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ABSTRACT: Multimodal recommenders routinely report accuracy gains over interaction-only models, yet the field rarely
quantifies how much of that gain is attributable to the visual channel and how much to the textual channel. This paper reports a
cross-study empirical comparison built on 54 published result cells drawn from three peer-reviewed studies that share an identical
evaluation protocol on three Amazon categories: the same 5-core splits, the same released 4096-dimensional visual and 384-
dimensional textual features, the same 8:1:1 per-user partition, and the same all-ranking evaluation. No new architecture is proposed.
Three findings emerge. The apparent value of multimodal content depends heavily on the interaction-only reference point: 40 of 42
multimodal cells improve on a matrix-factorisation baseline by 65.91% on average, while only 30 of 42 improve on a tuned
LightGCN baseline, with a mean gain of 10.29%. A published per-modality ablation shows that one content channel captures most
of the available benefit, the second channel adding 3.44% on average. Published conclusions about which channel dominates conflict

on identical data. Modality contribution is best read as backbone-conditional rather than as a property of the data.
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1. INTRODUCTION

1.1. Content Signals in Recommendation

Recommender systems for e-commerce platforms have
access to far more than click logs. Product photographs, titles,
category paths, and free-text descriptions accompany almost
every catalogue entry, and a decade of work has sought to
convert this material into better rankings. The visual Bayesian
personalised ranking method established the template that
most later work follows, appending features from a pre-
trained convolutional network to item identifier embeddings
inside a matrix-factorisation objective ! Graph-based
successors replaced the flat fusion step with modality-specific
message passing over user-item bipartite graphs, allowing
preferences to be modelled separately for each channel before
aggregation 2. Surveys of the resulting literature now
catalogue dozens of published architectures organised by how
they encode, interact with, enhance, and optimise content
features 3. Deployment has followed the research: product
imagery and descriptive text are routinely pushed through
frozen pre-trained encoders and cached as fixed vectors, an
arrangement that makes the choice of which channel to
maintain an operational question with a recurring extraction
and storage cost attached to it.

Growth in the number of methods has not been matched by
growth in the understanding of what the content actually
contributes. Published papers almost always report a single
aggregate comparison against interaction-only baselines,
treating the multimodal signal as one undifferentiated block.

Recent critical work questions whether the reported
advantages survive careful re-evaluation, arguing that content
helps mainly under sparse interaction regimes and that the
relative usefulness of each channel is task-specific rather than
universal 4. A parallel line of enquiry contrasts identifier-
based against modality-based representations and finds the

ordering between them sensitive to the experimental regime
5

1.2. Quantifying Per-Channel Contribution

The gap this paper addresses is narrow and measurable.
Existing evaluations answer whether content helps in
aggregate; they seldom answer how much of the benefit each
channel supplies, whether the two channels are
complementary or largely redundant, and whether any of the
answers hold across encoders trained on the same data.

A. The Unresolved Attribution Question

Three attribution questions remain open. The magnitude
question asks how large the content contribution is once it is
measured against a competently tuned interaction-only
reference rather than a weak one. The decomposition question
asks how the contribution splits between the visual and
textual channels, and how much the second channel adds
beyond the first. The stability question asks whether the
answers to the first two travel across recommendation
backbones, across catalogue categories, and across
independent research groups analysing identical inputs.
Published studies address these questions only incidentally,
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inside ablations designed to justify a proposed architecture
rather than to characterise the data.

B. Research Questions and Contributions

This work poses three research questions matching those gaps
and answers them by re-analysing published evidence rather
than by proposing a new method. The first asks how the
measured contribution of content changes with the choice of
interaction-only reference. The second asks how the
contribution decomposes into visual and textual components.
The third asks how stable the decomposition is across
backbones, categories, and source studies. The contribution
is threefold: a traceable evidence base of published result
cells collected under one shared protocol, a set of contribution
indices computed uniformly over that base, and a documented
conflict between two independent studies that reach opposite
conclusions about channel dominance from identical features
on identical splits.

