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Abstract

Instruction-following systems are most use-
ful when they can recover from disruptions
that make the original plan infeasible. This
project studies procedural adaptation under vi-
sual missing-ingredient disruptions in cook-
ing procedures derived from YouCook2. We
construct a benchmark of disrupted proce-
dural instances and evaluate multiple open
vision-language models under text-only, vision-
conditioned, retrieval-augmented, and reranked
retrieval settings. The text-only settings de-
liberately remove image input while using the
same VLM, allowing us to isolate whether im-
provements come from visual grounding or
from structured textual context and retrieved
analogies. On a 390-example held-out visual-
disruption test set, the base Qwen2-VL-2B
study shows that retrieval provides the largest
gain at small scale: the text-only baseline
achieves 137 successful adaptations, adding vi-
sual context improves performance to 163 suc-
cesses, text retrieval reaches 256 successes, and
vision retrieval reaches 248 successes. How-
ever, larger-model follow-up experiments with
Qwen2.5-VL and Gemma show that this or-
dering is not stable across model families or
scales. In the stronger models, vision-grounded
retrieval becomes the most effective strategy
among the completed settings. These results
suggest that the relative value of retrieval, vi-
sual context, and reranking depends on model
capacity and model family rather than being
constant across settings.

1 Introduction

Instruction-following systems are typically evalu-
ated under idealized conditions: required ingredi-
ents are available, tools are present, inputs are cor-
rect, and each step can be executed as written. Real
environments rarely satisfy these assumptions. A
cooking assistant may need to proceed when olive
oil is missing, when a needed pan is unavailable, or
when the visible workspace no longer matches the
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expected state. In such cases, simply continuing
the original recipe is not enough; the system must
revise the plan while preserving the user’s goal.

This project studies procedural adaptation un-
der disruption. We focus on a visually grounded
cooking setting in which a model receives a pro-
cedural goal, the current state of the recipe, a dis-
rupted step, and, in vision settings, an image of
the current workspace. The reported experiments
isolate one common and practically important dis-
ruption type: missing ingredients. The model must
generate an adapted continuation that avoids the un-
available ingredient and gives a feasible substitute
or workaround.

The central research question is whether a vision-
language model benefits more from visual con-
text, retrieval of analogous procedural cases, or
the combination of both. We evaluate a common
six-condition prompting matrix: a text baseline, a
vision baseline, text retrieval, vision retrieval, text
retrieval with reranking, and vision retrieval with
reranking. In the base 2B study, all six conditions
use the same generator, Qwen2-VL-2B-Instruct
(Wang et al., 2024), so the text-only settings serve
as clean ablations of visual conditioning. We then
extend the same comparison to larger Qwen and
Gemma models where hardware permits.

The contributions of this work are threefold.
First, we build a YouCook2-derived benchmark
for visual procedural adaptation under missing-
ingredient disruptions. Second, we evaluate a com-
mon six-condition prompting matrix that cleanly
separates text-only prompting, visual grounding,
retrieval, and reranking. Third, we show that the
relative value of these components changes with
model scale and model family: retrieval is domi-
nant in the 2B Qwen setting, while stronger Qwen
and Gemma models benefit more consistently from
vision-grounded retrieval.

To support reproducibility, our implementation,
including benchmark construction, retrieval config-



urations, and evaluation code, is publicly available
at the project repository.

The rest of the paper is organized as follows.
Section 2 reviews related work on procedural under-
standing, retrieval-augmented generation, prompt-
ing, and vision-language models. Section 3 de-
scribes the YouCook2-derived benchmark and vi-
sual missing-ingredient subset. Sections 4 and 5
define the task, method, and experimental setup.
Section 6 presents the main results, ablations, and
qualitative analysis, followed by discussion, limita-
tions, and references.

2 Related Work

Procedural understanding has been studied through
instructional datasets that capture multi-step human
activities. YouCook?2 (Zhou et al., 2018) provides
temporally grounded procedural content derived
from web instructional videos and motivates the
use of realistic cooking procedures in this project.
Related embodied and instructional benchmarks,
such as ALFRED (Shridhar et al., 2020), extend
procedural understanding into household action ex-
ecution. The present work differs by focusing on
recovery behavior when a procedure becomes in-
feasible, rather than on understanding or executing
an undisrupted procedure.

Retrieval-augmented generation is another rel-
evant line of work. Dense retrieval methods
(Karpukhin et al., 2020) and retrieval-augmented
generation frameworks (Lewis et al., 2020) show
that external context can improve generation with-
out changing model weights. Reranking methods
refine retrieved candidates using stronger relevance
estimation after initial retrieval (Nogueira and Cho,
2019). In this project, retrieval is not used primarily
for factual knowledge access. Instead, it supplies
analogous examples of procedural recovery, mak-
ing retrieval a mechanism for adaptation.

