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ABSTRACT

Contextual forecasting seeks to improve time series forecasting by incorporating
forward-looking information, such as planned events, external conditions, and ex-
pert expectations. However, reliable evaluation remains difficult: existing bench-
marks often have limited domain coverage, lack standardized history—future splits,
or provide text that is not guaranteed to inform the future. We introduce GIFT-
Eval-CTX, a benchmark that isolates whether forecasting methods can translate
verified future information into accurate numerical trajectories. Built upon GIFT-
Eval, GIFT-Eval-CTX contains 10,000 instances across 20 datasets. Each instance
provides structured effects derived from the realized future: Macro effects de-
scribe horizon-wide behavior, while Micro effects specify localized changes. We
construct these annotations with an agentic pipeline combining LLM-based dis-
covery and deterministic code validation. We benchmark TSFMs, frontier LLMs,
and tool-using agentic systems. The results show that structured effects reduce ag-
gregate relative MASE by 40.7% for GPT-5.6 Sol and 29.6% for Claude Opus 4.8
relative to history-only prompting. The evaluated MoiraiAgent system achieves
the best overall result. We further analyze the contributions of structured effects
and agentic systems to performance, and identify opportunities for future research.

1 INTRODUCTION

Time series foundation models (TSFMs) have become strong zero-shot forecasters (Das et al., 2024
Ansari et al, 2025 [Liu et al.l 2025a; [Khwaja et al., [2026)), but their standard interfaces are de-
signed primarily for numerical histories and predefined covariates. Consequently, they are not natu-
rally equipped to incorporate open-ended forward-looking information, such as an energy operator
expecting unusually high electricity demand during a heatwave, a transportation system facing a
planned road closure, or a domain expert specifying how demand may evolve under a future sce-
nario. Contextual forecasting addresses this limitation by integrating textual context with numerical
history to guide forecasts (Xie et al., 2024} |[Liu et al.,[2024b; Wang et al., 2025} |Guan et al.| 2026a).
This requires two complementary capabilities: understanding what diverse, domain-specific context
implies about the future and translating those implications into accurate numerical trajectories.

Developing and comparing contextual forecasting systems requires reliable benchmarks that pair
diverse time series with relevant forward-looking context under standardized evaluation protocols.
However, existing contextual forecasting benchmarks fall short of these requirements in several
ways (Xu et al., 2025bj [Kong et al., [2025; |Xu et al., 2025a;|Y1n et al., {2026} |Lee et al., 2026). First,
collecting aligned text and time series data is difficult, resulting in limited domain diversity. Second,
many datasets lack standardized history—future splits (e.g., providing only several years of finan-
cial news and related stock prices). Researchers must construct these splits themselves, reducing
comparability across studies. Third, the accompanying text is not guaranteed to contain informa-
tion about future events or conditions, making it unclear whether the benchmark truly evaluates a
model’s ability to use forward-looking context.

In this work, rather than treating contextual forecasting as a single end-to-end task, we distinguish
two capabilities it requires: contextual understanding and numerical forecasting. We treat contextual
understanding as an upstream capability handled by frontier LLMs, whose knowledge and reasoning
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Figure 1: Illustration of agentic annotation, an annotated instance, and paired evaluation.

continue to improve rapidly, and focus on the evaluation of the second capability: generating accu-
rate numerical forecasts from verified future information. To this end, we introduce GIFT-Eval-
CTX, a contextual extension of the GIFT-Eval benchmark (Aksu et al.| 2024)). GIFT-Eval offers
broad domain diversity and standardized training—test and history—future splits, addressing the first
two limitations above. To ensure that every context is informative about its corresponding future,
we derive structured context from the realized future during benchmark construction, analogous to
supplying a verified scenario or expert outlook. GIFT-Eval-CTX therefore does not test whether a
model can extract or validate future information from raw sources, an upstream task that we believe
can be handled by domain experts and increasingly capable frontier LLMs. Instead, it evaluates
whether a model can convert provided future information into an accurate numerical trajectory.

To make the context portable across domains and less dependent on the language style of any partic-
ular LLM, we represent it as a compact key-value schema called structured effects, rather than as
free-form text. Structured effects have two compositional levels. Macro effects describe horizon-
wide trend, seasonality, and value range. Micro effects describe localized excursions, mean shifts,
and seasonal changes, together with their temporal boundaries and scale. We then propose an agen-
tic labeling pipeline to generate these structured effects. Concretely, we first identify GIFT-Eval test
windows on which state-of-the-art TSFMs cannot solve easily, i.e., where future context is needed.
Then a Macro Agent and a Micro Agent inspect the numerical evidence independently: the for-
mer summarizes global future structure, while the latter identifies localized mechanisms that are not
adequately captured by the TSFMs’ forecast. Deterministic validators enforce the schema, verify
numerical evidence, and compute quantitative fields, after which a Joint Critic Agent reviews all
proposed labels and commits a final annotation.

We benchmark three classes of forecasting methods on GIFT-Eval-CTX: TSFMs, frontier LLMs,
and agentic systems that augment LLMs with tool use. The results show that LLM forecasts improve
substantially when given structured effects: aggregate relative MASE decreases by 40.7% for GPT-
5.6 Sol and 29.6% for Claude Opus 4.8 relative to history-only prompting. These improvements
demonstrate that the structured effects are informative and actionable. Moreover, MoiraiAgent,
which combines a frontier LLM with code-execution tools and a TSFM forecasting service, achieves
the best overall performance. We also analyze how Macro and Micro effects contribute across
forecast horizons, Micro families, and regions inside and outside labeled Micro intervals. Finally,
we examine the sources of MoiraiAgent’s gains, showing how its forecasting and code-execution
tools improve performance, and identify limitations of code-based forecast editing.

2 RELATED WORK

2.1 MULTIMODAL TIME SERIES BENCHMARKS

Multimodal time series benchmarks have expanded time series evaluation beyond point prediction.
One line of work focuses on understanding and question answering across a diverse collection of
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tasks (Merrill et al., 2024 [Weng et al.| [2026). MTBench (Chen et al.;[2025)) and Time-MQA (Kong
et al.} 2025) pair numerical sequences with textual context and questions that require temporal or
cross-modal reasoning. MMTS-Bench (Yin et al. |2026) and TSRBench (Yu et al., [2026) broaden
the scope to tasks such as pattern perception, feature analysis, and decision making. BEDTime (Sen
et al.,[20235)) instead evaluates the ability to describe and distinguish time series patterns in text.

