, nutritional at-
tributes, and candidate substitutions. Ingredient aliases are canonicalized so that
visually observed foods can be matched to recipe-level concepts. Nutrition infor-
mation is associated with verified ingredient identities and quantities, enabling
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Fig. 2: The construction pipeline of NutriBench-Kitchen. The benchmark is built from
long-form cooking videos and recipe resources through video preprocessing, perception-
assisted food recognition, recipe and nutrition knowledge construction, task-oriented
QA generation, and final manual annotation. Model outputs are used only as anno-
tation drafts; final food states, evidence spans, answers, and distractors are human
verified.

questions about calorie ranges, ingredient availability, dietary restrictions, and
substitutions. The graph supports knowledge-grounded QA generation, but au-
tomatically collected recipe relations are treated as structured resources rather
than unverified ground truth for visual events.

Perception-assisted annotation. We use Qwen3-VL-max [1] to generate initial
open-vocabulary proposals for food identities, nutrition-relevant events, and can-
didate temporal evidence. These outputs serve only as drafts. Human annota-
tors inspect the original video frames, correct ingredient identities and states,
align relevant temporal spans, and resolve visually ambiguous cases. For the
self-recorded videos, ingredient weights are physically measured during recording
and used to compute nutritional values. For HD-EPIC segments, annotators es-
timate quantities from the available visual evidence and reconcile disagreements
through consensus. This source-dependent protocol preserves both controlled
quantitative supervision and in-the-wild visual diversity.

QA generation and manual verification. QA candidates are generated from task-
specific templates that combine perception evidence, current food states, and
recipe-knowledge constraints. The QA generation module is organized around
five task families: Ingredient Entry, Memory Management, Recipe Query, Long-
Term Planning, and Short-Term Planning. Candidate questions are filtered by
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Fig. 3: Statistics of NutriBench-Kitchen. Left: video duration distribution. The bench-
mark covers a wide temporal range, including long cooking episodes that require ex-
tended memory. Right: task taxonomy distribution. NutriBench-Kitchen is balanced
across five task families and further divided into fine-grained subcategories for percep-
tion, state tracking, recipe reasoning, and planning-oriented decision understanding.

LLM self-consistency and then manually verified. Annotators check whether each
question is visually grounded, whether the answer follows from the cited evidence
and knowledge constraints, whether distractors are plausible but incorrect, and
whether the assigned task label matches the required reasoning process. The final
benchmark is balanced across the five task families and supports two evaluation
regimes described below.

3.3 Task Families and Evaluation Regimes

NutriBench-Kitchen evaluates five interconnected task families, corresponding
to the QA-generation module in Fig. 2. Together, they cover the process of
registering ingredients, maintaining food states, querying recipe knowledge, and
reasoning about future steps at different temporal scales.

Ingredient Entry. Ingredient Entry evaluates whether a model can identify a rel-
evant ingredient and estimate its associated quantity or nutritional value from
the observed cooking process. Questions may require integrating multiple views
or time points because an ingredient can be partially occluded, transferred be-
tween containers, or visually ambiguous after mixing. This task primarily probes
fine-grained visual grounding and quantitative estimation.

Memory Management. Memory Management evaluates whether a model can re-
construct the current ingredient or inventory state after a sequence of events. The
answer may depend on additions, consumption, relocation, disposal, or transfor-
mations observed earlier in the video. Formally, the model must infer an updated
state St from the previous state and the relevant observations in V1:t, even though
St is not directly provided.
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Recipe Query. Recipe Query evaluates whether a model can select or assess a
recipe under constraints derived from the observed inventory and structured nu-
tritional knowledge. Questions may involve ingredient availability, substitutions,
calorie ranges, or dietary restrictions. Success therefore requires both knowledge
retrieval and consistency with the current video-grounded state.

Long-Term Planning. Long-Term Planning evaluates high-level procedural rea-
soning over an extended recipe or cooking episode. Questions test ordering, de-
pendency, completion, and decomposition of semantically meaningful stages. The
task does not require a model to execute the plan; it measures whether the model
understands the long-range structure that would be needed for execution.

Short-Term Planning. Short-Term Planning evaluates the immediate next de-
cision given the current observation, active subgoal, and inferred kitchen state.
Questions are grounded in local object interactions but can still depend on ear-
lier events, for example when the validity of the next step depends on whether
an ingredient has already been added or a preparation stage has been completed.