Prompting and reasoning methods also inform
this work. In-context learning (Brown et al., 2020)
showed that large models can perform new tasks
from examples, while chain-of-thought prompting
(Wei et al., 2022) and planning-oriented approaches
such as ReAct (Yao et al., 2023b) and Tree-of-
Thought (Yao et al., 2023a) demonstrate that struc-
tured reasoning context can improve model behav-
ior. Retrieval-augmented prompting in this project
serves as a lightweight way to provide procedural
precedents.

Finally, grounded planning systems such as Say-

Can (Ahn et al., 2022) emphasize that useful plans
must be both semantically appropriate and prac-
tically feasible. Vision-language models such as
Qwen2-VL (Wang et al., 2024) make it possible to
condition generation on both text and images. Our
experiments use this capability to compare text-
only adaptation with visually grounded adaptation
under the same procedural disruptions.

3 Datasets

The benchmark is derived from YouCook?2 (Zhou
et al., 2018), a cooking-video dataset containing
procedural activities. Source procedures are nor-
malized into a structured representation containing
a goal, ordered steps, and metadata. The bench-
mark builder injects disruptions into procedural
instances and records the context needed to ask a
model for an adapted continuation.

The broader constructed benchmark contains
6044 disrupted procedural examples. The split
sizes are 4286 training examples, 893 development
examples, and 865 test examples. The reported ex-
periments use the visual missing-ingredient subset,
filtered to YouCook?2 examples with an associated
current-state image. This subset contains 1950
training examples, 418 development examples, and
390 held-out test examples.

We split the benchmark at the source-procedure
level rather than at the individual disruption level.
Concretely, all disrupted instances derived from
the same source_item_id are assigned to the
same partition using a deterministic 70/15/15
train/development/test split with seed 42. This de-
sign prevents leakage between splits, since multiple
disruptions from the same underlying recipe video
are often highly similar in goal, state, and visual
context.

Each evaluated instance contains a task goal,
current procedural state, disrupted step, missing
ingredient, known safe substitute, and current-state
image. In the reported study setting, disruptions are
synthetic missing-ingredient interventions applied
to otherwise intact YouCook?2 procedures, and the
reference adaptation is generated from a rule-based
substitute template associated with the missing in-
gredient. The image input is a single current-state
frame from the source video corresponding to the
disrupted procedural context. The retrieval library
is built from the training split, while all reported
test results are computed on the same 390 held-out
examples. Table 1 summarizes the benchmark used
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Quantity Count
Full benchmark examples 6044
Train split 4286
Development split 893
Test split 865
Final source dataset YouCook2
Final disruption type Missing ingredient
Final disruption modality Vision
Target adaptation provenance Rule-based
Visual missing-ingredient train sub- 1950
set

Visual missing-ingredient develop- 418
ment subset

Visual missing-ingredient test sub- 390

set

Table 1: Benchmark and evaluation subset sizes. The re-
ported experiments use the 390-example visual missing-
ingredient test subset.

Example of a disrupted procedural instance

Goal: Tomato soup

Current state: The soup has already been cooked and
blended, and the next step is to finish the seasoning.
Disrupted step: Add pepper to the soup.

Disruption: Missing ingredient: pepper.

Known substitute: Paprika, chili flakes, or omit it.
Desired behavior: Replace pepper with a suitable substi-
tute or omit it and continue serving the soup.

Table 2: Tllustrative visual missing-ingredient adaptation
instance.

in the reported experiments, while Table 2 and Fig-
ure 1 show a representative disrupted instance and
its corresponding visual state.

4 Methodology and Problem Formulation

Figure 2 summarizes the common evaluation
pipeline. Each example combines structured pro-
cedural context with a visual current state, and
the experimental conditions differ in whether they
include the image, retrieved cases, and reranked
cases.

Let a procedural instance be represented as

CU:(Q,C,Sd,m,U,I), (1)

where g is the task goal, c is the current procedu-
ral state, sq is the disrupted step, m is the miss-
ing ingredient, u is a known safe substitute or
workaround, and [ is the current-state image. The
model must produce an adapted plan

g = fo(z) 2

that addresses the disruption, avoids relying on
the unavailable ingredient, remains feasible, and
preserves the intended dish.

MisSING

PERPER

Figure 1: Example current-state image correspond-
ing to the disrupted tomato-soup instance in Table 2.
The model receives this visual context in the vision-
conditioned settings.

Text and Vision Conditions. The text baseline
receives the procedural fields but not the image.
The vision baseline uses the same textual infor-
mation and additionally provides the current-state
image to the chosen VLM generator. Within each
model-specific experiment, this isolates the effect
of visual grounding while holding the generator
fixed. In this sense, the text settings are not sep-
arate non-VLM experiments; they use the same
vision-language model as a language model over
structured procedural context, making them con-
trols for measuring the added value of image input.