A second line of work concentrates more directly on multimodal forecasting. Context is
Key (Williams et al., 2025) pairs numerical series with manually constructed, and sometimes
intervention-aligned, synthetic textual contexts. Time-MMD (Liu et al.| |2024a) aligns time series
with real textual information across domains, and MoTime (Zhou et al., 2025) augments forecasting
datasets with text, metadata, and images. FinTexTS (Lee et al.| [2026) constructs text—time series
pairs for financial forecasting through multi-level news matching. FinMultiTime (Xu et al.| 2025a))
further extends financial multimodality by incorporating financial tables and K-line charts. However,
these existing benchmarks often have limited domain coverage and lack standardized history—future
splits. Moreover, their text is not guaranteed to provide future-relevant information. GIFT-Eval-CTX
complements these benchmarks with broad domain coverage, standardized history—future splits, and
structured context guaranteed to describe the realized future. It thereby isolates a specific down-
stream capability: translating provided future information into an accurate numerical trajectory.

3 GIFT-EVAL-CTX

3.1 TASK DEFINITION

Letx;.7 € RT denote an observed time series history and y 1.7 € RH its future target over a horizon
of H steps. In contextual forecasting, the model additionally receives structured future context s
describing the global behavior and localized effects within y;.5. Given (x1.7, H,s), a contextual
forecaster F produces y1.5y = F(x1.7, H,s). GIFT-Eval-CTX supports a paired evaluation of the
same forecasting model under two information conditions. In the history-only condition, the model
receives only (x1.7, H). In the contextual condition, it additionally receives s. Comparing the two
conditions allows us to assess how effectively a model uses the supplied future context.

3.2 TIME SERIES CORPUS

Data source. We construct GIFT-Eval-CTX from the held-out test regions of GIFT-Eval. Each
multivariate series is flattened into univariate targets, and no window is cut from a training or vali-
dation region. We consider forecast horizons of at least 24 steps, since shorter futures rarely contain
meaningful effects. To limit token costs for long histories, we cap the history length at 10H, 5H,
and 3H for short-, medium-, and long-horizon settings, respectively.

Difficulty filtering. An important design principle of GIFT-Eval-CTX is to focus on test windows
that TSFMs cannot solve easily. If a TSFM already forecasts the future accurately from history
alone, additional context leaves little room for meaningful improvement. To identify non-trivial
windows, we forecast every candidate with top-performing TSFMs on the GIFT-Eval leaderboard,

-1 H s — . .
and define the range-normalized error IMAE(y,y) = % We retain a window only

when all evaluated models obtain an rMAE larger than a threshold. Normalizing by the future range
makes the threshold comparable across datasets and windows with different scales.

3.3 STRUCTURED EFFECTS SCHEMA

Free-form descriptions confound the information conveyed by a context with its wording, domain
vocabulary, and level of detail. We instead represent future context through structured effects, a
domain-agnostic key-value schema designed to be portable across models. Structured effects de-
compose the future into a single Macro description and a set of Micro effects.

Macro effects. Macro describes the complete forecast horizon through three fields:

* trend: one or two chronological segments describing the horizon-wide baseline move-
ment. Each segment specifies a di rection that describes the movement of the center line



Salesforce Al Research

within the segment, a shape that describes the curvature of the trend, and a duration
that gives its fraction of the horizon. Segment durations sum to one.

* seasonality: the dominant oscillatory structure of the future, or null when no mean-
ingful oscillation is present. When present, it specifies a period in time steps and a
waveform that describes the cycle shape.

* level_range: the min and max future values in history-normalized coordinates.

Micro effects. Each Micro effect occupies an interval [a, b] in the forecast horizon and describes a
localized mechanism that is not adequately captured by the TSFMs’ forecast. Multiple Micro effects
may coexist or overlap when they describe different mechanisms. Micro has the following fields:

e family: excursion (a temporary deviation followed by recovery), mean_shift (a
persistent transition from the nearest preceding stable level), or seasonal_change (a
change in a periodic pattern relative to the nearest preceding stable periodic region).

e subtype: impulse, sustained, or recurrent for excursions; null for mean shifts;
amplitude, phase, period, onset, or disappearance for seasonal changes.

* direction: the direction relative to the local background or preceding reference regime.
Its possible values depend on the family and subtype.

* start, end: the zero-based inclusive boundaries of the effect within the forecast horizon.

* intensity: avalue computed deterministically from the raw series to quantify the effect.
Its interpretation is family-specific.

e amplitude_trend: how the amplitude evolves within the effect: increase,
decrease, stable,or variable.

* envelope_change: how the amplitude envelope evolves within the effect:
expanding, contracting, stable,or variable.

To make quantitative fields comparable across series, Macro level_range and Micro
intensity values use a shared history-normalized scale. Let i, and z,,x be the minimum
and maximum finite history values. A normalized level v is represented as £(v) = 10030“;%;"
Values below 0 or above 100 are valid when the future falls outside the historical range. This nor-
malization preserves relative scale while allowing one schema to cover datasets with different units
and magnitudes. Complete schemas and visualization are shown in Appendix [B.1}[B.2|and [B.3]

3.4 STRUCTURED EFFECTS GENERATION PIPELINE

Overview. We propose an agentic pipeline with an inspect—propose—validate—accept/revise work-
flow. As shown in Figure|l} the pipeline first runs independent Macro and Micro Discovery Agents,
each combining LLM reasoning with deterministic code validation. The LLMs identify informa-
tive regions, determine effects’ mechanism and boundaries, and submit proposals. Deterministic
validation then checks the proposed type and type-specific criteria. If a proposal fails validation,
the tool returns the numerical evidence so that the Agent can revise its proposal. Finally, a Joint
Critic Agent reviews the outputs of both branches and filters out incorrect annotations. Moreover, a
random subset of annotated samples is manually reviewed to assess annotation quality.

Macro Discovery Agent. The Macro Agent observes the complete history and future ground truth.
It first examines the raw series and calls deterministic tools to measure trend, change-point, and
periodic structure. Based on this evidence, it proposes a complete Macro object covering the forecast
horizon. A Macro validator checks the schema and segment durations and computes the exact future
range from the raw series. Measurements that disagree with the proposed trend or seasonality are
returned as evidence for reconsideration. The Agent can then revise an invalid or poorly supported
proposal before submitting its final Macro candidate.

Micro Discovery Agent. To focus Micro discovery on regions where TSFMs forecast poorly, we
construct a reference forecast for each sample by averaging the predictions of the best-performing
TSFMs. The Micro Agent first calls a deterministic overview tool to locate candidate regions with
large residuals between the reference forecast and the future ground truth. The Agent then calls
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inspection tools to read the raw values in each selected region and its surrounding context. From
this evidence, it determines whether the region contains an independent effect and, if so, identifies
its mechanism and complete boundaries. It then submits a proposal specifying the family, subtype,
direction, interval, and any preceding reference region required by the mechanism.

