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Abstract

Multi-modal recommenders fuse user-item interaction signals with
item modalities such as text, images, and audio, but the useful-
ness of each drifts over time and at different rates. For example,
around Valentine’s Day, chocolate purchases become less driven
by textual ingredient cues and more by visual packaging and am-
bient audio. This modality time-scale mismatch gives rise to two
coupled challenges: (1) users with different temporal behavior pro-
files require different modality proportions, and (2) less relevant
modalities are more likely to introduce outdated or misleading sig-
nals into the recommender. We address both challenges within a
unified diffusion-based recommender, TimeRoute. A temporal-
aware modal router maps each user’s aggregated temporal pro-
file to a personalized modality distribution, replacing the globally
shared fusion weights used in prior work. The diffusion-based
graph reconstructor is conditioned on the same profile through
Feature-wise Linear Modulation (FiLM) with dual-stream long- and
short-term denoising heads. This design captures both slowly and
rapidly evolving temporal dynamics to suppress outdated modality
edges before they enter the propagation graph. Experiments on
TikTok, Amazon-Baby, and Amazon-Sports, averaged over 10 seeds,
demonstrate consistent improvements over strong baselines across
Recall@K, Precision@K, and NDCG@K, reaching up to 9.8% (P@20
on Amazon-Baby). Controlled attribution studies further show that
these gains require both the proposed mechanisms and temporal
input: naively granting the backbone the same temporal profile
yields no benefit, and feeding the router random noise performs
no better than removing the router entirely. Code is available at
https://anonymous.4open.science/r/TimeRoute.
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1 Introduction

Multi-modal recommender systems power large-scale platforms
such as e-commerce marketplaces and short-video applications,
where rich item content from images, text, and audio helps over-
come sparse user-item feedback [6, 32]. Recent graph-based ap-
proaches that fuse modality-specific signals with collaborative fil-
tering through graph neural networks achieve strong performance
across benchmarks [24].

However, the usefulness of each modality is not static. User in-
terests and item popularity drift over time [33], and the drift speed
varies across modalities [34, 37]. We refer to this phenomenon
as modality time-scale mismatch: the relevance of each modality
shifts over time, but not uniformly across modalities. Figure 1 illus-
trates this point. Chocolate is purchased year-round, but around
Valentine’s Day purchase decisions shift from textual cues such as
ingredients toward visual packaging and atmospheric audio, then
revert after the holiday. The key observation is that different modal-
ities become more or less relevant at different moments and evolve
at different rates [15]. Users whose interaction histories are situated
differently relative to these shifts, in the holiday window for one
user and in routine periods for another, therefore need different
modality proportions.

This mismatch gives rise to two interrelated problems. The first
problem (Problem 1) is that users in different temporal contexts
require different modality fusion proportions. Since modality im-
portance shifts at different rates, the appropriate fusion depends on
the temporal context reflected in a user’s behavior: interaction fre-
quency, recency, and distribution encode a user’s position relative to
these shifts [17]. However, existing methods, including DifftMM [6],
rely on globally shared fusion weights, assigning the same modality
mixture to a user whose recent history is dominated by a holiday
shopping spree and to one whose history reflects routine purchases
spread over months.
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Figure 1: An example of modality time-scale mismatch.
Around Valentine’s Day, the relevance of chocolate purchase
modalities shifts from textual cues toward visual and audio
signals. User A’s purchases are spread across routine periods,
while User B’s are concentrated in the holiday window; the
two users therefore require different modality proportions,
which a globally shared fusion weight cannot capture.

To address this, we introduce a temporal-aware modal router
that infers each user’s temporal context from aggregated behav-
ioral features and produces a per-user softmax distribution over
modalities. The router output determines how modality-specific
embeddings are fused before GCN propagation, enabling the model
to emphasize the modalities most relevant to each user’s temporal
behavior profile, rather than applying one globally shared mixture
to all users. The router personalizes fusion across users, assigning
one fixed distribution to each user based on their aggregated tem-
poral profile rather than re-routing at each prediction moment (see
Limitations).

The second problem (Problem 2) is the flip side of the first: a
modality that is highly relevant in one temporal context can become
a source of noise in another. Signals that were once informative
may persist long after they have lost their relevance [12, 20]; for
example, Valentine-themed visual cues may remain in the graph
shortly after Valentine’s Day, even when they are no longer useful
for routine purchases. Modalities that are less relevant in the current
context are more likely to contribute such outdated signals. While
the modal router partially mitigates this by down-weighting less-
relevant modalities, the second problem also manifests at the graph
level, where modality-induced edges derived from outdated signals
propagate noise through message passing.

To address this structural aspect, we condition the diffusion-
based graph reconstruction [6] on temporal signals through Feature-
wise Linear Modulation (FILM) [14], which applies learned feature-
wise scale and shift parameters to modulate the user context. We
combine this conditioning with dual-stream long- and short-term
denoising heads [28, 31]. The reconstructor thus accounts for tem-
poral context when rebuilding modality-specific graphs, with the
aim of suppressing outdated edges before they propagate noisy
signals downstream. Together with the modal router, the frame-
work provides temporal awareness at two complementary levels:
the reconstruction of modality-specific graphs (Problem 2) and the
fusion of their resulting embeddings (Problem 1).
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We evaluate TimeRoute on TikTok, Amazon-Baby, and Amazon-
Sports under a 10-seed protocol, and summarize our contributions
as follows:

o We identify modality time-scale mismatch as the root cause of
two interrelated problems: (1) users with different temporal be-
havior profiles need different modality fusion proportions, and
(2) modalities that are less relevant in the current context are
more likely to carry outdated, misleading signals.

e We propose TimeRoute, in which a temporal-aware modal router
personalizes modality fusion per user (Problem 1) and a time-
conditioned diffusion reconstructor uses FILM modulation with
dual-stream long- and short-term heads to suppress outdated
modality edges (Problem 2).

e Beyond consistent improvements over strong baselines on three
benchmarks, controlled attribution studies test the source of these
gains: injecting the same temporal profile without our mecha-
nisms yields no benefit, and feeding the router random noise
performs no better than removing the router entirely; quartile
analysis further shows the learned routing is systematically user-
specific.

