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Abstract

Despite the importance of open-ended event
forecasting for risk management, current LLM-
based methods predominantly target only the
most probable outcomes, neglecting the intrin-
sic uncertainty of real-world events. To bridge
this gap, we advance open-ended event forecast-
ing from pinpoint forecasting to scatter fore-
casting by introducing the proxy task of hypoth-
esis generation. This paradigm aims to gener-
ate an inclusive and diverse set of hypotheses
that broadly cover the space of plausible fu-
ture events. To this end, we propose SCAT-
TER, a reinforcement learning framework that
jointly optimizes inclusiveness and diversity
of the hypothesis. Specifically, we design a
novel hybrid reward that consists of three com-
ponents: 1) a validity reward that measures
semantic alignment with observed events, 2)
an intra-group diversity reward to encourage
variation within sampled responses, and 3) an
inter-group diversity reward to promote explo-
ration across distinct modes. By integrating the
validity-gated score into the overall objective,
we confine the exploration of wildly diversified
outcomes to contextually plausible futures, pre-
venting the mode collapse issue. Experiments
on two real-world benchmark datasets, i.e.,
OpenForecast and OpenEP, demonstrate that
SCATTER significantly outperforms strong
baselines. Our code is available at https:
//github.com/Sambac1/SCATTER.

1 Introduction

Event forecasting plays a critical role in risk man-
agement, public policy, and strategic decision-
making by enabling proactive responses to
future socio-economic and geopolitical devel-
opments rather than reactive measures (Lee
et al., 2025; Keivabu, 2019; Zou et al., 2022).
With recent advances in large language models
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Figure 1: The analogy between shooting and event fore-
casting: pinpoint forecasting (single prediction) versus
scatter forecasting (hypothesis generation).

(LLMs) (DeepSeek-Al, 2025; OpenAl, 2023) and
post-training techniques, LLM-based event fore-
casting has emerged as a promising approach. Ex-
isting research (Deng et al., 2024; Chang et al.,
2024; Schoenegger et al., 2025) typically falls into
two primary paradigms: discriminative forecasting
and open-ended forecasting. The former (Wild-
man et al., 2025; Karger et al., 2025; Yang et al.,
2025) typically formulates forecasting as a closed-
set decision problem such as multiple-choice ques-
tions or binary predictions. In contrast, open-ended
forecasting (Wang et al., 2025; Zeng et al., 2025)
allows LLMs to generate free-form natural lan-
guage predictions conditioned on historical con-
text. Owing to its capacity to model complex event
dynamics and provide detailed generative insights,
open-ended event forecasting has recently garnered
substantial attention.

However, existing open-ended event forecasting
methods (Guan et al., 2024; Zhang et al., 2024; Yu
et al., 2025b) largely adhere to a single prediction
paradigm. As shown in the analogy of Figure 1,
this paradigm resembles pinpoint shooting with a
single bullet, where the forecasting process yields
only one most probable outcome. However, in the
real world, the possible future developments of
an ongoing event often involve multiple plausible
events rather than a single outcome. Consequently,
pinpoint forecasting, which restricts outputs to a
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narrow subset of plausible futures, fails to capture
the intrinsic uncertainty of real-world events '. To
bridge this gap, we introduce scatter forecasting.
Analogous to scatter shooting, where each shot cov-
ers an area (i.e., a set of points), scatter forecasting
produces a set of outcomes, each representing a
hypothesis about the future event. Accordingly,
open-ended event forecasting can be reformulated
as the proxy task of hypothesis generation: given a
certain context, an LLM-based forecasting model
generates a set of distinct hypotheses that maintain
both inclusiveness and diversity, thereby covering
the space of plausible future events.

Although hypothesis generation is promising,
simultaneously ensuring both inclusiveness and
diversity of generated hypotheses remains chal-
lenging. A straightforward approach (Schoeneg-
ger et al., 2024; Halawi et al., 2024; Guan et al.,
2024) is to prompt LL.Ms to generate multiple
non-redundant hypotheses; however, most exist-
ing LLMs, primarily trained via supervised fine-
tuning, struggle to consistently produce distinct yet
valid long-tail events (Kirk et al., 2024; Kandpal
et al., 2023). Alternatively, reinforcement learning
(RL) (Sutton and Barto, 1998; Ouyang et al., 2022a;
Schulman et al., 2017), such as Group Relative
Policy Optimization (GRPO) (Shao et al., 2024;
Yu et al., 2025a), appear to be a promising solu-
tion. Nevertheless, optimizing for both inclusive-
ness and diversity is inherently conflicting. On the
one hand, emphasizing inclusiveness tends to fa-
vor conservative hypotheses and is prone to mode
collapse (Yue et al., 2025), ultimately reducing the
output to a single outcome. On the other hand, em-
phasizing diversity, in contrast, often yields noisy
gradients and unstable optimization, thereby ham-
pering convergence (Yao et al., 2025). This tension
is further exacerbated by the irreversibility of real-
world events and the scarcity of counterfactual data,
which hinder the acquisition of high-quality train-
ing data (Shumailov et al., 2024).

