
Under review as submission to TMLR

Synapse: Adaptive Arbitration of Complementary Expertise
in Time Series Foundational Models

Anonymous authors
Paper under double-blind review

Abstract

Pre-trained Time Series Foundational Models (TSFMs) represent a significant advance,
capable of forecasting diverse time series with complex characteristics, including varied sea-
sonalities, trends, and long-range dependencies. Despite their primary goal of universal
time series forecasting, their efficacy is far from uniform; divergent training protocols and
data sources cause individual TSFMs to exhibit highly variable performance across different
forecasting tasks, domains, and horizons. Leveraging this complementary expertise by ar-
bitrating existing TSFM outputs presents a compelling strategy, yet this remains a largely
unexplored area of research. In this paper, we conduct a thorough examination of how
different TSFMs exhibit specialized performance profiles across various forecasting settings,
and how we can effectively leverage this behavior in arbitration between different time series
models. We specifically analyze how factors such as model selection and forecast horizon
distribution can influence the efficacy of arbitration strategies. Based on this analysis, we
propose Synapse, a novel arbitration framework for TSFMs. Synapse is designed to dy-
namically leverage a pool of TSFMs, assign and adjust predictive weights based on their
relative, context-dependent performance, and construct a robust forecast distribution by
adaptively sampling from the output quantiles of constituent models. Experimental results
demonstrate that Synapse consistently outperforms other popular ensembling techniques
as well as individual TSFMs, demonstrating Synapse’s efficacy in time series forecasting.

1 Introduction

Time series forecasting is a pivotal task that underpins decision-making in high-stakes domains, from manag-
ing energy grids (Zhou et al., 2021; Lai et al., 2018), and supply chains (Mancuso et al., 2021) to navigating
financial markets (Godahewa et al., 2021). Historically, the diversity of time series patterns necessitated a
specialized approach, compelling practitioners to select different algorithms for different types of time series
data. The advent of deep learning, particularly large-scale Transformer-based architectures, have sought to
create a universal forecasting solution, pushing the boundaries of state-of-the-art performance for this task
by learning time series foundation models(Das et al., 2024; Graf et al., 2025; Woo et al., 2024; Cohen et al.,
2025; Shi et al., 2024). These models are trained on large corpora of time series data to learn the ability to
identify specific patterns in numerical data. At convergence, the model weights capture the average dynamics
of the training distribution.

However, this monolithic approach harbors a fundamental flaw: it forces the model into a representational
compromise. Real-world time series are inherently non-stationary, composed of a complex mixture of
competing patterns-stable seasonalities, long-term trends, and abrupt structural breaks. A single, static
model averages these conflicting signals, rendering it brittle and unprepared for sudden regime shifts, where
performance can degrade catastrophically. While simple static ensembles are common mitigation strategy,
they merely average these already-compromised representations. While this need for dynamic specialization
is conceptually related to Mixture of Experts (MoE) frameworks (Shazeer et al., 2017), where a gating
network routes inputs to specialized sub-models, MoE architectures are typically trained end-to-end, jointly
optimizing the gate and their constituent experts. Our work addresses a different and, in the context of
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Domain Long Medium Short
Econ/Fin – – 14.47%
Energy 45.31% 44.86% 43.53%
Healthcare – – 41.28%
Nature 29.36% 27.79% 40.82%
Sales – – 47.27%
Transport 51.75% 51.08% 58.45%
Web/
CloudOps 49.31% 50.09% 49.67%

Figure 1: (Left) Oracle arbitrator’s model selection frequency across seven different domains of GIFT-Eval
(Aksu et al., 2024). These values represent the percentage of timestamps each model was selected by Oracle
as the optimal predictor across different domains. (Right) Oracle model switching frequency by domain
and forecast horizon, expressed as an average percentage of the total prediction length. These demonstrate
the dynamic nature of model performance, showing that different TSFMs provide the optimal prediction at
different timestamps - highlighting the necessity of an arbitration approach.

TSFMs, more pressing challenge: performing post-hoc arbitration between pre-existing, monolithic, and
fixed-weight foundational models.

To validate this paradigm, we first quantify its empirical upper bound using a temporal Oracle that, at each
timestamp, selects the most accurate prediction from a diverse pool of expert models. Examining the selection
frequency of optimal model prediction at timestamp level in Figure 1 (left), we observe that optimal model
can vary widely across different timestamps, and their usage percentages also vary widely across different
domains. We find that the Oracle frequently relies on weaker, specialized models that excel only in specific
regions. Furthermore, the number of model switches required for optimal prediction is substantial (Figure
1, right), proving static selection is insufficient. This evidence highlights the fundamental constraints of
traditional ensembles. Such approaches apply a fixed aggregation rule-like centering predictions or taking
the median of quantiles (Garza & Rosillo, 2025), which overlooks informative output distributions, yields
suboptimal performance (Table 1), and is fundamentally unable to adapt to the highly dynamic, timestamp-
to-timestamp nature of model performance.