2 Related Work

Graph-based Multi-Modal Recommendation. Multi-modal recom-
mendation leverages item content such as images, text, and audio to
alleviate interaction sparsity. VBPR [2] pioneered the use of visual
features in ranking models, and ACF [1] introduced attention-based
reweighting across modalities. Recent work adopts graph neural
networks as the backbone: MMGCN [25] and GRCN [24] propagate
modality signals over user-item graphs, LATTICE [30] mines latent
content-induced structures, and BM3 [35] adds bootstrap-style self-
supervision. Across this line, however, modality fusion is treated as
time-invariant: a single set of fusion weights is learned and applied
uniformly across users. This is at odds with the modality time-
scale mismatch identified in Section 1, where users with different
temporal behavior profiles require different fusion weights. Our
temporal-aware modal router instead derives user-adaptive fusion
weights from each user’s temporal behavior profile, replacing the
globally shared mixture.

Temporal Modeling for Recommendation. Koren’s seminal work [7]
modeled temporal drift in collaborative filtering, and sequential rec-
ommenders such as TiSASRec [8] inject time-interval information
into self-attention; we compare against TiSASRec empirically under
the chronological split (Appendix). More recent work addresses
temporal distribution shift in deployed systems [34, 37]. In multi-
modal settings, XSMoE [15] handles streaming distribution shift
with expandable side experts that absorb newly arriving modalities,
and HM4SR [32] is most closely related to our motivation: it ex-
ploits explicit timestamp signals through a hierarchical time-aware
mixture of experts for multi-modal sequential recommendation.
TimeRoute differs from HM4SR in task setting and mechanism.
HM4SR models chronologically ordered interaction sequences and
predicts the next item, with experts operating over per-interaction
temporal embeddings; TimeRoute addresses non-sequential top-K
recommendation, where timestamps enter only through aggregated
per-user profiles (Section 3.1) that drive fusion-level routing and
graph reconstruction. The two are therefore complementary rather
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than competing designs: one adapts modality use along a sequence,
the other personalizes a fixed per-user fusion. More broadly, ex-
isting temporal recommenders model user and item dynamics on
unimodal sequences or treat prediction as a single evolving sig-
nal; TimeRoute instead couples temporal signals with multi-modal
fusion itself.

Diffusion Models for Recommendation. Early generative recom-
menders used GANs and VAEs [9, 19]; diffusion models have since
been adopted for their training stability, with DiffRec [20] gen-
erating interaction vectors through denoising diffusion and sub-
sequent work extending diffusion to sequential recommendation
and conditional denoising under contextual signals [11, 22]. In
the multi-modal setting, DiffMM [6] reconstructs modality-aware
user-item graphs and aligns them via cross-modal contrastive learn-
ing, and KDiffE [13] augments diffusion-based multi-modal recom-
mendation with knowledge-enhanced denoising; both serve as our
strongest baselines. Closest to our temporal focus, TDPM [36] intro-
duces time-aware diffusion for generative recommendation, disen-
tangling long-span period preferences from event-triggered point
preferences over semantic-ID tokens. TimeRoute shares the intu-
ition that diffusion should not treat all temporal contexts uniformly,
but differs in where time conditioning acts: TDPM conditions token-
level generation of next items in a sequential setting, whereas
TimeRoute conditions graph reconstruction, using FILM-modulated
dual-stream denoisers to suppress outdated modality-induced edges
before they enter GCN propagation. In existing multi-modal dif-
fusion recommenders, including DiffMM and KDIffE, the denoiser
is driven by a user context that is invariant to temporal behavior;
reconstructed graphs therefore cannot reflect when a modality’s rel-
evance has changed. Our time-conditioned reconstructor addresses
this gap.

3 Methodology

We propose TimeRoute (Figure 2), a diffusion-based multi-modal
recommender that addresses the two problems identified in Sec-
tion 1. For Problem 1, we introduce a temporal-aware modal router:
a per-user adaptive modality weighting mechanism that maps each
user’s aggregated temporal behavior profile to a personalized distri-
bution over modalities, replacing the globally shared fusion weights
used in prior work. The router performs temporal-profile person-
alization: each user receives a fixed fusion distribution derived
from their training-set temporal profile. For Problem 2, where
modality signals that have lost their relevance persist as outdated
edges in the graph, we condition the diffusion-based reconstruc-
tion of modality-specific user-item graphs on the same temporal
profile, using FILM modulation [14] with dual-stream long- and
short-term heads to suppress outdated modality edges before they
enter graph propagation. Together, the two components provide
temporal awareness at two complementary levels: the fusion of
modality-specific embeddings and the reconstruction of the graphs
that produce them.

3.1 Preliminaries and Problem Formulation

Task formulation. We consider implicit-feedback, non-sequential
top-K recommendation: user preferences are inferred from ob-
served interactions such as clicks, purchases, or views, and the goal
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is to produce a single ranked top-K list per user. Unlike sequen-
tial recommendation, we do not condition predictions on a query
timestamp or on the position of the next interaction. Timestamps
enter the model only through aggregated per-user temporal profiles
(Section 3.3.1). Let U and V denote the sets of users and items, with
interactions encoded by a binary matrix R € {0, I}W‘XW‘, where
Ry, = 1 indicates an observed interaction. We write r,, € {0, 1}I“VI
for the u-th row of R. We denote the same vector by x, in the dif-
fusion formulation in Section 3.4. Following DiffMM [6], we score
user-item pairs by the inner product of their final embeddings,
.0 = h h,, and return the top-K items per user.

