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Abstract
Ranking systems in online platforms across domains must handle
temporal drift where artifact distributions and contextual relevance
evolve over time. Existing approaches address temporal drift us-
ing recency weighting, sliding windows, or forecasting techniques,
however, they do not focus on integrating drift signals with ranking
systems or handle the data variability introduced by the drift. We
propose DART, a two-stage architecture combining a rankingmodel
with a forecasting model that predicts artifact performance for a
look-ahead window. An uncertainty-aware attention mechanism
dynamically weights forecasted information based on prediction
confidence, enabling robust adaptation without online updates to
the ranker at serving time. Prior work uses uncertainty either to
detect drift [19] or to debias ranking [11]; DART instead uses it
as a control signal that modulates information flow from a fore-
caster to the ranker. Experiments on a large-scale e-commerce
promotion ranking dataset show DART’s deployable offline config-
uration achieves +11.11% ± 0.11% relative Mean Reciprocal Rank
(MRR) during promotional events and +7.37% ± 0.11% pre-event.
On the public Coveo SIGIR dataset DART delivers ∼+22% MRR in
both high and low-drift periods, showing dual-regime robustness
across abrupt and gradual drift; the mechanism is task-agnostic and
also improves a regression benchmark. Ablations demonstrate that
attention-based integration of forecasted information substantially
outperforms direct feature inclusion, reinforcing the importance of
uncertainty-aware temporal adaptation in ranking systems.
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1 Introduction
Ranking systems must rank artifacts within specific contexts while
handling temporal drift, where artifact distributions and contextual
relevance evolve over time. Consider vacation rental platforms rank-
ing properties based on traveller preferences and seasonal demand,
where beachfront and mountain properties show clear seasonal pat-
terns. Content platforms rank articles considering user interests and
trending topics, with categories tied to news cycles. E-commerce
stores exemplify this challenge through promotional offer ranking.
When customers browse products or proceed to checkout, stores
must decide which promotional incentives to display prominently.
Should a customer see a Financial Partner Discount from their
preferred bank, or would a Bundle Savings offer encouraging ad-
ditional purchases be more compelling? These decisions directly
impact whether customers complete their purchases and howmuch
they spend.

The challenge intensifies during major temporal shifts across
domains. During festival sales, e-commerce stores see financial
partner discounts dominate as customers make high-value pur-
chases, with some partners aggressively adding higher discount
offers while others completely remove offerings (figure 1). Con-
tent platforms experience dramatic shifts during breaking news
events or catastrophes, where certain article categories suddenly
surge in relevance while others decline. Vacation rental platforms
witness property distribution changes during peak travel seasons,
with beach properties becoming scarce in summer while mountain
listings increase in winter. Each temporal period requires different
ranking strategies to maximize both user satisfaction and business
objectives.

Traditional static ranking models struggle in these dynamic set-
tings as they cannot adapt to evolving distributions. Current ap-
proaches to temporal drift span reactive and predictive techniques.
Recency-based methods such as sliding windows and exponential
decay weighting [12] down-weight older observations but cannot
anticipate future shifts. Forecasting-based methods predict future
artifact performance: offline methods use prediction variance as a
drift indicator [19, 33] while online methods [2, 31] adapt through
ensemble techniques and gradient updates. However, significant
challenges remain: (1) recency methods are purely reactive and
miss anticipatory behavior (e.g., customers delaying purchases be-
fore sales); (2) forecasting approaches optimize prediction accuracy
rather than downstream ranking, and online methods require con-
tinuous updates unsuitable for production systems under strict
latency constraints; (3) none account for heteroscedastic uncer-
tainty, i.e., the varying reliability of predictions across temporal
regimes.

To address the above challenges, we investigate the following
research questions: RQ1: How can we integrate drift information
captured by a forecasting model with a light-weight ranking model?
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Figure 1: Left: promotional offers by several financial part-
ners shown to a customer for an electronics product in
Jan 2025. Right: promotional offers for the same prod-
uct/customer during a major shopping event (Oct 2025). Red
box highlights the offerwhichwas redeemed by the customer.
Note that "personalization" in ranking is necessary as simple
heuristics like sorting by discount will not be ideal.

We perform multiple ablations quantifying the impact of using fore-
casted signals and representations as raw input in ranking models.
Our experiments show that using an attention layer to integrate
forecasted representations with the ranking models yield the best
results. RQ2: How do we handle data variability introduced by
drift across time periods when integrating forecasted information?
We focus our experiments to verify if this data variability can be
addressed by using epistemic uncertainty measures and highlight
the effectiveness of using uncertainty aware attention to integrate
information between two models.

Contributions: In this paper, we focus our experiments on the
primary task of ranking promotional offers in the e-commerce
domain. Our contributions can be summarized as follows: (1) We
formalize temporal drift challenges in ranking systems by character-
izing how promotion distributions change over time in e-commerce
environments; (2) We propose DART, which integrates drift-aware
forecasting models with ranking models with no online ranker
updates at serving time; the forecaster supports test-time-adaptive
variants but is deployed as a periodic batch refresh in production
(RQ1); (3) We introduce an uncertainty-aware attention mechanism
that dynamically adjusts how much the ranking model trusts fore-
casted information based on prediction confidence, ensuring robust
performance when data quality varies (RQ2); (4) We design DART
for production deployment under stringent latency constraints
(<10ms inference budget) at scale, using a two-stage architecture
where the forecaster runs in batch with cached embeddings, adding
minimal overhead (one attention layer plus a small uncertainty-
scaling MLP) on the real-time path. DART’s contribution lies in
the uncertainty-scaled attention mechanism that governs informa-
tion flow between a forecaster and a ranker: rather than naively
concatenating forecasted signals or relying on a simple two-stage
pipeline, DART uses epistemic uncertainty to dynamically mod-
ulate how much the ranker trusts temporal predictions through
learned attention.