Each task family is evaluated under Easy and Hard regimes. The Easy regime
contains single-turn questions accompanied by a textual frame_hint that sum-
marizes relevant local visual context. The Hard regime contains different, more
complex questions, uses multi-turn dialogue context, and does not provide the
frame hint. Easy and Hard are therefore not paired transformations of the same
questions. Their scores characterize two benchmark regimes: Easy measures rea-
soning with localized textual support, while Hard places greater pressure on
independent visual perception, long-range memory, and dialogue-grounded state
tracking.

4 Nutri-Vgent

Traditional large vision-language models (VLMs) face a critical bottleneck in
embodied environments: the inability to bridge continuous visual perception
with long-horizon dietary reasoning. While recent visual retrieval-augmented
generation (RAG) frameworks, such as Vgent, have made strides in long-video
understanding, they primarily rely on generic, unstructured memory retrieval.
This flat retrieval approach falls short in complex realistic kitchen scenarios,
which strictly demand precise inventory tracking and goal-oriented planning. To
overcome this limitation, we propose Nutri-Vgent, which significantly advances
the base Vgent architecture by introducing a novel, domain-specific structured
memory tailored for dietary management. Rather than treating past observa-
tions as a homogeneous pool, our agent explicitly decouples and continuously
updates three core components: episodic experience, persistent food states, and
recipe constraints. This specialized design tightly couples the memory mecha-
nism with kitchen dynamics, enabling robust, constraint-aware reasoning over
extended periods.
Nutrition Memory construction. The core design choice is to separate tran-
sient visual evidence from the persistent food state that later questions should
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Nutrition Memory

Visual Caption: Human is
preparing carrot cake batter,
combining carrots, flour, and

eggs in a mixing phase...

Food Memory

{"name": Cake,
"food quality": 200g},

{"name":Carrot,
"food quality":300g}...

Retrieved Recipe Context:
 "Carrot Cake Recipe".

Steps involved: mixing wet and
dry ingredients ... Ingredient

match Food Memory .

Recipe MemoryEpisodic Memory

LVLM

Answer: Approximately 30% of the total...

Function
Calling

1. Recipe Search
2. Caloric Search 

Question: What is the caloric contribution of the carrots?

Fig. 4: Overview of the Nutri-Vgent architecture. Nutri-Vgent processes con-
tinuous video streams with Nutrition Memory, which separates information into three
persistent modules: Episodic Memory, Food Memory, and Recipe Memory. Structured
memory and function calling support constraint-aware nutritional reasoning with the
backbone LVLM.

use, echoing recent findings that multimodal models need explicit mechanisms for
remembering and recalling spatially grounded evidence [27]. Episodic Memory
stores temporally grounded observations, including actions, object states, loca-
tions, and relations. Food Memory maintains the current ingredient inventory,
with fields such as canonical identity, estimated quantity, freshness, location,
and timestamp. Recipe Memory stores external recipe knowledge normalized
into ingredient, step, and tool relations. These three memories play different
roles: Episodic Memory explains how a state was reached, Food Memory repre-
sents what is currently available, and Recipe Memory defines what constraints
or substitutions are valid.

Nutri-Vgent constructs these memories from the video stream with a sliding
temporal window. For each segment, the backbone LVLM summarizes nutrition-
relevant events and writes them to Episodic Memory with temporal anchors. In
parallel, food entities are canonicalized against the recipe vocabulary and used
to update the Food Memory ledger. Actions such as adding, cutting, transfer-
ring, consuming, or discarding an ingredient are treated as state-changing events
rather than isolated captions, so the inventory can be updated even after the
visual evidence is no longer present. This structured update process is the main
difference from a generic retrieved-context pool: the memory does not only say
what was observed, but also records how the observed event changes the current
food state.
Memory-grounded reasoning. At inference time, the user question is inter-
preted against the current Nutrition Memory. Episodic Memory provides evi-
dence for recent and long-range events, while Food Memory supplies the active
inventory constraints, including quantities, locations, and freshness states. When
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the question requires recipe or caloric knowledge, Nutri-Vgent accesses Recipe
Memory through prompt-level function calls. DishSpec retrieves the canonical
ingredients and reference gram weights for a requested dish, and FoodByCalories
retrieves candidate foods or substitutions that satisfy a requested calorie range.
The returned candidates are checked against the Food Memory ledger before
the LVLM produces the answer. The same architecture therefore supports both
state-estimation questions and recipe-selection questions: visual evidence estab-
lishes the evolving kitchen state, recipe memory defines the relevant constraints,
and the final response is generated only after these two sources are reconciled.