To address these challenges, we propose SCAT-
TER: a reinforcement learning framework for scat-
tered hypothesis generation. Based on GRPO,
SCATTER jointly optimizes inclusiveness and di-
versity with a hybrid reward that confines explo-
ration to contextually plausible futures. Given the
absence of objective gold standards and the spar-
sity of observable real-world events, we first intro-
duce a validity reward based on embedding sim-

"Further evidence can be seen in Section 5.4.

ilarity. This serves as a coarse-grained yet effec-
tive semantic proxy to align generated hypotheses
with available factual evidence. Conditioned on
validity-gated score, we design two diversity re-
wards: an intra-group reward to encourage varia-
tion within individual samples and an inter-group
reward to promote exploration across distinct plau-
sible modes and mitigate mode collapse. By down-
weighting diversity rewards for non-factual hy-
potheses, our approach prevents the reward hacking
triggered by trivial novelty, thereby anchoring the
learning process toward a diverse yet plausible hy-
pothesis space. We conduct extensive experiments
on two real-world benchmark datasets OpenFore-
cast (Wang et al., 2025) and OpenEP (Guan et al.,
2024), and the results demonstrate that our method
significantly outperforms strong baselines. Our
contributions are summarized as follows:

* We formulate open-ended event forecasting as a
hypothesis generation problem, advancing from
single prediction to scatter forecasting.

* We propose SCATTER, a reinforcement learn-
ing framework that jointly optimizes inclusive-
ness and diversity via a hybrid reward design.

* Empirical results demonstrate that SCATTER sig-
nificantly outperforms strong baseline methods.

2 Related Work

2.1 LLM-Based Event Forecasting

Event forecasting (Arrow et al., 2008; Ma et al.,
2023b,a) aims to predict future outcomes from
historical context and has traditionally been ap-
proached with structured statistical and neural
methods. More recently, LLMs have been inte-
grated directly into forecasting pipelines (Chang
et al.,, 2025; Li et al., 2024; Su et al., 2024).
Broadly, prior work (Halawi et al., 2024; Jin et al.,
2021; Li et al., 2026) falls into two paradigms:
discriminative forecasting and generative forecast-
ing. Discriminative approaches (Chang et al., 2024;
Karger et al., 2025) cast forecasting as closed-set
prediction (e.g., binary or multiple-choice). While
competitive on constrained question types, these
methods inherently restrict forecasts to a predefined
outcome space. Generative approaches (Wang
et al., 2025; Zhang et al., 2024), in contrast, treat
forecasting as open-ended prediction, allowing
LLMs to produce free-form descriptions of future
events conditioned on context. However, most ex-
isting methods (Zeng et al., 2025; Guan et al., 2024)
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primarily emphasize dataset construction and base-
line evaluation pipelines, with modeling objectives
still largely restricted to generating a single predic-
tion per query. In practice, real-world dynamics are
complex and multi-modal, and a single determinis-
tic prediction cannot capture the range of plausible
future trajectories. These considerations motivate
reframing open-ended event forecasting from sin-
gle prediction to hypothesis generation.

2.2 Post-Training for LLMs

Post-training methods (Ding et al., 2023; Chu
et al., 2025), including supervised fine-tuning
(SFT), reinforcement learning (Rafailov et al.,
2023) and preference-based optimization (Ouyang
et al., 2022b), are widely used to steer pretrained
LLMs toward desired downstream behaviors. The
rapid advancement of reinforcement learning (Guo
et al., 2025), especially GRPO, has garnered sig-
nificant attention, particularly in domains such as
mathematics and coding. However, while RL en-
hances sampling efficiency towards correct paths,
current training paradigms rarely elicit fundamen-
tally new reasoning patterns, rendering models
prone to mode collapse (Yue et al., 2025). This
tendency is particularly detrimental in open-ended
forecasting, where practitioners require a diverse
set of credible scenarios rather than a single canon-
ical prediction. Although recent research (Chen
et al., 2025; Zhou et al., 2025) has begun to investi-
gate exploration within RL, it remains confined to
verifiable domains. These approaches are insuffi-
cient for open-ended forecasting because they rely
on deterministic verification signals (e.g., compil-
ers or solvers) to prune search spaces, signals that
are inherently absent in forecasting tasks where
ambiguity prevails and correctness is probabilistic
rather than binary.