Each proposal is submitted to a family-specific Micro validator through a tool call. The validator
checks the schema, boundaries, and any required component related to the Micro effect. When a
proposal fails these checks, the tool returns the relevant numerical evidence so that the Agent can
inspect the region again and revise its interpretation. The Agent repeats this process to identify
additional effects.

Blind-first Joint Critic Agent. After both discovery branches finish, a Joint Critic Agent reviews
their outputs. The Critic first inspects the raw history and future while all outputs of the discovery
agents remain hidden. Only after forming an independent interpretation can it view the proposed
Macro and Micro effects, their explanations, and the corresponding numerical evidence. This order
reduces the risk that the Critic simply adopts the discovery Agents’ interpretations.

The Critic assesses the Macro claims and decides whether each Micro candidate should be sup-
ported, excluded, or left unresolved. Supporting a Micro candidate requires inspection of its com-
plete interval and any surrounding region on which the effect depends. The Critic can also correct a
candidate’s type or boundaries, after which the revised candidate is checked again by the validator.
The final annotation contains the reviewed Macro and only the supported Micro effects; uncertain
candidates are not promoted to the final annotation.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset. The final GIFT-Eval-CTX benchmark contains 10,000 instances from 20 GIFT-Eval
source datasets and 78 dataset—frequency—term configurations. It covers six sampling frequencies
and seven distinct horizon lengths between 30 and 900 steps. Short horizons account for 6,559 in-
stances, medium horizons for 2,135, and long horizons for 1,306. Detailed source-level counts are
deferred to Appendix [A] The benchmark contains 23,476 Micro effects. Excursions are the most
common family, with 19,134 effects, followed by 3,117 seasonal changes and 1,225 mean shifts.

Evaluated methods. Our experiments cover three classes of forecasting methods. The TSFM
baselines are Chronos-2 (Ansari et al., [2025)), Toto-2 (Khwaja et al., [2026), Moirai-2 (Liu et al.|
2025a)), and TimesFM-3 (Das et al., [2024), each operating in the univariate setting using only the
numerical history. GPT-5.6 Sol (OpenAll, 2026) and Claude Opus 4.8 (Anthropic} 2026) serve as
frontier-LLM baselines and are tested under paired history-only and contextual conditions. Finally,
we evaluate a GPT-5.6 Sol-powered MoiraiAgent (Salesforcel [2026) that receives the structured
effects and can use TSFM forecasting (powered by Moirai-2) and code-execution tools.

Metric and aggregation. Following GIFT-Eval, we use mean absolute scaled error (MASE) as
the evaluation metric, which normalizes forecast error by the in-sample error of a seasonal-naive
predictor. For each of the 78 dataset—term groups, we first average the per-sample MASE of each
method and divide it by the corresponding seasonal-naive group mean. We then take the geometric
mean across groups to obtain the aggregate relative MASE. Lower values are better, and seasonal
naive has a score of 1.0 by construction.

4.2 MAIN RESULTS

Frontier LLM:s still underperform TSFMs in history-only forecasting. Table[I]reports MASE
for all evaluated methods. Despite advances in the general knowledge, frontier LLMs still face
limitations in history-only time series forecasting, consistent with earlier findings on less capable
LLMs (Merrill et al., 2024; Tan et al.,[2024). Given history only, both frontier LLMs underperform
every native TSFM in terms of overall MASE. Both models outperform seasonal naive at the short
horizon, but this advantage disappears as the horizon increases. At the medium and long horizons,
GPT-5.6 Sol performs 7.1% and 4.9% worse than seasonal naive, whereas Claude Opus 4.8 degrades
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Table 1: MASE on GIFT-Eval-CTX. “Effects” denotes the structured context supplied by the bench-
mark. The best/second-best result in each column is bold/underlined.

Method Input Short Medium Long Overall
Seasonal naive History 1.000 1.000 1.000 1.000
Chronos-2 History 0.764 0.803 0.848 0.795
Toto-2 History 0.765 0.811 0.851 0.798
Moirai-2 History 0.740 0.798 0.852 0.782
TimesFM-3 History 0.750 0.795 0.823 0.780
Claude Opus 4.8  History 0.967 1.325 1.206 1.109
Claude Opus 4.8  History + effects  0.538 1.077 1.147 0.781
GPT-5.6 Sol History 0.851 1.071 1.049 0.953
GPT-5.6 Sol History + effects  0.417 0.727 0.782 0.565
MoiraiAgent History + effects  0.398 0.623 0.603 0.497

more sharply, with errors increasing by 32.5% and 20.6%, respectively. In contrast, all TSFMs
consistently outperform seasonal naive across all horizons.

Structured effects substantially improve frontier LLM forecasts. Providing structured effects
reduces overall MASE by 40.7% for GPT-5.6 Sol and 29.6% for Claude Opus 4.8, enabling both
models to achieve performance comparable to or better than TSFMs. These gains indicate that
frontier LLMs can translate structured information into more accurate numerical trajectories. For
both models, the benefit diminishes as the forecast horizon grows, with the largest improvements
occurring at the short horizon and progressively smaller gains thereafter. Structured effects therefore
remain useful beyond short horizons, but direct realization becomes increasingly difficult.

MoiraiAgent achieves the best overall performance. MoiraiAgent not only achieves the lowest
overall MASE, but also performs best at every horizon. Relative to the best history-only TSFM
overall, MoiraiAgent reduces MASE by 36.3%. Its advantage over GPT-5.6 Sol with the same
structured effects grows from 4.6% on short horizons to 14.3% on medium horizons and 22.9% on
long horizons, suggesting that tool use becomes increasingly valuable as the forecast horizon grows.

4.3 ANALYSIS OF STRUCTURED EFFECTS

Micro effects drive the largest gains, while Macro effects remain complementary. Table
compares history-only forecasting with three structured-effect conditions. Micro effects are the
larger individual contributor for both methods, while the additional improvement from combining
Macro and Micro effects shows that the two levels provide complementary information.

The horizon breakdown shows that Macro and Micro effects contribute differently. For both GPT-
5.6 Sol and MoiraiAgent, the gains from Macro effects diminish as the forecast horizon grows,
whereas Micro effects yield substantial improvements at all three horizon lengths. The reason is
that Macro effects provide coarse, horizon-wide information. As the horizon grows, many dis-
tinct trajectories may satisfy the same global description, making these effects less informative for
constructing a long-horizon forecast. Micro effects remain more actionable because they specify
localized changes. Nevertheless, Macro effects remain useful in combination with Micro effects:
the combined condition outperforms Micro-only forecasting for both methods at every horizon.