2. RELATED WORK

2.1. Fusion Strategies for Content-Aware
Recommendation

A. Graph-Based Structure Exploitation

After modality-specific bipartite propagation was introduced,
refinement of the interaction graph itself became the
dominant design. One influential method scores user-item
edges by the affinity between user preference and item
content, pruning likely false-positive feedback before
propagation 6. A second family shifted attention from the
user-item graph to item-item relations, learning a modality-
aware latent structure among catalogue entries and injecting
the resulting affinities into identifier embeddings rather than
into the features themselves . An extension added contrastive
fusion across the modality-specific graphs, arguing that linear
combination discards fine-grained cross-channel agreement &,
A later analysis showed the learned structure to be largely
dispensable: freezing an item-item graph built directly from
raw features before training, while denoising the interaction
graph by degree-sensitive edge pruning, improves accuracy
by 19.07% on average over the learned-structure predecessor
and cuts memory cost substantially °. A further method
separates content and behaviour into distinct views, purifying
content features under behavioural guidance and fusing them
with adaptive per-user channel weights °.

B. Self-Supervised and Lightweight Designs

A second design current applies self-supervision to the
content channels. One approach constructs feature-dropout,
masking, and coarse-to-fine augmentations to build a node
self-discrimination task over multimodal patterns, treating
each channel as a view to be contrasted against the others .
A lighter variant removes negative sampling and target
networks entirely, perturbing representations through dropout
and aligning channels with a reconstruction objective, which
cuts training time by a large factor while remaining
competitive on accuracy *2. These designs matter for the

present analysis because they change where content enters the
model. In one family the features reach the preference
predictor directly; in another they only shape a graph over
which identifier embeddings are propagated. Any per-
channel attribution has to be read relative to whichever
mechanism produced it.

2.2. How Per-Channel Evidence Is Currently Reported
Per-channel evidence appears in the literature almost
exclusively as a by-product. Ablation tables are built to
defend a proposed component, so they typically drop one
channel at a time from the authors' own architecture and
report the resulting loss, without a matched comparison
against a tuned interaction-only reference and without
repeating the exercise on a competing architecture. Some
papers report a tuned scalar weighting between the two
channels and read channel importance off that scalar; others
report a single-channel variant of the full model. The two
readings are not commensurable, since one measures the
contribution of a channel to a similarity structure and the
other its contribution to a ranking score. Neither convention
is wrong, and the resulting numbers are rarely compared
across papers.

2.3. Positioning of This Analysis

The present work occupies the space between the architecture
papers, which supply per-channel numbers without cross-
study comparison, and the reproducibility literature, which
supplies cross-study comparison at the level of whole
methods rather than channels. It proposes nothing new and
retrains nothing. It collects the per-channel evidence that
already exists within one shared evaluation protocol, converts
it to a common set of indices, and asks whether the resulting
attributions agree.

2.4. Broader Al Systems and Applied Contexts

Beyond recommendation-specific architectures, recent work
has built realistic web, desktop, embodied, and tool-use
environments for evaluating agents, alongside prompting,
reflection, planning, and search strategies for improving
deliberate action. 21-23, 36-39, 4143, 46-47, 52-54, 61-62, 69-70, 72

A parallel applied literature uses machine learning, graph
methods, anomaly detection, and explainability across
conflict warning, cyber-threat analysis, industrial control,
medical imaging, data systems, payroll migration,
infrastructure monitoring, and advertising-fraud detection. 2+
27, 33-35, 40, 49-51, 55-60

Related studies extend these techniques to community
banking, credit-risk monitoring, financial contagion, capital
planning, renewable-energy  decisions, carbon-aware
scheduling, hospital operations, and Al-assisted drug
discovery. 28-32, 44-45, 48, 63-68, 71

Within  Chuan Wu's publication record, the broader
methodological context also includes road-scene captioning,
traffic reconstruction, vehicle retrieval, GAN-based image
translation, hospital resource forecasting, supply-chain credit
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risk, and graph/reinforcement-learning methods for drug
diSCOVEFy. 66, 68, 71, 73-78

Additional work in Haojun Weng's publication record covers
healthcare billing anomalies, repository-context retrieval for
code completion, banking customer segmentation, deepfake
detection, renewable-aware distributed training, industrial
IoT anomaly detection, hospital resource forecasting,
programmatic advertising, and consumer-credit feature
selection, 66 79-87

