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Abstract. Multimodal recommender systems commonly assume that a modality shown to be more informative should receive greater

representational capacity, but this inference has rarely been tested as a controlled architectural hypothesis. We examine whether text-prioritized

projection width improves a FREEDOM-style frozen/denoised-graph recommender while holding the first-layer projection-weight count

fixed. Across three Amazon e-commerce domains and five matched seeds, asymmetric capacity does not provide a reliable accuracy

advantage; none of the pre-specified treatment-control comparisons satisfies the locked significance rule. Post-hoc diagnostics clarify why

this result should be interpreted narrowly. The capacity reallocation substantially changes text and image projection representations and

actively uses the added text units, yet the primary recommendation loss and inference score have no direct gradient path to the projection

parameters; influence is mediated through a weak auxiliary objective. In a small subset of runs, checkpoint selection amplifies these

local optimization differences and produces endpoint instability. Separately, multimodal utility itself is strongly dataset-dependent: the

FREEDOM-style models outperform a LightGCN floor on Clothing but underperform it on Baby and Sports. The findings distinguish

modality informativeness from capacity allocation and causal access to the ranking objective. Although limited to one architecture family

and three e-commerce domains, the study provides a reproducible diagnostic principle: capacity should be reallocated only after verifying

that the manipulated branch has a direct and stable route to the recommendation objective.

Keywords: multimodal recommendation; recommender systems; modality importance; representation capacity; reproducibility; graph

recommendation

1 Introduction

Modern recommender systems increasingly combine collabo-

rative signals with visual, textual, audio, and other forms of

item content. Multimodal recommendation has consequently

developed from simple side-information fusion into a broad

family of graph-based, self-supervised, alignment-oriented, and

robustness-oriented models [1]. The premise is intuitively

attractive: when user-item interactions are sparse, semantic con-

tent may supply evidence that collaborative data alone cannot

provide. Yet recent work has challenged the stronger assump-

tion that more modalities are necessarily better. Large-scale

knockout studies show that the usefulness of multimodal content

can be highly asymmetric across modalities and architectures

[2], [3].

A natural next step is to convert diagnosed modality impor-

tance into architectural capacity. If text is consistently more

informative than image in a given family of e-commerce rec-

ommenders, should the model allocate more representational

width to text? This reasoning appears plausible, but it conflates

three different questions: whether a modality carries useful

signal, whether a wider branch can exploit that signal, and

whether changes in that branch have a sufficiently direct opti-

mization path to alter the ranking function. The distinction is

especially important in architectures such as FREEDOM [4],

where content-derived graphs and collaborative embeddings

interact through a specific computation structure rather than

through an unrestricted late-fusion network.

We test this distinction directly. Starting from a symmetric

FREEDOM-style multimodal recommender, we reallocate pro-

jection width toward text while keeping the first-layer projection-

weight count exactly matched. The treatment is compared with

the symmetric control on Baby, Sports, and Clothing using

five matched random seeds and four top- ranking metrics. A

standard LightGCN model [5] is retained as a non-multimodal

floor so that differences between multimodal variants are not

mistaken for evidence that multimodal information itself is

beneficial.

The confirmatory result is negative: the asymmetric treat-

ment does not show a reliable accuracy advantage under the

pre-specified decision rule. That result is scientifically infor-

mative only if its mechanism and scope are made explicit. We

therefore perform a separate post-hoc diagnostic on the saved

final checkpoints. It shows that the capacity manipulation

is strong at the projection level, but the corrected architec-

ture provides no direct gradient path from either the primary

recommendation loss or the inference score to the projection

parameters. The intervention reaches collaborative representa-

tions only through a heavily down-weighted auxiliary objective.

The same diagnostic also reveals a second mechanism: when

small training differences alter the discrete early-stopping trajec-

tory, endpoint representations can diverge sharply even though

the instantaneous causal channel is weak.

This emphasis on controlled comparison and mechanism

follows broader concerns about recommender-system evalua-

tion. Reported improvements are sensitive to baselines, data

processing, model selection, and reproducibility choices [6],

[7], [8]. Accordingly, the contribution of this study is not a

new state-of-the-art model. It is a controlled test of a plausible

design inference and a diagnosis of why the inference fails to

produce a stable gain in the tested architecture.