Retrieval-Augmented Prompting. When re-
trieval is enabled, the model is conditioned on re-
trieved adaptation cases from the training split. Let

Rk(l’) :{Tl,rg,...,’r’k} (3)

denote the top-k retrieved cases. The generated
output is then conditioned on both the test instance
and retrieved examples:

g =argmax Py(y | g,¢,sq,m,u, I, Ri(x)).
Y
4)

In text retrieval settings, I is omitted from the
model input; in vision retrieval settings, the im-
age is included.

All prompting conditions use the same struc-
tured procedural fields: goal, current state, dis-
rupted step, disruption type, missing ingredient,
and suggested substitute. Retrieval uses a hybrid
query formed by concatenating these fields into
a single textual query. Each retrieval document
contains the analogous training example’s goal,
current state, disrupted step, missing ingredient,
and target adaptation. Dense embeddings are com-
puted with BAAI/bge-small-en-v1.5 through a
local Hugging Face backend (Xiao et al., 2023).
We retrieve from a candidate pool of 20 examples
and use k = 3 examples in the prompt.



Unified Method Overview
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Figure 2: Common evaluation pipeline. Each example combines a YouCook2 procedure, a visual current state,
and a missing-ingredient disruption. Depending on the condition, the prompt may include the image, retrieved
adaptation cases, and reranked cases before a vision-language model such as Qwen2-VL, Qwen2.5-VL, or Gemma
3 generates an adapted plan. The output is then scored by an LLM judge with missing-ingredient guardrail checks.

Reranking. The reranker variants first re-
trieve candidates with the same dense re-
triever, then rerank the candidate pool with
BAAI/bge-reranker-base. The top three
reranked examples are inserted into the prompt. If
reranking fails, the system falls back to the original
retrieval order. Formally, if C'(x) is the 20-example
candidate pool, the reranked prompt set is

(6))

where Srerank (2, 1) is the cross-encoder relevance
score assigned by the reranker. We treat the
reranker as an off-the-shelf scoring model and do
not modify its internal objective or weights.

Rk (m) = TOpKrgc(m) Srerank(x7 T),

Prompt and Judge Structure. All six prompt-
ing conditions share the same core task fields: goal,
procedure, current state, disrupted step, disruption
description, missing ingredient, and a known safe
substitute or workaround. The text-only conditions
provide these fields as structured text, while the
vision conditions add the current-state image to
the same underlying prompt. Retrieval conditions
append three retrieved adaptation cases, each con-
taining the analogous training example’s goal, dis-
rupted context, and target adaptation; reranker con-
ditions differ only in how those three cases are
selected. The LLM judge receives the disrupted in-
stance, the candidate adaptation, and a fixed rubric
asking whether the response addresses the disrup-
tion, remains feasible, avoids relying on the un-
available ingredient, and preserves the intended

dish. This shared prompt-and-judge structure is
held constant within each model-specific matrix
so that differences can be attributed to modality,
retrieval, and reranking rather than to task wording.

Generation. Within each model-specific ex-
periment, the generator is held fixed across all
prompting conditions so that the comparison
isolates prompting modality and retrieval strategy
rather than model identity. The base experiment
uses  Qwen/Qwen2-VL-2B-Instruct (Wang
et al., 2024); scaling and cross-family follow-
ups use Qwen/Qwen2.5-VL-3B-Instruct,
Qwen/Qwen2.5-VL-7B-Instruct, and
google/gemma-3-4b-it where hardware permits.
Inference is served through vLLM (Kwon et al.,
2023). The main generation hyperparameters
remain conservative across runs, with temperature
0.2 and model-specific output budgets chosen to fit
the available A10 infrastructure.

Evaluation. Evaluation uses an LLM judge to
assign a binary success score. In the reported runs,
the judge is matched to the generator family used
in that experiment: Qwen2-VL-2B for the 2B ma-
trix, Qwen2.5-VL for the 3B and 7B matrices, and
Gemma 3 4B for the Gemma comparison. The
judge sees the disrupted instance, the model out-
put, and the target evaluation rubric. A score of
1 means the candidate directly addresses the dis-
ruption, remains feasible, and preserves the goal.
A score of 0 means the adaptation fails, ignores



the disruption, relies on the unavailable ingredi-
ent, or gives an infeasible plan. The evaluator also
applies deterministic guardrail checks for missing-
ingredient violations and records judge notes for
each example. If the judge output cannot be parsed
into the expected schema, the example is recorded
as a null judgment rather than coerced into success
or failure. We report the mean judge score, number
of successes, number of failures, and number of
unparsed or null judge outputs.

5 Experimental Details

All experiments are prompting-based, so there is no
parameter training, optimizer, learning rate, batch
size, epoch count, or early stopping criterion. The
shared generation setting across all reported exper-
iments is a conservative temperature of 0.2. The
base 2B matrix used a 512-token generation bud-
get, while the later 3B, 7B, and Gemma follow-up
runs used smaller model-specific output budgets
chosen to fit the available A10 infrastructure. Re-
trieval hyperparameters were selected from devel-
opment experiments and then held fixed for the
reported test runs: hybrid retrieval, & = 3 retrieved
examples, and a candidate pool of 20 before op-
tional reranking. The reranker configurations use
BAAI/bge-reranker-base; non-reranker configu-
rations use the same dense retrieval output directly.