5 Experiment

In this section, we evaluate the performance of various baselines and our Nutri-
Vgent on NutriBench-Kitchen. We aim to answer three key questions: (1) How
challenging is the proposed benchmark for current state-of-the-art multimodal
models? (2) To what extent does our proposed hybrid memory architecture en-
hance the agent’s capability in long-horizon nutrition management? (3) What
are the remaining challenges and future directions for this domain?

5.1 Implementation Details

We evaluate proprietary models, including GPT-4o [17] and Gemini 2.5 Pro [22],
as well as open-source MLLMs from the InternVL3.5 [4], GLM-4V [10], and
Qwen-VL [1] families. Nutri-Vgent is instantiated with Qwen3-VL-4B and Qwen3-
VL-8B backbones. It employs a structured-memory architecture based on visual
retrieval-augmented generation. We construct an offline video graph from uni-
formly sampled clips and dynamically retrieve relevant observations during infer-
ence to update Episodic Memory and Food-State Memory. All baseline models
are evaluated zero-shot with the same chain-of-thought prompting protocol. Ad-
ditional details, including retrieval thresholds, generation settings, and hardware
configurations, are provided in the supplementary material.

Under this unified evaluation protocol, we use metrics tailored to the two
answer formats in NutriBench-Kitchen. For multiple-choice questions, we report
accuracy, with the predicted option extracted from each generated response us-
ing a deterministic parser. For numerical questions, which primarily occur in
Ingredient Entry and Memory Management, we report Mean Relative Accuracy
(MRA). Given N examples and tolerance levels C = 0.50, 0.55, . . . , 0.95, MRA
is defined as

MRA =
1

N |C|

N∑
i=1

∑
θ∈C

1

(
|ŷi − yi|

max(|yi|, ϵ)
< 1− θ

)
, (2)

where ϵ prevents division by zero. MRA measures the proportion of predic-
tions that satisfy progressively stricter relative-error tolerances, assigning higher
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Table 2: Benchmark results reorganized into five task categories, each with Easy(E.)
and Hard (H.). IE for Ingredient Entry. Instruction Decomposition, Instruction Un-
derstanding, Inventory Management and Recipe Query.

Models
IE LTP MM RQ STP

Avg.
E. H. E. H. E. H. E. H. E. H.

Chance (Random) 16.7 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 25.0 24.2
Chance (Frequency) 12.6 6.2 28.5 22.4 5.3 2.1 29.8 23.5 34.2 26.8 19.1
Human 92.5 88.0 95.0 91.5 89.0 84.5 96.0 92.0 97.5 94.0 92.0

Proprietary LVLMs
Gemini 2.5 Pro [6] 46.7 14.7 95.3 78.0 47.3 66.7 65.3 69.3 64.7 63.3 61.1
GPT-4o [17] 30.7 16.7 69.3 66.7 26.7 61.3 46.7 50.5 49.3 59.3 47.7

Open-Source LVLMs
RoboBrain2.0-7B [21] 29.3 2.0 86.0 58.0 24.7 52.0 53.3 48.5 53.3 48.0 45.5
VeBrain-7B [14] 34.7 2.7 82.7 57.3 40.7 68.7 67.3 66.3 52.0 53.3 52.6
InternVL3.5-4B-HF [24] 30.7 33.3 70.7 45.3 32.7 54.0 54.0 50.5 48.0 46.7 46.6
InternVL3.5-8B-HF [24] 26.7 18.0 81.3 45.3 36.7 58.7 50.7 53.5 48.7 49.3 46.9
GLM-4.1V-9B-Base [10] 38.0 5.3 90.7 57.3 34.7 64.0 58.0 60.4 50.0 50.0 50.8
GLM-4.1V-9B-Think [10] 16.7 4.0 28.0 22.7 20.7 41.3 52.7 33.7 37.3 37.3 29.4
Qwen2.5-VL-3B [2] 22.0 0.7 84.0 73.3 39.3 68.0 59.3 62.4 50.0 48.0 50.7
Qwen2.5-VL-7B [2] 30.7 3.3 84.7 52.0 34.0 63.3 62.0 60.4 59.3 58.7 50.8
Qwen3-VL-4B [1] 32.7 16.7 93.3 40.0 44.0 70.7 70.0 69.3 60.7 57.3 55.5

+ Vgent [20] 18.0 15.3 83.6 34.6 21.5 14.6 21.7 27.7 33.3 17.8 28.8
+ Nutri-Vgent 22.7 73.3 72.7 35.1 42.7 68.7 61.3 95.0 76.0 73.0 62.1

Qwen3-VL-8B [1] 30.7 14.0 95.3 48.7 38.7 66.0 70.7 63.4 53.3 52.7 53.4
+ Vgent [20] 16.9 20.7 77.6 58.8 20.8 26.2 25.5 21.3 30.4 18.5 31.7
+ Nutri-Vgent 20.0 73.3 68.0 53.5 42.0 69.3 58.0 94.1 73.3 71.3 62.3

scores to more accurate numerical estimates. Unless otherwise specified, task-
level results are reported separately for the Easy and Hard regimes, and the
overall score is computed as the unweighted mean across all task–regime cells.