Experiments on a large-scale e-commerce promotion ranking
system show DART’s deployable offline configuration delivers
+11.11% ± 0.11% relative MRR during events and +7.37% ± 0.11%
pre-event versus static baselines (online OneNet upper bound:
+11.99% / +7.94%). On Coveo SIGIR [26] DART delivers ∼+22%
MRR in both high- and low-drift periods (dual-regime robustness
without retuning). These improvements translate to higher con-
version rates and more relevant promotions. While our primary
focus addresses e-commerce promotion ranking, DART’s approach
to temporal drift applies broadly to any downstream task in any
domain.

2 Related Work
Our work intersects attention mechanism for integrating comple-
mentary information, uncertainty estimation in ranking systems,
and temporal drift handling in forecasting. Each addresses different
aspects of temporal adaptation: attention for integration, uncer-
tainty for reliability estimates, and forecasting for temporal pat-
terns.

Attention for complementary information integration:
Existing work uses attention to incorporate external information
through knowledge distillation where teacher models guide stu-
dents via attention alignment [13, 15, 17], multi-passage fusion
where retrieved documents are combined through cross-attention
for question answering [6], structured knowledge injection where
graph embeddings are integrated into vision-language models via
adapter attention [16], and Bayesian context updates where energy-
based modules provide posterior-updated contexts to diffusion mod-
els [23]. However, these approaches focus on static information
transfer rather than temporal adaptation. DART extends this by
using uncertainty-weighted attention to dynamically integrate fore-
casted temporal patterns based on prediction reliability.

Uncertainty inRanking: Priorwork applies uncertainty through
probabilistic language models that use variance as risk components
in information retrieval [33] and improve fairness in ranking mod-
els [7, 11, 28]. Uncertainty has also been used for drift detection
using prediction confidence to identify temporal shifts [19] and
model error variations to quantify distribution changes [4, 8]. These
methods primarily either use uncertainty for reducing bias in rank-
ing or detect drift rather than adapt ranking decisions to it. Our
approach uses uncertainty estimation to dynamically weigh fore-
casted information based on confidence intervals and historical
data availability patterns.

Temporal Drift in Ranking and Forecasting: Recency-based
methods adapt through sliding windows and importance weight-
ing with exponential decay [12], but are purely backward-looking.
Online forecasting handles shifts through gradient-based updates
[2], adaptive learning rates [18], synthetic data generation [30] and
ensemble methods [31] with transformer architectures [22, 29, 32],
but these optimize prediction accuracy rather than downstream
ranking. In summary, while prior work addresses recencyweighting
for non-stationarity, attention for information fusion, uncertainty
for reliability estimation, and forecasting for temporal patterns, no
existing approach combines these elements for drift-aware rank-
ing with explicit uncertainty calibration. DART’s key distinction is
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treating uncertainty as a first-class signal that governs information
integration between a forecaster and a ranker.

3 Problem Setting and Temporal Drift

Figure 2: Example of artifact grouping and volatile nature of
individual artifacts. Depicts the dependence on 𝑡 ±𝛿 and drift
in label since customers withhold purchases in anticipation
of sale events.

LetX denote the universe of contexts, P the universe of artifacts.
Let 𝑡 denote a specific point in time over the horizon 0 to 𝑇 . We
define P𝑡 as the set of artifacts that are available at time 𝑡 and
X𝑡 as a sample of contexts at time 𝑡 . For each artifact 𝑝𝑡 ∈ P𝑡 ,
context 𝑥𝑡 ∈ X𝑡 at time 𝑡 ∈ T , let 𝑦𝑥𝑡 ,𝑝𝑡 ∈ {0, 1} denote the binary
feedback for the tuple (𝑥𝑡 , 𝑝𝑡 ). In the e-commerce domain, for the
task of promotion ranking, P translates to all possible promotions
introduced on the store since its inception, P𝑡 would be the set
of promotions visible to customers at time 𝑡 , X𝑡 represents the
active customer and product set on the platform at time 𝑡 and
𝑦𝑥𝑡 ,𝑝𝑡 denotes the feedback for each individual context, promotion
pair. For the e-commerce promotion ranking task, 𝑦𝑥𝑡 ,𝑝𝑡 is positive
when a customer "redeems" or uses a promotion while purchasing
a product. Our objective is to generate a personalized ranked list
𝜋𝑥𝑡 ,P𝑡

of all artifacts 𝑝𝑡 ∈ P𝑡 for a given context 𝑥𝑡 at time 𝑡 , derived
by scoring each (𝑥𝑡 , 𝑝𝑡 ) pair independently via a pointwise model
and sorting by score.

Problem of Temporal Drift: Due to the dynamic nature of arti-
fact availability, we observe that the binary feedback𝑦𝑥𝑡 ,𝑝𝑡 becomes
incoherent even in the presence of perfect context and artifact in-
formation. This is because in the presence of temporal drift, 𝑦𝑥𝑡 ,𝑝𝑡
depends not only on P𝑡 but also on the past and future states of the
artifact set denoted by P𝑡+𝛿 and P𝑡−𝛿 . It is quite possible that 𝑝𝑡
does not even exist at 𝑡±𝛿 . To illustrate, consider a standard "5% off"
promotion (𝑝𝑡 ) on apparel. As shown in figure 2, in the weeks pre-
ceding major sales, this promotion experiences a drop in usage as
customers postpone purchases in anticipation of deeper discounts,
despite no change to the promotion itself or its features (discount

percentage, financial partner, etc. remain identical). A pointwise
ranker with access to all promotion attributes cannot capture this
behavior because the drift originates from the temporal context,
not the artifact features. During the sale, this promotion may be
replaced with a "45% off" offer, further shifting the distribution.