Hyperparameter choices follow two sources. Re-
trieval settings were chosen from development ex-
periments by comparing alternative retrieval strate-
gies, retrieval depths, and reranker usage, after
which the reported matrices fixed hybrid retrieval, a
20-example candidate pool, and k£ = 3 examples in
the final prompt. Generation settings were chosen
conservatively rather than tuned for maximal score:
temperature was fixed at 0.2 across all experiments,
and output-token budgets were set manually to val-
ues that completed reliably on the available A10
hardware. Thus, the reported comparisons are con-
trolled prompting comparisons rather than fully
tuned per-model best-case runs.

The common experiment matrix contains six
configurations:

* Text baseline: structured text prompt, no im-
age, no retrieval; this isolates procedural rea-
soning from visual grounding.

* Vision baseline: multimodal prompt with im-
age, no retrieval; this measures the value of
visual context alone.

» Text retrieval: text prompt with retrieved
examples; this tests whether analogous prior
adaptations help without image input.

* Vision retrieval: multimodal prompt with
retrieved examples; this combines visual
grounding with retrieved analogies.

* Text retrieval + reranker: text retrieval with
BGE reranking; this tests whether higher re-
trieval precision improves text-only adapta-
tion.

* Vision retrieval + reranker: vision retrieval
with BGE reranking; this tests whether rerank-
ing helps once both vision and retrieval are
available.

All runs filter to YouCook2 examples with
disruption type missing_ingredient, disruption
modality vision, and a required image. The same
390 test examples are used for all model-specific
comparisons. For retrieval-augmented experiments,
the retrieval library is constructed from the train-
ing split only, so development and test instances
cannot be retrieved at evaluation time. We report
binary LLM-judge success rate because the task
admits many valid adaptations and exact-match
or lexical-overlap metrics would undervalue cor-
rect substitutes. We also report paired fixed/broken
counts because all configurations are evaluated on
the same examples, making it possible to analyze
whether a component repairs or damages individual
cases. Means are computed over non-null judge
outputs; one 2B run produced a single unparsed
judgment, so its mean is reported over 389 exam-
ples.

Experiments were run on Purdue’s Gilbreth
cluster using A10 GPUs. Model inference was
served through vLLM, and Hugging Face sentence-
transformer models were used locally for dense
retrieval and reranking. Individual completed runs
processed 390 examples, with typical run times on
the order of tens of minutes after vVLLM startup
for the smaller completed matrices. The software
stack used Python, PyTorch, vLLM, Hugging Face
Transformers, and sentence-transformers. All re-
ported results are single-seed runs with seed 42, so
we do not report multi-seed variance or confidence
intervals.

The six prompting conditions function as the
main internal baselines for this study. Text baseline
and vision baseline measure whether image input
helps without retrieval; text retrieval and vision re-
trieval test the value of analogous adaptation cases



with and without image grounding; and the two
reranker conditions test whether a stronger second-
stage relevance model improves over raw dense
retrieval. The precursor text-only system, the 3B
scaling study, and the Gemma cross-family runs
then serve as higher-level comparisons that test
whether the main 2B pattern survives changes in
model size and model family.

6 Results and Analysis

6.1 Precursor Text-Only Results

Before the main VLM study, we ran a precur-
sor text-only procedural adaptation pipeline
on 334 YouCook2 missing-ingredient test

examples using heuristic evaluation met-
rics. The precursor runs used the language-
only generator mistral-large:123b, a

gwen3-embedding: 8b retriever, and the reranker
hf.co/jinaai/jina-reranker-v3-GGUF:BF16.

These earlier runs are not directly comparable to
the later VLM results because they use a different
generator family, a broader text-only setup, and
heuristic evaluation rather than the later LLM
judge. Even in this text-only setting, retrieval
improved adaptation quality and helpfulness while
sharply reducing constraint violations relative
to the no-retrieval baseline. The main retrieval
run improved adaptation quality from 0.452 to
0.464 and helpfulness from 0.537 to 0.601, while
reducing constraint violation from 0.029 to 0.006.
Reranking did not provide a consistent gain,
and retrieval-strategy differences were modest,
with hybrid retrieval slightly outperforming
the disruption-only and full-context variants.
These precursor runs motivated the later visually
grounded study and suggested early on that
retrieval was more important than prompt-only
variation.

6.2 Main Test Results

Table 4 reports the main 2B held-out test results.
The strongest configuration is text retrieval, with
256 successes out of 390 judged examples and
a mean judge score of 0.656. Vision retrieval is
second, with 248 successes out of 389 parsed judg-
ments and a mean score of 0.638. The six configu-
rations also function as a compact ablation study.
Text baseline versus vision baseline isolates the
contribution of image input, text baseline versus
text retrieval isolates the contribution of retrieval
without vision, vision baseline versus vision re-

Run Constr. Feas. Adapt. Help.