Informed by these observations, we introduce Synapse, a novel TSFM arbitration framework for time series
forecasting. Synapse keeps a pool of TSFMs, and dynamically arbitrates between them at timestamp level
granularity to leverage the predictions from the best forecasting models, while de-prioritizing the less accurate
models for a specific timestamp. For each timestamp, Synapse merges the inverse quantile predictions
from its constituent models to give the final output distribution. To dynamically adjust the arbitration at
timestamp level, Synapse maintains a moving window, which it leverages for selecting and adjusting the
weights for arbitration.

Our experimental results, conducted on the extensive GIFT-eval benchmark of 23 datasets, provide strong
evidence for the superiority of the dynamic arbitration paradigm. Synapse achieves new state-of-the-art
performance, with performance gains consistently amplifying over longer forecast horizons. The strength
of Synapse is highlighted by its ability to consistently arbitrate a committee of specialists to outperform
any single member, demonstrating its potential to sometimes surpass a single, monolithic stronger model.
This result proves that the adaptive arbitration mechanism itself, is the primary driver of performance. Our
primary contributions are:
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• We identify the “representational compromise” inherent in monolithically trained models as a core
weakness for non-stationary time series forecasting. Subsequently, we built an “Oracle" arbitrator,
that optimally selects the best model forecast at each timestamp to set an empirical performance
upper bound in time series forecasting with current models.

• We re-frame the forecasting task and define a dynamic arbitration problem between TSFMs. We
then propose Synapse, a novel arbitration framework that dynamically selects a subset of models
and arbitrates their influence at each time step.

• We show that Synapse achieves state-of-the-art performance, with gains that amplify over longer
horizons, where baseline ensemble approaches falls apart due to static mixture of ensembles. We
directly link this to its dynamic weight-shifting mechanism.

• Critically, we demonstrate that the arbitration mechanism is the key driver of performance by
showing that a Synapse arbitrated committee of weaker specialists decisively outperforms a single,
monolithic stronger state-of-the-art model.

Our work establishes that adaptive arbitration is a powerful and necessary paradigm for building the next
generation of robust, real-world time series forecasting systems.

2 Preliminaries and Insights

2.1 Time Series Forecasting

The fundamental task of time series forecasting is to predict future values of a sequence based on its observed
history. Therefore, this problem can be framed as a mapping from historical context data to future horizon
prediction.

Formally, let X1:τ = (x1, x2, . . . , xτ ) represent a univariate/multivariate time series of c variables observed
over a context window of length L. The primary objective is to generate a forecast for the subsequent T
timesteps, known as the forecast horizon, denoted Xτ+1:τ+T . Modern forecasting approaches move beyond
simple point estimates to generate a full predictive distribution, P (Xτ+1:τ+T |X1:τ ), which captures the
inherent uncertainty through forecast quantiles.

The quality of this forecast is then evaluated against the ground truth, Y = Xτ+1:τ+T , using metrics that
assess both probabilistic accuracy and point-wise error. Commonly used metrics for these are Continuous
Ranked Probability Score (CRPS) and Mean Absolute Scaled Error (MASE) respectively. Details about
these metrics can be found in Appendix B.

2.2 Arbitration of Time Series Forecasting Models - Problem Formulation

Let M = {M1, M2, . . . , MN} be a pool of N distinct Time Series Foundational Models (TSFMs). For a
given input X1:τ , each model Mi ∈ M generates its own predictive distribution Pi(Xτ+1:τ+T |X1:τ ) for the
forecast horizon.

Our proposed arbitration setting aims to synthesize these individual forecasts into a single, superior predictive
output. Instead of a simple aggregation, we define a dynamic arbitration process where the final forecast is
a predictive distribution, constructed by an arbitration function, A, that operates on a dynamically selected
subset of the models’ output distributions.

The arbitrated predictive distribution for timestep t, represented by its set of quantiles Q̂arb
t , is given by:

Q̂arb
t = A({(wi,t, Q̂i,t) |Mi ∈M})

where:

• Q̂i,t represents the predictive quantile distribution from model Mi for timestep t.
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• wi,t is a dynamic, non-negative weight assigned to model Mi at timestep t, reflecting its expected
performance.

Figure 2: GIFT-Eval Performance comparison (MASE | CRPS)
of the Oracle Arbitrator against individual constituent TSFMs.
Oracle selector can outperform all other constituent models by a
large margin, demonstrating the efficacy of a strong arbitrator.

This framework can be specialized to rep-
resent traditional ensembles. For exam-
ple, a simple mean ensemble of point fore-
casts can be formulated when weights are
uniform (wi,t = 1/N), and A is defined
as the averaging function over the median
of each input distribution Q̂i,t.