4 Modeling temporal drift in e-commerce using
DART

Figure 3: Average redemption rate of promotions of a finan-
cial partner, before, during, and after a major promotional
event (denoted by red markers).

We divide our modeling discussion into smaller sections focusing
on different components that work together to build DART.

Ranking model (ranker): We generate a personalized ranked
list 𝜋𝑥𝑡 ,P𝑡

using a point-wise ranker trained on the binary classifi-
cation task with 𝑦𝑥𝑡 ,𝑝𝑡 , the redeem signal, as the target label. The
ranking model generates a score for every promotion, context pair
and we derive 𝜋𝑥𝑡 ,P𝑡

by sorting 𝑝𝑡 by their score in a descending or-
der. We also define 𝑓 ′

𝜃
(𝑥𝑡 , 𝑝𝑡 ) as the ranker’s representation before

final scoring output layer, its usage in DART’s context is outlined
in later sections. The vanilla point wise ranking model proves to
be insufficient in ranking artifacts under temporal drift, hence we
define a forecasting model to estimate the drift in the artifacts.

Forecasting model (forecaster): Quantifying drift at the in-
dividual artifact level is infeasible because artifacts are ephemeral
and turn over on timescales shorter than the forecasting horizon,
while the "grouping" they belong to (e.g. category, type) remains
relatively consistent. Hence it becomes imperative to define a met-
ric similar to 𝑦𝑥𝑡 ,𝑝𝑡 at the group level in order to measure the drift
in artifacts across time. Let 𝑐 ∈ C denote a particular grouping and
𝑔 denote an aggregation function of𝑦𝑥𝑡 ,𝑝𝑡 over all 𝑝𝑡 who belong to
the group 𝑐 at time 𝑡 . In the e-commerce domain, we define 𝑐 as the
financial partner offering promotions and 𝑔 as the redemption rate
(RR). Hence, 𝑔(𝑐, 𝑡) =

∑
𝑝𝑡 ∈𝑐

∑
𝑥𝑡

1[𝑦𝑥𝑡 ,𝑝𝑡 =1]∑
𝑝𝑡 ∈𝑐

∑
𝑥𝑡

1[shown(𝑥𝑡 ,𝑝𝑡 ) ] , where the numera-
tor counts redemptions and the denominator counts impressions
of promotions in group 𝑐 at time 𝑡 . As observed in figure 3, the
drift of promotion set can be quantified using the variation in the
redemption rate of a group of promotions offered by a particular
financial partner. We define historical features that include histor-
ical redemption rates 𝑔(𝑐, 𝑡 − 𝜏) for each financial partner where
𝜏 represents a rolling window ranging from 1 day to 1 month to
capture historical patterns at different granularity. We also include
historical customer cohort distribution and historical distribution
of promotions across categories as additional input signals to our
forecaster.
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Forecaster Input

Ranker Input

Uncertainty Backbone

Forecaster Backbone Forecaster embedding cache

Category - date 1 <> Embedding 1
Category - date 2 <> Embedding 2
Category - date 3 <> Embedding 3

Uncertainty vector cache

Category - date 1 <> Vector 1
Category - date 2 <> Vector 2
Category - date 3 <> Vector 3

Daily Refresh

Embedding key
value store
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Attention Layer
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Training Stage II
Ranker training

Uncertainty
Linear Projection

Output Linear
Projection

Pointwise
Ranking Model 

Uncertainty
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BATCH
INFERENCE
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REAL TIME

Figure 4: Stage I trains the forecaster and uncertainty model followed by Stage II where pointwise ranker is trained with
uncertainty scaled attention. The left half denotes offline components which store output in a cache whereas the right half
shows components serving requests in real time.

The forecaster uses these features to predict future redemption
rates: 𝑔(𝑐, 𝑡 + 𝛿) = Head𝑐 (h𝑡 [𝑐]), where h𝑡 ∈ R | C |×𝑑 stacks per-
group embeddings produced in parallel by a shared encoder, h𝑡 [𝑐] ∈
R𝑑 is the row for group 𝑐 , 𝛿 is the look-ahead hyperparameter, and
Head𝑐 is a group-specific output layer. This multi-task learning
approach results in two major advantages: (1) a common backbone
and joint learning allows knowledge sharing between different
forecaster heads improving their accuracy (2) we are able to extract
a shared representation of promotions depending on the context
which encapsulates drift information and allows easy integration
with other models

Attention Mechanism: In order to improve the ranker’s per-
formance using drift information captured by the forecaster, we
need to define an integration mechanism. A simple technique is to
pass the forecaster’s output as input to the ranker. However, our
experiments (section 5) demonstrate that for the e-commerce pro-
motion ranking task, directly passing the forecaster’s output or its
hidden representation h𝑡 to the ranker proves to be ineffective. We
propose to use an attention layer to integrate the forecasted infor-
mation into the ranker. After training the forecaster, we discard the
group specific output heads and extract shared latent h𝑡 embedding.
Since the forecaster maintains separate prediction heads for each
group 𝑐 ∈ C, the shared backbone produces h𝑡 ∈ R | C |×𝑑 . Note
that h𝑡 is computed once per time step (shared across all queries at
time 𝑡 ); per-query personalisation comes from the attention query
𝑓 ′
𝜃
(𝑥𝑡 , 𝑝𝑡 ), which also enables the cached-embedding deployment

in section 6. The ranker’s penultimate representation 𝑓 ′
𝜃
(𝑥𝑡 , 𝑝𝑡 )

serves as the query and attends over this sequence as keys and
values via multi-head attention: Att(𝑓 ′

𝜃
(𝑥𝑡 , 𝑝𝑡 ), h𝑡 , h𝑡 ), allowing the

model to selectively weight drift information from different groups
based on the current context-promotion pair.