Multi-modal inputs. Each item v is associated with raw modality
features fg” € R% for each modality m in the modality set M. In our
experiments, M = {image, text} on Amazon-Baby and Amazon-
Sports, and M = {image, text, audio} on TikTok.

Temporal inputs. An observed interaction (u,v) may carry a
Unix timestamp 7, »; coverage varies across datasets (on Amazon-
Sports, for example, approximately 63% of training interactions
are timestamped), and profiles are built from the timestamped sub-
set. From user u’s timestamped training-set interactions, we derive
a per-user temporal profile covering a common set of semantic
fields (interaction recency and frequency, calendar context, week-
day/hour patterns). The two downstream pathways consume this
profile in different vectorized forms: the modal router uses a 16-
dimensional form t, € R in which cyclic fields are sin-cos encoded
(Section 3.3.1), and the diffusion conditioner uses a 12-dimensional
raw form t,, € R!? processed by per-field encoders (Section 3.4.1).

3.2 Graph Recommendation Framework

We introduce the pipeline before the two main components, so that
each component’s role in the larger framework is clear.

Modality feature projection and user context. Raw modality
features are projected into a shared d-dimensional space via learn-
able projectors ¢,, (a linear layer with leaky-ReLU): f]* = ¢,,, (f;’f‘) €
R?, with the per-item vectors stacked as F™ € RIVIXd With learn-
able ID embedding matrices Eyy € RIUIXd and By € RIVIX4, we
define the user context embedding

u= (EU)u +r,Ey € Rda (1)

which combines the user’s ID embedding with an aggregate of
interacted-item embeddings and is the time-modulation target of
the FILM heads (Equation (7)).

Modality-specific propagation and fusion. The diffusion recon-
structor (Section 3.4) produces, for each modality, a reconstructed
user-item graph R™. Following [6], each modality’s embeddings
combine two propagation steps: Light GCN-style propagation [4] on
the base graph R seeded with the projected modality features yields
m,base
)
yields e

e , one-step propagation on R™ seeded with the ID embeddings

m,rec m e
where )fa)dj controls the reconstructed gra(p)h’s c(ozltribution. The
modality-specific embeddings are then fused on the user side by
the temporal-aware modal router (Section 3.3) and on the item side
by a globally learned modality weight, yielding e and ef***, and a
final stack of L GCN layers [4] on the base graph, with a normalized
residual term controlled by A5, produces the final embeddings h.)

used for scoring.

m,base +2 m,rec

, and the two are combined as e adi €() >
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Figure 2: Overview of TimeRoute. A per-user temporal profile, built from each user’s interaction timestamps, feeds two parallel
pathways: the temporal-aware modal router (bottom) produces per-user modality fusion weights, and the time-conditioned
diffusion reconstructor (top) rebuilds modality-specific user-item graphs via dual-stream FiLM modulation of the user context.
Both feed the graph recommendation framework (right) for GCN-based top-K recommendation.

3.3 Temporal-Aware Modal Router

The modal router is our mechanism for Problem 1: from each user’s
aggregated temporal profile it produces personalized modality fu-
sion weights, replacing the globally shared mixture. Consistent
with Section 3.1, the routing is fixed per user and does not re-route
at each prediction moment. We describe its five components below;
whether this pathway’s gains stem from information access or from
the mechanism itself is examined in Section 4.3.

3.3.1 User Temporal Profile Construction. For each user u, we ex-
tract 12 raw temporal fields from the user’s timestamped training-
set interactions; no validation or test timestamps are used at any
stage of profile construction (see the evaluation protocol in Sec-
tion 4.1). The fields fall into three semantic groups: long-term
context (4 fields, e.g., global_days, month), encoding the user’s
overall temporal position and historical span; short-term context
(6 fields, e.g., log-scaled inter-event gap, normalized recency, week-
day, hour), encoding the local temporal structure of recent activity;
and auxiliary fields (2 fields), used to disambiguate users with
otherwise identical aggregated signatures. Each field is aggregated
across the user’s interactions using a recency-weighted average, so
that more recent interactions contribute more; cyclic fields are ag-
gregated via sin-cos averaging followed by angular reconstruction,
ensuring that, for example, the average of 23:00 and 01:00 is 00:00
rather than 12:00.

Vectorization for the router. For the router input, the four cyclic
fields are converted to (sin, cos) pairs to preserve circular proximity,
continuous fields are normalized to a comparable range, bounded
fields are clipped to [0, 1], and the weekend indicator is one-hot
encoded, yielding t, € R'®. The encoding is lightweight, adding

only 610 parameters on Amazon-Baby and Amazon-Sports and 643
on TikTok; the full field list and per-field encoding details are in
the Appendix! and in our released code.

3.3.2  Routing Function. Given t,, the router produces a probability
distribution over modalities through a two-layer MLP followed by
a softmax:

w, = Softmax (W, o(Wit, +b;) +by), 2)

where W, € R3¥16 W, e RIMIX32 3nd 5 is the ReLU activation.
The output w,, € AMI=1 is a per-user modality distribution. Be-
cause t, aggregates the user’s training-set history, w,, is computed
once per user and remains fixed across prediction moments. We
initialize W, and b, to zero so that w, = 1/| M| at initialization:
this warm start avoids strongly skewed routing before the modality-
specific embeddings have meaningfully differentiated.

3.3.3  Weight Floor. To prevent the router from entirely suppress-
ing a modality, we rescale the softmax output as w;, ,, = € + (1 —
|IM|€) Wy m with € = 0.05, which preserves the simplex structure
while guaranteeing w;, ,,, 2 €. This keeps every modality branch
contributing a bounded minimum signal and receiving training
gradient, reducing the cost of confidently wrong routing decisions.