For the scope of this work, we limit our
experiments to a pool of six highly pop-
ular Time Series Foundational Models:
Sundial (Liu et al., 2025b), Toto(Cohen
et al., 2024), Moirai2, Moirai-large,
Moirai-base, and Moirai-small. (Woo
et al., 2024).

2.3 Oracle Selection Arbitrator

To establish an empirical performance
expectation for a selective arbitration
strategy, we define an Oracle-Based Se-
lection Arbitrator. This conceptual
model operates with perfect foresight,
possessing knowledge of the ground truth
outcomes. At each timestep t in the fore-
cast horizon, the Oracle selects the single,
optimal TSFM from the pool M—that
is, the model whose predictive distribution is closest to the actual value.

Formally, the predictive distribution selected by the Oracle at timestep t is Q̂oracle
t , defined as:

Q̂oracle
t = Q̂i∗,t where i∗ = arg min

i∈{1,...,N}
CRPS(Q̂i,t, yτ+t)

Here, yτ+t is the ground truth value at the future timestep.

The performance of this Oracle thus represents the lowest possible error achievable if the best model could
be identified at every single step. The significant potential of dynamic arbitration is highlighted in Figure 2,
which compares the performance of the Oracle against the individual TSFMs in our pool.

Furthermore, analyzing the Oracle’s selection percentages reveals an important insight: no single model
dominates across all timestamps. As illustrated in Figure 1 (left), the selection frequency of each TSFM varies
considerably across different domains. Notably, models that exhibit weaker overall performance (e.g., Moirai-
small) are still frequently chosen as the optimal predictor for specific timestamps, highlighting the context-
dependent nature of forecasting expertise and reinforcing the need for an adaptive arbitration mechanism.

Oracle Model Switching Frequency We analyze the optimal model selection behavior of the Oracle
by calculating its model switch frequency as a percentage of the total forecast horizon. Figure 1 (right)
demonstrates that Oracle engages in frequent model switching across all domains and forecast horizons. In
many individual domains, such as Transport and Web/CloudOps, the Oracle switches its preferred model
for approximately half of all timesteps. This persistent and high-frequency switching underscores that no
single model is optimal for an entire forecast window and provides a strong empirical justification for our
dynamic arbitration approach, as a static model selection would be consistently suboptimal.
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Figure 3: Overview of Synapse. It takes a Historical Context Input (left), which is then fed into a pool of
N diverse Time Series Foundational Models (TSFMs). Each model produces its probabilistic forecast. These
individual forecasts are then fed into the core arbitration mechanism. At each timestep t, a set of Dynamic
Weights {w1, . . . , wN} is applied to the corresponding model forecasts, which is leveraged in the predictive
sampling and in subsequent construction of the final Arbitrated Forecast Distribution for that timestep. This
entire process is governed by a Dynamic Weight Adaptation via Forward Simulation loop: the arbitrator’s
own forecast from step previous step is used as a simulated observation, which is then used to update a
rolling performance window, which recalculates the CRPS for all models to determine the dynamic weights
{wi,t+1} for the next timestep.

3 Synapse: Dynamic Arbitration

Built on the definition of general arbitration framework (Section 2.2), Synapse is designed to close the
performance gap to the Oracle selector by dynamically adjusting its strategy at each step of the forecast
horizon. As demonstrated in Figure 3, Synapse’s core mechanism consists of two key components: (1) a
weighted arbitration function based on predictive sampling, (2) a dynamic weighting scheme based on a
rolling performance window that performs a forward simulation mechanism allowing it to adapt over the
forecast horizon. For this implementation, we utilize the full set of models at each step.

3.1 Arbitration via Predictive Sampling

We design the arbitration function, A, to create a non-parametric mixture of the underlying distributions
they represent. We achieve it through a weighted predictive sampling process, which guarantees that the
resulting arbitrated quantiles, Q̂arb

t , are probabilistically valid (i.e., monotonic) by construction, eliminating
the need for post-processing.

Sample Generation For each model Mi, we generate ni random samples from its predictive distribution.
In this regard, we apply inverse transform sampling method to the model’s estimated quantile function. The
final arbitrated quantile for a given level α, denoted q̂arb

α,t , is then calculated as the empirical α-th quantile
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of the pooled set of all generated samples. We formally express this entire process as:

q̂arb
α,t = Quantile

(
N⋃

i=1

{
F̂ −1

i,t (pj) | pj ∼ U(0, 1)
}ni

j=1
, α

)
where ni = ⌊Ntotal · wi,t⌉ (1)

Here ni is the number of samples allocated to model Mi, determined by its performance weight wi,t. Here,
F̂ −1

i,t (·) is the inverse Cumulative Distribution Function (CDF), estimated from the discrete quantile predic-
tions of model Mi at time t. The continuous function F̂ −1

i,t is practically approximated by fitting a cubic
spline to the discrete quantile points for probabilities within [0.1, 0.9], while stable linear extrapolation is
used for the tails of the distribution.