No retrieval 0.0287 0.8114 0.4515 0.5365
Main retrieval 0.0057 0.7775 0.4643  0.6009
No reranker 0.0054 0.7629 0.4531 0.6009
Disruption- 0.0063 0.7734 0.4608 0.6004
only retrieval

Full-contextre- 0.0135 0.7719 0.4622 0.5997
trieval

Hybrid re- 0.0099 0.7665 0.4645 0.6001
trieval

Table 3: Representative results from the precursor text-
only pipeline on 334 YouCook?2 missing-ingredient test
examples. Lower constraint violation is better; higher
values are better for the other metrics. These heuristic
scores are reported separately from the later VLM re-
sults because they use a different evaluation protocol.

Precursor text-only quality metrics

W Adaptation quality
Helpfulness

Figure 3: Precursor text-only results on 334 YouCook2
missing-ingredient test examples. Retrieval variants
improve adaptation quality and helpfulness relative to
the no-retrieval baseline.

trieval isolates retrieval on top of visual grounding,
and each retrieval setting versus its reranked coun-
terpart isolates the effect of reranking.

Figure 5 visualizes the same comparison as suc-
cess rates for the main 2B matrix. The plot high-
lights the main pattern: retrieval produces the
largest improvement, vision helps relative to the
text baseline, and reranking does not improve over
raw retrieval.

The text baseline solves 137 of 390 examples.
Adding visual context improves the no-retrieval
baseline to 163 successes, a gain of 26 examples.
In the 2B Qwen setting, this shows that the im-
age helps the generator identify or reason about
the current state, but the gain is modest relative to
retrieval.

Retrieval produces the largest improvement.
Text retrieval increases performance from 137 to
256 successes, a gain of 119 examples over the
text baseline. Vision retrieval improves from 163
to 248 successes, a gain of 85 examples over the



Configuration Success Failure Judgen Nulls Mean judge
Text baseline 137 253 390 0 0.351
Vision baseline 163 227 390 0 0.418
Text retrieval 256 134 390 0 0.656
Vision retrieval 248 141 389 1 0.638
Text retrieval + reranker 234 156 390 0 0.600
Vision retrieval + reranker 238 152 390 0 0.610

Table 4: Main Qwen2-VL-2B test results on the 390-example visual missing-ingredient test set. Mean judge is the

average binary LLM-judge score over non-null judgments.
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Figure 4: Precursor text-only constraint and feasibility
results. Retrieval variants generally reduce constraint vi-
olations relative to the no-retrieval baseline while keep-
ing feasibility high.

Procedural adaptation success by configuration
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Figure 5: LLM-judge success rate across the six main
Qwen2-VL-2B configurations. Retrieval provides the
largest improvement at 2B, while reranking does not
improve over raw retrieval.

vision baseline. These results suggest that retrieved
adaptation cases provide directly useful procedural
analogies for handling missing ingredients.
Reranking does not help in the main 2B setup.
Text retrieval with reranking drops from 256 to 234
successes, and vision retrieval with reranking drops
from 248 to 238 successes. This indicates that the
reranker may select examples that are semantically
similar to the query but less useful for adaptation.

6.3 Model Scaling: 2B vs. 3B

We additionally repeated the full six-condition ma-
trix with Qwen/Qwen2.5-VL-3B-Instruct to test

whether the 2B findings were a small-model ar-
tifact. Table 5 shows that scaling the generator
changed the relative value of retrieval and vision.
The 3B model substantially improved both no-
retrieval baselines: text baseline rose from 137 to
217 successes and vision baseline rose from 163
to 243 successes. However, the strongest 3B con-
figuration was no longer text retrieval. Instead, the
best 3B system was vision retrieval with reranking,
which achieved 273 successes and a mean judge
score of 0.700.

These scaling results suggest that larger VLMs
use visual context more effectively than the 2B
model. At 2B, text retrieval was the strongest con-
dition, implying that procedural analogies com-
pensated for a weak base model. At 3B, visual
grounding became much more valuable, and vision-
conditioned retrieval overtook text-only retrieval.
Interestingly, text retrieval and text retrieval with
reranking both declined relative to their 2B coun-
terparts, which suggests that retrieved text cases
can over-constrain or distract a stronger generator
when image input is absent. By contrast, reranking
became beneficial in the vision setting, improving
vision retrieval from 270 to 273 successes. This in-
dicates that reranking is not uniformly harmful, but
instead interacts with model capacity and modality.