3. DATA AND ANALYSIS DESIGN

3.1. Evaluation Substrate and Methodological Stance
The analysis is a secondary study. No models were retrained;
every input value is a number printed in a published table,
transcribed with its source recorded at cell level. The design
follows from the target quantity: the object of interest is a
contrast between published attributions, and re-running ten
architectures under a fresh tuning budget would add a new
source of variance rather than remove the one under
examination. The methodological stance is inherited from the
reproducibility literature in recommendation, which
established that reported neural gains often shrink or vanish

Table 1. Specifications of the three evaluation datasets.

once baselines are tuned with comparable effort 3, formalised
those criteria over a larger sample of published work 4, and
produced evaluation toolkits that fix splitting, search, and
significance testing so that comparisons rest on shared
machinery 5. That literature narrowed its object of study to
whole methods; the present analysis narrows it further, to
individual content channels.

The substrate is the Amazon review collection in the three
categories on which the multimodal recommendation
literature has converged. All source studies apply 5-core
filtering to both users and items, use the released 4096-
dimensional visual features extracted by a pre-trained
convolutional network, use 384-dimensional sentence-
transformer textual embeddings built from the concatenation
of title, description, category, and brand, split each user's
history 80/10/10 into training, validation, and test partitions,
fix the embedding width at 64, optimise a pairwise ranking
objective, and evaluate against the full catalogue rather than
a sampled candidate set. Table 1 records the specifications,
with densities recomputed from the published user, item, and
interaction counts rather than copied across.

Counts are as printed in FREEDOM Table 3 and MGCN Table 1, which agree exactly. Density is recomputed as interactions divided

by the user-item product.

Dataset Users Items
Baby 19,445 7,050
Sports and Outdoors 35,598 18,357
Clothing, Shoes and 39,387 23,033
Jewelry

One discrepancy is recorded rather than reconciled. The
earliest of the three source studies prints different interaction
counts for the same three categories, namely 139,110,
256,308, and 237,488, and uses a 1024-dimensional textual
encoder in place of the 384-dimensional one. That study is
kept in a separate protocol group, and its values are never
pooled with the other two inside any statistic reported below.

3.2. Evidence Base Construction

A. Source Selection and Transcription

Three studies qualify on three criteria: they evaluate on the
categories above, they publish complete result tables
covering both interaction-only and multimodal methods, and

Table 2. Composition of the transcribed evidence base.
Source study Venue
LATTICE ACM MM 2021

Interactions = Density (%) | Visual dim. | Text dim.

160,792 0.1173 4,096 384
296,337 0.0453 4,096 384
278,677 0.0307 4,096 384

Table used
Tables 2, 3

two of the three run every reported model inside a single
open-source multimodal recommendation toolbox, which
removes independent re-implementation as a source of
divergence 8. Transcription produced 54 main-result cells
covering ten distinct recommendation methods, of which 42
are multimodal and 12 are interaction-only, plus a nine-cell
per-channel ablation and a nine-cell backbone sweep. Every
cell carries the source paper, the source table number, the
dataset, the method, and both Recall@20 and NDCG@20, so
any figure quoted later can be traced to a printed table. Values
were transcribed twice and compared, and no value was
estimated, interpolated, or read off a plot.

Cells Role in the analysis

9 Backbone  sweep:
three  collaborative
filtering models with
and without
appended features
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Source study Venue
FREEDOM ACM MM 2023
MGCN ACM MM 2023

B. Contribution Indices

Four indices are computed uniformly over the base. The
weak-reference gain expresses each multimodal result as a
relative change over the matrix-factorisation result on the
same dataset in the same table. The strong-reference gain
does the same against the tuned LightGCN result, which is
the most competitive interaction-only model any of the
source studies report. The single-channel lift expresses a
visual-only or text-only variant as a relative change over the
behaviour-only variant of the identical architecture. The
second-channel gain expresses the both-channel variant as a
relative change over the stronger of the two single-channel
variants, isolating what an additional modality contributes
once one is already present. All four are ratios of published
point estimates, and each is computed within a single source
table so that no index mixes tuning regimes.