!https://anonymous.4open.science/r/TimeRoute/TimeRoute_appendix.pdf
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3.3.4  Per-User Modality Fusion. Modality fusion is applied differ-
ently on the user and item sides:

= 3 Wl ued, 3)
meM

= N fu-el, veV, @)
meM

where = Softmax( ) is a globally learned modality-weight vector
shared across all items. The user side offers a compact temporal
profile as router input, whereas an item-side router would multiply
routing decisions while resting on much weaker per-item evidence;
we therefore retain a global item-side weight f for dataset-level
modality importance. An item-side router variant degraded per-
formance on all three datasets in screening experiments (see the
Appendix).

3.3.5 Diversity Regularization. The weight floor does not prevent
a subtler failure mode: the router can converge to a near-uniform
distribution shared across users, recovering DifftMM-like behavior
with no per-user adaptation and thus failing to address Problem 1.
To explicitly encourage per-user differentiation, we add a diversity
regularizer:

1 1
Lav = 7 2, HOW) = H(@ >, wu), (5)

ueB ueB

per-user entropy batch-mean entropy

where H(p) = — 2, pm log pr, is the Shannon entropy, 8B is the
current minibatch of users, and w,, denotes the pre-floor softmax
output (Equation (2)) to preserve gradient flow through the router
during optimization. Minimizing L4, encourages each user to-
ward a confident routing decision (low per-user entropy) while
keeping the batch-averaged distribution broadly balanced across
modalities (high batch-mean entropy), so that user-specific distribu-
tions differentiate without collapsing to a single globally dominant
modality. The regularizer is added to the joint loss with a single
hyperparameter A4y, tuned per dataset (see our released code at
https://anonymous.4open.science/r/TimeRoute for full values).

3.4 Time-Conditioned Diffusion Reconstruction

To address Problem 2, we extend the diffusion-based graph recon-
struction pipeline of DiffMM [6] along two axes. Time condition-
ing introduces a FILM-modulated user context with dual-stream
long- and short-term heads (Section 3.4.1), together with a time-
reweighted reconstruction loss (Section 3.4.3). Modality grounding
adds an alignment regularizer that ties modality-specific reconstruc-
tions to the modality feature space (Section 3.4.2). FiLM condition-
ing, the dual-stream heads, and the time-reweighted loss modulate
the same reconstruction pathway from complementary angles and
are designed to act jointly.

We follow the standard DDPM formulation of Ho et al. [5], as in-
stantiated for recommendation by DiffMM [6]: the forward process
gradually corrupts the interaction vector x, = r, with Gaussian
noise under a fixed variance schedule, and a per-modality MLP
denoiser Dg,, predicts the clean vector X' = Dy,, (x;,t,u’), where
u’ is the time-modulated user context, instantiated by the long- and
short-term streams of Section 3.4.1. The reconstructed graphs R™
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assembled from these denoised predictions serve as inputs to the
modality-specific propagation of Section 3.2.

3.4.1 Time Conditioning via FiLM and Dual-Stream Heads. Each
modality m € M has its own denoiser Dyg,,, with independently
learned field-level encoders, fusion MLPs, FiLM heads, and a gat-
ing network; we describe the architecture generically. A standard
diffusion-based recommender conditions the denoiser on a single
user context u that is identical across temporal contexts; as a re-
sult, the reconstruction cannot reflect shifts in the user’s recent
behavior (Problem 2). We therefore time-modulate u via FILM and
equip the denoiser with separate long- and short-term streams, de-
signed to capture slowly and rapidly evolving behavioral dynamics,
respectively.

Field-level temporal encoding. Each of the 12 fields in t, is
encoded individually (linear layers for continuous fields, (sin, cos)
pairs for cyclic fields, and an embedding table for a quantile-based
inter-event gap bucket), then partitioned by temporal scope: the
four slowly evolving fields (overall usage history, seasonal position)
feed a long-term stream, and the six rapidly changing fields (inter-
event timing, time-of-day and weekday effects, recency) feed a
short-term stream. Stream-specific MLPs map the concatenated
encodings to hidden states hif“g and h?ho™t; the exact field-to-stream
assignment is listed in the Appendix.

Dual FiLM parameters. Each stream produces its own scale and
shift parameters that modulate the user context u of Equation (1).
For stream s € {long, short}:

(v Br) = Fs(hy), (6)
v=uoy, + )

where Flong and Fnort are linear heads.? Following Perez et al. [14],
we parameterize y = 1 + ELU(-) and B = tanh(-) so that the
modulation starts near an identity transformation, which stabilizes
early training.

Dual-stream denoising and gated combination. The denoiser
is run twice per training step, once conditioned on u'®*¢ and once

on w°t and the two reconstructions are combined by a user- and

step-dependent gate a,; = 0(MLPgate ([ h]uong, hihort e, 1)), where

o is the sigmoid function and e; is the diffusion-step embedding:

)A((r)n =ty - )A((r)n,long + (1 _ au,t) . )A(ron,short. (8)
The gate interpolates, per user and per diffusion step, between
slowly evolving long-term patterns and rapidly changing short-
term behavior.

3.4.2 Modality-aware Alignment Regularization. The denoiser does
not take the modality feature matrix F™ as input directly. To inject
modality semantics, we tie the reconstructed user-item scores to
the modality feature space. For user u, the denoiser predicts a clean
interaction vector X', over items, where the subscript 0 denotes
the denoised diffusion state rather than a user index:

m -, [H;(gju F™ = Xou EV||§] ‘ ©)

align
The term 7", F™ projects the predicted interactions into modality-m

feature space, while %, Ey projects the observed interactions into

“The FiLM shifts 8, are distinct from the item-side fusion weights f,,, in Equation (4);
we keep the standard FILM notation despite the overlap.
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the shared ID embedding space. Minimizing their distance keeps
each modality-specific reconstruction faithful to observed behavior
while respecting the geometry of modality m, enabling modality-
differentiated graphs R™ with a compact denoiser architecture.