Need for uncertainty estimation: While the forecaster em-
bedding provides valuable future-state information to the ranker,
its reliability varies across time. We observe that uncertainty peaks
during pre-event and post-event windows, plausibly driven by both
data sparsity (fewer interaction logs in the run-up to and after
major events) and inherent regime unpredictability (transitional
behaviour is harder to forecast regardless of sample size). This data
sparsity directly impacts the quality of the forecaster embedding h𝑡

Figure 5: Prediction uncertainty across time. Shaded regions
denote major promotional events and peaks are observed
right before and after them.

and may introduce noise into the attention mechanism. To address
this issue, we explicitly model the time-dependent uncertainty in
our forecasting predictions. As illustrated in Figure 5, uncertainty
exhibits clear temporal patterns aligned with promotional event
cycles. By quantifying this uncertainty, we can inform the ranking
model about the reliability of forecaster embedding it receives. Let
𝜎𝑡 represent the uncertainty estimate at time 𝑡 . We integrate this
uncertainty into our attention mechanism as follows:

𝑠 (𝑥𝑡 , 𝑝𝑡 ) = 𝛼 ·𝑓 ′𝜃 (𝑥𝑡 , 𝑝𝑡 )+(1−𝛼)·Att(𝑓
′
𝜃
(𝑥𝑡 , 𝑝𝑡 ), h𝑡 , h𝑡 )·𝛾 (𝜎𝑡 )−1 (1)

Where 𝛼 is a hyperparameter that controls the balance between
the original ranker output and the attention-modified output.

Role and design of 𝛾 (·): 𝛾 translates the raw uncertainty 𝜎𝑡
into a scaling factor for the attention output. It serves two roles:
(i) calibration: the scale of 𝜎𝑡 is estimator-dependent (TabM std.,
MC-dropout variance, etc.) and unrelated a priori to the attention-
output magnitude, so a fixed 𝜎−1𝑡 would over or under-suppress
the forecast; 𝛾 learns the right per-dimension calibration from the
ranking loss. (ii) selectivity: since 𝜎𝑡 ∈ R𝑑 is dimension-aligned
with h𝑡 , a non-linear𝛾 attenuates individual forecasted components
rather than collapsing to a scalar gate. We use a small two-layer
MLP (𝜎𝑡 → 𝑑 → 𝑑) several orders of magnitude smaller than the
ranker; the parameter-matched Uncertainty Aware Split Attention
ablation (section 5) isolates calibration value from parameter count.
𝛾 consumes only 𝜎𝑡 (no forecast, no context features), keeping the
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inductive bias clean. Combining the ranker’s raw representation
with the attention module output treats the ranker’s representation
as a residual stream. This ResNet like [27] residual architecture is de-
signed to fall back to the base ranker’s predictions during periods of
high uncertainty, while confidently incorporating forecasted infor-
mation during periods of low uncertainty. By explicitly accounting
for the varying reliability of our forecasts, we prevent the model
from learning spurious correlations during sparse data periods and
enhance the robustness of the final ranking. Concretely, 𝜎𝑡 ∈ R𝑑

is the dimension-wise standard deviation across the 𝐾 TabM [9]
ensemble members of their penultimate embeddings at time 𝑡 , align-
ing each component of 𝜎𝑡 with the corresponding component of h𝑡 .
Any alternative (MC-dropout, deep ensembles, NGBoost) produc-
ing a 𝑑-dimensional uncertainty vector is a drop-in replacement.
Final architecture: The final architecture (figure 4) consists of a
two stage training framework where we first train the forecaster
and uncertainty estimator separately. We then freeze the forecaster
and uncertainty estimator and train the ranker with the uncertainty
scaled attention layer. DART is complementary to advanced archi-
tectures for time series forecasting and deep learning ranking mod-
els. A stronger ranking backbone or better forecasting/uncertainty
strategies/structure can both enhance performance.

5 Experiments
We validate DART on two e-commerce datasets exhibiting distinct
drift characteristics. (1) In-house promotion-ranking dataset:
A large-scale proprietary corpus spanning one year of anonymized,
de-identified customer interactions for a single marketplace (14MM
data points). Each row is a ⟨customer, product, promotion, date⟩
tuple with a binary redemption target. We use an out-of-time test
set (latest 2 months) and an 80:20 train/validation split for the rest.
The model consumes 340 features grouped into three entity types:
customer (RFM engagement scores across 60+ product categories,
payment-instrument profile, historical redemption counts), product
(price, category indicators, active-promotion flags), and promotion
(discount mechanics, financial partner, eligibility constraints, plus
structured attributes extracted from offer text via an LLM and S-
BERT [25] embeddings). This dataset exhibits event-driven drift
with abrupt distribution shifts during promotional events. Because
the corpus is non-public, all numbers on this dataset are reported
as relative % change versus the baseline ranker, with std prop-
agated via the delta method over 5 runs (different data subsets
sampled using different seeds). (2) Coveo SIGIR [26]: A public
e-commerce benchmark of 36MM browsing events across 4.9MM
sessions over 91 days, with 57K products in 174 categories. Sessions
map to contexts (𝑥𝑡 ), products to artifacts (𝑝𝑡 ), and purchase/add-
to-cart actions to binary feedback. The forecaster target 𝑔(𝑐, 𝑡) is
daily conversion rate per category. Statistical tests confirm signif-
icant drift (𝑝 < 0.005) in 3 of the 5 largest categories with strong
temporal autocorrelation (lag-1 𝑟=0.81). Unlike the in-house data,
Coveo exhibits gradual trend-driven drift; absolute MRR is reported
on this public benchmark.