The paper makes four contributions. First, it provides a

matched-seed test of text-prioritized asymmetric projection

capacity under an exactly matched first-layer weight count.

Second, it separates representational change from causal access

to the ranking objective through checkpoint-level gradient and

representation diagnostics. Third, it shows that the value of

multimodal information is strongly dataset-dependent relative to

a LightGCN floor, with modality-knockout direction mirroring

this heterogeneity. Fourth, it documents the implementation

checks and repeated experiments following implementation

verification required to ensure that the final evidence conforms to

the intended architecture, initialization fairness, and Recall@20

model-selection rule.
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2 Related Work

Foundations and collaborative recommendation.

Recommender-system research has evolved from neigh-

borhood and hybrid methods to latent-factor, ranking, and

neural formulations [9]. Matrix factorization established

a compact latent representation of users and items [10],

while implicit-feedback formulations emphasized confidence-

weighted learning [11] and pairwise ranking objectives such

as BPR [12]. Neural Collaborative Filtering later generalized

interaction functions beyond the inner product [13]. These

foundations matter here because the tested multimodal branches

do not replace collaborative learning; instead, they interact

with an ID-based ranking model whose optimization remains

central to the final score.

Graph and self-supervised collaborative filtering. NGCF

introduced graph propagation over user-item interactions [14],

and LightGCN showed that removing feature transformations

and nonlinearities can improve both simplicity and accuracy in

collaborative graph recommendation [5]. SGL and SimGCL

subsequently used self-supervised objectives to improve ro-

bustness and representation geometry [15], [16]. This line of

work motivates the non-multimodal comparator in our experi-

ments. A multimodal method should not be judged only against

another multimodal method; it should also establish that the

content channel adds value beyond a strong collaborative graph

baseline.

From side information to multimodal graph architectures.

Early visual recommenders such as VBPR demonstrated that

pretrained image features can improve personalized ranking [17].

MMGCN moved multimodal recommendation toward modality-

specific graph propagation [18], followed by architectures that

model user-specific modality preference, reduce auxiliary-graph

cost, or separate graph views, including DualGNN, BM3, and

MGCN [19], [20], [21]. FREEDOM freezes content-derived

item-item graphs and denoises the user-item graph, offering an

efficient and influential reference design [4]. LGMRec extends

local graph learning with global dependencies, while AlignRec

addresses misalignment among content, ID, and interaction

representations [22], [23]. Together, these approaches show

that the usefulness of multimodal information depends not

merely on feature availability but on how content is connected

to collaborative learning.

Robustness, alignment, and modality-sensitive learning.

Recent models increasingly treat multimodal recommendation

as an optimization and signal-quality problem rather than a

simple fusion problem. Mirror Gradient targets flat minima to

improve robustness to noisy multimodal inputs [24]; MENTOR

uses multi-level self-supervision while retaining interaction

information [25]; SMORE performs spectrum-based modality

representation fusion [26]; and COHESION uses dual-stage

composite graph fusion [27]. These methods differ substan-

tially in how modality information reaches the final objective.

That diversity is directly relevant to our study: a capacity in-

tervention can only matter to the extent that the manipulated

representation participates in the learning path that determines

recommendation scores.

Do modalities actually help? The most direct motivation

for our hypothesis comes from recent diagnostic work. Ye

et al. evaluate a broad set of multimodal recommenders and

show that whole-modality usefulness does not imply equal

usefulness of individual modalities; text is often the stronger

non-collaborative signal in the evaluated e-commerce settings

[2]. Their IJMIR reproducibility study reinforces the need to test

the contribution of multimodal embeddings rather than assume it

[3]. Pomo et al. similarly examine whether multimodal systems

genuinely exploit semantic content, while Zhou et al. show that

modality utility is conditional on domain and setting rather

than universal [28], [29]. The literature therefore supports

diagnosing modality importance, but it does not establish that

a fixed a priori reallocation of projection width will improve

ranking. That missing link defines the question tested here.