3.4.3 Time-Reweighted Reconstruction Loss and Graph Assembly.
A standard diffusion reconstruction loss weights users equally re-
gardless of how recently they were active, even though more recent
activity is typically more informative of current preferences. We
therefore introduce a time-reweighted variant of the per-modality
reconstruction loss:

Ll = Eu,t,e[wsm(t) -(1+A; - pos_norm,,) - on - )26"”;] , (10)

where wgy, (t) is the standard SNR-derived diffusion-step weight,
pos_norm,, € [0, 1] is the normalized recency of u’s most recent
training interaction, and A; is a hyperparameter tuned per dataset.
The reweighting prioritizes accurate reconstruction near the tem-
poral frontier, where outdated modality signals are most likely to
mislead the recommender (the structural side of Problem 2). Once
the per-modality denoisers are trained, we sample X’ via reverse
diffusion under the FILM conditioning of Section 3.4.1 and assemble
R™ from the top-k predicted items per user, as illustrated in the
rightmost panel of Figure 2.

3.5 Training Objective and Optimization

The model is optimized with an alternating three-phase schedule
under a composite objective:

L = Lppr +AaLcL + Z (L +Ae Lifien) + Adiv Laiv + Areg lell3-

meM

(11)
Here Lppg is the pairwise ranking loss of BPR [16], computed from
the GCN-fused embeddings; Ly, is the multi-view contrastive loss
inherited from DiffMM [6], which contrasts modality-specific user
and item views against an aggregated view that does not pass
through the router; £7: and .[::fign are given in Equations (10)
and (9); Lgiv is the router diversity regularizer (Equation (5)); and
O collects all trainable parameters. The hyperparameters A, Ae,
Adiv> As, and Areg are tuned per dataset (see the released code for full
values).

Each epoch proceeds in three phases. (1) Diffusion training
updates only the denoiser-side parameters {0y, }m via X, (L] +
Ae.ﬁgfign), isolating graph generation from ranking optimization.
(2) Graph reconstruction samples X" with the updated denoisers
and assembles {ﬁm}meM via the top-k procedure of Section 3.4.3.
(3) GCN and recommendation training fuses embeddings via
the modal router and updates the remaining parameters via Lgpr +
AaLcr + AdgivLaiv + /lreg||®||§. Although Ly, appears in Phase 3, its
contrastive views are built by per-modality propagation without
routing, and thus no gradient flows through the router; this prevents
the contrastive objective, which can favor near-uniform weights,
from pulling the router toward a collapsed global mixture.

Anonymous Author(s)

Table 1: Dataset and timestamp statistics. TimeCov is the
fraction of interactions carrying timestamps; Range is the
time span of training interactions.

TikTok Amazon-Baby Amazon-Sports

# Users 9,319 19,445 35,598
# Items 6,710 7,050 18,357
# Interactions 59,541 139,110 256,308
Sparsity (%) 99.904 99.899 99.961
TimeCov 0.907 0.725 0.635
Range 2022.01-2023.09 2001.02-2014.07 2006.01-2023.10

4 Experiments

We evaluate TimeRoute on three widely used multi-modal bench-
marks: TikTok, Amazon-Baby, and Amazon-Sports.3 Table 1 sum-
marizes their statistics: the three datasets span different temporal
ranges, timestamp coverages, and user activity distributions, which
allows us to study modality time-scale mismatch under diverse set-
tings. Full preprocessing, feature, and split details are provided in
the Appendix.? We organize the experiments around four research
questions:

e RQ1 (Overall Effectiveness). Does TimeRoute consistently
improve top-K recommendation over strong baselines across
datasets and metrics?

e RQ2 (Gain Attribution). Do the gains stem merely from access
to timestamp-derived inputs, or from how TimeRoute’s mecha-
nisms exploit them?

e RQ3 (User-Level Routing). Does the modal router learn sys-

tematic per-user differentiation in modality weights, and how do

these weights vary with users’ activity levels?

RQ4 (Component Contributions and Design Validation).

What is the individual contribution of each component, and are

our architectural choices, such as restricting routing to the user

side, supported empirically?

4.1 Experimental Setup

4.1.1  Evaluation metrics. We report three standard top-K ranking
metrics at K = 20: Recall@20 (R@20), Precision@20 (P@20), and
NDCG@20 (N@20); full metric definitions and dataset preprocess-
ing are in the appendix.’ Each results table additionally reports
A(%), the relative improvement of TimeRoute over the strongest
baseline in the corresponding column.

4.1.2  Multi-seed protocol. Every main experiment, including the
attribution arms and all ablations, is run with 10 seeds (1, 7, 42, 123,
456, 666, 789, 888, 999, 2026); screening studies with fewer seeds
are labeled as such. Attribution and ablation results (Sections 4.3
and 4.5) report seed-averaged means with standard deviations.

4.1.3  Data splits and temporal-feature protocol. We use a random
train/validation/test split, matching prior diffusion-based multi-
modal recommenders [6]. A complementary chronological-split

Shttps://github.com/HKUDS/DiffMM/tree/main/Datasets
*https://anonymous.4open.science/r/TimeRoute/TimeRoute_appendix.pdf
Shttps://anonymous.4open.science/r/TimeRoute/TimeRoute_appendix.pdf
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evaluation, in which each user’s training interactions strictly pre-
cede held-out ones, is reported in the Appendix. All temporal fea-
tures are constructed strictly from training-set interactions.
Evaluation never accesses validation or test timestamps. All
model checkpoints are selected by validation Recall@20.
Thus, no validation or test timestamp influences profile construc-
tion, graph reconstruction, or model selection. Consistent with the
non-sequential formulation (Section 3.1), TimeRoute does not con-
dition on a query timestamp at prediction time; a preliminary 3-seed
study found no significant paired differences with such conditioning
enabled versus disabled (Amazon-Baby p = 0.38, Amazon-Sports
p =0.60, TikTok p = 0.43), the main configuration therefore omits
it. All experiments can be reproduced from our released code at
https://anonymous.4open.science/r/TimeRoute.

