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Abstract:

Demand forecasting increasingly relies on heterogeneous signals, but multimodal fusion is often
temporally naive: exogenous channels are aligned by timestamp even when their effect on
demand is delayed. This paper introduces a Lag-Aware Causal Multimodal Transformer
(LACMT) that separates representation learning from train-only predictive-causality screening.
The model first estimates channel-specific delay candidates by correlating each lagged
exogenous channel with residual demand after autoregressive adjustment. These lag estimates
are then converted into horizon-aligned causal context tokens and fused with a compact
multimodal Transformer through a horizon-conditioned prediction head. To avoid unsupported
causal claims, the screening stage is interpreted as Granger-style predictive causality rather
than intervention-level identification. A controlled supply-chain benchmark with known lag
structure is used so that both forecast accuracy and lag recovery can be audited. Across two
neural random seeds, LACMT attains 7-day RMSE 8.630+0.101, MAE 6.634+0.093, and sMAPE
24.324+0.572. The unconstrained multimodal Transformer records the lowest 7-day RMSE
(8.240+0.239), while LACMT improves 7-day RMSE by 5.7% and sMAPE by 24.1% over a linear
lag-aware Ridge baseline and recovers four of five planted influential lags exactly. These results
show that explicit lag alignment adds interpretable temporal structure and competitive long-
horizon performance without conflating predictive causality with structural causation.
Keywords: demand forecasting, multimodal transformer, lag alignment, predictive causality,
supply chain, time series.

1. Introduction

Accurate demand forecasting is central to inventory, replenishment, procurement, and capacity
decisions. Modern retail and supply-chain systems no longer generate a single clean time series;
they produce transaction histories, promotions, textual market signals, operational indicators,
and regional context at different temporal resolutions. The forecasting problem is therefore
increasingly multimodal. Yet the difficult part is not merely adding more variables. External
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signals often affect demand after a delay, and the delay may differ across channels. A news-like
market shock may be reflected within days, while a slower operational or contextual indicator
can precede demand by a longer interval. Timestamp-level concatenation can therefore force a
model to learn both representation and temporal alignment at once. Wang et al. [1] recently
proposed a comprehensive Causal-Aware Multimodal Transformer (CAMT) that combines
textual, temporal, and satellite representations through cross-modal attention, causal discovery,
and hierarchical prediction. That work establishes a strong architectural motivation for
multimodal demand forecasting. The present study develops a complementary, narrower
question: when exogenous modalities influence demand at heterogeneous lags, can the delay
structure be estimated before fusion and injected explicitly into a forecasting Transformer?

The proposed Lag-Aware Causal Multimodal Transformer (LACMT) answers this question
through three design choices. First, it performs train-only lag screening after removing short
autoregressive structure from aggregate demand. Second, it converts selected lags into horizon-
aligned context, so that the feature presented to the h-step prediction head corresponds to the
causal candidate that could have influenced that target time while respecting information
available at the forecast origin. Third, it retains a conventional Transformer representation path
for demand history and contemporaneous multimodal context, allowing flexible nonlinear
representation learning while the lag path remains interpretable. The term causal in this paper is
deliberately operational. Granger causality [14] is a predictive notion: a variable is useful if its
past improves prediction of a target beyond the target's own past. It does not, by itself, establish
the effect of an intervention. Structural causal models [17], [18] require stronger assumptions.
Accordingly, LACMT uses lag screening as a predictive-causality prior and reports lag-recovery
accuracy on a controlled benchmark where the true data-generating delays are known.

The contributions are: (1) a horizon-aligned lag context that converts channel-specific delays
into forecast-time features without future leakage; (2) a lightweight residual-correlation
screening procedure that is compatible with multimodal Transformer training and interpretable
at the channel level; and (3) an auditable controlled evaluation that reports both forecasting
metrics and recovery of planted causal lags. The results favor a nuanced conclusion: explicit lag
structure is highly informative and improves substantially over a linear lag baseline at long
horizons, while unconstrained multimodal attention can still achieve the lowest RMSE on the
same benchmark. This distinction is useful because a high-quality forecasting paper should
separate predictive performance from interpretability claims rather than assume that one
guarantees the other.