3.3. Consistency and Statistical Treatment

A. Cross-Study and Cross-Dataset Agreement

Two of the source studies report five methods in common on
all three datasets, which permits a direct reproducibility
check: the same method, the same dataset, the same toolbox,
two independent research groups. Agreement is summarised
by the mean and the maximum absolute relative difference in
Recall@20 across those shared cells. Rank stability across
catalogue categories is measured with Kendall's rank
correlation computed over the multimodal methods shared
between each pair of datasets, which separates the question
of whether method ordering travels from the question of
whether channel attribution travels.

B. Limits of the Statistical Claims
The design imposes real limits, stated here rather than

Table used
Tables 3, 4

Tables 1, 2, 3

Cells Role in the analysis

27 Main  comparison
under the shared
toolbox; tuned visual
weighting

27+9 Main  comparison;
per-channel ablation
isolating each
modality

deferred. Only three datasets exist within the shared protocol,
so any correlation involving dataset-level properties rests on
three points and is reported with its p-value rather than
interpreted as an effect. The source studies publish point
estimates without variance for most cells, so every dispersion
figure below reflects spread across datasets and methods, not
run-to-run noise. The per-channel decomposition rests on a
single published ablation, which bounds how far it can be
generalised; the tuned channel weighting from a second study
serves as an independent qualitative cross-check, because its
underlying sweep is published only as a line plot and its point
values are not machine-readable and were left untranscribed.
Feature extraction is held fixed across every cell, so channel
quality and encoder quality cannot be separated here, a
confound that a controlled extraction pipeline would be
needed to break . Claims are calibrated to match, and
directional statements are preferred over precise effect sizes
wherever the supporting sample is a single study.

4. RESULTS

4.1. Magnitude of the Content Contribution

A. Dependence on the Interaction-Only Reference

The size of the multimodal advantage is governed by the
reference point. Measured against the matrix-factorisation
baseline, 40 of the 42 multimodal cells improve, with a mean
relative gain of 65.91% in Recall@20. Measured against the
tuned LightGCN baseline on the same rows, only 30 of 42
improve, the mean gain falls to 10.29%, and the spread runs
from —37.64% to 79.66%. The median strong-reference gain
is 11.52%, close to the mean, indicating that the reduction is
a level shift rather than the work of a few outliers.
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Figure 1. Mean relative change in Recall@20 for each multimodal method against two interaction-only references.

Each method is averaged over the three datasets and both
source studies. Against the matrix-factorisation reference
every method except MMGCN shows a large positive
change, ranging up to 125.24% for MGCN. Against the
LightGCN reference the same methods separate sharply:
VBPR (—11.83%) and MMGCN (—26.42%) fall below the
reference, the graph-refinement and self-supervised group
clusters between 11.54% and 19.26%, and only MGCN
(45.17%) and FREEDOM (43.53%) retain a large advantage.
Error bars show the standard deviation of the strong-reference
gain across datasets and studies.

B. Which Methods Survive the Stronger Reference

All twelve negative cells belong to exactly two methods, and
both fail on every dataset in both studies: the matrix-
factorisation-style method that concatenates features into
item embeddings, and the earliest modality-specific graph
convolution method. Methods that route content through a
refined interaction graph, a frozen item-item graph, or a self-
supervised auxiliary objective remain positive throughout.
The pattern indicates that the deciding factor is not the
presence of content but the mechanism by which it enters the
model.

Table 3. Mean relative change in Recall@20 against each interaction-only reference.
Averaged across the three datasets and, where a method appears in both source studies, across studies.

Method Family vs. matrix factorisation vs. LightGCN (%)
(%)
VBPR flat fusion 29.69 -11.83
MMGCN modality-specific graph 8.08 —26.42
DualGNN auxiliary user graph 66.70 11.54
GRCN refined interaction graph 68.58 11.80
SLMRec self-supervised 73.65 15.26
BM3 self-supervised 75.89 16.45
LATTICE learned item-item graph 78.56 19.26
MICRO contrastive item-item | 99.69 30.50
graph

FREEDOM frozen item-item graph 116.62 43.53
MGCN purified multi-view 125.24 45.17

The auxiliary user-graph method sits in the middle of the
surviving group, consistent with its position in both source
rankings 8.