6.4 Cross-Family Check: Gemma 3 4B

To test whether the 3B result was specific to the
Qwen family, we also ran a cross-family com-
parison with google/gemma-3-4b-it from the
Gemma 3 family (Gemma Team et al., 2025) on
the same 390-example test set. On the available
single-A10 setup, four of the six Gemma condi-
tions completed successfully: text baseline, vi-
sion baseline, text retrieval, and vision retrieval.
The two reranker conditions failed before genera-
tion because the BAAI/bge-reranker-base cross-
encoder could not be colocated on the same GPU af-
ter the Gemma generator server had already loaded.
Thus, the missing Gemma reranker points reflect a



Setting 2B Suce. 3BSuce. A Suce. 2BMean 3BMean A Mean
Text baseline 137 217 +80 0.351 0.562 +0.210
Vision baseline 163 243 +80 0.418 0.627 +0.209
Text retrieval 256 226 -30 0.656 0.582 -0.074
Vision retrieval 248 270 +22 0.638 0.692 +0.055
Text retrieval + reranker 234 197 -37 0.600 0.509 -0.091
Vision retrieval + reranker 238 273 +35 0.610 0.700 +0.090

Table 5: Scaling from Qwen2-VL-2B-Instruct to Qwen2.5-VL-3B-Instruct. The larger model substantially
improves the no-retrieval baselines and shifts the strongest configuration from text retrieval to vision retrieval with

reranking.
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Figure 6: Cross-family comparison between Qwen
3B and Gemma 4B on four shared settings. Both
model families show improved performance with vision-
grounded retrieval compared to text-only retrieval.

hardware capacity limit rather than a generation or
evaluation failure.

The completed Gemma runs show a clear and
useful pattern. Vision retrieval is the strongest
Gemma configuration, achieving 289 successes and
a mean judge score of 0.699. This slightly exceeds
the corresponding Qwen 3B vision-retrieval con-
dition, which achieved 270 successes and a mean
of 0.692. By contrast, Gemma text retrieval per-
forms worse than either Gemma baseline, dropping
to 222 successes and a mean judge score of 0.484.
This makes the cross-family result stronger rather
than weaker: both Qwen 3B and Gemma 4B favor
vision-grounded retrieval, while text-only retrieval
does not transfer reliably across model families.

6.5 Secondary Heuristic Rescoring

To test whether the main conclusions depend on the
LLM judge, we also rescored the main 2B VLM
outputs with the heuristic evaluator from the ear-
lier text-only pipeline. This evaluator computes
constraint-violation, feasibility, and adaptation-
quality scores from the generated output text it-
self. The resulting ranking does not fully match the
LLM-judge ordering. In particular, the heuristic
evaluator favors the vision-retrieval variants more

Evaluator-dependent ranking shifts across VLM configurations
LLM-judge mean score Heuristic rescoring
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Figure 7: Comparison between the LLM-judge results
and the secondary heuristic rescoring across the six
VLM configurations. The LLM judge ranks text re-
trieval highest at 2B, whereas the heuristic evaluator
penalizes the text-retrieval variants more heavily for
constraint violations and favors the vision-retrieval vari-
ants.

strongly and penalizes the text-retrieval variants
for substantially higher estimated constraint vio-
lations. We interpret this discrepancy as evidence
that the heuristic scorer is more sensitive to explicit
mentions of unavailable ingredients and more fa-
vorable toward conservative outputs, whereas the
LLM judge better captures whether an adaptation
actually resolves the disruption while preserving
the intended dish.

6.6 Paired Comparisons

Because all configurations use the same test exam-
ples, paired comparisons identify how often one
configuration fixes or breaks examples relative to
another. Table 8 summarizes these changes.

Figure 8 presents the same paired comparisons
as net changes for the main 2B matrix. The paired
results sharpen the aggregate findings. Vision helps,
but it also breaks some cases that the text baseline
solved. Retrieval has a much larger positive margin,
especially in the text condition. Reranking has
negative net effects in both text and vision settings,
despite fixing some individual examples.



Setting Qwen 3B Succ. Gemma 4B Suce. A Suce. Qwen 3B Mean Gemmad4B Mean A Mean
Text baseline 217 258 +41 0.562 0.594 +0.032
Vision baseline 243 250 +7 0.627 0.568 -0.059
Text retrieval 226 222 -4 0.582 0.484 -0.098
Vision retrieval 270 289 +19 0.692 0.699 +0.006

Table 6: Cross-family comparison between Qwen2.5-VL-3B-Instruct and Gemma 3 4B. We attempted the full
six-condition Gemma matrix, but the two reranker conditions exceeded the single-A10 GPU memory budget when
the reranker was loaded alongside the Gemma generator. Among the completed conditions, Gemma confirms the
strongest 3B Qwen trend: vision-grounded retrieval is the best-performing setting.

Config Constr.  Feas. Adapt. Judge
Text baseline 0.0238 0.9723 0.3222  0.351
Vision baseline  0.0931 0.9067 0.2917 0.418
Text retrieval 0.2577 0.6623 0.2932  0.656
Vision retrieval ~ 0.0715  0.8279  0.3437  0.638
Text retr. + 0.2454 0.6831 0.3121 0.600
rerank

Vision retr. + 0.0746  0.8249 0.3489  0.610
rerank

Table 7: Secondary heuristic rescoring of the main
2B VLM outputs. Lower constraint violation is better;
higher feasibility, adaptation quality, and judge score are
better. The heuristic evaluator favors the vision-retrieval
variants more strongly than the LLM judge.