We use cloud instances with 4 NVIDIA A10G GPUs and 96 vCPU
threads. Hyperparameter tuning uses Optuna [1] with 30 trials per
model.

Evaluation metric:We use Mean Reciprocal Rank (MRR) (↑) as
the headline metric on both datasets. Two properties make it the
natural fit for this setting. First, the slate consumed by the customer
is short and top-heavy in the e-commerce promotion ranking task:
only the first few positions receive meaningful attention, and at
most one promotion is redeemed per order; rewarding the rank
of the single redeemed (or purchased, on Coveo) artifact and pe-
nalising it harmonically with position therefore directly mirrors
the observed user behavior more faithfully than rank-insensitive
metrics like AUC or position-flat metrics like Precision@𝑘 . Second,
MRR is well-defined and comparable across both datasets despite
their structural differences (per-customer-product slates of variable
length on the in-house data, and per-session product orderings on
Coveo), because each evaluation instance has exactly one positive-
feedback target (redemption / purchase or add-to-cart), which is
precisely the regime MRR is built for. We also track MAP and R@1
for completeness on the in-house data; they correlate with MRR
and lead to the same model ordering.

Ranking model selection: We compare GBDTs (LightGBM
[14] with binary-classification and Learning-to-Rank objectives)
against neural tabular models: TabM [9], TabM with piecewise
embeddings (TabM-P), and TabNet [3]. TabM-P delivers the best
across-the-board performance (+0.12%±0.02%MRR, +0.26%±0.07%
MAP, +1.07%±0.03% R@1 vs. GBDT) and is used as the base ranker
in subsequent experiments; TabNet underperforms (−1.40% MRR,
−1.85% MAP).

Forecaster selection: We evaluate FTT [10], PatchTST [22],
DLinear [29], FEDformer [32] and OneNet [31]1, each with multiple
regression heads on a shared backbone (one head per financial part-
ner, plus a head forecasting days-to-next-event), using rolling look-
back windows 𝜏 ∈ {1, 3, 7, 30} days. Online (test-time-adaptive)
variants consistently outperform their offline counterparts on fore-
caster RMSE, but the picture is less clean on downstream MRR (e.g.,
PatchTST offline beats online on Overall and Pre-Event), so better
point-prediction accuracy does not always imply better ranking.
OneNet variants achieve the largest RMSE reductions versus the
FTT baseline (−46% to −47% on FP1; −39% on days-to-event). FED-
former benefits least from online adaptation, and on the FP2 head
actually shows higher RMSE than the FTT baseline (+92% online,
+106% offline), confirming that frequency-domain transformers
struggle when the target series has limited periodicity. We use a
3-day forecasting window (𝛿=3) and TabM for uncertainty estima-
tion throughout (replaceable by other estimators); see section 7 for
sensitivity analyses.

Embedding structure matters more than forecast accu-
racy: Downstream ranking gains are not monotone in forecaster
RMSE: TabM-P and OneNet-TCN have near-identical FP1 RMSE but
very different MRR (+1.57% vs. +2.23% Overall), and FEDformer’s
poor FP2 RMSE still produces competitive ranking. DART there-
fore benefits primarily from the structure of h𝑡 rather than from
point-prediction accuracy, with the forecasting task acting as a pre-
text objective for temporal group representations; representation
quality, not RMSE, is the right selection criterion.

1We report two OneNet variants: OneNet-TCN uses a Temporal Convolutional Net-
work [5] backbone, while OneNet pairs the OneNet ensembling scheme with FSNet
[24] as the backbone.
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Figure 6: Avg. redemption rate over different time windows.

Temporal Drift Aware Ranking Results: Table 1 compares
model variants across regular business-as-usual (BAU) periods, a
major promotional event ( 7 days, Jan 2024, see Fig. 3), and the
±3-day windows around it. For Coveo, we split the test period into
High-Drift days (> 1𝜎 deviation from the 7-day rolling mean) and
Low-Drift days (≤ 1𝜎). Baseline Ranker is the standard pointwise
ranker on binary classification; Real-time Signal Ranker is a
strong baseline with access to perfect daily redemption rates and
event signals; DART is our complete model; DART w/o uncer-
tainty omits the uncertainty scaling.

We set 𝛼 = 0.25 in Eq. 1 based on empirical analysis (section 7).
For fair comparison, BAU metrics on the in-house dataset use a
randomly sampled window of equal duration to the event/pre/post-
event windows. All DART variants outperform the baseline ranker.
The deployable offline configuration (TabM-P) delivers +1.57% ±
0.02%Overall and+11.11%±0.11% during Event, with online OneNet
as an upper bound on Event/Pre-Event (+11.99% / +7.94%) and
OneNet-TCN leading on Overall (+2.23%); no single online variant
dominates all metrics. DART also beats the Real-time Signal Ranker
(+11.11% vs. +6.19% Event) despite the latter having perfect current-
day rates: the 3-day forecast alone yields +8.12% Event when fed
as a direct feature (Table 2), and uncertainty-scaled attention adds
a further ∼3% on top. Uncertainty-aware attention is essential:
DART (TabM-P) at +11.11% Event substantially outperforms the
variant without uncertainty at +9.63%. DART also yields +4 to +5%
during BAU windows where drift is mild, which we attribute to
h𝑡 carrying steady-state category-level signal (baseline popularity,
weak seasonality, group-level demand priors) complementing the
ranker. On Coveo, the best DART variant achieves +16.6% ± 0.5%
Overall, with near-uniform per-regime lift (+22.0% ± 1.0% High-
Drift vs. +22.1%±0.1% Low-Drift), showing dual-regime robustness
rather than drift-specific gain.