3 Preliminary

3.1 Problem Formulation

We reformulate open-ended event forecasting as a
hypothesis generation task to better accommodate
the intrinsic uncertainty of the real world. For-
mally, let D = {(C;, Q;,Gi)}, denote a dataset
of NV samples. For each sample, the input context
x = (C, Q) comprises the historical background
C and the specific forecasting question Q, while
G represents the ground-truth outcome. See Ap-
pendix A.8 for a detailed example. We aim to
train an LLM policy 7 to serve as the event fore-

caster. Given a query context z, the policy samples
a set of responses {yj }2_,, where each response
Yr = {hk1,. .., hg ) contains M hypotheses de-
scribing plausible future events.

3.2 Optimization with GRPO

We optimize the policy my using GRPO. Unlike
standard PPO, which requires a parametric value
function, GRPO utilizes the mean reward of a sam-
pled group as the baseline, reducing computational
overhead. Specifically, for each context x, we sam-
ple a group of G responses {y1, ..., yg} from the
old policy my,,,. The optimization objective is de-
fined as follows:

Jorro(0) =E, ¢

1< A
Val min pZAZ7
S

clip(p;, 1 — e, 1+ e)fll>

- BDKL(WQ‘ ’Wref)] )
(1)

7oWil®) i the importance sam-

Tooa Wil2)
pling ratio. The advantage A; is computed by nor-
malizing the rewards within the group:

where p;(0) =

2 T(yi') x ) — Hr
A= —7FT—— 2
i P 2
where 7 (y;, «) is the reward for the response y;, and
W, 0, denote the mean and standard deviation of
the rewards within the sampled group, respectively.
¢ is a small constant for numerical stability.

4 Ouwur Approach: SCATTER

We present our proposed approach SCATTER,
which is a hybrid reward mechanism that aims to
maximize diversity while maintaining inclusive-
ness, illustrated Figure 2. Specifically, SCATTER
consists of a validity reward and a validity-gated di-
versity mechanism. This architecture employs the
validity signal to ensure factual alignment, while
the gate regulates intra-group and inter-group di-
versity rewards to prevent reward hacking.

4.1 Validity Reward

To quantify the semantic correctness and alignment
of the generated hypotheses, we define a validity
score gy, ; relative to ground truth set G,.. Unlike de-
terministic tasks (e.g., math or code), open-ended
event forecasting is not directly verifiable due to
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Figure 2: Overall framework of SCATTER. A policy model (LLM) samples multiple hypothesis sets (rollouts) for a
given query. These hypotheses are mapped into an embedding space to evaluate validity (alignment with ground
truth), intra-group diversity within each response and inter-group diversity across different responses. The resulting
rewards are used for policy optimization, guiding the model to produce inclusive and diverse hypothesis sets.

free-form ground truth. Therefore, we use a pre-
trained text embedding model to encode each hy-
pothesis hy, ; into a dense vector representation. Let
h;, ; denote the embedding of i-th hypothesis in the
k-th sampled response. We compute g, ; as the
maximum cosine similarity between Ay, ; and the
embeddings of ground truth events g.

qk,m = max cos(hy ;, g). 3)
geGx

This maximization implies a recall-oriented evalua-
tion strategy: a hypothesis is considered valid if it
aligns with at least one plausible future, mirroring
the one-to-many nature of open-ended forecasting.

We then aggregate hypothesis-level validity
scores to obtain a response-level validity reward by
averaging over the M hypotheses:

(k) L -

k

R iigity = i Z ke, 4)
i=1

While Rgil)idity promotes semantic correctness, op-

timizing this objective in isolation often causes the
policy 7y to converge to a single mode, resulting in
mode collapse.

4.2 Intra-Group Diversity Reward

To incentivize diversity among generated hypothe-
ses while preserving validity, we introduce a intra-
group diversity reward. Specifically, we calculate
the pairwise cosine dissimilarity between hypothe-
ses, weighted by their respective validity scores:

2
Rij, = MOT=1) > [(1 — cos(hy,i, hy )

1<)

vV 4k,i Qk,j} .
)

Here, the term 1 — cos(+, ) encourages geometric
separation in the embedding space, while | /gy ;. j
serves as a soft constraint. Crucially, this constraint
penalizes pairs involving low-validity hypotheses,
preventing the model from inflating diversity with
semantically irrelevant outliers. As a result, opti-
mization favors a hypothesis set that is both inclu-
sive and diverse.

4.3 Inter-Group Diversity Reward

Beyond local diversity, global exploration is essen-
tial to prevent the policy from collapsing into a
single mode across different sampling groups. We
define an inter-group diversity reward to quantify
the unique contribution of each response relative to
the global hypothesis pool.

Importance Reweighting. We first construct a
probability distribution over hypotheses within re-
sponse k to prioritize high-validity hypotheses. The
normalized importance weight wy, ; is defined as:

qk.i

_ (6)
ij\il Qk,; T €

Wk =

)

This ensures that the divergence metrics focus on
the separation of plausible futures rather than dis-
tinguishing between noise.