This sampling process yields a pooled set of samples, Pt =
⋃N

i=1{samples from Mi}. The final arbitrated
predictive distribution, Q̂arb

t , is the set of empirical quantiles calculated from this collection Pt. This method
ensures that the final distribution faithfully represents a true mixture of the constituent predictive distribu-
tions.

Algorithm 1 Synapse
1: Input: Pool of TSFMs M = {M1, . . . , MN}, Forecast horizon T , Initial performance window Winit,

Total samples Ntotal, Quantile levels {αk}
2: Output: Final arbitrated forecast distributions {Q̂arb

t }T
t=1

3: W ←Winit ▷ Initialize rolling performance window
4: {Q̂arb

t }T
t=1 ← {} ▷ Initialize output container

5: for t← 1 to T do
6: // Dynamic Weight Calculation
7: for i← 1 to N do
8: si ← AverageCRPS(Mi,W) ▷ Calculate score for each model
9: if min({si}) ≈ 0 then

10: {wi,t} ← Normalize(Softmax({si})) ▷ fallback
11: else
12: {wi,t} ← Normalize(InverseError({si}))

13: // Arbitration via Predictive Sampling
14: Pt ← ∅
15: for i← 1 to N do
16: ni ← ⌊Ntotal · wi,t⌉ ▷ Calculate number of samples to take from each model
17: F̂ −1

i,t ← FitSpline(Q̂i,t)
18: Pi,t ← {F̂ −1

i,t (pj) | pj ∼ U(0, 1)}ni
j=1

19: Pt ← Pt ∪ Pi,t

20: Q̂arb
t ← Quantile(Pt, {αk})

21: // Forward Simulation and Window Update
22: ysim

t ← median(Q̂arb
t )

23: onew ← (ysim
t , {Q̂i,t}N

i=1)
24: W ← (W \ {ooldest}) ∪ {onew} ▷ Update rolling window

25: return {Q̂arb
t }T

t=1

3.2 Dynamic Weight Adaptation via Forward Simulation

Although Equation 1 presents a compelling strategy of dynamically adjusting the weight of model predictions
at different timesteps to account for the changing performance trends of different models, the primary
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challenge here is to calculate the weight in the absence of ground truth value for the prediction horizon. To
address this, we employ a forward simulation to adapt the model weights, {wi,t}, at each step. The weights
are determined by each model’s recent performance, as measured by its CRPS score over a rolling historical
window of length W . The primary weighting rule is inverse error weighting (wi,t ∝ 1/CRPSi,t−W :t−1), with
a robust softmax fallback to handle the numerical instability of near-zero scores. This entire adaptation
mechanism operates as a feedback loop:

1. Step t Prediction: At timestep t in the horizon, the arbitrator calculates the final arbitrated
quantiles, Q̂arb

t , using the current set of weights {wi,t}.

2. Simulated Ground Truth: It then defines a simulated ground truth, ysim
t , for that timestep

by taking the median of its own prediction: ysim
t = median(Q̂arb

t )

3. Performance Window Update: This simulated observation is used to update the rolling perfor-
mance window. The oldest data point in the window is discarded, and a new record, consisting of
the simulated ground truth (ysim

t ) and the original predictions from all models for that step ({Q̂i,t}),
is added.

4. Weight Update: The CRPS scores and, consequently, the weights {wi,t+1} for the next timestep,
t + 1, are then recalculated based on this newly updated performance window.

This process repeats for every step in the forecast horizon, allowing the arbitrator to dynamically learn and
adapt its strategy based on a simulation of its own ongoing performance. Intuitively, this allows Synapse
to create a self-reinforcing feedback loop: models whose predictions align well with the aggregated mixture
median (the simulated ground truth) will achieve a lower CRPS score in the subsequent step and thus receive
a higher weight. On the other hand, models that consistently diverge from the emerging consensus are
penalized with lower weights, effectively reducing their influence over time. While this forward simulation
relies on the aggregated consensus as a proxy for ground truth, our ablation study (detailed in Table 3)
demonstrates this is a key driver of Synapse’s success, as the Synapse with dynamicity substantially
outperforms static weights.

4 Experiments

In this section, we empirically validate the effectiveness of Synapse. Our experimental setup is grounded
in the framework established in our preliminaries, focusing on the pool of six highly popular TSFMs: Toto
(Cohen et al., 2024), Sundial(Liu et al., 2025b), Moirai2, Moirai-small, Moirai-base, and Moirai-large variants
(Woo et al., 2024). We conduct a series of experiments to evaluate Synapse’s overall performance, compare
it against strong ensemble baselines. Furthermore, we do a rigorous ablation study to dissect the components
that have contributed to the improvements, as well as performance analysis across different scenarios.

4.1 Experiment Setup

Benchmark Dataset To demonstrate the effectiveness of Synapse, we evaluate and compare its perfor-
mance in GIFT-Eval comprehensive benchmark Aksu et al. (2024). This benchmark consists of 23 datasets
across 7 different domains having over 144,000 time series, featuring 97 unique combinations of dataset, fre-
quency, and length. Table 1 shows the overall performance comparison of different methods in GIFT-Eval.