II. RELATED WORK

A. Deep and Transformer-Based Forecasting

Sequence modeling for forecasting has progressed from recurrent architectures such as LSTM
[10] and gated recurrent units [11] to global neural forecasting models such as DeepAR [8] and
deep state-space models [9]. Transformer self-attention [2] introduced a direct mechanism for
long-range dependency modeling. Informer [4] reduced attention cost for long sequences,
FEDformer [5] incorporated frequency-domain decomposition, and PatchTST [6] demonstrated
that patching can be especially effective for time-series inputs. N-BEATS [7] provides a strong
non-Transformer reference based on basis expansion. Temporal Fusion Transformers (TFT) [3]
are particularly relevant because they explicitly distinguish static, observed, and known-future
covariates and use gating for variable selection. These approaches establish that exogenous
covariates can improve multi-horizon forecasting, but most architectures leave temporal
alignment to the network. LACMT instead introduces an explicit pre-fusion delay estimate and
then preserves the Transformer as the nonlinear representation learner.

pg. 179




B. Multimodal Fusion
Multimodal machine learning studies representation, alignment, fusion, translation, and co-
learning across heterogeneous inputs [12]. MulT [13] showed that directional cross-modal
attention can model unaligned multimodal sequences. For supply-chain forecasting, Wang et al.
[1] extend this idea to text, demand history, and satellite imagery using cross-modal attention
and causal-aware components. Their formulation demonstrates the value of rich external context
and motivates the present focus on a specific source of multimodal misalignment: channel-
dependent time delay. Unlike pairwise cross-modal attention, LACMT does not require every
channel to interact at every time step. It estimates a lag candidate first, then constructs horizon-
specific context. This lowers the burden on self-attention to rediscover obvious temporal shifts
and yields an interpretable quantity—the selected lag per channel—that can be inspected
independently of forecast error.
C. Causal Discovery and Forecast Evaluation
Granger's predictive-causality criterion [14] remains a common starting point for lagged
relationships in time series. Continuous DAG learning such as NOTEARS [15] addresses
acyclicity in static structural learning, while PCMClI-style methods [16] target high-dimensional
nonlinear time series. Pearl [17] and Peters et al. [18] distinguish observational predictive
relations from intervention semantics. LACMT therefore avoids claiming that a selected lag
identifies a structural causal effect; it uses predictive-causality screening as a modeling prior.
Forecast evaluation should also respect horizon and scale. Hyndman and Koehler [21] discuss
robust accuracy measures including scaled errors, and Diebold—Mariano testing [22] formalizes
predictive-accuracy comparison. Hierarchical reconciliation [23] is important in large retail
systems, as illustrated by the M5 competition [19], [20]. The current controlled benchmark
focuses on product-level point forecasting so that lag recovery can be isolated before introducing
additional hierarchy constraints.

Lag-Aware Causal Multimodal Transformer (LACMT)

Demand history
28-day window

Modality
projections
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Figure 1LACMT architecture. Train-only lag screening produces horizon-aligned causal context that complements the
multimodal Transformer representation.

III. PROBLEM FORMULATION

For product 1 at forecast origin t, let y_i,t denote demand. Let x*T tER"{d T} represent text-
like market channels and x*C_tER"{d_C} represent operational/context channels. Given a look-
back window L and forecast horizon H, the task is to estimate y_i,t:t+H—1 from demand history
y_i,t=L:t—1 and all exogenous observations available up to t—1.

A multimodal model that concatenates x_t with y_t implicitly assumes that timestamp alignment
is sufficient. Instead, assume each exogenous channel j has an unknown predictive delay ¢ j. A
target at time t should therefore receive a lag-aligned candidate x_{t—{ j,j}. During forecasting,
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the value must also obey the information boundary t—{ j<t—1. This gives the no-leakage
alignment rule below.

¢ {hj} =w_jx {min(t+th—¢ j, t-1),j}, h=0,....H-1 (1)

Here ¢ _{h,j} is the lag context for horizon h, and w_j is a screening-derived relevance weight.
Equation (1) is the key difference between generic multimodal fusion and the proposed lag-
aware path. It is horizon-dependent: the same exogenous channel can provide a different source
timestamp for each future target.

The forecasting function is written as ¥ i,t:t+H-1 = f 0(Y_it, X t, C t), where Y it is the
standardized demand window, X t contains contemporaneous exogenous sequences, and C t is
the Hxd ex matrix of lag-aligned contexts. Model parameters 6 are optimized only on the
training interval; validation and testing are chronological.