Weighted Asymmetric Chamfer Distance. To
measure the directional diversity from response &
to response [, we employ a weighted variant of the
Asymmetric Chamfer Distance (Borgefors, 1988;
Wu et al., 2021). Specifically, we calculate the
expected minimum distance from the salient hy-
potheses in & to the nearest neighbor in response
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M
Dk —1) = Zwk,i (1 - max COS(hk,hhl,j)) :

i=1
(7
Intuitively, D(k — 1) represents the coverage gap:
it is maximized when the high-validity hypotheses
in k£ have no semantic counterparts in /.

Validity-Gated Diversity Reward We aggregate
the diversity of response k£ against all other re-
sponses [ # k via a leave-one-out average:

1
£k

However, diversity alone is insufficient, as irrele-
vant hypotheses can inflate diversity without im-
proving coverage. We therefore apply a validity-
gated modulation, scaling the raw diversity reward
by the response-level validity:

(€))

This gating mechanism ensures that the model is re-
warded only for discovering novel and high-validity
regions of the semantic space.

4.4 Final Reward

We aggregate the three components into a single
composite scalar reward:

R® = r®M) .+ RY) 4 R

validity intra inter*

10)

This reward directly operationalizes our objective:
guiding the model to produce a compact set of valid
hypotheses that collectively approximate the true
future distribution. Subsequently, we compute per-
hypothesis advantage from the reward and optimize
via gradient ascent on the advantage-weighted log-
likelihood.

4.5 Forecasting

During the inference phase, we employ a stochas-
tic decoding strategy to explore the future outcome
space. For a given input z, the policy 7y gener-
ates a response ¥ containing a sequence of M
hypotheses. To capture the intrinsic uncertainty,
we repeat this process to sample K independent
responses, thereby constructing an inclusive and
diverse hypothesis set.

S Experiments

5.1 Experimental Setup

Datasets. We evaluate our models on two real-
world datasets, OpenForecast (Wang et al., 2025)
and OpenEP (Guan et al., 2024). Our model is
trained on OpenForecast and evaluated under two
settings: in-domain testing on the same dataset,
and out-of-domain evaluation on OpenEP to ver-
ify its cross-domain generalization. Moreover, we
construct a hard subset in both datasets consist-
ing of test samples mispredicted by GPT-40-mini
across all sampling rounds. To mitigate informa-
tion leakage, we chronologically repartition Open-
Forecast, using 09/2023 and 01/2024 as cut-off
dates to construct the training, validation, and test
splits. More details about datasets are provided in
Appendix A.1.

Evaluation Metrics. We evaluate the inclusive-
ness and diversity of hypotheses using embedding-
based soft matching metrics: SoftPass@K, mea-
suring whether any ground-truth hypothesis is hit,
short as SP@K, SoftRecall@K, measuring the
proportion of ground-truth hypotheses recalled,
short as SR@K, and ValidRatio@K, measuring
the ratio of unique and valid hypotheses, short as
VR @K, where K denotes the number of sampling
rounds. Detailed formulations are provided in Ap-
pendix A.2. While embedding-based metrics may
introduce marginal noise, they offer a reliable and
efficient proxy. Therefore, we also report an LLM-
based Pass @K, which leverages GPT-50-mini’ to
directly verify correctness. Notably, for K = 1, we
reported the mean and standard deviation averaged
over 16 rounds.

Implementation Details. We conduct our exper-
iments on two open-source base models: Qwen2.5-
3B-Instruct (Yang et al., 2024) and Llama3.2-3B-
Instruct’. We adopt Qwen3-Embedding-4B (Zhang
et al., 2025) as the embedding model for both train-
ing and evaluation. We benchmark our method
against three primary baselines: 1) GPT-40-mini®,
serving as the non-finetuned backbone; 2) Stan-
dard SFT (Ding et al., 2023); and 3) Standard
GRPO (Shao et al., 2024), which is optimized
solely via a validity reward. Notably, both the
GRPO baseline and our proposed method utilize a

Zhttps://platform.openai.com/docs/models/gpt-5-mini

3https://www.llama.com/docs/model-cards-and-prompt-
formats/llama3_2/

“https://platform.openai.com/docs/models/gpt-4o-mini
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two-stage training strategy: an SFT warm-up (3k
instances) to enforce format alignment, followed
by RL fine-tuning (10k instances). To ensure pa-
rameter efficiency, all fine-tuning is implemented
via LoRA (Hu et al., 2022). Regarding genera-
tion parameters, we standardize the output to 10
hypotheses per round across 16 sampling rounds.
More details regarding training configuration can
be found in Appendix A.S5.