4.1.4 Compared Baselines. We start from the strong baseline suite
used in DiffMM [6] for comparability and add KDiffE [13], a recent
diffusion-based multimodal baseline. The comparison covers five
paradigms: (i) Conventional CF: MF-BPR [16]. (ii) GNN-based
CF: NGCF [21], LightGCN [4]. (iii) Self-supervised CF: SGL [26],
NCL [10], HCCF [27]. (iv) Multimodal recommenders: VBPR [3],
LGCN-M [4], BM3 [35], GRCN [24], MMGCN [25], LATTICE [30],
CLCRec [23], MMGCL [29], SLMRec [18]. (v) Diffusion-based
multimodal recommenders: Diff MM [6], KDiffE [13]. For every
baseline, we follow the hyperparameter search ranges in the original
paper or the public implementation. Sequential recommenders such
as TiSASRec [8] are excluded here: under a random split, training
data contains interactions that postdate test interactions, rendering
their next-item objective incompatible with this evaluation protocol.
We instead compare against TiSASRec under the chronological split
in the Appendix, where sequential supervision is well-defined.

4.2 OQOverall Effectiveness (RQ1)

We first examine whether TimeRoute improves top-K recommen-
dation across datasets and metrics under the protocol of Section 4.1.
Table 2 reports the comparison against all baselines.

TimeRoute outperforms every baseline on every dataset and
metric. Relative gains over the strongest baseline range from +4.92%
to +9.80%: the largest improvements appear on P@20 and N@20
for Amazon-Baby (+9.80% and +9.73%) and on N@20 for Amazon-
Sports and TikTok (+7.83% and +7.17%), indicating improvements
in precision and ranking quality, not only recall.

DiffMM and KDiffE are the strongest competitors on all three
datasets; TimeRoute improves over both while sharing their back-
bone family, suggesting that the margin reflects the temporal com-
ponents rather than a fundamentally different modeling paradigm.
TimeRoute also differs from all baselines in consuming timestamp-
derived inputs, and the margin could in principle reflect information
access rather than mechanism design; RQ2 addresses this with con-
trolled comparisons.

4.3 Gain Attribution (RQ2)

The gains in RQ1 might reflect access to timestamp-derived inputs
rather than the proposed mechanisms. We probe this from opposite
directions: the first comparison holds the backbone fixed and varies
how timestamp information enters the model; the second holds the
architecture fixed and corrupts what the router receives.
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4.3.1 Is access to timestamps alone sufficient? We compare three
configurations that share the backbone, hyperparameters, and seeds.
Plain removes all temporal components from TimeRoute: no router,
no FiLM conditioning, no dual-stream heads, and no time-reweighted
loss, leaving the model with no access to timestamps (the FILM lay-
ers remain in place but receive a zero vector, reducing to a learned
constant modulation that carries no temporal information). Naive
gives the same backbone the identical per-user temporal profile,
injected without any of the proposed temporal mechanisms: the
profile, in the same 12-dimensional raw form consumed by the dif-
fusion conditioner (Section 3.1), passes through a small two-layer
MLP (zero-initialized at the output) whose result is added to the
user context that conditions the denoiser. Full is TimeRoute. If ac-
cess to timestamp information were sufficient to explain the gains,
Naive should recover most of Full’s advantage over Plain.

Table 3 shows that naive access alone does not help. Naive never
improves over Plain on any dataset: it is numerically worse on
Amazon-Baby (A = —0.0024) and TikTok (A = —0.0014), and nearly
identical to Plain on Amazon-Sports (A = —0.0001). Injecting the
very same temporal profile through an unconstrained pathway thus
yields no benefit and can even hurt, suggesting that directly perturb-
ing the user context may distort representations that the ranking
objective depends on. In contrast, Full outperforms both Plain and
Naive on all three datasets by margins that substantially exceed
the reported seed-level standard deviations, with gains over Plain
of +0.0036 (Amazon-Baby), +0.0034 (Amazon-Sports), and +0.0086
(TikTok). The same information that provides no gain when injected
naively becomes consistently beneficial when consumed through
the proposed pathway: the gains in Table 2 therefore depend on
how timestamp-derived information is incorporated, not merely
on its availability.

4.3.2 s temporal input necessary? The second comparison probes
the mechanism from the opposite direction on Amazon-Baby. We
keep the full architecture and replace the router’s temporal in-
put with fixed random noise of identical dimensionality (a 16-
dimensional Gaussian vector per user, drawn with a seed indepen-
dent of the training seed), leaving the parameter count unchanged.
This preserves the router’s capacity for per-user adaptive weighting
while removing the temporal content of its input. We additionally
compare against ablating the router entirely.

The result shows that the router’s benefit depends on temporal
input. Replacing the temporal profile with noise drops R@20 from
0.1023:0.0005 to 0.0984+0.0004 (meanzstd over 10 seeds), a 3.8% degra-
dation that substantially exceeds the reported seed-level standard
deviations: the router cannot recover its benefit from an input that
carries no temporal information, even though its architecture, ca-
pacity, and parameter count are unchanged. Moreover, the noise-fed
router performs no better than removing the router entirely (0.0984
vs. 0.0985=0.0006): per-user adaptive weighting alone provides no
measurable benefit in this probe, indicating that the router’s value
lies in the temporal content of its input rather than its added capac-
ity. We treat this single-dataset probe as a mechanism check rather
than a claim about every dataset.

Together, the two comparisons show that temporal information
without the proposed mechanisms provides no gain, and that the
router’s benefit depends on temporal input: TimeRoute’s gains arise
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Table 2: Overall performance on the Random split (R@20, P@20, N@20). A(%) is the relative improvement of TimeRoute (mean
over 10 seeds) over the best baseline per column. Best in bold; second-best underlined.