Comparison Fixed Broke Net
Vision vs. text baseline 82 56 +26
Text retrieval vs. text base- 160 41 +119
line

Vision retrieval vs. vision 129 44 +85
baseline

Text reranker vs. text re- 56 78 -22
trieval

Vision reranker vs. vision re- 49 59 -10
trieval

Table 8: Paired changes across the same 390 test exam-
ples. “Fixed” counts examples changed from failure to
success; “broke” counts examples changed from success
to failure.

6.7 Qualitative Error Patterns

Manual inspection of outputs and judge notes re-
vealed four common patterns. Table 9 summarizes
representative cases from the main 2B test runs.

First, baseline outputs often continue the origi-
nal step without giving a concrete substitute. This
failure is especially common when the disrupted
step names a common ingredient such as water,
salt, oil, or butter.

Second, retrieval helps by injecting explicit sub-
stitution patterns. For example, retrieved cases
often contain templates such as replacing milk with
water or plant milk, replacing butter with oil, or

Paired net changes across configurations

+119
125 (160 fixed, 41 broke)

100 +85
(129 fixed, 44 broke)

7

426
(82 fixed, 56 broke)

Net examples fixed
o
g

10
25 » (49 fixed, 59 broke)
(56 fixed, 78 broke)

Text reranker
Vs text retrieval

Vision vs Text retrieval
text base Vs text base

Vision retrieval
Vs vision base

Vision reranker
vs vision retrieval

Figure 8: Net paired changes across configurations. Pos-
itive values indicate more failures fixed than successes
broken; negative values indicate a net regression.

replacing olive oil with another neutral oil. These
analogies make it easier for the model to produce
an actionable adaptation.

Third, reranking can break otherwise useful re-
trieval contexts. In some cases, the raw retrieved ex-
amples support a valid adaptation, but the reranked
set pushes the generator toward a superficially sim-
ilar yet constraint-violating continuation. This
matches the paired results, where reranking fixes
some examples but breaks more than it fixes in the
2B setting.

Fourth, some judge failures are likely false nega-
tives caused by conservative guardrail checks. For
example, one output diagnosed missing salt and
proposed using soy sauce as a substitute, but the
guardrail still marked it as a failure because the
output mentioned the missing ingredient. This sug-
gests that the reported scores may underestimate
valid adaptations, especially for retrieval systems
that explicitly discuss the missing ingredient before
replacing it.

7 Conclusion and Discussion

This project evaluates procedural adaptation un-
der visual missing-ingredient disruptions using a
YouCook?2-derived benchmark and a family of open
vision-language models. The 2B Qwen experi-
ments showed that retrieval was the strongest inter-



Pattern

Example

Observed behavior

Interpretation

Text retrieval fixes

baseline failure

012e801d9f222d50_5

The text baseline fails on a
missing-salt disruption, while
text retrieval proposes replacing
salt with a small amount of soy
sauce or omitting it.

Retrieved cases provide explicit
substitution language that the
baseline often lacks.

Vision fixes baseline
failure

00f74d3a9f32143e_9

The text baseline fails on a
missing-pepper disruption, while
the vision baseline proposes pa-
prika as a substitute.

Visual grounding can help the
model produce a concrete adap-
tation even without retrieval.

Reranking breaks a
vision-retrieval success

01ae801d9f222d50_3

Vision retrieval succeeds, but the
reranked vision run returns a final
plan that still says to heat oil in a
pan despite oil being unavailable.

Reranking can select examples
that are relevant on the surface
but do not lead to a constraint-
respecting final plan.

Conservative guardrail
failure

03078f7ab0a7257a_1

The model says to replace un-
available water with broth, stock,
or another cooking liquid, but the
guardrail still marks the case as
using water.

The reported scores are likely
conservative because some valid
replacements mention the un-
available ingredient while ex-
plaining the substitution.

Table 9: Representative qualitative examples from the main Qwen2-VL-2B test runs on the 390-example visual

missing-ingredient test set.

vention, especially in the text-only setting. How-
ever, the 3B Qwen scaling study refined that con-
clusion: while retrieval remained valuable, larger
model capacity substantially improved the vision-
conditioned baselines and shifted the best over-
all configuration to vision retrieval with reranking.
A cross-family Gemma 3 4B comparison further
strengthened the main trend. Although the Gemma
reranker conditions could not be completed on a
single A10 due to GPU memory limits, the com-
pleted Gemma runs showed that vision retrieval
again outperformed both baselines and clearly out-
performed text retrieval. The broader takeaway
is that the relative value of retrieval, vision, and
reranking depends on model capacity and model
family rather than being fixed across scales.