3 Problem Formulation and Method

3.1 Hypothesis and capacity manipulation

Let G
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The fixed source dimensions are 3E = 4096 and 3C = 384.

The control uses ℎE = ℎC = 64. The treatment prioritizes text

with ℎE = 58 and ℎC = 128. The first projection-layer weight

count is therefore identical:

4096ℎE + 384ℎC = 286, 720. (2)

The hypothesis is that the text-prioritized allocation improves

Recall@K and NDCG@K relative to the symmetric allocation

on a majority of the tested e-commerce datasets. The pre-

specified decision rule requires both a positive treatment-control

difference and paired-test significance at ? < 0.01 on a majority

of datasets. The inferential target is therefore narrow: the

effect of reallocating hidden width while holding the first-layer

input-projection weight count fixed. Output dimension, graph

construction, the main ranking objective, training schedule, and

evaluation protocol are otherwise unchanged between the two

multimodal conditions. Equation (2) should not be interpreted

as full-module parameter matching: including biases and second

projection layers yields 295,168 parameters in the control and

298,938 in the treatment (+1.277%). Accordingly, H1 tests this

operational capacity-allocation hypothesis within the specified

architecture; it is not a general claim that textual information is

intrinsically more valuable than visual information.

3.2 Recommendation architecture and objective

The final implementation follows the FREEDOM-style sep-

aration between content-derived graph construction and col-

laborative propagation [4]. Raw pretrained visual and textual

features construct modality-specific frozen :-nearest-neighbor

item graphs, which are combined using a fixed image/text weight

of 0.1/0.9. The frozen graph propagates trainable item-ID em-

beddings rather than the live outputs of Eq. (1). In parallel,

a LightGCN-style user-item branch propagates collaborative

user and item embeddings [5]. The recommendation score is

computed from the resulting user and item representations.

The main ranking objective is BPR [12]. The projected

modality representations in Eq. (1) enter two auxiliary BPR-
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Table 1: Dataset characteristics.

Dataset Users Items Interactions Density (%) Interactions/item Share on items ≤ 10 events (%)

Baby 19,445 7,050 160,792 0.1173 22.81 14.23

Sports 35,598 18,357 296,337 0.0453 16.14 24.41

Clothing 39,387 23,033 278,677 0.0307 12.10 36.83

style terms rather than the normal inference-time score. Training

minimizes

L = L<08= + _0DG (LE + LC ) , _0DG = 10
−4. (3)

Because the auxiliary losses share user representations with

the recommender, the modality projections can affect learned

collaborative embeddings indirectly during training. They

do not, however, constitute a direct scoring branch. This

architectural fact becomes central to interpreting the negative

result.

3.3 Diagnostic interventions

Two diagnostics are kept conceptually separate from the con-

firmatory H1 test. First, because directly zeroing the live

projection outputs would be causally inert at inference, the

modality-knockout diagnostic reconstructs the frozen graph

after ablating one raw modality and measures the resulting

ranking change. This probes the utility of each modality in the

fixed multimodal graph, not the effect of projection width.

Second, after the pre-specified confirmatory analysis was

completed, we analyzed the saved best checkpoints for all 15

matched dataset-seed control-treatment pairs. For a common

deterministic sample of 2,048 items, we measured projection

norms, hidden-unit activity, representation similarity, and nor-

malized Frobenius differences. On a deterministic interaction

batch of at most 512 examples, we decomposed gradients from

the main BPR objective and the weighted auxiliary objective to

projection parameters, user embeddings, and item-ID embed-

dings. A fixed full-sort score probe was also differentiated with

respect to projection parameters. These diagnostics were not

pre-specified and are therefore interpreted as explanatory, not

confirmatory, evidence.

4 Experimental Design

4.1 Datasets and comparators

We use three public Amazon-review-derived e-commerce do-

mains associated with established multimodal recommendation

benchmarks [30]. The processed user-item interactions, text

and image feature representations, and fixed per-user 80/10/10

train/validation/test splits are held identical across conditions.