Ablation studies:We conduct two ablation studies to address
our research questions. To address RQ1 (effective integration of
forecasting information), we compare alternative ways of feeding
forecasting information to the ranker (Table 2). Passing historical
redemption rates over rolling windows (𝜏 ∈ {1, 3, 7, 30} days) as
direct features to TabM-P serves as a recency-based baseline analo-
gous to sliding-window adaptation [12]: it improves overall MRR
by +0.54% ± 0.10% but Pre-Event MRR drops by −1.63% ± 0.10%
(Post-Event −3.52% ± 0.06%): recency captures only retrospective
patterns, and a static ranker trained mostly on BAU data overfits to
a relationship that reverses during transitions. Providing the fore-
caster’s output or embedding as inputs performs better, but both
fall short of DART’s attention-based integration which additionally
benefits from uncertainty scaling.

Table 2: Relative MRR change (↑) of rankers with historical
RR features, forecaster embedding and forecaster output as
direct inputs, versus the baseline ranker. All use TabM-P as
ranker. Std propagated over 5 runs.

Ranker variant Overall Event Pre-Evt Post-Evt BAU

+ historical RR +0.54% ± 0.10% +7.95% ± 0.05% -1.63% ± 0.10% -3.52% ± 0.06% +1.28% ± 0.10%
+ forecaster output +0.63% ± 0.03% +8.12% ± 0.08% +7.46% ± 0.11% +0.52% ± 0.12% +3.92% ± 0.12%
+ forecaster embedding +0.68% ± 0.02% +8.25% ± 0.04% +7.23% ± 0.11% -0.25% ± 0.06% +3.49% ± 0.04%
DART (attention + uncertainty) +1.57% ± 0.02% +11.11% ± 0.11% +7.37% ± 0.11% +1.85% ± 0.07% +4.60% ± 0.03%

To address RQ2 on the effectiveness of uncertainty as a mech-
anism for handling data variability, Table 3 compares three un-
certainty integration strategies. The results confirm that uncer-
tainty integration significantly improves performance beyond a
vanilla attention layer, with our scaled-attention design delivering
the strongest results. Uncertainty Scaled Attention applies a
learned projection 𝛾 (𝜎𝑡 ) (a small two-layer MLP, see section 4) to
the per-dimension uncertainty vector, and uses its inverse to scale
the attention-weighted representation as in Eq. 1. This directly
modulates the influence of the forecaster on the ranker based on
prediction confidence: when 𝜎𝑡 is large the attention contribution
is suppressed and the residual ranker stream dominates; when 𝜎𝑡 is
small the forecasted signal is allowed through largely unmodified.
Uncertainty Aware Split Attention divides the TabM ensemble
into two halves. Attention-based forecaster integration is applied
to only one half of the ensemble’s outputs, while the other half’s
raw outputs are preserved, and the final score is a learned con-
vex combination 𝜆 · Ensemble1 + (1 − 𝜆) · Att(Ensemble2, h𝑡 , h𝑡 ).
This creates a partially uncertainty-gated pathway whose param-
eter count is comparable to scaled attention, which lets us isolate
whether the gains from scaled attention come from calibration or
simply from added capacity. Empirically the calibration mechanism
wins. Temperature Controlled Attention uses 𝜎𝑡 to adjust the
softmax temperature inside the attention layer:

Att𝑇 (𝑞, 𝐾) = softmax
(
𝑞𝐾⊤/[(1 + 𝛾 𝜎𝑡 )

√
𝑑]
)
𝑉 (2)

with higher uncertainty producing a more diffuse attention distribu-
tion and lower uncertainty producing a sharper one. Conceptually
attractive, but in our experiments it under-performs scaled atten-
tion, particularly during transition periods.

Scaled attention consistently outperforms the alternatives across
all time periods, with the largest gap during Events and adjacent
transition periods where data variability is highest. This supports
the conclusion that direct, calibrated scaling of the attention out-
put is the most effective integration mechanism: it lets the model
smoothly transition between leaning on the base ranker during
high-uncertainty periods and incorporating the forecasted signal
when confidence is high.

Table 3: Relative MRR change (↑) of uncertainty integration
methods versus the baseline ranker on the in-house dataset.
All use TabM-P as ranker, forecaster and uncertainty estima-
tor. Std propagated over 5 runs.

Method Overall Event Pre-Evt Post-Evt BAU

Scaled attn. +1.57% ± 0.02% +11.11% ± 0.11% +7.37% ± 0.11% +1.85% ± 0.07% +4.60% ± 0.03%
Split attn. +0.37% ± 0.02% +9.48% ± 0.09% +7.30% ± 0.11% -0.44% ± 0.13% +3.82% ± 0.05%
Temp. ctrl. attn. +0.68% ± 0.02% +7.92% ± 0.04% +4.61% ± 0.12% +1.06% ± 0.07% +4.30% ± 0.10%
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Table 1: Performance comparison across DART configurations on both datasets (MRR ↑). In-house results are during a promo-
tional event in Jan 2024 and are reported as relative % change versus the baseline ranker (std propagated over 5 runs). Coveo
results use an out-of-time test split (last 14 days); High/Low-Drift are days where category-level conversion rate deviates by
> 1𝜎 / ≤ 1𝜎 from the rolling mean. All use TabM-P as ranker and uncertainty estimator. Results averaged over 5 runs.