Mean shifts yield the largest gains, while seasonal changes remain challenging. To compare
the influence of three Micro-effect families, we group samples according to whether they contain at
least one effect of excursion, mean shift, or seasonal change. Samples containing effects from mul-
tiple families are assigned to each corresponding group. As shown in Table [3] both methods exhibit
the same ordering of gains across the Micro families. Mean shifts produce the largest gains, reducing
MASE by around two thirds. Excursions yield substantial but smaller reductions of approximately
29-31%, whereas seasonal changes improve performance by only 6-9% overall. The horizon break-
down shows that the gains from mean shifts and excursions are consistent across forecast lengths.
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Table 2: MASE under different structured-effect inputs. MoiraiAgent’s history-only performance is
the same as Moirai-2.

Method Input Short Medium Long Overall
History only 0.851 1.071 1.049 0.953
History + Macro 0.601 0.992 1.009  0.780
GPT-5.6 Sol - pistory + Micro 0520 0796 0815 0.650
History + Macro + Micro  0.417  0.727  0.782  0.565
History only 0.740  0.798  0.852 0.782
MoiraiAeent History + Macro 0.605 0.802 0.858 0.711
& History + Micro 0.483 0.628  0.609  0.549

History + Macro + Micro 0.398  0.623  0.603  0.497

Table 3: Comparison of MASE between history-only forecasting and forecasting with Micro effects.
Each Micro family contains samples with at least one effect from that family.

Method Micro family Short Medium Long Overall
Hist. +Micro Hist. +Micro Hist. +Micro Hist. +Micro
Excursion 0.826 0.540 1.056 0.780 1.031 0.739 0930 0.642
GPT-5.6 Sol  Mean shift 0.810 0240 0995 0446 0982 0304 0.890 0.294
Seasonal change 0.857 0.753 1.104 1.025 1.070 1.119 0975 0914
Excursion 0.708 0498 0.811 0.628 0.862 0.584 0.770  0.550
MoiraiAgent Mean shift 0.699 0235 0.864 0405 0900 0300 0.780 0.283

Seasonal change 0.742 0.678 0.866 0.792 0.826 0.755 0.796 0.728

Seasonal changes are more difficult: on long horizons, GPT-5.6 Sol deteriorates from 1.070 to 1.119
when Micro effects are provided, whereas MoiraiAgent improves from 0.826 to 0.755. This pat-
tern suggests that persistent level changes are the most readily translated into numerical trajectories,
while changes to periodic structure require coordinated adjustments across repeated cycles. The
contrasting long-horizon results further indicate that tool-supported forecasting is more reliable than
direct generation for realizing such distributed changes.

Micro effects improve forecasts both inside and between labeled regions. A successful forecast
should follow each local instruction and connect separate effect regions through coherent numerical
trajectories. We additionally examine how Micro effects change predictions outside their labeled
regions. Table [] therefore reports performance separately inside and outside the labeled Micro
regions. Within the labeled regions, adding Micro effects reduces GPT-5.6 Sol’s MASE by 50.9%
and MoiraiAgent produces a similar 49.3% reduction, confirming that both methods can effectively
use Micro effects to realize the specified local events.

Notably, both methods can propagate local effect information beyond the labeled regions. Outside
the labeled regions, the overall MASE improves from 0.890 to 0.802 for GPT-5.6 Sol and from 0.687
to 0.652 for MoiraiAgent. Although smaller than the within-region gains, these improvements show
that structured effects can positively influence the trajectory between local events. This also indicates
that achieving strong performance on GIFT-Eval-CTX requires both realizing individual effects and
connecting them through accurate and coherent numerical dynamics. The left panel of Figure
illustrates this behavior. The sample contains an upward sustained excursion followed by an upward
mean shift. Supplying these two Micro effects reduces MASE from 0.261 to 0.124 in the unlabeled
interval between them, producing a more accurate transition between the two events.

Micro effects can preserve periodic structure even when MASE worsens. The right panel of
Figure [2]illustrates a complementary qualitative benefit that is not fully captured by the quantitative
MASE metric. For this periodic electricity series, the history-only Moirai-2 forecast progressively
attenuates the oscillations toward a nearly flat trajectory, exhibiting a common forecast-collapse
behavior of TSFMs (Qiao et al.l 2026). Given a seasonal-onset effect with stable amplitude, Moira-
iAgent instead preserves meaningful periodic dynamics throughout the forecast horizon, although
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Table 4: MASE inside and outside labeled Micro regions.

Method Tnput Inside Micro regions Outside Micro regions
Short Medium Long Overall Short Medium Long Overall
GPT-5.6 Sol History only 0.943 1.107 1.055 1.011 0.744 1.060 1.062  0.890

History + Micro  0.411 0.650 0542 0496 0.638 0918 1.101  0.802

MoiraiAgent History only 0.838  0.893 0939 0876 0.610 0.729  0.820  0.687
& History + Micro  0.398  0.535 0454 0444 0594  0.671 0.760  0.652

Dataset ID: jena_weather/10T/medium item=item_0_dim0 w=0 Dataset ID: electricity/15T/long item=MT_145 w=1
Micro effects: E1 sustained/up (81-172); E2 mean_shift/up (420-479) Micro effects: E1 seasonal_change/onset (0-719, amplitude_trend=stable)

1004
E1l Unlabeled Region  E2 El
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“1 — Ground truth 601 —— Ground truth

Moirai-2 (MASE=0.251) —— Moirai-2 (MASE=0.933)
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Figure 2: Qualitative examples of the benefits provided by Micro effects. Left: Micro effects im-
prove the unlabeled trajectory between two labeled events. Right: Micro effects preserve meaningful
periodic dynamics even when the sample-level MASE does not improve.

its sample-level MASE increases from 0.933 to 1.052. Thus, this kind of Micro effects can prevent a
periodic forecast from collapsing and preserve meaningful periodic structure even when this benefit
is not reflected in the quantitative results.

4.4 FURTHER ANALYSIS OF MOIRAIAGENT

MoiraiAgent achieves the best performance on GIFT-Eval-CTX. In this section, we investigate the
sources of its strong performance and identify potential limitations to guide future improvements.