5.2 Main Results

Tab. 2 presents the comparative results across five task dimensions. We sum-
marize the key observations as follows: Benchmark Rigor and Challenge.
The benchmark presents a significant challenge to current AI systems. There is
a substantial gap between human performance (∼ 92.0% avg) and chance base-
lines (Random ∼ 13.4%, Frequency ∼ 19.1%). Crucially, while frequency-based
guessing works reasonably well on “Easy” splits, it collapses on “Hard” splits,
validating that our dataset relies on deep semantic understanding rather than
statistical biases.
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Limitations of General-Purpose MLLMs. Despite strong pretraining, general-
purpose MLLMs struggle with the core requirement of persistent inventory track-
ing and constraint-grounded reasoning. A prominent failure mode is context for-
getting in long-horizon settings: for example, Qwen2.5-VL-7B drops sharply on
Ingredient Entry (IE) from 30.7% (Easy) to 3.3% (Hard), suggesting that with-
out explicit mechanisms to retain and update state, models cannot reliably accu-
mulate evidence across extended cooking procedures. Importantly, larger scale
alone does not resolve this issue. Even GPT-4o achieves only 47.7% on aver-
age and performs particularly poorly on Memory Management (MM) (26.7%
on Easy), implying that generic reasoning capacity is insufficient when suc-
cess hinges on precise, temporally consistent state updates rather than isolated
perception or free-form explanation.Notably, Nutri-Vgent (4B) outperforms the
much larger GLM-4V-9B (Avg 62.1% vs 50.8%) and Gemini 2.5 Pro (62.1%
vs 61.1%). This indicates that for domain-specific embodied tasks, investing in
structured reasoning frameworks is often more efficient than solely scaling up
model parameters.

Table 3: Ablation study on memory components using Qwen3-VL backbones. We iso-
late the effects of purely visual input (Vis.), Episodic Memory (Epi.), Food Memory
(Food), and full structured memory (Epi. + Food) across five reasoning tasks: Ingre-
dient Entry (IE), Long-Term Planning (LTP), Multimodal Matching (MM), Recipe
Query (RQ), and Short-Term Planning (STP).

Models
Memory Performance

Vis. Epi. Food IE LTP MM RQ STP Overall

Qwen3-VL-4B

✓ 24.70 66.65 57.35 69.65 59.00 55.5

✓ 50.00 44.30 46.30 44.55 51.00 47.3

✓ 47.35 57.70 43.00 26.20 53.00 45.5

✓ ✓ 48.00 53.90 55.70 78.15 74.50 62.1

Qwen3-VL-8B

✓ 22.35 72.00 52.35 67.05 53.00 53.4

✓ 57.00 53.65 44.30 50.05 53.70 51.8

✓ 43.65 69.00 42.65 26.85 52.35 46.9

✓ ✓ 46.65 60.75 55.65 76.05 72.30 62.3

Superiority of Nutri-Vgent. Equipped with our novel structured memory ar-
chitecture, Nutri-Vgent delivers transformative performance gains, effectively
bridging the perception-reasoning gap.

– Beating Giants with Smaller Models: Nutri-Vgent (Qwen3-VL-8B) achieves
an average score of 62.3%, outperforming its base model (53.4%), the larger
GLM-4V-9B (50.8%), and the proprietary GPT-4o (47.7%). It even matches
Gemini 2.5 Pro (61.1%), proving that domain-specific structured architecture
is more effective than pure parameter scaling.
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– Structured Memory vs. Generic RAG : While a generic RAG pipeline (Vgent)
slightly improves specific tasks via basic episodic retrieval, its unstructured
text concatenation often overwhelms the model, causing overall accuracy
drops. Conversely, Nutri-Vgent explicitly decouples Food and Recipe Memory
to accurately track dynamic states, effectively preventing context pollution
and hallucinations.