7.1 Why The Best Configuration Changes
With Scale

At 2B, the best system is text retrieval rather than
vision retrieval. This does not mean visual informa-
tion is useless; the vision baseline is still stronger
than the text baseline. Instead, it suggests that a
small VLM is often bottlenecked by knowing a
suitable procedural workaround, so retrieved cases
provide the most useful extra information. At 3B,
the picture changes: both non-retrieval baselines
improve sharply, and the strongest setting becomes
vision retrieval with reranking. This suggests that
larger models can make better use of visual context,
so retrieval works best when it complements rather

than replaces visual grounding. The text-based con-
ditions remain important because they show that
the influence of retrieval is scale-dependent rather
than universally dominant.

7.2  Why Reranking Changes With Scale

At 2B, reranking likely optimizes for query-
document relevance rather than for the downstream
usefulness of an adaptation. A reranked exam-
ple can share the same dish, ingredient, or sur-
face context while containing a less appropriate
workaround. In contrast, raw dense retrieval may
preserve more diverse adaptation cases. This is
consistent with the 2B paired results, where rerank-
ing fixes some examples but breaks more than it
fixes. At 3B, however, reranking helps in the vision
setting while still hurting in the text setting. This
suggests that reranking quality interacts with both
modality and model capacity: once the generator
is strong enough to integrate image context effec-
tively, a more selective retrieved set can become
helpful. The Gemma experiments add an important
practical qualification: even when reranking may
be conceptually useful, deploying a VLM gener-
ator and a cross-encoder reranker on the same 24
GB A10 can itself be infeasible.

7.3 Practical Implications

For procedural assistants, these results suggest that
a compact retrieval library of prior adaptations
can substantially improve robustness without fine-
tuning the generator, but the best way to use re-



trieval depends on the base model. Smaller VLMs
benefit strongly from explicit procedural analogies,
while somewhat larger VLMs appear to extract
more value from visual grounding and can com-
bine that grounding with retrieved examples more
effectively. However, the retrieval objective should
be aligned with adaptation usefulness, not only se-
mantic similarity.

7.4 Future Work

Future work should address five concrete direc-
tions. First, human evaluation would help vali-
date the LLM judge and calibrate the conservative
guardrail, especially for cases where a model men-
tions an unavailable ingredient while proposing a
valid substitute. Second, retrieval and reranking
objectives should be redesigned around adaptation
usefulness rather than generic semantic similarity.
Third, the benchmark should be extended beyond
missing ingredients to other disruption types, in-
cluding missing tools, failed steps, incorrect ob-
jects, and environmental constraints. Fourth, the
scaling results should be pushed further within and
across families. In particular, a natural next step is
to complete the full six-condition Gemma matrix
by moving the reranker off the generator GPU or
by using higher-memory hardware, so that Gemma
can be compared to Qwen under fully matched
conditions. Fifth, broader cross-family multimodal
comparisons should be added, including additional
open VLMs such as DeepSeek-VL2 (Wu et al.,
2024), PaliGemma 2 (Google, 2024), and other
vision-language model families once the required
hardware and serving constraints are addressed.

8 Limitations

This project has several limitations. First, evalua-
tion uses an LLLM judge rather than human evalu-
ation. The judge provides scalable and consistent
scoring, but procedural adaptation admits multiple
valid answers, and human judgments would better
capture practical usefulness.

Second, the missing-ingredient guardrail is con-
servative. It can mark outputs as failures when they
mention the missing ingredient even while propos-
ing a valid substitute. This makes the final scores
useful for comparison, but likely conservative in
absolute terms.

Third, evaluator choice matters. The secondary
heuristic rescoring of the main 2B VLM outputs
did not produce the same ranking as the LLM judge,

especially for the text-retrieval variants. This sug-
gests that some conclusions are robust only at the
level of broad trends, and that finer-grained compar-
isons depend on what kinds of errors the evaluator
is designed to penalize.

Fourth, the reported experiments focus on cook-
ing procedures from YouCook2 and on missing-
ingredient visual disruptions. The results may not
generalize automatically to other domains, disrup-
tion types, or higher-stakes settings.

Fifth, although we added a full
Qwen2.5-VL-3B-Instruct scaling compari-
son and a partial cross-family comparison with
Gemma 3 4B, the study still covers only a narrow
slice of the model landscape. Other VLM families
and larger-scale evaluations may show different
trade-offs between vision, retrieval, and reranking.

Sixth, the infrastructure budget constrained
which comparisons could be completed. On a sin-
gle A10 GPU, the Gemma baseline and retrieval
conditions ran successfully, but the two Gemma
reranker conditions exceeded the memory budget
when the reranker was loaded alongside the VLM
generator. This means the current cross-family
comparison is informative but not perfectly sym-
metric across all six conditions.

Finally, the reranking result should be inter-
preted as evidence about the tested reranker and
query design, not as a general claim that reranking
is always harmful. A reranker trained or prompted
specifically for adaptation usefulness may behave
differently.
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