MoiraiAgent uses forecast tools to ensure exact-length outputs. Beyond accuracy, direct LLM
forecasting exhibits a fundamental limitation in following the forecasting task’s output-length re-
quirement. As the horizon grows, LLMs may lose track of the required output length during gener-
ation, causing many medium- and long-horizon outputs whose lengths do not match the requested
horizon. In such cases, we truncate overlong outputs and pad shorter ones to the required horizon.
Table 5] shows that this issue is rare on short horizons but common on longer ones. GPT-5.6 Sol can
only produce the requested length in 38.9% of medium outputs and 40.5% of long outputs. Claude
Opus 4.8 shows even weaker length control, with corresponding rates of only 2.3% and 1.2%.

MoiraiAgent avoids this problem by first calling Moirai-2 to produce an exact-length numerical tra-
jectory. The LLM uses code-execution tools to modify this existing forecast instead of constructing
a long, numerically coherent forecast from scratch. Consequently, all MoiraiAgent forecasts have
the requested length. This suggests that forecasting tools contribute more than a strong history-only
baseline: they also provide an exact-length numerical object that the LLM can directly edit.

MoiraiAgent uses code execution to improve numerical constraint adherence. To evaluate
whether a forecast numerically realizes the supplied structured effects, we measure its adherence
to the specified level range and Micro-event intensities using a tolerance of five history-normalized
points. Table[5|shows that the global level range is generally easier to follow than local event intensi-
ties. GPT-5.6 Sol follows the level range on 97.41% of samples, but follows every specified intensity
on only 81.57% of samples. Claude Opus 4.8 is substantially less reliable on both constraints.
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Table 5: Analysis of output-length compliance and numerical constraint adherence. T/P denotes the
truncation and padding rates, respectively. The final two columns report sample-level adherence to
the specified level range and event intensities using a tolerance of five history-normalized points.

Method Short (T/P)  Medium (T/P) Long (T/P) Follow level range  Follow intensity
Claude Opus 4.8 0.0%/02% 48.4% /49.3% 34.0% / 64.8% 59.83% 40.79%
GPT-5.6 Sol 0.0%/0.1%  54.0% /7.1% 51.8% 1 7.7% 97.41% 81.57%
MoiraiAgent 0.0%/0.0%  0.0%/0.0% 0.0% /0.0% 99.98% 92.73%
Dataset ID: bizitobs_I2¢/5T/long item=L2C_dim2 w=4 Dataset ID: kdd_cup_2018_with_missing/H/short item=T85 w=14
Micro effects: E1 sustained/down (284-303); E2-E3 sustained/up (331-410, 420—50(?2D Micro effects: E1 sustained/down (9-33)

History E1l
— Ground truth

Moirai-2 (MASE=0.311)
—— MoiraiAgent + effects (MASE=0.114)

Value

20 History

—— Ground truth
Moirai-2 (MASE=0.389) 20

151 —— MoiraiAgent + effects (MASE=0.224)

-200 -100 0 100 200 300 400 500 600 -100 -80 -60 -40 -2

0 20 40
Time step relative to the forecast origin Time step relative to the forecast origin

Figure 3: Qualitative limitations of MoiraiAgent. Left: MoiraiAgent replaces local fluctuations with
extended plateaus in the BizITObs series. Right: it approximates the recovery from a sustained
downward excursion with a nearly linear trajectory in the KDD Cup series. In both examples,
sample-level MASE improves despite the loss of fine-grained temporal dynamics.

MoiraiAgent strengthens numerical constraint adherence through code execution and achieves the
highest following rates. The code tool allows the Agent to calculate the numerical targets implied
by the level range and event intensities, modify the relevant forecast regions, and verify the resulting
values against these constraints. Together, these results show how the two tools address comple-
mentary limitations of direct LLM forecasting: the forecast tool provides an exact-length numerical
starting point, while the code tool helps the Agent realize structured effects more precisely.

Limitations of MoiraiAgent. Code execution improves numerical constraint adherence, but it
can also simplify the local dynamics of the forecast. MoiraiAgent often realizes an effect through
deterministic operations such as level shifts, rescaling, and interpolation. These operations can place
an event at the requested location and intensity, yet produce long constant segments or overly smooth
linear transitions that do not capture the fine-grained temporal variation of time series.

Figure [3| shows two examples in which code-based editing fails to preserve realistic local dynam-
ics. In the BizITObs series, MoiraiAgent reduces the sample-level MASE from 0.389 to 0.224,
but represents the second and third sustained excursions with extended plateaus that suppress their
local fluctuations. In the KDD Cup series, the MASE also improves, while the recovery from the
sustained downward excursion is approximated by an almost perfectly straight line. Thus, future
agentic forecasters should couple numerical constraint enforcement with more flexible mechanisms
for preserving temporal variation during forecast editing. Another promising direction is to jointly
train multimodal models on time series and structured effects, allowing them to represent and realize
effect information natively within the forecasting model.

5 CONCLUSION

We introduced GIFT-Eval-CTX, a benchmark that isolates the numerical realization of verified fu-
ture information in time series forecasting. The benchmark represents context as compositional
Macro and Micro effects and uses an agentic pipeline with deterministic validation to construct an-
notations across diverse datasets. Experiments show that structured effects substantially improve
frontier LLM forecasts, while MoiraiAgent achieved the best performance by combining LLM rea-
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soning with forecasting and code-execution tools. Our analyses also show that success requires
both realizing the specified effects and maintaining coherent numerical dynamics throughout the
forecast. These findings motivate two directions: building stronger agentic forecasters, or jointly
training models on time series and structured effects for native effect representation and realization.

Al USE STATEMENT

In this work, we used generative Al tools to generate the structured-effect annotations, assist in im-
plementing the code for baseline evaluations, and support the analysis of experimental results. We
did not use generative Al to develop theoretical models, formulate mathematical claims, or produce
proofs. Additionally, generative Al assisted with manuscript drafting and language polishing. The
authors manually inspected annotation quality, executed and tested the code, verified the experimen-
tal outcomes, and reviewed the manuscript. We take responsibility for the final content of this work,
including all text, claims, code, and artifacts produced with the aid of generative Al.
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A DETAILED BENCHMARK STATISTICS

Instance distribution. Table[@ summarizes the overall benchmark statistics. GIFT-Eval-CTX con-

tains 10,000 univariate forecasting

instances drawn from the held-out test regions of 20 GIFT-Eval

source datasets. A source dataset may appear at multiple sampling frequencies, giving 38 dis-

tinct dataset—frequency identifiers.

Combining these identifiers with the available short-, medium-,

and long-horizon settings produces 78 dataset—frequency—term configurations. Table [7| provides a
source-level breakdown, where IDs denotes the number of dataset—frequency identifiers and Groups

denotes the number of dataset—fre

quency—term configurations. Table [§| reports the number of in-

stances at each sampling frequency and forecast horizon.