5.2 Main Results

Overall Performance. Table 1 presents the over-
all performance of SCATTER against baseline
methods (Base, SFT) and the standard RL base-
line (GRPO) across two distinct backbones. SCAT-
TER equipped with Qwen2.5-3B-Instruct achieves
state-of-the-art results. This performance indicates
that our hybrid reward mechanism successfully pro-
motes the inclusiveness and diversity of the gener-
ated hypotheses. To rigorously assess robustness
against more complex scenarios, we further evalu-
ate performance on a curated hard subset, defined
as the specific collection of test samples where
GPT-40-mini to predict the correct outcome. More
detailed information is provided in Appendix A.1.
As detailed in Table 2, our method maintains a sig-
nificant performance advantage on these challeng-
ing cases, demonstrating enhanced effectiveness
even when facing tasks of increased difficulty. On
the standard dataset, the base model achieves per-
formance comparable to GPT-40-mini but exhibits
a significantly higher validity ratio. Surprisingly,
on the hard subset, the base model even outper-
forms GPT-40-mini. We attribute this anomaly
to the alignment tax (Ouyang et al., 2022b; Lin
et al., 2024) inherent in safety-aligned commercial
models; while GPT-40-mini has stronger reason-
ing capabilities, extensive pre-training and post-
training alignment bias the model towards high-
probability events. It is noteworthy that the stan-
dard GRPO baseline occasionally achieves higher
Pass@] scores. However, this comes at a severe
cost: GRPO suffers from mode collapse, with
ValidRatio@ 16 dropping to near-zero levels. This
observation suggests that without explicit validity
constraints, standard GRPO exploits the reward sig-
nal by aggressively optimizing for inclusiveness,
producing "high-scoring" but semantically repeti-
tive and linguistically broken outputs.

Domain Generalization. Notably, SCATTER
maintains robust performance even under out-of-

domain settings, suggesting superior generalization
capabilities under distribution shifts. We attribute
this to our explicit optimization objective, which
effectively balances hypothesis diversity with se-
mantic validity. Interestingly, we observe that post-
training methods on Llama3.2-3B-Instruct exhibit
a performance regression compared to the back-
bone on standard subsets. We posit that Llama-3.2
exhibits a heightened sensitivity to the exploration
noise inherent in reinforcement learning, which
subsequently undermines its instruction-following
stability. This is empirically supported by the sig-
nificantly lower ValidRatio@ 16 observed in Llama-
based experiments, suggesting that the propensity
for generating invalid responses increases when
incentivized to explore a diverse output space.

5.3 Ablation Study

Reward Design. To investigate the individual
contributions of our proposed components, we com-
pare SCATTER against two variants: 1) -inter,
which removes the inter-group diversity reward,
and 2) -intra, which excludes the intra-group diver-
sity constraint. Table 3 summarizes the results.
We observe that the full SCATTER framework
achieves the most robust balance between perfor-
mance and generalization. First, regarding the intra-
group diversity component, its removal leads to a
catastrophic drop in response validity, particularly
in the out-of-domain setting. This indicates that en-
forcing local diversity is essential for maintaining
the semantic quality of hypotheses. Second, while
the -inter variant occasionally exhibits higher pass
scores on the in-domain dataset, this performance
is deceptive. It comes at the cost of significantly
lower validity and, crucially, reduced generaliza-
tion on the out-of-domain benchmark. This sug-
gests that the inter-group diversity acts as a global
regularizer, preventing the model from overfitting
to in-domain patterns with high-entropy but low-
validity outputs, thereby ensuring robust adaptation
to unseen domains.

Validity Gated Score. We conduct an ablation
study to isolate the contribution of the validity ag-
gregation strategy. Specifically, we assess whether
the validity gate mechanism improves the ability
to balance inclusiveness and diversity. We com-
pare the full model against three variants: Vanilla,
which excludes the validity-gated score; Mean,
which utilizes the mean of the scores; and Min,
which adopts the minimum score. As shown in
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Model OpenForecast OpenEP
Pass@1/Pass@16 ~ SP@1/SP@16 SR@1/SR@16 VR@16 | Pass@1/Pass@16  SP@1/SP@16 SR@1/SR@16 VR@16

GPT-do-mini  7.55%073/25.44  9.39%00/22.81  4.96%037/12.76 ~ 4.23 | 18.82F141/3222  6.87106/17.78  3.06%0%1/9.28 4.08
Llama3.2-3B-Instruct