– Resilience in Hard Scenarios: Nutri-Vgent demonstrates striking robustness
in complex, multi-turn splits. In Recipe Query (RQ), it surges from 63.4%
to 94.1%. In Ingredient Entry (IE), it jumps from 14.0% to 73.3% (vastly
exceeding standard Vgent’s 24.7% peak), proving its ability to reliably track
ingredients that vanish from the visual field.

Trade-offs and Analysis. We observe a minor performance dip in some “Easy”
tasks (e.g., IE Easy drops from 30.7% to 20.0%). We attribute this to retrieval
overhead : in simple, fully visible scenes, direct LVLM perception is sufficient.
Enforcing strict Knowledge Graph consistency checks can occasionally "over-
correct" these straightforward cases. Nevertheless, the massive gains achieved
in complex, constraint-heavy scenarios overwhelmingly justify this architectural
trade-off for real-world deployments.

5.3 Ablation Studies

To rigorously evaluate the contribution of each component within our proposed
architecture, we conducted an ablation study on the Qwen3-VL (4B and 8B)
backbones, as shown in Tab. 3. We systematically isolated the effects of purely
visual input (the base VLM), isolated Episodic Memory, isolated Food Memory,
and our full structured memory approach (Episodic + Food).
The Limitation of Pure Visual Input. When relying solely on the Visual
modality without external memory, the models exhibit severe temporal forget-
ting. For instance, the visual-only Qwen3-VL-8B achieves a mere 22.35% on
Ingredient Entry (IE). This confirms that standard monolithic VLMs, regard-
less of their visual reasoning strength, are fundamentally unequipped to track
fine-grained state changes over long videos.
Single Memory Modules. Introducing either Episodic Memory or Food Mem-
ory in isolation drastically improves state-tracking capabilities. The 8B model’s
IE performance jumps to 57.00% (Episodic only) and 43.65% (Food only). How-
ever, this comes at the cost of global reasoning: without the complementary vi-
sual context or a complete state representation, the average overall performance
actually drops (from 53.4% to 51.8% and 46.9% for the 8B model). Tasks requir-
ing comprehensive situational awareness, such as Long-Term Planning (LTP)
and Recipe Query (RQ), degrade significantly when the model is forced to rely
on a single memory type.
The Effectiveness of Hybrid Structured Memory. The combination of
Episodic Memory and Food Memory (our full Nutri-Vgent architecture) resolves
this trade-off, achieving the highest overall scores (62.1% for 4B and 62.3% for
8B). This structured decoupling allows the agent to simultaneously track what
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just happened (Episodic) and what is currently available (Food) without context
pollution. The synergy is most evident in complex downstream tasks: compared
to the visual-only baseline, the 8B hybrid model boosts Recipe Query (RQ) from
67.05% to 76.05%, and Short-Term Planning (STP) from 53.00% to 72.30%.
These results empirically validate that explicit, decoupled memory structures
are essential for robust, long-horizon nutritional reasoning.

In future work, we plan to extend our framework in two realistic directions.
First, we aim to transition from single-agent reasoning to multi-agent collab-
orative scenarios, where multiple embodied assistants or human-robot teams
can share spatial-temporal intelligence to coordinate complex dietary tasks. Sec-
ond, while Nutri-Vgent currently excels at tracking objective food states and
recipe constraints, we plan to incorporate personalized, dynamically updating
user profiles (e.g., evolving health goals and taste preferences) directly into the
constraint-aware memory, further bridging the gap between academic bench-
marks and real-world personalized healthcare.

6 Conclusion

In this work, we formalized the novel task of Embodied Nutrition Management
to bridge continuous visual perception with complex dietary reasoning. To evalu-
ate this, we introduced NutriBench-Kitchen, a benchmark of 1,500 manually
verified QA pairs derived from untrimmed cooking videos. Unlike datasets fo-
cused on atomic actions, it systematically assesses dynamic inventory tracking,
dietary constraints, and long-horizon planning across five dimensions. To ad-
dress the limitations of general-purpose large vision-language models (LVLMs)
in maintaining extended temporal contexts, we proposed Nutri-Vgent. Mov-
ing beyond generic retrieval, it features a structured memory architecture that
explicitly decouples and synergizes episodic visual observations, persistent food
states, and recipe knowledge graphs. Experiments demonstrate that Nutri-Vgent
effectively mitigates temporal forgetting and significantly outperforms baselines,
particularly in persistent state tracking and constraint satisfaction. These find-
ings underscore that domain-specific, structured memory is essential for robust
multimodal reasoning in dynamic kitchen scenes, paving the way for proactive
assistants capable of managing daily nutrition.
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