IV. PROPOSED METHOD

A. Train-Only Lag Screening

Lag screening begins with an aggregate training demand series a_t, obtained by averaging
products. The aggregate is used only to estimate a shared channel delay; product-specific
sensitivity remains in the neural model. To prevent a seasonal or autoregressive pattern from
being mistaken for external predictability, a_t is first regressed on its own lag-1 and lag-7 values.
Let r_t denote the resulting residual.

rt=at—PO0+p la {t-1}+B 7a {t7}) (2

For each exogenous channel j and candidate lag (€{l,....L max}, LACMT computes
s _{j,L}=[corr(x_{t—L,j},r t)| on training observations only. The selected delay is £* j=argmax (
s {j,L}. A normalized relevance weight w_j€[0.15,1] is obtained by min—-max scaling the
channel's maximum score. This procedure is intentionally simple: its role is to provide a stable
and auditable temporal prior, not to replace a full causal-discovery system.

Residual screening resembles a restricted Granger-style test because the candidate feature is
evaluated after accounting for target history. It remains observational and can be confounded. In
this work, its quality is directly tested against known planted lags, which avoids overstating
causal identification.

B. Multimodal Transformer Encoder

Demand, text-like channels, and contextual channels are projected independently to a 32-
dimensional latent space. Their representations at each historical timestamp are concatenated
and passed through a nonlinear fusion layer with GELU activation and layer normalization. A
learned positional embedding is then added and the sequence is processed by a compact
Transformer encoder. The final historical token becomes the shared representation z_1i,t.

This encoder follows the general Transformer principle [2] while remaining deliberately small.
The objective of the experiment is not to maximize model size but to isolate the value of lag-
aware alignment. A time-series-only ablation removes the two exogenous projections, and an
unconstrained multimodal Transformer retains the projections but removes the causal-context
head.

C. Horizon-Conditioned Causal Context Head

The lag context C t from (1) is projected to a 24-dimensional context embedding q h for each
forecast horizon. The shared Transformer representation z it is replicated H times and
concatenated with q_h. A two-layer multilayer perceptron produces one prediction per horizon:
§_{i,tth} =g 0([z_{it}; ¢_h]), q_h=¢(C_{th:}) (3)

This head has two practical advantages. First, it exposes a direct route from a lag-specific
exogenous value to the matching forecast horizon instead of requiring self-attention to infer all
shifts from raw timestamps. Second, because C t is generated deterministically from selected
lags, the source time associated with every exogenous contribution can be audited.
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Training minimizes mean squared error on standardized demand. Standardization parameters are
estimated per product from training observations only. AdamW is used with learning rate
1.5x10-3, weight decay 10—4, gradient clipping at 1.0, early stopping on chronological
validation error, and a maximum of eight epochs in the executed experiment.

V. EXPERIMENTAL DESIGN

A. Controlled Supply-Chain Benchmark

The study uses a controlled synthetic benchmark because lag-recovery claims require known
ground truth. Public retail resources such as M5 [19], [20], Online Retail [24], [26], and Sales
Transactions Weekly [25], [27] are valuable for forecasting, but their true causal delay graph is
not observed. A synthetic environment allows the forecasting and lag-identification objectives to
be tested simultaneously without inventing labels for causality.

The executed benchmark contains 16 product series and 230 daily observations. Demand
combines product-specific base level, weekly and approximately monthly seasonality,
autoregressive lag-1 and lag-7 terms, two groups of exogenous channels, nonlinear tanh
responses, one cross-modal interaction, and Gaussian process noise. There are six text-like
channels and four contextual channels. Five channels are planted as demand drivers with delays
2,5,9, 3, and 7 days; the remaining channels are nuisance processes. Exogenous channels follow
persistent AR(1) dynamics, creating realistic autocorrelation and making lag identification
nontrivial. All test metrics reported in this paper were generated by executing the accompanying
experiment script, not assigned manually.

The chronological split uses days 0—159 for training, 160—194 for validation, and 195-229 for
testing. A 28-day look-back and a 7-day direct forecast horizon are used. Neural models are run

with seeds 7 and 17; deterministic baselines are run once.
Table 1. Controlled benchmark and evaluation protocol

Item Executed setting
Products 16

Daily 230

observations

Loqk-back / 28 /7 days
horizon

Text-like /

context 6/4

channels

Influential

planted 5

channels

Candlqate 1-12 days
screening lags

Train /

validation / test 160/35 /35 days
Neural random 7.17

seeds

B. Baselines

Five models are compared. SeasonalNaive predicts each target from the corresponding
observation seven days earlier. LagRidge is a multi-output Ridge regression using the 28 demand
lags plus one lag-screened value per exogenous channel. Transformer-TS uses only demand

pg. 182




history. MM-Transformer uses demand plus both exogenous modalities but no explicit lag
context. LACMT adds the horizon-conditioned lag path to MM-Transformer.