Table 6: Summary statistics for GIFT-Eval-CTX.

Statistic Value
Instances 10,000
Source datasets 20
Dataset—frequency identifiers 38
Dataset—frequency—term configurations 78
Sampling frequencies 6
Distinct forecast horizons 7
Horizon range 30-900
Short / medium / long instances 6,559 /2,135/1,306
Micro effects 23,476
Mean Micro effects per instance 2.35

Table 7: Source-level composition of GIFT-Eval-CTX.

Source dataset

IDs Groups Short Medium Long Total

LOOP_SEATTLE 3 7 1,332 685 306 2,323
M_DENSE 2 4 61 5 4 70
SZ_TAXI 2 4 279 86 73 438
bitbrains_fast_storage 2 4 799 257 112 1,168
bitbrains_rnd 2 4 681 100 97 878
bizitobs_application 1 2 1 1 0 2
bizitobs_12¢ 2 5 19 12 12 43
bizitobs_service 1 3 46 18 13 77
covid_deaths 1 1 23 0 0 23
electricity 3 7 1,184 707 502 2,393
ettl 3 7 28 21 20 69
ett2 3 7 31 25 23 79
hierarchical _sales 1 1 97 0 0 97
jena_weather 3 7 56 33 33 122
kdd_cup_2018_with_missing 2 4 572 18 11 601
m4_hourly 1 1 35 0 0 35
restaurant 1 1 130 0 0 130
saugeenday 1 1 1 0 0 1
solar 3 7 641 167 100 908
temperature_rain_with_missing 1 1 543 0 0 543
Total 38 78 6,559 2,135 1,306 10,000

Structured-effect distribution.
least one Micro effect. In total, the

Each benchmark instance contains one Macro annotation and at
benchmark contains 23,476 Micro effects, with a median of two

and a maximum of 15 effects per instance. Excursions constitute 19,134 effects, seasonal changes

3,117, and mean shifts 1,225. Tabl

e[9] provides the complete subtype breakdown.
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Table 8: Distribution of sampling frequency and forecast horizon.

Frequency Instances Horizon Instances
10S 79 30 1,791
5T 2,724 48 4,721
10T 543 60 47
15T 1,597 480 2,116
H 3,266 600 19
D 1,791 720 1,293

900 13

Table 9: Distribution of Micro families and subtypes.

Family Subtype Count
Impulse 10,625
Excursion Sustained 6,750
Recurrent 1,759
Mean shift - 1,225
Amplitude 2,391
Phase 29
Seasonal change Period 24
Onset 211
Disappearance 462

B COMPLETE STRUCTURED EFFECTS SCHEMA

B.1 MACRO SCHEMA

Macro describes the complete forecast horizon. Table[T0|lists its fields and constraints.

Table 10: Complete Macro schema.

Field

Type and allowed values

Definition

trend

trend.direction

trend. shape

trend.duration

seasonality

seasonality.period

seasonality.waveform

level_range

List of one or two segment
objects

up, down, or flat

linear, curved,
accelerating._curved,
decelerating.curved,
step, or null

Positive real number in (0, 1]

Object or null
Integer greater than one, or

null
follow_history,

sinusoidal, sawtooth,
or irregular
Two finite real values

[émhu Kmax}

Chronological decomposition of the horizon-
wide center-line movement. Segment durations
are positive and sum to one.

Direction of the center line within the segment.
Flat means there is no meaningful overall rise
or fall.

Shape of a non-flat trend segment. The value is
null when direction is flat.

Fraction of the forecast horizon occupied by the
segment.

Dominant oscillatory structure of the future.
It is null when no meaningful oscillation is
present.

Dominant period in time steps. A null period
denotes an irregular oscillation.

Qualitative shape of the dominant oscillation.

Minimum and maximum future values in
history-normalized coordinates. The field is
computed deterministically from the complete
future.
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B.2 MICRO SCHEMA

A Micro entry describes one interval-specific mechanism. Multiple entries may overlap when they
represent different compatible mechanisms. Each entry contains the following fields:

e family: the top-level mechanism: excursion, mean_shift, or
seasonal_change.

* subtype: the specific form of the mechanism. Its valid values depend on the family.
* direction: the direction of the change relative to the locally reasonable background.

e amplitude_trend: how component or cycle amplitudes evolve within the interval:
increase, decrease, stable, variable, or null.

* envelope_change: how the overall envelope of a bidirectional recurrent pattern
evolves: expanding, contracting, stable, variable, or null.

* start and end: zero-based, inclusive boundaries within the future horizon.

* intensity: a deterministic, family-specific numerical measurement.

Shared normalization. Let z,;, and z,,, be the minimum and maximum finite history values,
and let R, = Zmax — Tmin- A normalized level v is represented as ¢(v) = 100(v — Zin)/Ra»
and the inverse transformation is v = &, + £(v) R, /100. Values below 0 or above 100 are valid
when the future lies outside the historical range. Macro level_range is [¢(min; y), £{(max; y;)].
Micro level intensities use the same coordinates.

Excursion. An excursion is a temporary departure from the locally reasonable background fol-
lowed by a meaningful recovery.

* Subtype: impulse is one isolated, sharply concentrated peak or trough; sustained
is one continuous deviation that persists locally before recovering; and recurrent rep-
resents multiple separated events with quiet intervals between them rather than a stable
seasonal cycle.

¢ Direction: impulse and sustained are up or down; recurrent is up, down, or
bidirectional.

e Amplitude fields: for a unidirectional recurrent excursion, amplitude_trend
is increase, decrease, stable, or variable, and envelope_change is
null. For a bidirectional recurrent excursion, envelope_change is expanding,
contracting, stable, or variable, and amplitude_trend is null. Both fields
are null for impulse and sustained.

* Boundaries: when available, start includes the point immediately before the first af-
fected point so that the onset is visible. end includes the first clear recovery point when
recovery occurs within the horizon.

¢ Intensity: for impulse and sustained, intensity is the interval maximum for up, or
the interval minimum for down, expressed in history-normalized level coordinates. Thus
it is £(max;e[q,p) y¢) for up and £(minge(q ) y) for down. For recurrent, intensity
is a representative component value expressed in the same history-normalized level coor-
dinates. For an upward recurrent excursion, we use the peak value of each component;
for a downward recurrent excursion, we use the trough value of each component. When
amplitude_trendis increase or decrease, intensity is the maximum peak for up
or the minimum trough for down. When itis stable or variable, intensity is the me-
dian component value. For a bidirectional recurrent excursion, the up-component peaks and
down-component troughs are combined: intensity is their maximum for an expanding
envelope, their minimum for a cont ract ing envelope, and their median for a stable
or variable envelope.