Baselines As denoted in Section 2.2, we primarily consider Sundial (Liu et al., 2025b), Toto (Cohen et al.,
2024), Moirai2, Moirai-large, Moirai-base, and Moirai-small (Woo et al., 2024) as the foundational models.
We compare Synapse performance to that of these constituent models; additionally we compare against
a recent strong baseline - median-ensemble (Garza & Rosillo, 2025) that takes median values of multiple
models at each quantile, its variant mean-ensemble, and standard point forecast means as our baselines.
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Table 1: Overall performance comparison on the GIFT-Eval benchmark, broken down by forecast horizon.
The best performance in each column is in bold, and the second best is underlined.

Model Long Horizon Medium Horizon Short Horizon Overall
CRPS MASE CRPS MASE CRPS MASE CRPS MASE

Moirai2 0.513 0.789 0.519 0.759 0.517 0.695 0.516 0.728
Toto 0.496 0.812 0.499 0.772 0.533 0.720 0.517 0.750
Sundial 0.510 0.785 0.526 0.764 0.592 0.732 0.559 0.750
Moirai-small 0.626 1.035 0.636 1.021 0.666 0.888 0.650 0.946
Moirai-base 0.611 1.029 0.632 1.017 0.601 0.818 0.610 0.901
Moirai-large 0.598 0.985 0.605 0.961 0.597 0.807 0.599 0.875
Mean Ensemble 0.502 0.846 0.514 0.82 0.535 0.727 0.523 0.771
Median Ensemble 0.481 0.793 0.493 0.767 0.523 0.707 0.517 0.762
Synapse 0.464 0.756 0.472 0.733 0.517 0.7 0.496 0.719

4.2 Overall Performance

Table 1 presents the CRPS and MASE scores for each of the six constituent TSFMs, median ensemble,
and mean ensemble compared against the performance of Synapse. The results clearly demonstrate that
Synapse significantly outperforms every individual model in the pool, as well as the ensemble baselines.
Notably, it achieves a CRPS of 0.496, which is a marked improvement over the best-performing individual
model, Moirai2 (0.516). This showcases the ability of our dynamic arbitration mechanism to successfully
synthesize the varied expertise of the foundational models into a single, more accurate predictive distribution.
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Figure 4: Pairwise Win/Loss performance comparison of Synapse against constituent individual models
and Quantile Median/Mean ensemble baselines. Besides strong overall performance, comparative analysis
demonstrates the overall consistency of Synapse.

Pairwise Comparison To evaluate the performance consistency of Synapse, we conduct a head-to-head
comparison against individual constituents and ensemble baselines across all 97 configurations in GIFT-Eval
as shown in Figure 4. Overall Synapse maintains substantially higher win percentage over other baselines.
The strong overall performance numbers paired with strong win percentages effectively demonstrates the
robustness and consistency of Synapse in different time series prediction situations.
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Figure 5: Performance of all models across different forecast horizons (Short, Medium, Long). Synapse
consistently shows strong and often superior performance for both CRPS and MASE, particularly as the
forecast horizon increases.

4.3 Comparison with Ensemble Baselines

For comparison with ensemble techniques, we choose median-ensemble (Garza & Rosillo, 2025), a recent
strong ensemble baseline that leverages medians over quantiles for time series prediction. While the Median
Ensemble (MASE 0.762) offers a slight improvement over some individual models, it fails to match the per-
formance of the best-performing constituent TSFM (Moirai2, MASE 0.728). In contrast, Synapse (MASE
0.719) substantially outperforms both the Median Ensemble and the best constituent individual model,
confirming that its dynamic and adaptive nature provides a distinct advantage over simple aggregation
strategies.

4.4 Performance Across Forecast Horizons

Table 1 also details the performance trends across different prediction horizons. To visualize these trends
more clearly, we examine the line plots in Figure 5. The plots illustrate that as we move from short
horizon to medium and longer horizon, the efficacy of Synapse arbitration framework also grows. More
specifically, for short-horizon forecasts, Synapse’s performance is competitive with the best-performing
individual model for that range, Moirai2. However, as the task difficulty increases for medium and long-
horizon predictions, Synapse establishes a distinct performance advantage. It begins to more effectively
leverage the complementary strengths of different models in the pool, widening the performance gap between
itself and any single TSFM. In contrast, the Median Ensemble struggles to adapt, often exhibiting a higher
MASE score than several of its constituent models at longer horizons, which indicates a failure to effectively
aggregate their predictive power.