This baseline set separates three questions: whether nonlinearity helps relative to a linear lag
model, whether raw multimodal context helps relative to demand alone, and whether explicit lag
structure adds value beyond unconstrained multimodal fusion.

C. Metrics

RMSE, MAE, and symmetric mean absolute percentage error (SMAPE) are reported for horizons
1, 3, and 7. RMSE emphasizes large misses, MAE preserves the original demand scale, and
SMAPE provides a relative measure with symmetric treatment of over- and under-forecasting.
Neural results are shown as meantsample standard deviation across the two executed seeds.
Because the benchmark is controlled, lag recovery is also reported as the number of influential

channels whose selected lag exactly equals the planted delay.
Table 2Seven-day forecast accuracy on the executed benchmark. Lower is better.

Model RMSE | MAE sMAPE

3:asonalNa1 14.154 11.421 37.407

LagRidge 9.153 7.009 32.050
Transformer- | 8.484+0 | 6.630+0 | 24.539+

TS .536 147 0.451
MM- 8.240+0 | 6.378+0 | 23.526+

Transformer | .239 .146 0.248
8.630+0 | 6.634+0 | 24.324+

LACMT 101 093 | 0.572
.—‘—‘—‘—‘_‘—\__A -5

14 i M

—@- SeasonalNaive  —@— MM-Transformer
8- LagRidge —8- LACMT
—8— Transformer-TS

1 2 3 4 5 6 7
Forecast horizon (days)

Figure 2RMSE versus forecast horizon. LagRidge is strongest at one day, while neural multimodal models degrade more slowly
at longer horizons.
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Figure 3Seven-day RMSE comparison. The unrestricted multimodal Transformer is lowest, while LACMT improves over the
linear lag-aware baseline.
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VI. RESULTS AND ANALYSIS

A. Forecast Accuracy

Table I and Fig. 2 show a clear horizon-dependent ranking. At one day, LagRidge achieves the
lowest RMSE (3.952), confirming that a compact linear lag model is very effective when the
forecast target is close to the latest observed drivers. MM-Transformer is close on relative error,
with SMAPE 12.927 versus 13.372 for LagRidge. Transformer-TS is weaker, showing that
exogenous channels contain useful information beyond demand history.

At seven days, the ranking changes. MM-Transformer records the lowest RMSE at 8.240+0.239
and MAE at 6.378+0.146. LACMT reaches RMSE 8.630+0.101, MAE 6.634+0.093, and
SMAPE 24.324+0.572. Although LACMT does not beat unconstrained multimodal attention on
RMSE, it outperforms LagRidge by 5.7% in RMSE, 5.4% in MAE, and 24.1% in sSMAPE at the
seven-day horizon. This is important: the lag-aware neural head is most beneficial relative to the
linear lag baseline when a single forecast origin must support multiple future targets with
nonlinear response functions. Compared with Transformer-TS, LACMT has nearly identical
seven-day MAE (6.634 versus 6.630) and a slightly lower sSMAPE (24.324 versus 24.539), while
its RMSE is modestly higher. The unconstrained MM-Transformer remains the accuracy leader
at seven days, suggesting that explicit lag priors and flexible attention capture overlapping but
non-identical information. The appropriate interpretation is therefore complementary rather than
universally superior: LACMT buys temporal auditability with competitive long-horizon error,
whereas MM-Transformer maximizes raw predictive fit on this benchmark.

.-—._._‘_‘_‘_;- —e

35 A

—@— SeasonalNaive  —@= MM-Transformer
LagRidge —@- LACMT
—8— TransformerTS

1 2 3 4 5 6 7
Forecast horizon (days)

Figure 4. sMAPE by horizon. LACMT remains substantially below the linear lag baseline at seven days.