Mean shift. A mean shift is a transition from the nearest preceding stable level into a persis-
tent new level. Its subtype is null, and its direction is up when the settled new level is
above the preceding stable level and down when it is below. Both amplitude_trend and
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envelope_change are null. Intensity records the settled new level as 100(y — Zmin )/ Rz, Where
y is the median settled level.

Seasonal change. A seasonal change describes a change in a periodic pattern relative to the near-
est stable periodic region immediately preceding start. There are five subtypes in this family:
amplitude, phase, period, onset, and disappearance. The subtype and its correspond-
ing direction meaning is:

* amplitude: increase direction means that cycle amplitudes are larger than in the
preceding stable region, and decrease means that they are smaller.

* phase: advance direction means that the recurring pattern occurs earlier within each
cycle, and delay means that it occurs later.

* period: increase direction means that cycles become longer, and decrease means
that they become shorter.

* onset: a periodic pattern appears after being absent from the preceding stable region;
directionisnull.

* disappearance: a periodic pattern present in the preceding stable region disappears;
direction is null.

For amplitude and onset subtypes, the field of amplitude_trend describes how cy-
cle amplitudes evolve inside the labeled interval. It is required when the interval con-
tains at least two complete cycles and is null when it contains exactly one. For example,
seasonal_change/amplitude/decrease with amplitude_trend=increase means
that amplitudes are smaller than in the preceding stable region but increase within the labeled inter-
val. For phase, period, and disappearance, the field of amplitude_trend is null, and
the field of envelope_change is null for every seasonal-change subtype.

Intensity is defined separately for each seasonal-change subtype:

» For amplitude or onset, intensity encodes a representative peak-to-trough cycle ampli-
tude A*, with A* = intensity R,/100. If the interval contains one complete cycle, it is
that cycle’s amplitude. With multiple complete cycles, it is the maximum amplitude when
amplitude_trendis increase or decrease, and the median when it is stable
orvariable.

 For phase, intensity is 100A / Py, where A is the shortest circular phase shift and Pf is
the preceding period. The direction specifies whether the waveform advances or is delayed.

» Forperiod, intensity is 100| Pew — Pret|/ Pret. The direction specifies whether the period
increases or decreases.

* For disappearance, intensity is null.

B.3 MiICRO EFFECT EXAMPLES

Figure [] visualizes representative examples from the Micro-effect taxonomy. Panels (a)—(d) show
the three excursion subtypes: impulse, sustained, and recurrent. Panel (c) contains upward recurrent
excursions whose amplitudes increase, while panel (d) contains bidirectional recurrent excursions
with a variable envelope. Panels (e) and (f) show upward and downward mean shifts. Panels (g)—(1)
cover the seasonal-change subtypes. Panels (g) and (h) distinguish change relative to the preceding
periodic region from amplitude evolution within the labeled interval: panel (g) has increased and
stable amplitudes, whereas panel (h) has decreased amplitudes that subsequently increase. Panels
(1)—(1) show a phase delay, period increase, seasonal onset, and seasonal disappearance, respectively.

C BENCHMARK CONSTRUCTION

C.1 TiIME SERIES CORPUS SELECTION

We begin with GIFT-Eval test windows whose forecast horizons fall between 24 and 1,000 steps.
Multivariate collections are expanded into independent univariate targets. No candidate is cut from a
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(a) Impulse / up

(b) Sustained / down

(c) Recurrent / up
amplitude trend: increase
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Figure 4: Representative examples of the Micro-effect taxonomy. Shaded regions indicate the in-
clusive intervals described by the effects.

training or validation region. For a horizon of length H, the most recent 104, 5H, and 3 H historical
observations are retained for short-, medium-, and long-horizon configurations, respectively. A
candidate is discarded if its future contains a missing value, more than 20% of its history is missing,
or the finite history or future is effectively constant, defined by a standard deviation below 1078,
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Each candidate is forecast independently by top-performing models on GIFT-Eval. We use the

-1 H s — . .
median prediction from each model and compute rMAE(y,y) = % A candidate is

retained only if all models obtain rMAE > 0.10. Thus, each model’s mean absolute error must be
at least 10% of the future value range. This deliberately removes windows that are too easy for the
TSFMs. After retaining a window, we skip enough subsequent windows from the same univariate
target to ensure that the complete history—future spans of retained instances do not overlap. This
prevents similar windows from entering the subsequent annotation process. To prevent a few large
sources from dominating the benchmark, medium- and long-horizon configurations are capped at
approximately 600 and 300 retained windows, respectively. The largest short-horizon configurations
receive source-specific caps, and capped sources are sampled with a fixed seed of 42.

C.2 STRUCTURED EFFECTS GENERATION

Macro generation. The Macro Agent receives the complete history and future ground truth. It can
inspect deterministic measurements of trend, change points, and periodic structure before proposing
a complete Macro object. The Macro validator enforces the schema, checks that trend durations
sum to one, and replaces the proposed level_range with the value computed directly from the
future. Trend and seasonality measurements are returned as evidence for reconsideration when they
disagree with a proposal.

Micro generation. For each retained instance, we construct a TSFM reference forecast by point-
wise averaging the predictions of top-performing TSFMs. We compare this reference with the future
ground truth and use the forecast residuals for region selection. Regions with large residuals indicate
where the TSFMs forecast poorly and where future context may be most useful. The Micro Agent
then uses an overview tool to locate these regions and inspection tools to retrieve their exact raw val-
ues and surrounding context. Based on this evidence, the Agent identifies the underlying mechanism
and proposes its family, subtype, direction, and complete interval. Mean shifts and seasonal changes
additionally use the nearest stable region immediately preceding the label. Reference coordinates
may lie in history, cross the history—future boundary, or lie in the future. Seasonal comparisons use
complete cycles rather than isolated peaks.

Deterministic Micro validation. Each proposal is checked against the raw time series by a family-
specific deterministic validator. The validator verifies that the proposed mechanism and boundaries
are supported by numerical evidence. It also requires the labeled region to coincide with a substantial
error in the TSFM reference forecast. Proposals that lack sufficient evidence are rejected. For
accepted proposals, the validator computes the family-specific intensity defined in Appendix [B.2}
otherwise, it returns numerical evidence that allows the Agent to inspect the region again and revise
its proposal.