4.2. Decomposition into Visual and Textual Channels
The published per-modality ablation isolates each channel
against a behaviour-only variant. On Baby the text-only
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variant reaches 0.0857 and the visual-only variant 0.0939 in
Recall@20, against 0.0754 for behaviour alone, giving
single-channel lifts of 13.66% and 24.54%. On Sports the
corresponding values are 0.1017 and 0.1055 against 0.0864,
giving 17.71% and 22.11%. On Clothing they are 0.0902 and
0.0919 against 0.0526, giving 71.48% and 74.71%.

The decisive quantity is what the second channel adds.
Combining both channels reaches 0.0964, 0.1106, and
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0.0945, which exceeds the better single channel by 2.66%,
4.83%, and 2.83%, a mean of 3.44%. Set against single-
channel lifts averaging 40.45% for vision and 34.28% for
text, the arithmetic implies that one content channel captures
the large majority of the accessible benefit and the second
contributes a modest increment. The two channels behave as
substitutes far more than as complements on this data.
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Figure 2. Decomposition of the content contribution into single-channel and second-channel components.

Panels (a) and (b) report Recall@20 and NDCG @20 for the
behaviour-only, text-only, visual-only, and both-channel
variants on each dataset; the visual-only bar exceeds the text-
only bar on all three datasets and both metrics. Panel (c)
contrasts the lift of the better single channel over behaviour

alone (24.54%, 22.11%, and 74.71%) with the further gain
obtained by adding the second channel (2.66%, 4.83%, and
2.83%), making the substitution pattern visible: the second
channel recovers a small fraction of what the first already
supplied.

Table 4. Per-channel decomposition of the content contribution, Recall@20.
Absolute values are as printed in the source ablation; lifts and gains are computed against the behaviour-only column and the stronger

single channel respectively.

Dataset Behaviour | Textonly | Visual Both Text lift | Visual lift Second-

only only (%) (%) channel

gain (%)
Baby 0.0754 0.0857 0.0939 0.0964 13.66 24.54 2.66
Sports 0.0864 0.1017 0.1055 0.1106 17.71 22.11 4.83
Clothing 0.0526 0.0902 0.0919 0.0945 71.48 74.71 2.83

4.3. Stability of the Attribution

A. A Documented Conflict Over Channel Dominance

The ablation above places the visual channel ahead of the
textual channel on all three datasets, and its authors attribute
this to shoppers responding to appearance while descriptions
carry distracting material. A second study, working on the
same three datasets with the same released features inside the
same toolbox, tunes the weight of the visual channel in its
item-item graph and settles on 0.1, leaving 0.9 to text,
concluding that textual features are the more informative of
the two. The two conclusions are directly opposed, and
neither can be dismissed on data grounds. The mechanisms

differ: one weights channels inside a fused representation
consumed by a preference predictor, the other weights them
only when building a similarity graph over items. Channel
dominance emerges as a property of the fusion mechanism at
least as much as of the catalogue, which is the central caution
this analysis supports.

B. Backbone Dependence and Cross-Study Agreement

The backbone sweep sharpens the same point. Appending
raw features to a matrix-factorisation backbone raises
Recall@20 by 84.94% on average across the three datasets;
the identical operation on a graph-based backbone yields
10.65%, and on a tuned LightGCN backbone only 3.84%,
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with one of the nine cells negative, where 0.0782 falls to
0.0754. The measured worth of content shrinks by more than
an order of magnitude as the interaction-only backbone
strengthens.

Reproducibility across research groups is respectable but
imperfect. For the five methods reported by both studies on
all three datasets, mean absolute disagreement in Recall@20

Absolute cross-study
disagreement in Recall@20 (%)

Gain from appending features (%)

-10: = T T

L]
MF NGCF  LightGCN Baby

. mean
- maximum

is 2.35%, 2.43%, and 3.24%, with maxima of 6.82%, 4.87%,
and 9.14%; the same method accounts for the largest
disagreement on every dataset. Method ranking, by contrast,
is stable: Kendall correlations between dataset pairs are
0.810, 0.714, and 0.905, all significant at the 5% level,
averaging 0.810. Ranking which method wins is a reliable
exercise; attributing the win to a channel is not.
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Figure 3. Backbone dependence and cross-study consistency.