Base 4.407072/21.71  9.407091/27.19  4.85%0%3/1542 573 | 18.26%179/33.33  7.29F'57/18.89  2.97*076/9.72 5.67
+SFT 4.50%10°/20.39  7.10%066/21.27  3.64*0%°/11.72  7.74 6.817200/2556  9.107'%9/30.00  2.37%0°1/11.43  6.92
+ GRPO 11.90%1%°/28.29  13.72%07/21.05  7.08%0%/11.61 0.71 2.85%1:30 /5,56 11.11%192/20.00  3.14%079/6.35 0.62
+SCATTER  7.73%0%0/31.36  17.45%0%1/42.32 9.47%9%9/25.64  6.54 7.36t%29/25.56  15.697203/36.67 4.67F193/15.30  4.90
Qwen2.5-3B-Instruct

Base 5.96%101/25.88  6.95%098/20.61  3.6710-20/10.72 5.07 | 15.00%222/32.22  4.93*171/17.78 251109 /10.20 5.56
+SFT 5511046 /23 68 8551091 /2456  4.481045/13.85 7.10 5.00%219/20.00 6.467172/21.11 2.02+0-71/8.38 5.52
+ GRPO 11.847095/25.66  17.60%096/27.85  9.70%016/15.94  0.87 5497178 /13.33  19.65%'°1/26.67  6.92%0°%/10.58  0.76
+SCATTER  8.550%7/30.26 17.61%'12/41.89 9.77°9%9/24.29  9.14 9.65%>71/35.56  16.25>79/38.89 4.88%0%/17.59  8.21

Table 1: Main results. Best scores for each backbone are bolded and underlined for the second best. The green

superscript indicates the standard deviation.

OpenForecast-Hard (N=335)

OpenEP-Hard (N=61)

Model
Pass@1/Pass@16  SP@1/SP@16 SR@1/SR@16 VR@16 | Pass@1/Pass@16  SP@1/SP@16 SR@1/SR@16 VR@16

GPT-4o-mini  0.00%°%°/0.00 4.65%059/14.93 1.76+0-% /6.75 410 | 0.00%%°/0.00 2.56%129/4.92 0.92%0-50/3.28 4.03
Llama3.2-3B-Instruct

Base 0.95409%/10.15  6.16*097/20.00  2.55%43/9.43 5.56 1.23+1:08/9.84 3.69+196/9.84 1.27+047/3.83 5.75
+SFT 205071 /1313 4.79%099/16.72 1.86%04%/7.70 7.71 4.41%237/16.39  7.07%%51 /24.59 1.86+07/8.69 6.68
+ GRPO 6.55709%/21.19  9.2770%1/15.22  3.677"%°/6.99 0.75 0.51F076/1.64  11.27%'%2/19.67  3.057"39/5.23 0.62
+SCATTER  3.75%07°/23.28 13.15%"90/34.33 6.147%%°/19.09  6.58 | 5.94%221/16.39 15.27%237/27.87 4.65%°70/11.44  4.71
Owen2.5-3B-Instruct

Base 1.474943 /1075 4.68F01/14.63 1.7140-31 /5,74 4.93 2.56%142/6.56 1.84+1:52/9.84 0.85%0-80/5.33 5.13
+SFT 2.16T013/13.43  5.451088/17.61 2.35%0:53/8.95 6.99 1.23+1:08 /4.92 4.41%199/14.75 1.3740-51 /4.92 5.44
+ GRPO 6.361077/17.01  12.95T0%9/21.19  5.6870Y/10.56 0.87 215161 /6,56 16.60%173/21.31  4.99°919/7.91 0.74
+SCATTER  4.127079/22.39 13.407'7/34.93 6.547962/17.92 8.99 | 6.66"27°/21.31 13.42%390/31.15 4.39*'1/1544 8.15

Table 2: Performance on the subsets of hard samples. Best scores for each backbone are bolded, and second best
are underlined. The green superscript indicates the standard deviation.

Model OpenForecast OpenEP Model OpenForecast OpenEP
Pass Nd SR VR | Pass SpP SR VR Pass Sp SR VR Pass Ny SR VR

Llama3.2-3B-Instruct Vanilla 193 2456 13.84 17.77 | 11.11 1556 6.9 15.7
SCATTER 3136 4232 2564 654 |2556 36.67 1530 4.90 Mean 11094124 2408 954 | 2667 27.78 1159 849
) Min 31.80 41.67 2390 821 | 18.89 2333 941 7.7
-inter 3443 4474 2591 436 | 2222 3333 1442 397 SCATTER 3026 4189 2429 014 | 3556 3889 1759 821
-intra 31.14 4211 2536 2.64 | 2333 3000 1245 193 : : - : : . : :
GRPO 2829 21.05 11.61 071 | 556 20.00 635 0.62
Owen2.5-3B-Instruct Table 4: Performance comparison w.r.t. various validity
SCATTER 3026 41.89 2429 9.14 | 3556 38.89 17.59 8.1 gated score. Pass, SP, SR, and VR are based on K" = 16.
-inter 3311 4101 2444 474 | 3333 40.00 18.84 478

-intra 3301 4145 2414 419 (3222 400 187 4.14 . .
GRPO 2566 2785 1594 087 | 13.33 2667 1058 0.76 balance between accuracy and diversity.