Blind-first joint review. After both discovery branches finish, the Joint Critic Agent first inspects
the raw history and future while all proposals remain hidden. It then views the Macro and Micro
candidates, their rationales, and validator evidence. For each Micro candidate, the Critic may sup-
port, exclude, or revise the proposal; revised candidates pass through the same Micro validator as
above. Only supported Micro effects enter the final annotation. This ordering reduces anchoring
on discovery outputs and ensures that the final decision is based on an independent reading of the
raw series. We additionally assess annotation quality by manually reviewing a random subset of
annotated samples.

D EXPERIMENTAL DETAILS

D.1 MODEL CONFIGURATIONS

Table [[T] summarizes the method configurations. All TSFMs operate in the univariate setting and
return their median point forecast. The frontier LLMs are accessed through API calls, allowing
up to 16,000 output tokens and using medium reasoning effort. MoiraiAgent combines the API-
accessed GPT-5.6 Sol with an agent harness built around the public Moirai-2 checkpoint. Concretely,
MoiraiAgent reads the numerical history from a session-local CSV file. It first calls the Moirai-2
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forecasting tool to obtain an exact-length numerical trajectory, then uses the supplied effects and
code-execution tools to inspect and modify that trajectory. The final forecast must be written as a
finite, exact-length JSON array. Each run permits at most ten Agent steps and 16,000 output tokens.

Table 11: Model configurations used in the experiments.

Method Model or checkpoint Forecasting interface

Seasonal naive - Repeats the last observed seasonal cycle
Chronos-2 amazon/chronos-2 Direct median forecast

Toto-2 Datadog/Toto-2.0-313m Direct median forecast

Moirai-2 Salesforce/moirai-2.0-R-small Direct median forecast

TimesFM-3 google/timesfm-3.0-pytorch Direct median forecast

GPT-5.6 Sol GPT-5.6 Sol Direct numerical generation

Claude Opus 4.8  Claude Opus 4.8 Direct numerical generation
MoiraiAgent GPT-5.6 Sol + Moirai-2 Forecast and code-execution tools

D.2 LLM PROMPTS

We use separate system prompts for the history-only and history-with-effects conditions.

prompt construction is given below.

History only. The system message is:

You are a time series forecasting expert. You will be given historical values of a target
variable and the forecast horizon. Analyze the history to identify its trend, seasonality,
level, and noise, then generate exact numerical forecast values for the specified horizon.
The forecast length must equal the specified horizon. Return a JSON object with exactly
one key, {"forecast": [<H floats>]}, and no other text.

The user message is instantiated as:

Forecast horizon: {H} steps
Historical values: [z1, ..., z7]

Respond with only the JSON object {"forecast": [...]}. The forecast array must
contain exactly {H} numerical values—no more and no fewer. Count and verify the values
before finishing. No analysis or prose.

The

We repeat the exact-length requirement at the end of the user message because initial experiments

showed that direct LLMs frequently failed to return the requested number of forecast values.

History + effects. The system message is:

You are a time series forecasting expert. You will be given historical values of a target
variable, the forecast horizon, and structured effects describing how the future horizon will
behave. The structured effects contain two complementary parts: Macro describes the
overall structure of the complete future horizon, while Micro describes interval-specific
mechanisms. Treat the structured effects as reliable guidance and use them together with
the historical values to produce the future numerical values.

[Macro schema and definitions]
[Micro schema and definitions]

Study the history to understand the scale, recent level, and the shape and amplitude of
any oscillation so that the forecast connects naturally to the history. Produce a forecast
that makes full use of both parts of the structured effects: Macro describes the overall
behavior of the future horizon, and Micro describes interval-specific mechanisms. The
forecast length must equal the specified horizon. Return a JSON object with exactly one
key, {"forecast": [<H floats>]}, with no analysis, prose, Markdown, or code
fences.

The corresponding user message is:
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Forecast horizon: {H} steps
Historical values: [z1, ..., z7]
Structured effects (describing future behavior):
"macro": {<Macro object>}, "micro": [<Micro objects>]}
For this sample, the Macro level_range corresponds to the inclusive raw-value range
[{r}, {U}1 over the forecast horizon. Every forecast value must remain within this
range.
Respond with only the JSON object {"forecast": [...]}. The forecast array must

contain exactly {H} numerical values—no more and no fewer. Count and verify the values
before finishing. No analysis or prose.

We additionally provide level_range in raw-value units because direct LLMs sometimes mis-
calculate the conversion from normalized coordinates, resulting in disproportionately large forecast
errors.

D.3 METRICS AND AGGREGATION

Let m be the seasonal period associated with the sampling frequency. For a sample with history
X1.7, future y4.y7, and forecast y1.7, we compute

Hil H oA
MASE = 2oz Ve — ] :
(T'—m)~1 Zt:m+1 |zt — 24—
If m > T, the denominator falls back to the one-step naive error. Seasonal periods follow the

GluonTS frequency mapping. The seasonal-naive forecast repeats the last complete seasonal cycle,
or the historical mean when the history is shorter than one cycle.

Aggregation follows GIFT-Eval. For each of the 78 dataset—frequency—term groups, we first take
the arithmetic mean of per-sample MASE for each method. We divide this group mean by the
corresponding seasonal-naive group mean, then take the geometric mean of the resulting ratios.

E ADDITIONAL RELATED WORK

E.1 TIME SERIES FOUNDATION MODELS AND MULTIMODAL MODELS

Time series foundation models have achieved strong zero-shot forecasting performance (Woo et al.,
2024; Liu et al., 2025b; |Ansari et al., [2024)), but their standard interfaces operate primarily on nu-
merical values and cannot directly incorporate multimodal context. Multimodal time series methods
address this limitation through several modeling strategies. HORALI uses large-scale multimodal
pretraining to incorporate endogenous and exogenous information (Chen et al. 2026). ChatTS,
ChatTime, and OpenTSLM adapt LLMs to represent and reason over time series alongside lan-
guage (Xie et al., [2024; [Wang et al., [2025; [Langer et al., [2025). More recent systems, including
Thoth, TimeOmni-1, and TimeOmni-VL, extend this direction toward broader time series reasoning
and unified understanding and generation (Lin et al.| 2026; |Guan et al.,|2026ab).

Many of these LLM-based approaches build on small open-weight LLMs to keep training feasi-
ble. These base models generally offer less world knowledge and weaker reasoning and agentic
capabilities than frontier LLMs. Systems built on them may therefore be insufficient for real-world
contextual forecasting, where relevant information can be broad, heterogeneous, domain-specific,
and semantically complex. GIFT-Eval-CTX instead evaluates frontier LLMs and agentic systems
built around them.
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