4.5 Model Selection Accuracy Comparison

While the ultimate goal of an ensemble is to produce the most accurate final forecast, it is also insightful
to evaluate the effectiveness of the underlying arbitration mechanism itself. We define Model Selection
Accuracy as a metric that quantifies how well the weighting of Synapse aligns with the choices made by
the Oracle Arbitrator (defined in Section 2.2) at each timestep. This metric assesses whether the arbitration
correctly identifies the truly best-performing model (or ranks it highly) based on the information available
to it. For comparison against primary baseline median-ensemble (Garza & Rosillo, 2025), since it does not
do explicit weighting, we infer its “implicit choice" by ranking the constituent models based on the proximity
of their median forecast to the final ensemble median forecast. Models whose median predictions are closer
to the ensemble’s final output median are given a better rank.

9



Under review as submission to TMLR

Table 2: Top-k Model Selection Accuracy Comparison of Synapse and Quantile Median Ensemble. Measures
the percentage of timesteps where the Oracle’s best model was ranked within the top k ranking by the
corresponding method.

Method Top-1 (%) Top-2 (%) Top-3 (%) Top-4 (%) Top-5 (%) Top-6 (%)
Median Ensemble 0.1073 0.2179 0.3543 0.5336 0.7425 1.00
Synapse 0.2352 0.4157 0.5695 0.7018 0.8287 1.00

Table 2 presents the Top-k Model Selection Accuracy for both the Synapse arbitrator and the Median
Ensemble baseline, averaged across all datasets and forecast horizons evaluated. The results demonstrate
that the dynamic weighting mechanism employed by Synapse is significantly more effective at identifying
the best-performing model at each timestep compared to the implicit ranking of the Median Ensemble,
effectively showing the efficacy of Synapse in closing the gap with Oracle.

4.6 Impact of Arbitration and Dynamicity

To deconstruct the sources of Synapse’s performance gains, we conduct an ablation study to isolate the
contributions of its two primary components: (1) Arbitration via Predictive Sampling and (2) Dynamic
Weight Adaptation. We compare three variants: (1) Median Ensemble, the baseline following Garza &
Rosillo (2025) using no components from our proposed techniques; (2) Synapse (- Dynamicity), which
uses our predictive sampling arbitration but with static, uniform weights (removing dynamic adaptation);
and (3) Synapse, the full proposed model.

The results in Table 3 clearly shows that shifting from a Median Ensemble to Synapse with static weights (‘-
Dynamicity’) yields a notable performance improvement (MASE drops from 0.762 to 0.738), demonstrating
the inherent value of the predictive sampling method for creating a superior mixture distribution. The
subsequent addition of the dynamic weight adaptation via forward simulation provides another substantial
boost, further reducing the MASE to 0.719. This two-step improvement validates the architectural choices of
Synapse, proving that both the intelligent mixture strategy and the adaptive weighting scheme are crucial
to its success.

Table 3: Domain-wise performance ablation for Synapse, detailing the incremental gains from its core
components. We compare the baseline (Median Ensemble), Synapse without dynamic weighting, and the
full Synapse. The best-performing model for each metric within each domain is highlighted in bold.

MASE CRPS

Domain Lumpiness Median Synapse Synapse Median Synapse Synapse
Ensemble (-Dynamicity) (Full) Ensemble (-Dynamicity) (Full)

Econ/Fin 0.14 0.801 0.802 0.784 0.738 0.745 0.737
Energy 0.24 0.870 0.845 0.825 0.617 0.603 0.592
Healthcare 0.07 0.632 0.633 0.620 0.491 0.503 0.471
Nature 1.09 0.722 0.709 0.711 0.342 0.337 0.345
Sales 1.54 0.688 0.691 0.690 0.416 0.417 0.416
Transport 0.39 0.601 0.595 0.588 0.450 0.445 0.440
Web/CloudOps 1.47 0.808 0.737 0.690 0.561 0.534 0.497

Overall 0.762 0.738 0.719 0.517 0.507 0.496

4.7 Domain Wise Performance Ablation

To further understand the behavior of our framework, we present a performance breakdown across the seven
distinct domains within the GIFT-Eval benchmark. Table 3 details the performance of Synapse against
Quantile median ensemble (Garza & Rosillo, 2025) in each domain. The results show that Synapse generally
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outperforms the static median-ensemble baseline. To further analyze this in the context of domain-specific
data characteristics, conducting a correlation analysis between the performance difference (Median Ensemble
MASE - Synapse MASE) and the lumpiness of each domain, we found a positive correlation score of 0.32
suggesting that the dynamic arbitration mechanism can be beneficial at navigating the inconsistent data
patterns found in highly variable, non-stationary environments.

4.8 Synapse: Performance Scaling with Models

Figure 6: Performance comparison between Synapse and the
best individual model in the pool. As the number of models
increases, Synapse consistently achieves a lower (better) CRPS,
demonstrating its effective synthesis of model expertise.