TikTok Amazon-Baby Amazon-Sports

R@20 P@20 N@20 R@20 P@20 N@20 R@20 P@20 N@20

General collaborative filtering
MF-BPR [16] 0.0346  0.0017 0.0130 0.0440 0.0024 0.0200 0.0430 0.0023 0.0202
NGCF [21] 0.0604 0.0030 0.0238 0.0591 0.0032 0.0261 0.0695 0.0037 0.0318
LightGCN [4] 0.0653 0.0033 0.0282 0.0698 0.0037 0.0319 0.0782 0.0042 0.0369
SGL [26] 0.0603  0.0030 0.0238 0.0678 0.0036 0.0296 0.0779 0.0041 0.0361
NCL [10] 0.0658 0.0034 0.0269 0.0703 0.0038 0.0311 0.0765 0.0040 0.0349
HCCF [27] 0.0662  0.0029  0.0267 0.0705 0.0037 0.0308 0.0779 0.0041 0.0361

Multi-modal recommendation
VBPR [3] 0.0380 0.0018 0.0134 0.0486 0.0026 0.0213 0.0582 0.0031 0.0265
LGCN-M [4] 0.0679 0.0034 0.0273 0.0726 0.0038 0.0329 0.0705 0.0035 0.0324
MMGCN [25]  0.0730 0.0036 0.0307 0.0640 0.0032 0.0284 0.0638 0.0034 0.0279
GRCN [24] 0.0804 0.0036 0.0350 0.0754 0.0040 0.0336 0.0833 0.0044 0.0377
LATTICE [30] 0.0843 0.0042 0.0367 0.0829 0.0044 0.0368 0.0915 0.0048 0.0424
CLCRec [23] 0.0621 0.0032 0.0264 0.0610 0.0032 0.0284 0.0651 0.0035 0.0301
MMGCL [29] 0.0799  0.0037 0.0326 0.0758 0.0041 0.0331 0.0875 0.0046 0.0409
SLMRec [18] 0.0845 0.0042 0.0353 0.0765 0.0043 0.0325 0.0829 0.0043 0.0376
BM3 [35] 0.0957  0.0048 0.0404 0.0839 0.0044 0.0361 0.0975 0.0051 0.0442
DiffMM [6] 0.1129  0.0056 0.0456 0.0975 0.0051 0.0411 0.1017 0.0054 0.0458
KDiffE [13] 0.1120  0.0056  0.0460 0.0950 0.0050 0.0400 0.1020 0.0056  0.0460
TimeRoute 0.1208 0.0059 0.0493 0.1023 0.0056 0.0451 0.1094 0.0059 0.0496
A (%) +7.00 +5.36 +7.17 +4.92 +9.80 +9.73 +7.25 +5.36 +7.83

Table 3: Three-configuration attribution study (R@20,
meanzstd over 10 seeds). Plain: backbone with all tempo-
ral components removed (no timestamp access). Naive: the
same per-user temporal profile injected without the proposed
mechanisms. Full: TimeRoute. Best results per column in
bold.

Configuration Amazon-Baby Amazon-Sports TikTok

0.09870.0009
0.09630.0009
0.1023+0.0005

0.1060+0.0012
0.1059:0.0006
0.1094-=0.0007

0.1122+0.0023
0.1108:£0.0021
0.1208=+0.0009

Plain (no temporal input)
Naive injection
TimeRoute (full)

from the conjunction of the routing pathway and temporal input
that encodes each user’s behavior.

4.4 User-Level Routing (RQ3)

Does the router learn differentiated per-user weights, or does it
converge to a single global weighting that merely improves on
DifftMM’s shared default? If all users receive nearly identical weights,
the router reduces to a learned global mixture and provides no user-
specific adaptation. To investigate, we partition users on Amazon-
Baby and TikTok into four interaction-count quartiles, where Q1
contains the least active users and Q4 the most active. Because inter-
action counts are highly discrete, quartile boundaries fall on values
with many ties and the resulting groups need not be equally sized;
on TikTok in particular, Q4 contains a small set of exceptionally
active users (the full per-quartile statistics, including group sizes,
interaction-count ranges, and within-quartile weight dispersion,
are listed in the Appendix). Figure 3 plots, for each quartile, the

mean modality weights wimg and wiyt (Waug additionally on TikTok)
together with the mean per-user routing entropy H = E, [H(w,,)]
and the number of users n.

image text image text audio

modality weight
modality weight

Q4
(dense)
n=137

H=0.476

Q4 Q1 Q2 Q3
(dense) (sparse)
n=4382 n=3517

H=0212 H =0.650

Q1 Q2 a3
(sparse)
n=5998

H=0.210

n=3785
H=0.210

n =5280
H=0211

n=3,073
H=0.647

n=2,581
H=0.639

(a) Amazon-Baby (N = 19,445). (b) TikTok (N = 9,308).
Figure 3: Per-user routing analysis by user activity quartile on
(a) Amazon-Baby and (b) TikTok. For each quartile, we plot
the mean modality weights wimg, Wixt (and wyyq for TikTok)
together with the mean per-user routing entropy. Q1 contains
users with the fewest interactions; Q4 contains the most
active users. On TikTok, N = 9,308 denotes the users present
in the released timestamped interaction files, slightly below
the benchmark’s 9,319 users in Table 1.

Figure 3 shows two patterns. First, the router differentiates at
the level of individual users rather than activity bands. On Amazon-
Baby, the mean image weight rises from 0.524 at Q1 to 0.588 at
Q4 (+12.2% relative) while the mean per-user routing entropy re-
mains nearly constant (0.210 to 0.212): higher activity is associated
with a shift in where weight is allocated, not in how confidently. The



TimeRoute: Time-Aware Modality Routing and Diffusion for Multi-Modal Recommendation

weights also vary widely within each quartile (image-weight disper-
sion 0.436-0.445; see the Appendix), and thus under a two-modality
simplex many users sit near one extreme or the other; combined
with the low mean entropy relative to the two-modality bound
(In2 ~ 0.693), this indicates confident, user-specific routing rather
than a global solution with minor perturbations, consistent with
the behavior the diversity regularizer (Section 3.3.5) is designed to
produce.