In-house Dataset (relative % vs baseline) Coveo SIGIR (absolute MRR)

Model Online Overall Event Pre-Evt Post-Evt BAU Overall High-Drift Low-Drift

Baseline Ranker ✗ — — — — — 0.1629 ± 0.0004 0.1319 ± 0.0009 0.1722 ± 0.0001
Real-time Signal ✗ +0.09% ± 0.09% +6.19% ± 0.04% +2.53% ± 0.11% +1.32% ± 0.07% +4.02% ± 0.03% 0.1689 ± 0.0005 0.1520 ± 0.0002 0.1840 ± 0.0007

DART with Different Forecasting Models

TabM-P w/o unc. ✗ +0.85% ± 0.02% +9.63% ± 0.10% +7.04% ± 0.11% +0.67% ± 0.08% +4.49% ± 0.04% 0.1688 ± 0.0001 0.1430 ± 0.0005 0.1820 ± 0.0001
TabM-P ✗ +1.57% ± 0.02% +11.11% ± 0.11% +7.37% ± 0.11% +1.85% ± 0.07% +4.60% ± 0.03% 0.1714 ± 0.0001 0.1522 ± 0.0008 0.1901 ± 0.0001

PatchTST ✗ +1.43% ± 0.02% +6.48% ± 0.13% +7.48% ± 0.11% -0.33% ± 0.07% +3.49% ± 0.09% 0.1711 ± 0.0001 0.1515 ± 0.0001 0.1948 ± 0.0002
✓ +1.27% ± 0.03% +8.12% ± 0.04% +6.68% ± 0.15% +1.59% ± 0.06% +2.62% ± 0.06% 0.1720 ± 0.0001 0.1546 ± 0.0007 0.1929 ± 0.0009

DLinear ✗ +1.06% ± 0.02% +9.63% ± 0.05% +7.48% ± 0.12% +2.50% ± 0.13% +2.97% ± 0.09% 0.1701 ± 0.0003 0.1529 ± 0.0002 0.1892 ± 0.0001
✓ +1.98% ± 0.02% +11.25% ± 0.13% +7.90% ± 0.11% +1.75% ± 0.08% +5.40% ± 0.03% 0.1755 ± 0.0005 0.1511 ± 0.0006 0.1983 ± 0.0004

FEDformer ✗ +1.32% ± 0.02% +7.54% ± 0.05% +5.28% ± 0.12% +0.48% ± 0.11% +5.13% ± 0.04% 0.1752 ± 0.0009 0.1501 ± 0.0004 0.1920 ± 0.0008
✓ +1.75% ± 0.07% +8.98% ± 0.09% +6.98% ± 0.15% +2.36% ± 0.07% +5.09% ± 0.07% 0.1760 ± 0.0002 0.1582 ± 0.0003 0.2001 ± 0.0008

OneNet-TCN ✓ +2.23% ± 0.02% +11.36% ± 0.09% +7.45% ± 0.13% +2.98% ± 0.07% +4.48% ± 0.11% 0.1822 ± 0.0003 0.1595 ± 0.0007 0.2033 ± 0.0002
OneNet ✓ +2.16% ± 0.09% +11.99% ± 0.05% +7.94% ± 0.15% +1.75% ± 0.07% +4.68% ± 0.09% 0.1899 ± 0.0007 0.1609 ± 0.0008 0.2102 ± 0.0001

6 Deployment and Productionization
We have validated DART against a production promotion-ranking
system across multiple model iterations. Real-time serving is re-
quired: pre-computing a ranked list for every customer-product
pair is infeasible at the scale of millions of customers and mil-
lions of products, so the model is invoked synchronously when a
customer lands on a product page. The ranking-service latency bud-
get is ∼10ms, which rules out heavy transformer rankers without
auto-scaling GPU fleets whose cost rarely justifies the incremental
ranking accuracy.

Online forecasters are particularly hard to deploy in this do-
main because (i) the model is invoked millions of times per second,
making per-request weight updates infeasible without aggressive
sampling, and (ii) ground-truth redemption signal is delayed by 1–2
days because successful offer attach is confirmed by downstream
payment systems that account for cancellations and reversals. On-
line models also demand higher compute due to combined training
and inference resources. The trade-off between cost and accuracy
thus favors offline forecasters in this setting.

DART’s two-stage design is well-suited to these constraints: only
the lightweight ranker needs to be hosted on the real-time path,
while the forecaster and uncertainty estimator can run in batch
on a daily cadence with embeddings cached at the date-and-group
level (small storage footprint). At inference, the relevant cached
embedding can be fetched by date and combined with the ranker
output via the learned attention layer. The two components can be
retrained on independent schedules: typically the ranker monthly
(or as business needs dictate) and the forecaster daily. A month-
long customer-randomized A/B test of personalized ranking models
against heuristic alternatives and baselines yield approximately
+6% relative MRR gains online (𝑝 < 0.05), confirming offline gains
translate to production lift.

7 Hyperparameter Sensitivity
We analyse two key hyperparameters in DART: the residual weight
𝛼 in Eq. 1, which balances the original ranker output against the

uncertainty-scaled attention output, and the forecasting window 𝛿 ,
which controls how far ahead the forecaster predicts.

Residualweight𝛼 :We sweep𝛼 ∈ {0.0, 0.1, 0.25, 0.5, 0.75, 0.9, 1.0},
where 𝛼 = 0 relies entirely on the attention-modified output and
𝛼 = 1 collapses to the baseline ranker. Table 4 reports relative MRR
change versus the 𝛼 = 1 baseline. Pure attention integration (𝛼 = 0)
underperforms because the attention output cannot fully substitute
for the fine-grained context-promotion signal in the ranker. The
best overall performance occurs at 𝛼 = 0.25, with the model giv-
ing 75% weight to the attention-modified output while retaining
a residual to the original ranker. Beyond 𝛼 = 0.5, performance
steadily declines toward the baseline; the gap is most pronounced
during Event periods where temporal drift is most severe. Pre-Event
performance is comparatively stable over 𝛼 ∈ [0.25, 0.5], suggest-
ing forecasted signals are particularly reliable during anticipatory
periods. We use 𝛼 = 0.25 in all main results.