The primary strength of Synapse is
its ability to synthesize the comple-
mentary expertise of multiple TSFMs.
Therefore, it is imperative to under-
stand how its performance scales as the
pool of available models expands over
time. We simulate this evolution by
establishing a fixed, chronological order
for the constituent models-Moirai-small,
Moirai-base, Moirai-large, Sundial, Toto,
and Moirai-2 and then constructing en-
sembles of incrementally increasing size.
Starting with the first two models, we cu-
mulatively add the next model in the se-
quence to form ensembles of three, four,
five, and ultimately all six models.

At each step, we compare the perfor-
mance of Synapse against the single
best-performing model within that spe-
cific pool, based on its CRPS. The re-
sults, as shown in the Figure 6, reveal
a crucial characteristic of our method.
Synapse consistently outperforms the best individual model available in the pool, regardless of the ensemble
size. This demonstrates that the synergistic combination of expertise within Synapse is more powerful than
relying on any single, top-performing TSFM.

This robust scaling behavior is a strong indicator of the future-proof nature of Synapse. As newer and
potentially more powerful TSFMs emerge, this trend suggests that Synapse will not only improve its
absolute performance but might also continue to maintain an advantage over the best monolithic model.

5 Related Works

The field of time series forecasting has evolved through several distinct paradigms, starting with statistical
methods, advancing to task-specific deep learning models, and most recently leveraging large-scale founda-
tional models. Our work is situated at the intersection of this latest paradigm and the long-standing practice
of model ensembling, adapted for the unique challenges and opportunities presented by modern TSFMs.

Statistical and Deep Learning Methods Time series analysis has historically relied on statistical
methods like the ARIMA family (Box et al., 2015; Box & Jenkins, 1976), ETS (Hyndman et al., 2008),
and additive regression (Taylor & Letham, 2018). While robust baselines, they often struggle with complex
non-linear dependencies. The advent of deep learning introduced automated pattern learning, evolving
from RNNs (Hochreiter & Schmidhuber, 1997) and probabilistic models (Salinas et al., 2020) to specialized
architectures like N-BEATS (Oreshkin et al., 2019) and TimesNet (Wu et al., 2023). Recently, the field has
debated the efficacy of Transformers (Zhou et al., 2021; Wu et al., 2021) versus simpler MLP-based models
(Chen et al., 2023; Zeng et al., 2023), with innovations like PatchTST (Nie et al., 2023) bridging the gap.
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Despite their power, these deep learning models are typically trained for specific tasks and datasets, requiring
significant data and computational resources for each new application.

Time Series Foundational Models The latest paradigm shift in forecasting mirrors the revolution in
natural language processing with large language models: the rise of pre-trained Time Series Foundational
Models (TSFMs). These models, trained on massive and diverse datasets, perform zero-shot forecasting
on unseen time series with remarkable accuracy. A prominent approach treats forecasting as a language
modeling problem, where continuous time series values are tokenized into a discrete vocabulary. Models like
Chronos (Ansari et al., 2024) and TimeGPT (Garza et al., 2023) exemplify this, using standard large language
model (LLM) architectures to predict the next token. Building on this, Chronos-2 (Ansari et al., 2025)
evolves the architecture from a univariate predictor to a “universal” forecaster, leveraging a group attention
mechanism and synthetic training data to natively handle multivariate dependencies and external covariates.
A contrasting approach involves direct regression on continuous values. TimesFM (Das et al., 2024) is a
leading example, employing a decoder-only architecture pre-trained on 100 billion time points for extreme
long-horizon forecasting. Other models explore novel pre-training strategies and architectures, including
generative state-space models like Flowstate (Graf et al., 2025). The Moirai family (Woo et al., 2024)
particularly illustrates rapid architectural evolution: starting as a masked encoder with multi-patch layers to
handle diverse frequencies, it evolved into Moirai-MoE (Liu et al., 2024) utilizing a sparse Mixture-of-Experts.
Most recently, Moirai 2.0 (Liu et al., 2025a) shifts towards a more streamlined decoder-only architecture,
utilizing quantile loss to achieve superior probabilistic accuracy and inference speed with significantly fewer
parameters.. The core promise of TSFMs is a universal forecasting solution, yet as our Oracle analysis
demonstrates, no single model universally dominates. Instead, they exhibit complementary expertise, making
them prime candidates for advanced arbitration.

6 Conclusion

In this work, we identified the “representational compromise” in monolithic Time Series Foundational Models
as a key barrier to robust forecasting, particularly for non-stationary data. We established an empirical
performance ceiling by developing an Oracle selector, which highlighted the significant untapped potential
in leveraging the complementary, time-varying expertise of existing TSFMs.

To harness this potential and close the gap to Oracle, we introduced Synapse, a novel dynamic arbitration
framework. By employing a forward-simulation mechanism to dynamically adapt its weights and a predictive
sampling strategy to construct a probabilistically sound forecast, Synapse effectively navigates the strengths
and weaknesses of its constituent models at each timestep. Our extensive experiments demonstrate that
Synapse achieves state-of-the-art performance, significantly outperforming both individual state-of-the-art
models and traditional ensemble baselines. We showed that its performance advantage amplifies over longer,
more challenging forecast horizons where static ensembles often falter.