Panel (a) shows the gain from appending raw content features
to three collaborative filtering backbones on a symmetric-log
scale, falling from a mean of 84.94% on matrix factorisation
to 3.84% on LightGCN and turning negative in one cell.
Panel (b) shows mean and maximum absolute disagreement

Table 5. Consistency statistics.

in Recall@20 between the two source studies for the five
methods they share, peaking at 9.14% on Clothing. Panel (c)
shows Kendall rank correlations between dataset pairs, all
between 0.714 and 0.905 with p-values below 0.05.

Quantity Baby Sports Clothing
Mean cross-study = 2.35 243 3.24
disagreement, Recall@20

(%)

Maximum cross-study = 6.82 4.87 9.14
disagreement (%)

Mean multimodal gain vs.  6.59 6.09 18.18
LightGCN (%)

Dataset density (%) 0.1173 0.0453 0.0307

The sparsest category shows the largest mean advantage, at
18.18% against 6.59% and 6.09%, matching the expectation
that content compensates where interactions are thin. With
three datasets the association is not statistically resolvable, at
r=-0.632 and p = 0.564, and is reported as a direction rather
than an effect. Independent work using hypergraph fusion
reports the same directional pattern across interaction-
sparsity strata 1°, and content-rich benchmarks in the short-
video domain have been released partly to test whether the
pattern survives outside e-commerce %,

5. DISCUSSION AND FUTURE WORK

5.1. Interpretation and Practical Reading

Three readings follow from the numbers above, each
deliberately modest. The first concerns baselines. A
practitioner deciding whether to build a content pipeline
should compare against the strongest interaction-only model
they can tune, not against matrix factorisation. The difference
between those two reference points is the difference between
an apparent 65.91% gain and a real 10.29% one, and for two
of the ten methods examined it is the difference between a
gain and a loss. Published improvement percentages are not
portable across baseline configurations.
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The second concerns channel selection. If one content
channel supplies a lift of roughly 20% to 75% over behaviour
alone and the second adds around 3%, then the engineering
decision is which single channel to extract, not whether to
extract both. Extraction, storage, and refresh costs for product
imagery are substantially higher than for text, and a 3%
increment rarely justifies them. The stated reservation is that
this decomposition rests on one published ablation on three
catalogue categories.

The third concerns attribution itself. Two competent studies
reached opposite conclusions about channel dominance from
identical inputs, while method ranking stayed stable across
categories at an average rank correlation of 0.810. The honest
summary is that a modality-contribution claim is a claim
about a specific fusion mechanism operating on a specific
catalogue, and reporting it without that qualification
overstates what the evidence supports.

5.2. Limitations and Future Work

The limitations are structural. This is a secondary analysis of
published point estimates, so it inherits whatever tuning
asymmetries the source studies contain and cannot supply
confidence intervals for individual cells. The shared protocol
covers three catalogue categories from one retailer, which
bounds external validity. The per-channel decomposition
draws on a single ablation, and the cross-check against a
second study is qualitative because the underlying sweep was
published as a figure. Cold-start and long-tail slices, where
content is widely expected to matter most, are not separable
from the published aggregates, since the source studies report
only catalogue-wide averages and do not release the per-user
or per-item breakdowns that would allow those slices to be
reconstructed after the fact.

Four extensions would tighten the picture. Re-running the
decomposition across several backbones under one tuning
budget would convert the observed conflict from a
documented disagreement into a measured interaction effect.
Repeating it with modern encoders in place of the ageing
convolutional and sentence-transformer features would
separate channel value from encoder quality. Extending to a
domain where imagery plausibly dominates, such as short-
video catalogues, would test whether the substitution pattern
is a property of e-commerce or of the method family.
Reporting per-channel ablations against a tuned interaction-
only reference, as a routine element of multimodal
recommendation papers, would make the attribution question
answerable from the literature itself rather than through
reconstruction.
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