Restricting evaluation to three domains from the same bench-

mark family intentionally controls preprocessing, representation,

and splitting conventions, allowing dataset-level differences to

be examined within a common e-commerce setting; it does

not by itself support cross-domain generalization. Table 1

summarizes the interaction structure. Clothing is the sparsest

of the three domains and has the largest share of interactions

attached to items with at most ten observations.

The confirmatory comparison is symmetric control versus

text-prioritized treatment. An unmodified LightGCN serves

as a strong non-multimodal diagnostic floor [5] because it re-

tains collaborative user-item graph propagation while removing

the content-derived multimodal component. This makes the

secondary comparison a direct test of whether the multimodal

machinery adds value beyond a strong collaborative signal

on the same data splits and ranking metrics, rather than an

exhaustive state-of-the-art benchmark exercise [6]. Control and

treatment use two user-item propagation layers; the LightGCN

comparator retains its comparator-specific three-layer configu-

ration rather than being weakened solely to match depth. All

three conditions are evaluated with Recall@10, Recall@20,

NDCG@10, and NDCG@20.

4.2 Training, model selection, and inference

Each condition is trained with seeds 42, 123, 2024, 7, and

999, yielding 45 final runs. Control-treatment inference is

paired by dataset and seed. The paired replicate is the unit of

the H1 significance test within each dataset: the test therefore

characterizes variability from stochastic optimization under a

fixed dataset and split, not population-sampling uncertainty

across users, datasets, or application domains. Early stopping

and best-checkpoint selection use validation Recall@20 with

patience 20, exactly matching the pre-specified analysis rule,

and the maximum training horizon is 1000 epochs. For each

dataset-metric pair, treatment-control differences are tested

with a two-sided paired t-test over the five matched seeds using

the pre-specified ? < 0.01 decision threshold. Given only

five paired replicates, raw paired differences and confidence

intervals are emphasized alongside p-values, consistent with

recommendations to avoid interpreting a non-significant test as

proof of equality [6].

Post-hoc statistical analyses include Cohen’s paired 3I , 95%

and 99% confidence intervals, leave-one-seed-out influence

checks, equivalence-test sensitivity over several relative mar-

gins, and a Bayesian region-of-practical-equivalence sensitivity

analysis. These analyses characterize effect magnitude, un-

certainty, and sensitivity; they do not redefine or rescue the

pre-specified H1 decision. No smallest effect size of interest

was specified before final testing, so the equivalence results

remain descriptive sensitivity analyses rather than confirmatory

evidence.

4.3 Implementation verification and repeated

experiments

Verification against the reference architecture and the pre-

specified protocol identified three discrepancies relevant to

construct validity or matched-seed fairness. First, the ini-

tial multimodal graph propagation did not reproduce the in-

tended FREEDOM-style separation between raw-feature graph

construction and item-ID propagation. Second, control and

treatment initialized shared collaborative embeddings at dif-

ferent points in the random-number sequence, confounding

matched-seed comparisons. Third, the training implementation
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Table 2: Confirmatory H1 summary. Relative ranges cover the four ranking metrics within each dataset.

Dataset Relative change ?-value range ? < 0.01 Interpretation

Baby −18.07% to −17.98% 0.391–0.404 0/4 Influential valid checkpoint trajectory; no stable directional claim

Sports −0.095% to +0.116% 0.358–0.997 0/4 Near-zero mean differences

Clothing −0.067% to +0.226% 0.523–0.915 0/4 Near-zero mean differences

used validation NDCG@20 for early stopping and checkpoint

selection although the pre-specified analysis plan specified

Recall@20.

The correction strategy was conservative: each change re-

stored a design element that had already been specified rather

than introducing a performance-driven tuning choice. Results

affected by the first two discrepancies were excluded and the

corresponding experiments were repeated. The stopping-metric

discrepancy was discovered after a superseded set of test out-

comes had been inspected; however, Recall@20 was restored

because it was fixed in the earlier analysis plan, not selected

from alternative rules after observing the results. The full

45-run experiment was therefore repeated under Recall@20

model selection, and all confirmatory and secondary analyses

reported here use only this final validated set. Earlier results are

retained solely as reproducibility provenance and are not part of

the evidential basis of the paper, consistent with concerns about

reproducibility and baseline discipline in recommender-system

evaluation [7], [8].