Table 4: Sensitivity to residual weight 𝛼 (relativeMRR change
vs. baseline). Best in bold, second best underlined.

𝛼 Overall Event Pre-Evt Post-Evt BAU
0.00 +0.50% +8.26% +5.73% -0.17% +3.32%
0.10 +1.18% +10.16% +6.83% +1.00% +4.09%
0.25 +1.57% +11.11% +7.37% +1.85% +4.60%
0.50 +1.38% +10.51% +7.65% +1.39% +4.31%
0.75 +0.88% +7.44% +5.44% +0.46% +3.49%
0.90 +0.38% +3.41% +2.68% -0.07% +1.99%
1.00 (baseline) 0.00% 0.00% 0.00% 0.00% 0.00%

Forecasting window 𝛿 : We sweep 𝛿 ∈ {1, 3, 7, 14, 30} days and
track both forecaster RMSE (relative to the FTT baseline) and down-
stream ranker MRR (relative to the baseline ranker). Table 5 shows
that 𝛿 = 3 days is jointly optimal across both metrics. Three factors
drive this: (i) shorter windows (𝛿 = 1) suffer from high-frequency
daily noise (figure 6); (ii) major promotional events typically span
3–7 days, and financial partners activate event-specific offers 1–3
days before and deactivate them 1–2 days after, so a 3-day window
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aligns naturally with these transitions; (iii) longer horizons carry
higher forecast uncertainty, which DART’s attention mechanism
then down-weights, eroding the benefit of looking further ahead.
The Event and Pre-Event metrics are most sensitive to window
choice, confirming that temporal alignment matters most during
high-drift periods.

Table 5: Forecasting window 𝛿 vs. forecaster RMSE (relative
to FTT baseline; negative is improvement) and ranker MRR
(relative to baseline ranker). Results use the TabM-P fore-
caster with uncertainty-scaled attention.

𝛿
Forecaster RMSE rel. change Ranker MRR rel. change
FP1 FP2 Days Overall Event Pre-Evt

1 day -35.94% -13.89% +8.25% +0.84% +7.75% +5.03%
3 days -46.88% -36.11% -38.90% +1.57% +11.11% +7.37%
7 days -44.53% -27.78% -33.40% +1.20% +9.82% +6.68%
14 days -38.28% -5.56% -22.41% +0.75% +7.39% +4.62%
30 days -26.56% +25.00% -10.57% +0.38% +3.59% +2.68%

8 Generalisability beyond Ranking
Although DART is motivated by ranking under temporal drift, its
uncertainty-scaled attention is agnostic to the downstream task.
To demonstrate this, we apply DART to tabular regression on the
Shifts Weather Prediction benchmark [20, 21], a public dataset of
∼10MM meteorological measurements across locations and times
where the task is short-horizon temperature prediction. As noted
by Malinin et al. [21], this dataset shares structural challenges
with medical and financial forecasting: heterogeneous features,
non-uniform sample distribution, and significant domain drift. We
aggregate measurements at a location-date level (10km regions)
and form rolling-window features (1h, 6h, 1d, 3d, 7d, 14d, 30d) of
meteorological variables and historical temperatures to predict the
next 3-day average temperature. We use TabM as the ranker (now
a regressor) and the uncertainty estimator, and apply DART on top
of FTT, PatchTST, TabM and FEDformer forecasters.

Figure 7: Geographic map of model uncertainty for the tem-
perature regression task. Regions with sparse observations
exhibit higher uncertainty.

Figure 7 shows that estimated model uncertainty is negatively
correlated with observation density, mirroring the data-availability
pattern we observed in the promotion-ranking setting and validat-
ing that the uncertainty signal carries the same physical interpreta-
tion across very different domains. Across all evaluated backbones,
DART reduces RMSE versus the corresponding base model: rela-
tive RMSE reductions are 4.3% for TabM, 7.1% for FTT, 2.6% for
PatchTST, and 4.9% for FEDformer; the best DART variant reaches
RMSE 1.4288 (∼4.9% better than its FEDformer base and 6.8% bet-
ter than the TabM-only baseline), with 𝑅2 improving up to 0.851.
Critically, DART benefits hold under both gradual seasonal drift
and abrupt temperature transitions that the vanilla regressor mis-
handles, confirming that uncertainty-scaled attention provides a
domain-agnostic mechanism for adapting to temporal drift without
architecture changes specific to the downstream task.

9 Conclusion and Future Work
In this paper, we address the problem of temporal drift in arti-
facts in the task of ranking with focus on the e-commerce domain.
Our primary contribution, DART, is a novel two-stage architecture
that combines a multi-task forecaster with a ranker through an
uncertainty-aware attention mechanism, enabling effective offline
adaptation to temporal shifts. Through comprehensive ablation
studies, we found that attention-based integration of forecasting
embeddings significantly outperforms direct feature inclusion ap-
proaches. One of the limitations of our work is that we do not
address the drift in context X𝑡 over time since it also relates to
the problem of "cold-start" which can be a future extension to our
work.
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A Appendix
A.1 GenAI Usage Disclosure
Popular SOTA generative AI tools were used for minor rephrasing
and editing of the text in this publication. Generative AI tools have
NOT been used in the ideation, experimentation, result tabulation
and plot generation phase, they have only been used for light editing
of the text to improve the language and structure of the publication.
The authors take full responsibility and ownership of the method
proposed and its results.
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