B. Lag Recovery
Table 3Recovery of planted influential lags.

Channel True Selecte | Weigh
lag d t

text0 2 2 1.000

text2 5 5 0.630

text4 9 3 0.388

ctx1 3 3 0.848

ctx3 7 7 0.752

The screening stage exactly recovers four of the five planted influential delays: textO at 2 days,
text2 at 5 days, ctx1 at 3 days, and ctx3 at 7 days. The text4 channel is the exception: its true
delay is 9 days, while the residual-correlation screen selects 3 days. Thus exact influential-lag
recovery is 80% (4/5). Fig. 5 visualizes the true and selected delays.
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The miss on text4 is informative rather than anomalous. The exogenous channels are
autocorrelated AR processes, so nearby lags can inherit predictive association. In addition, the
demand process contains autoregressive feedback and nonlinear saturation, meaning the largest
residual correlation need not occur at the generating delay in finite samples. This is precisely
why the paper uses the term predictive-causality screening rather than structural causal
discovery. Nevertheless, recovering four of five influential channels with a simple train-only
screen indicates that the lag signal is identifiable enough to support an explicit alignment prior.

B True lag

84 Selected lag

DJIIII

text0 text2 text4 ctxl ctx3

Lag (days)
~ o

N

Figure 5True versus selected delays for the five planted influential exogenous channels. Four lags are recovered exactly.

C. Stability and Computational Cost

The executed neural runs are compact. Transformer-TS trains in approximately 2.30-2.51 s per
seed, MM-Transformer in 2.11-3.21 s, and LACMT in 3.05-4.05 s on the available CPU
environment. The additional cost of LACMT comes from constructing and projecting the
horizon-specific context rather than from a larger attention stack. Seven-day LACMT RMSE has
a standard deviation of 0.101 across the two seeds, lower than Transformer-TS (0.536) and MM-
Transformer (0.239) in these runs. The small number of seeds does not support a broad statistical
claim, but it does show that the reported value is not a single favorable initialization.

The lag screen itself is inexpensive: with d exogenous channels and L_max candidate delays, it
requires O(dL_maxT) correlation work after a small autoregressive regression. The Transformer
encoder remains O(L*d_model) in sequence length, while the horizon-conditioned context path
1s O(Hd_ex). For the 28-day windows used here, the lag component is negligible compared with
attention.

VII. DISCUSSION

A. What Lag Awareness Contributes

The experiments separate three forms of inductive bias. LagRidge has the strongest explicit
temporal bias but limited nonlinearity; MM-Transformer has strong nonlinear capacity but no
explicit delay semantics; LACMT combines both. Their horizon-dependent behavior follows
these properties. LagRidge is difficult to beat at one step because the generating process contains
strong direct lag signals. As the direct horizon expands, the linear baseline deteriorates sharply
because one compact feature vector must explain several nonlinear future responses. MM-
Transformer remains flexible and achieves the lowest long-horizon RMSE. LACMT trades a
small amount of that flexibility for an auditable temporal path and retains markedly better long-
horizon relative error than LagRidge. For supply-chain decision systems, this trade-off can be
valuable. A planner may need to know not only that a market indicator matters, but also which
historical observation was aligned to a forecast horizon. Equation (1) provides that trace directly.
It also reduces the risk that apparent performance comes from inadvertent access to an exogenous
value that would not have been known at the forecast origin.

B. Relationship to Causal Multimodal Forecasting

The broader CAMT framework of Wang et al. [1] demonstrates how multimodal encoders, cross-
modal attention, causal reasoning, and hierarchical prediction can be integrated in one
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architecture. LACMT can be viewed as a temporal-alignment module that could be inserted
before such a fusion stage. Its contribution is not to replace rich causal discovery or multimodal
reasoning, but to make delay structure explicit and horizon-aware.

This distinction is especially important when modalities have unequal sampling rates or
propagation times. Satellite-derived regional indicators, news sentiment, promotions, and local
operational signals plausibly act on different timescales. A single timestamp match can therefore
be a poor semantic alignment. The present controlled study shows a mechanism for estimating
and exposing those delays before full fusion.

C. Scope

The controlled benchmark intentionally prioritizes causal auditability over dataset scale. The
conclusions are therefore about mechanism, not universal real-world superiority. The synthetic
design makes the planted delays and nonlinear response equations known, which supports a
stronger statement about lag recovery than would be possible on a retail dataset with unobserved
ground-truth causes. Conversely, real retail data would be required to establish external validity
across promotions, intermittency, stockouts, changing assortment, and regional hierarchy.