5 Results

5.1 Asymmetric capacity does not provide a re-

liable accuracy gain

Figure 1 reports the paired treatment-control effects for all 12

pre-specified dataset-metric comparisons. None reaches the

locked ? < 0.01 threshold. On Sports and Clothing, mean

relative differences are small, ranging from -0.095% to +0.226%.

Baby shows a much larger negative mean of approximately 18%

across metrics, but its confidence intervals are wide and all four

tests remain non-significant (? = 0.391–0.404).

The Baby mean requires particular care. The treatment run

at seed 123 selects epoch 1 as its best Recall@20 checkpoint,

whereas the paired control selects epoch 250. This run is valid

under the model-selection rule and shows no numerical failure,

so it remains in the confirmatory analysis. A post-hoc leave-

one-seed-out check shows that removing seed 123 changes

the Baby treatment effect to approximately +0.7% to +1.3%

depending on the metric, but still does not produce a significant

result. Thus, the evidence supports neither a reliable benefit

nor a stable harmful effect of asymmetric capacity on Baby; it

identifies sensitivity to model selection.

The post-hoc equivalence analysis is consistent with near-zero

effects on Sports and Clothing but not with a global equivalence

claim. At a relative +/-1% margin, all four metrics on Sports

and all four on Clothing satisfy paired TOST, whereas none

on Baby does. Because that margin was selected after the

experiment, these results describe practical-effect sensitivity

rather than establish confirmatory equivalence.

5.2 Multimodal utility is strongly dataset-

dependent

The non-multimodal floor changes the interpretation of the

study. Averaged across the four ranking metrics, the symmetric

multimodal control is about 15.4% below LightGCN on Baby

and 24.1% below on Sports, but 43.0% above it on Clothing.

The treatment shows the same Sports/Clothing direction. Table

3 summarizes the comparisons; the unstable Baby treatment

trajectory again inflates variance and magnitude.

The graph-level modality knockout provides a compatible

descriptive pattern. Removing text improves Recall@10 on

Baby and Sports but reduces it on Clothing; image removal has

effects close to zero. Clothing is also the sparsest and most

item-cold dataset in Table 1. With only three datasets, these

observations do not identify a dataset-level causal mechanism.

They do, however, show that the assumption “multimodal is

better” is not transportable even across closely related Ama-

zon domains, consistent with recent critical evaluations of

multimodal recommendation [2], [28], [29].

5.3 The capacity intervention is strong locally

but weakly connected to the ranking objec-

tive

The post-hoc checkpoint diagnostic rules out a simple expla-

nation that the treatment failed because the wider text branch

was inactive. The treatment changes visual projection rep-

resentations by roughly 77%–97% and text projections by

115%–125% in normalized Frobenius distance, while treatment

text hidden-unit activity is approximately 99%–100%. Thus,

the manipulated capacity is used and the representation-level

intervention is substantial.

The structural gradient result is nevertheless unequivocal:

for all 15 matched dataset-seed probes, both the main rec-

ommendation loss and the direct score produce exactly zero

gradient with respect to projection parameters, while the auxil-

iary loss produces a non-zero projection gradient. Moreover,

the weighted auxiliary objective is only about 0.017%–0.020%

of the main loss. Its contribution to the user-embedding gradient

is about 0.20%–0.60%, and to the item-embedding gradient

about 0.08%–0.27%. These quantities confirm an auxiliary-

only, weak instantaneous route from projection capacity to the

collaborative model.

Weak instantaneous influence does not imply identical final

checkpoints. Twelve of 15 control-treatment pairs select the

same best epoch; in those pairs, shared-embedding differences

remain small. Three pairs select different epochs and show much

larger endpoint divergence. The most extreme case is Baby

seed 123, where the best epochs differ by 249 and the user/item

embedding differences approach 96%/92%. Across the 15 pairs,

absolute best-epoch difference is positively associated with

endpoint embedding divergence (post-hoc Spearman d = 0.694,

? = 0.0041).