Second, the differentiation is directional on TikTok. The mean
image weight climbs from 0.599 at Q1 to 0.617 at Q3, then jumps to
0.830 for the most active quartile, while text and audio fall to 0.083
and 0.087, mean entropy drops from 0.650 to 0.476, and within-
quartile dispersion shrinks from 0.363 to 0.194. Q4 is a small set of
extremely active users (n = 137, reflecting the platform’s heavy-
tailed activity): higher activity is associated with progressively
stronger commitment to image, the dominant learned modality,
while the weight floor (Section 3.3.3) bounds the rest. This special-
ization occurs within a router that the ablation in Section 4.5 shows
to be beneficial overall (removing the router costs 3.56% of R@20
on TikTok); we note it as a boundary of adaptive fusion and return
to it in the Limitations. The quartile trends alone do not show that
temporal content specifically, rather than activity level, structures
the weights; that evidence comes from the noise-input probe of
Section 4.3.2.

4.5 Component Contributions and Design
Validation (RQ4)

We now ask which architectural components contribute to these
gains. Four ablations each remove one component while keeping
the rest intact: w/o Modal Router, w/o Dual-Stream, w/o FiLM, and
w/o Time-Weight. Every ablation follows the full 10-seed protocol
of Section 4.1, and Table 4 reports R@20 for each variant together
with its relative change with respect to the full model.

Table 4: Ablation study on the Random split. Each row re-
moves one component from the full model. We report R@20
as mean + std over 10 seeds and the relative change with
respect to the full model.

Setting Baby Sports TikTok

Full Model 0.1023 + 0.0005 0.1094 + 0.0007 0.1208 + 0.0009

w/o Modal Router 0.0985 + 0.0006 (—3.71%) 0.1062 % 0.0008 (—2.93%) 0.1165 % 0.0010 (—3.56%)
w/0 Dual-Stream 0.0994 + 0.0007 (—2.83%) 0.1058 + 0.0006 (—3.29%) 0.1159 % 0.0008 (—4.06%)
w/o FiLM 0.0993 + 0.0005 (—2.93%) 0.1070 = 0.0007 (—2.19%) 0.1173 % 0.0009 (—2.90%)
w/o Time-Weight 0.0986 + 0.0006 (—3.62%) 0.1064 % 0.0008 (—2.74%) 0.1165 % 0.0010 (—3.56%)

o Every temporal component is individually necessary. Re-
moving any single component consistently degrades R@20 on all
three datasets, with relative drops between 2.19% and 4.06%. The
degradation spans both of TimeRoute’s pathways: the fusion-level
modal router (Problem 1) and each of the three diffusion-side tempo-
ral components (Problem 2). Temporal awareness thus contributes
at both levels of the framework, rather than being concentrated in
a single module.

e The modal router contributes at the fusion level. Remov-
ing the router reduces R@20 by 3.71% on Amazon-Baby, 2.93%
on Amazon-Sports, and 3.56% on TikTok. Notably, the router re-
mains beneficial on Amazon-Sports despite that dataset’s partial
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timestamp coverage (approximately 63% of training interactions),
suggesting that the routing pathway can remain effective under
incomplete temporal observability: profiles built from the times-
tamped subset of a user’s history still provide a usable routing
signal.

e The diffusion-side components contribute at the recon-
struction level. Dual-Stream, FiLM, and Time-Weight each make a
consistent contribution: removing the dual-stream heads produces
the largest single drop on TikTok (—4.06%) and Amazon-Sports
(—3.29%), removing the time-reweighted loss reduces R@20 by
3.62% on Amazon-Baby, and removing FiLM conditioning reduces
R@20 by between 2.19% and 2.93% across datasets. This shows
that time-conditioned graph reconstruction (Problem 2) makes a
distinct, non-redundant contribution in addition to fusion-level
routing: even with the router intact, removing any one of these
components reduces performance. That the dual-stream separation
of long- and short-term dynamics shows its largest effect on TikTok
is consistent with the platform’s fast-moving interaction patterns,
which may make the separation of long- and short-term signals
particularly useful.

o User-side versus item-side routing. As an additional check on
the fusion design of Section 3.3.4, we evaluated an item-side router
variant that builds per-item temporal profiles and applies analogous
routing to item-side fusion; it consistently reduced R@20 on all
three datasets, and the full setup and numbers are reported in the
Appendix.

5 Conclusion

We proposed TimeRoute, a diffusion-based multi-modal recom-
mender for modality time-scale mismatch, combining a temporal-
aware modal router that personalizes modality fusion per user with
time-conditioned diffusion reconstruction that suppresses outdated
graph-level signals. Across TikTok, Amazon-Baby, and Amazon-
Sports, experiments averaged over 10 seeds show consistent im-
provements over strong baselines. Controlled attribution studies
show that the gains require both the proposed mechanisms and
temporal input; quartile analysis finds the learned routing to be
systematically user-specific; and component ablations show every
tested temporal component contributes consistently.

Limitations

First, routing is static per user: each user receives one fixed fusion
distribution aggregated from their training history; per-moment
dynamic routing is a natural next step. Second, our ablations are one-
component-at-a-time and the noise-input probe covers Amazon-
Baby only; interaction effects between the two pathways, which
the Plain-arm comparison suggests are partly synergistic, remain
unquantified. Third, the main evaluation follows the random-split
protocol of prior work, and the chronological-split evaluation in the
Appendix covers fewer baselines (DiffMM and TiSASRec). Fourth,
routing quality may degrade under partial timestamp coverage.
Finally, on TikTok, highly active users receive near-single-modality
weights, increasing reliance on the dominant modality. Future work
could add modality-quality estimation and extend TimeRoute to
sequential recommendation.
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