Table 3: Performance comparison w.r.t. various reward
designs. Pass, SP, SR, and VR are based on K = 16.

Table 4, the complete SCATTER method demon-
strates the most robust overall performance. On
OpenEP, it achieves state-of-the-art results across
all accuracy metrics. Similarly, on OpenForecast,
SCATTER leads in both SoftPass@ 16 and Soft-
Recall@]6. In contrast, while Vanilla attains the
highest validity ratio, its significantly lower per-
formance on accuracy-oriented metrics indicates
that optimizing for validity alone, without effective
aggregation, compromises the correctness of the
generated hypotheses. Although SCATTER-Min
shows competitive performance on OpenForecast,
the full SCATTER framework provides a superior

5.4 Model Study

Impact of Number of Sampling Round K.
Figure 3 illustrates the performance scaling of
Qwen2.5 across varying sampling rounds (K €
[1,16]). Additional results regarding Llama3.2
can be found in Appendix A.7. In terms of inclu-
siveness, SCATTER demonstrates superior scaling
properties. Unlike GRPO, which saturates at high
K, SCATTER scales effectively and significantly
outperforms backbone and SFT models on Soft-
Pass@k. Crucially, this gain in diversity does not
come at the expense of quality; while the ValidRa-
tio@k for GRPO suffers a precipitous decline to-
ward near-zero values, SCATTER consistently re-
tains the highest validity density. This confirms
that our method effectively leverages expanded
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Figure 3: Performance scaling w.r.t. sampling rounds K.
Comparison of SCATTER against baselines on Open-
Forecast using Qwen2.5-3B-Instruct as Base model.
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Figure 4: Performance scaling w.xt. the number of
hypotheses M per round.

compute budgets to uncover a broader spectrum
of semantically valid hypotheses without drifting
into plausible-but-incorrect generation modes.

Impact of Number of Hypothesis M. Figure 4
illustrates the impact of varying M € {1,5,10} on
model performance. SCATTER exhibits the most
robust scaling properties among all compared meth-
ods. SCATTER maintains a steep upward trajec-
tory. Notably, at M = 10, SCATTER achieves sig-
nificant margins over the strongest baseline. This
confirms that our method can effectively leverage
larger M values to enhance semantic coverage and
accuracy. However, baselines such as GPT and
the base model exhibit limited improvement or sat-
uration as M increases. Notably, a performance
dip occurs when transitioning from deterministic
(M = 1) to stochastic decoding. This decline is
attributed to the introduction of noise and local op-

all hypotheses valid hypotheses

(b) OpenEP

Figure 5: UMAP visualization of the semantic manifold
of the generated hypotheses on two datasets.

tima, which small sample sizes fail to mitigate until
a sufficient number of hypotheses are generated.

Case Study. To provide a qualitative perspec-
tive on the mechanism behind SCATTER’s supe-
rior performance, Figure 5 visualizes the seman-
tic manifold of generated hypotheses via UMAP.
SCATTER demonstrates a robust balance between
semantic exploration and ground truth alignment.
In the distribution of all hypotheses, SCATTER
shows significantly broader coverage than base-
lines. More importantly, the distribution of valid
hypotheses indicates that this exploration is con-
structive. While SCATTER shows broader cover-
age overall, the significantly more uniform distribu-
tion of its valid hypotheses is particularly notable.
This indicates constructive exploration, demonstrat-
ing that our method effectively confines exploration
to contextually plausible futures. Specific exam-
ples of generated hypotheses are provided in the
Appendix A.8.

6 Conclusion

In this paper, we address the limitations of the pre-
vailing single-prediction paradigm in open-ended
event forecasting and advocate for a shift toward
scatter forecasting. By reformulating the task as
hypothesis generation, we aim to better capture the
intrinsic uncertainty of real-world developments.
To realize this, we propose SCATTER, a reinforce-
ment learning framework designed to simultane-
ously optimize the inclusiveness and diversity of
generated hypotheses. Extensive experiments on
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the OpenForecast and OpenEP benchmarks demon-
strate that our approach significantly outperforms
existing baselines, producing hypotheses that are
both diverse and high-quality.