This combination of evidence suggests a two-stage inter-
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Figure 1: Treatment-control relative changes and 95% confidence intervals for the 12 pre-specified H1 comparisons. Positive values favor

text-prioritized asymmetric capacity.

Table 3: Multimodal conditions relative to the LightGCN floor. Values are mean relative differences across Recall@10, Recall@20, NDCG@10,

and NDCG@20.

Dataset Symmetric control vs LightGCN Significant metrics Asymmetric treatment vs LightGCN Significant metrics

Baby −15.38% 4/4 −30.64% 0/4

Sports −24.08% 4/4 −24.09% 4/4

Clothing +43.01% 4/4 +43.14% 4/4

pretation. The architectural channel from projection capacity

to the ranking objective is weak at any given training state,

but discrete model selection can amplify small optimization

perturbations when validation trajectories cross different early-

stopping boundaries.

6 Discussion

6.1 Modality informativeness is not a capacity-

allocation rule

The central negative result exposes a distinction that is easy to

overlook in multimodal model design. A modality knockout

asks whether removing a signal damages the system. Projection-

width reallocation asks whether a larger parameterized trans-

formation of that signal improves the learned ranking function.

These are not equivalent interventions. Prior diagnostic work

correctly shows that text can be more informative than image

in many e-commerce settings [2], [3], but that observation

alone does not imply that text should receive a larger projection

branch.

Our results provide a concrete counterexample to that infer-

ence. The treatment substantially changes the modality-specific

representation and uses its additional capacity, yet the down-

stream ranking metrics do not improve reliably. The implication

is not that modality-aware capacity is generally useless. Rather,

capacity should be treated as an architectural resource whose

value depends on where it sits in the computational graph and

which objective can train it. Modality importance is evidence

about signal value; capacity allocation additionally requires

evidence about optimization access.

6.2 Causal access matters more than nominal

width

The gradient diagnostic clarifies why simply increasing the

asymmetry further would be an incomplete response to the null

result. The primary ranking loss cannot directly update the

projection module, and the inference score does not consume

its output. The projection branch acts through a small auxiliary

term that perturbs shared user representations during training.

Under this topology, a larger branch may produce very different
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Table 4: Post-hoc causal-channel diagnostic (means across five seeds).

Dataset Visual proj. diff. Text proj. diff. Weighted aux/main loss Aux/main user-grad Aux/main item-grad Same-epoch user emb. diff.

Baby 89.5% 124.6% 0.0179% 0.231% 0.095% 0.53%

Sports 97.3% 122.0% 0.0180% 0.494% 0.219% 0.89%

Clothing 76.9% 114.9% 0.0174% 0.355% 0.182% 1.67%

Figure 2: Absolute difference between selected control and treatment checkpoint epochs versus mean relative difference in shared user/item

embeddings. Labels identify the three pairs with different selected endpoints.

local representations without exerting a proportionate force on

the parameters that dominate recommendation.

This observation has a practical consequence for architecture

design. Before performing capacity sweeps, neural architecture

search, or modality-specific width tuning, researchers should

trace the gradient route from the manipulated component to the

target score. A branch that receives only an auxiliary signal may

require a different experimental question: not “how wide should

the branch be?” but “how directly should modality information

participate in scoring or representation updates?” Architectures

such as AlignRec, MENTOR, and other alignment-oriented

systems make this coupling more explicit [23], [25], suggesting

a more appropriate setting for future tests of capacity allocation.

6.3 Model selection can amplify weak training

differences

The Baby seed-123 trajectory reveals a second lesson. A weak

local causal channel can still matter indirectly when model

selection is discrete. Small differences in validation trajectories

may change which checkpoint survives early stopping; once dif-

ferent epochs are selected, endpoint parameters can be far apart.

This explains why the Baby aggregate appears dramatically

negative despite the near-zero treatment-control differences

on Sports and Clothing and despite the weak instantaneous

gradient pathway.

The appropriate response is not to delete the influential run.