A natural next experimental stage is to pair public hierarchical retail demand such as M5 [19],
[20] with externally timestamped text or macroeconomic signals and evaluate whether lag-aware
alignment improves forecast robustness under distribution shifts. Hierarchical reconciliation [23]
can then be layered on top of product-level LACMT predictions. Such an extension would
preserve the present design principle: every external signal should be aligned according to
information available at the forecast origin and should have a clearly stated interpretation of
causality.

D. Information-Set Integrity and Deployment Mapping

A practical lag-aware forecaster must distinguish event time from availability time. The
alignment rule in (1) is defined relative to the forecast origin, not merely to calendar timestamps.
This matters because an external signal may describe conditions on day t but become available
only after a reporting delay. In deployment, each channel can therefore be assigned two metadata
fields: an estimated predictive delay and an observation-availability delay. The feature is
admissible only when both constraints are satisfied. This separation extends the same no-leakage
principle used in the controlled experiment to data feeds with publication latency.

The same logic supports heterogeneous frequencies. A daily text index may be aligned at day
resolution, while a weekly operational indicator can be forward-filled only after its release date
and then shifted by the selected predictive lag. Monthly regional indicators should be treated as
step functions between releases rather than backfilled into earlier dates. These rules prevent a
common evaluation error in multimodal forecasting: giving the model a historically timestamped
value that, in real operation, would not yet have been published. Lag estimates also need not be
frozen permanently. A rolling production system can re-estimate the screening scores on a
trailing training window, retain the previous lag when score differences are small, and trigger
review when the selected delay changes materially. This turns lag screening into a monitoring
variable in addition to a modeling component. A stable lag can indicate a persistent propagation
mechanism; a shifting lag can indicate changing consumer response speed, reporting practices,
or market regimes. The forecast model can continue to operate while these changes are inspected
because the lag path is separate from the general multimodal representation path.

For hierarchical supply chains, the screening unit can be chosen to match the operational
question. Aggregate demand can estimate a common channel delay, as in the present experiment,
while product- or category-specific coefficients retain heterogeneity. Alternatively, separate lag
screens can be maintained by region or category when sufficient history is available. The key
requirement is that lag estimation use only the training information set associated with each

pg. 186




evaluation origin. This permits LACMT to be combined with bottom-up or reconciled
hierarchical forecasting without changing the information boundary.

Finally, the lag path creates a simple audit record. For every forecast horizon, a system can record
the channel, selected lag, source timestamp, availability timestamp, relevance weight, and
resulting context value. Such records are useful for post-forecast diagnostics because they
identify exactly which historical external observation was eligible for each future target. The
audit record does not convert predictive association into intervention causality; it makes the
temporal evidence used by the predictor explicit. That property is especially useful in supply-
chain environments where planners must reconcile model outputs with dated promotions,

reports, and operational events.
Table 4Deployment rules for lag-aware multimodal information sets.

Signal class Operational alignment

rule
Daily Use the latest released
text/market | value  satisfying  the
index selected predictive lag.

Respect release day, then
?)Neeilii{)nal shift by the selected lag;
ope never  backfill  before
indicator

release.
Monthly Treat as 2 stepwise

: released series and apply

regional s
.2 lag  after availability
indicator

filtering.
Use only information
Promotion/ca | known at the forecast

lendar origin; known-future
feature events may be supplied
directly.
Track event time and
Delayed publication time
administrativ | separately; availability
e report time determines
admissibility.

TABLE IV.

VIII. CONCLUSION

This paper presented LACMT, a Lag-Aware Causal Multimodal Transformer for supply-chain
demand forecasting. The key idea is to estimate channel-specific predictive delays on training
data, convert them into horizon-aligned context under a strict no-leakage rule, and fuse that
context with a compact multimodal Transformer through a horizon-conditioned head. On an
executed controlled benchmark with known nonlinear lag structure, the lag screen recovers four
of five influential delays exactly. LACMT achieves 7-day RMSE 8.630+0.101 and sMAPE
24.32440.572, improving substantially over a linear lag-aware baseline at the long horizon while
remaining competitive with an unconstrained multimodal Transformer. The results support a
precise conclusion: lag awareness is useful because it makes temporal alignment explicit,
auditable, and compatible with nonlinear forecasting, but explicit alignment is not automatically
the best accuracy constraint for every metric. Treating predictive causality, representation
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learning, and forecast evaluation as distinct components yields a more defensible multimodal

forecasting design and creates a clear path toward larger real-world supply-chain studies.
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