Critically, we demonstrated that an arbitrated mix of weaker models, when guided by Synapse, can de-
cisively outperform a stronger, single monolithic TSFM. This finding suggests a paradigm shift in time
series forecasting: the pursuit of a single, universal model may be less fruitful than developing sophisticated
methods for dynamically arbitrating an ecosystem of specialized experts.

Limitations

While Synapse demonstrates strong performance, it’s primary limitation lies in its forward simulation.
The process leverages the arbitrator’s own forecast as a “simulated ground truth” to update model weights.
This self-referential loop risks confirmation bias, potentially favoring consensus models over correct outliers.
Future work may focus on breaking this loop, for instance by introducing exploration techniques to ensure
that correct, non-consensus models can still gain influence.
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A Experimentation Setup

We conducted all experiments using 4X NVIDIA A100 80GB GPUs. These resources were utilized primarily
for deployment and execution of the TSFMs - Moirai small/medium/large, Sundial, Toto, and Moirai-2.

For the predictive sampling stage of Synapse arbitration, we use a total of Ntotal = 1500 for the final mixture,
and models contribute according to their weights for the mixture of constituent predictive distribution.
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B Evaluation Metrics

To compare the performance of Synapse to that of different baselines, we primarily use two metrics: Mean
Absolute Scaled Error (MASE) and Continuous Ranked Probability Score (CRPS). These metrics are defined
as below:

• Continuous Ranked Probability Score (CRPS): To evaluate the entire predictive distribution.
CRPS measures the integrated squared difference between the forecast’s cumulative distribution
function (CDF) and the empirical CDF of the ground truth outcome. Exact computation of CRPS
however can be computationally expensive. Therefore, weighted quantile loss (Park et al., 2022) -
discrete sum over a finite set of quantile levels can be used as an approximation.

CRPSapprox = 1
K

K∑
k=1

wQL[αk]

where K is the number of quantile levels (e.g., K = 9 for levels {0.1, 0.2, . . . , 0.9}). The weighted
quantile loss for a single level α is a normalized version of the pinball loss:

wQL[α] = 2 · ρα(q̂t(α), yt)
|yt|

Here, yt is the ground truth value, q̂t(α) is the predicted value for the α-th quantile, and ρα is the
standard pinball loss function, defined as:

ρα(q̂, y) =
{

α(y − q̂) if y > q̂

(1− α)(q̂ − y) if y ≤ q̂

A lower CRPS indicates a more accurate and well-calibrated probabilistic forecast.

• Mean Absolute Scaled Error (MASE): To provide a scale-independent measure of point forecast
accuracy, we use the Mean Absolute Scaled Error (MASE). MASE normalizes the forecast’s Mean
Absolute Error (MAE) by the in-sample MAE of a naive, one-step seasonal benchmark. This allows
for meaningful comparison of accuracy across diverse time series, regardless of their original scale.
Formally, MASE is defined as:

MASE = MAEforecast

MAEnaive, seasonal

C Performance Scaling with Models - Detailed Comparison

As explained in Section 4.8, we chronologically order the constituent models - Moirai-small, Moirai-base,
Moirai-large, Sundial, Toto, Moirai-2 and construct model pool of increasing size for arbitration. Table 4
shows the detailed result of model performance scaling comparison with number of models vs best performing
individual model.

Table 4: Performance comparison of Synapse against the Best Single Model baseline. Scores are shown for
different model pools. Here Moirai-S,B,L indicates a pool consisting of Moirai-small, Moirai-medium, and
Moirai-large models.

CRPS MASE
Models Synapse Best Individual Model Synapse Best Individual Model
Moirai-S,B 0.602 0.610 0.882 0.901
Moirai-S,B,L 0.577 0.599 0.850 0.875
Moirai-S,B,L, Sundial 0.534 0.559 0.778 0.750
Moirai-S,B,L, Sundial, Toto 0.510 0.517 0.741 0.750
Moirai-S,B,L, Sundial, Toto, Moirai-2 0.496 0.516 0.719 0.728
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D Qualitative Plots

Figure 7: Qualitative forecasting results comparing Synapse with baselines on the best-performing series
from 7 different domains.

(a) Nature: Jena Weather/D/short ID 40

(b) Web/CloudOps: BizITObs - Application/10S/medium ID 2

(c) Sales: Hierarchical Sales/W/short ID 88

16



Under review as submission to TMLR

(Continued) Qualitative forecasting results.

(d) Energy: ETT2/15T/long ID 13

(e) Transport: M_DENSE/D/short ID 51

(f) Econ/Fin: M4 Weekly/short ID 248

17



Under review as submission to TMLR

(Continued) Qualitative forecasting results.

(g) Healthcare: US Births/M/short ID 1
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