It is protocol-valid and therefore part of the estimand defined by

the training and selection procedure. Removing it after observ-

ing the result would change the analysis population. Instead,

the run should be retained while its influence is disclosed. More

broadly, multimodal recommendation studies with small seed

counts should report checkpoint-selection behavior when ap-

parently large mean effects are driven by one training trajectory.

Evaluation guidance has long emphasized that model-selection

choices are part of the experimental system rather than a neutral

post-processing detail [6], [7].

6.4 Multimodal value is conditional on the

dataset

The LightGCN comparisons show that the more consequential

empirical question may be whether multimodal content helps

at all in a particular domain. The multimodal model is strongly

favorable on Clothing yet unfavorable on Sports and, in mean

performance, Baby. The text-knockout direction follows the

same qualitative pattern: removing text helps on Baby and

Sports but hurts on Clothing. The sparsest dataset is also the

6



one where multimodal content is most beneficial.

This pattern is compatible with the view that content becomes

more useful when collaborative evidence is scarce, but three

datasets are insufficient to identify that relationship. Feature

quality, domain semantics, catalog composition, missingness,

redundancy between text and image, and the interaction distri-

bution can all contribute. Recent work similarly argues that

multimodal gains depend on architecture and context rather

than following a universal rule [28], [29]. The practical lesson

is therefore comparative: every multimodal experiment should

include a strong non-multimodal floor and report modality-

specific diagnostics before attributing gains to multimodal

fusion.

7 Limitations

The study is deliberately narrow. First, it evaluates one cor-

rected FREEDOM-style architecture family on three Amazon

e-commerce domains. The results do not generalize automati-

cally to graph-free, gating-based, adversarial, short-video, or

foundation-model-based multimodal recommenders. Second,

five seeds per cell provide a matched design but limited power

for distributional claims; the influential Baby trajectory demon-

strates why confidence intervals and per-seed inspection remain

important. Third, the causal-channel, equivalence, Bayesian,

and influence analyses were designed after the confirmatory

result and must remain explanatory. Fourth, the manipulated

branch is connected to the ranking model only through an

auxiliary objective. The experiment therefore tests asymmetric

capacity under that auxiliary-only topology, not asymmetric

capacity as a universal design principle. Fifth, the feature

encoders and graph-construction settings are fixed; alternative

encoders, learned modality gates, or direct scoring paths could

change the result. Finally, the dataset-level sparsity/text-utility

interpretation is based on only three domains and should be

evaluated on a larger, pre-specified collection before being

presented as a mechanism. These constraints reinforce broader

recommendations to treat recommender-system conclusions as

conditional on data, baselines, and evaluation design [6], [8].

A further reproducibility limitation is procedural. The pro-

tocol materials were hash-locked locally before execution, but

not deposited in an independent preregistration registry, and

the original code state was not tied to a version-control commit.

The final evidence is instead supported by preserved config-

urations, experiment metadata records, checkpoint metadata,

implementation-correction records, tests, and result files. These

materials make the reported analysis auditable, but prospec-

tive external registration and commit-level provenance would

strengthen a future study.

8 Conclusion

A modality can be important without benefiting from a wider

projection branch. In a controlled FREEDOM-style multimodal

recommender, text-prioritized asymmetric capacity did not

produce a reliable accuracy advantage over a symmetric control

under a matched first-layer weight count. The explanation is

architectural rather than merely statistical: the manipulated

projections change substantially and use the added capacity,

but they have no direct gradient path from the primary ranking

loss or test-time score. Their influence is mediated through a

weak auxiliary objective, while discrete checkpoint selection

can occasionally amplify small training differences into large

endpoint divergence.

The non-multimodal comparison adds a broader result. Mul-

timodal information is strongly beneficial on Clothing but

detrimental in mean performance on Baby and Sports, and text-

knockout direction mirrors that dataset dependence. These find-

ings separate three questions that are often conflated: whether

a modality is informative, whether the model allocates capacity

to it, and whether the architecture gives that capacity a direct

and stable route to affect ranking. Future capacity-allocation

studies should begin by establishing the third condition rather

than assuming it from the first.
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