Limitations

In this work, we identify several limitations to be
addressed in future research. First, due to com-
putational constraints and API costs, our exper-
iments are primarily conducted on 3B-parameter
models using LoRA fine-tuning, and our evaluation
of closed-source commercial LLMs is restricted
to GPT-40-mini. Second, we set the maximum
number of sampling rounds (K) to 16. Given the
inherent uncertainty of LLMs, minor statistical fluc-
tuations may occur across different runs; however,
these marginal deviations do not compromise the
validity of our core experimental conclusions. Fi-
nally, although the datasets we adopt contain multi-
ple ground-truth references, they still capture a lim-
ited subset of the complexity found in real-world
events. To address this gap, we will extend our
framework to label-free settings in the future work.
Additionally, Al assistants were used solely for lan-
guage editing and polishing, without affecting the
research content, methodology, or conclusions.
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Dataset Split #Questions Time Span
Train 32596 1950-02 ~ 2023-08
OpenForecast Valid 654 2023-09 ~ 2023-12
Test 456 2024-01 ~ 2024-12
Hard-Test 335 2024-01 ~ 2024-12

Test 90 2024-07 ~

OpenEP Hard-Test 61 2024-07 ~

Table 5: Dataset statistics for OpenForecast and OpenEP.
#Questions denotes the number of samples.

Model Knowledge Cutoff
GPT-40 mini Oct. 2023
Llama-3.2-3B-Instruct Dec. 2023
Qwen2.5-3B-Instruct Dec. 2023

Table 6: Knowledge cutoff dates of the employed LL.Ms.

Andy Zou, Tristan Xiao, Ryan Jia, Joe Kwon, Mantas
Mazeika, Richard Li, Dawn Song, Jacob Steinhardt,
Owain Evans, and Dan Hendrycks. 2022. Forecast-
ing future world events with neural networks. In
NeurlPS.

A Appendix
A.1 Datasets Details

We evaluate our method using two real-world
datasets: OpenEP (Guan et al., 2024) and Open-
Forecast (Wang et al., 2025). For OpenEP, since
each answer corresponds to a span in a real news
article, we re-extract answer spans to ensure eval-
uation reliability. Refer to Appendix A.9 for the
specific prompts utilized. Notably, we filter out
time and location prediction queries due to their
high uncertainty and task misalignment. For Open-
Forecast, we focus on the short-term forecasting
subset, which features precise timestamps and al-
lows for multiple valid answers. o mitigate informa-
tion leakage, we re-partitioned the OpenForecast
dataset based on the knowledge cutoff date of the
employed LLM. The knowledge cutoff dates are
listed in Table 6, and detailed statistics for both
datasets are provided in Table 5.

A.2 Evaluation Details

To rigorously assess the inclusiveness and diversity
of the generated hypotheses, we employ a hybrid
evaluation framework combining embedding-based
metrics with LLM-based verification. We define
the dataset-level metric as the average of sample-
level scores over N test samples:

N
. 1
MetricQK = N Z:l Score,,. (11)
n=
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Model OpenForecast OpenEP
SP@1/SP@16 SR@1/SR@16 VR@16 | SP@1/SP@16 SR@1/SR@16 VR@16
Base 1.431036/6.14  0.82%928/3.81  24.45 | 0.49%05%/3.33 0.157924/1.00  25.69
+SFT 2.124039/8 77 1.147024/4.42 22,03 | 1.0499%2/6.67 0.33%049/2.75  19.38
+ GRPO 6.35%038/11.62 3.33%021/5.94 239 | 6.88F193/15.56 1.86%0-39/4.41  2.26
+SCATTER 6.211963/18.64 3.38%040/9.85  28.41 | 4.38*1:64/17.78 1.02%0%9/529  26.01

Table 7: Cross-embedding evaluation results of Qwen2.5-3B-Instruct using all-MiniLM-L6-v2. The green super-
script indicates the standard deviation.

Model OpenForecast OpenEP
SP@1/SP@16 SR@1/SR@16 VR@16| SP@1/SP@16 SR@1/SR@16 VR@16
Base 23.68%093/46.71  11.63F°09/26.40  1.04 | 35.14%364/67.78 14.60%1-06/37.72  1.28
+SFT 23.73%069/52.19  11.39%018/30.00  2.08 | 30.49%3%5/70.00 13.49%161/39.98  1.56
+ GRPO 23.99%102/41.01 12.24066/24.08  0.73 | 26.74*>7/46.67 11.16%'07/21.37  0.71
+SCATTER 32.11%12°/64.04 16.63T076/41.87  3.18 | 40.35%353/73.33 19.97%208/42.10  3.28

Table 8: Cross-embedding evaluation results of Qwen2.5-3B-Instruct using gemma-300m. The green superscript

indicates the standard deviation.

The specific definitions for each metric are detailed
below.

SoftPass@K. This metric measures the gener-
ation success rate, indicating whether the model
produces at least one hypothesis that meets the
semantic requirement. Formally, we define the
sample-level score as:

K M
SoftPass,, = I <Z I(Sk; > Tep) >1],
k=1 i=1
(12)
where 75, = 0.8 is the similarity threshold,
I(-) is the indicator function. Here, Si; =

maxgegs cos(hy ;, g) is the maximum similarity
between the i-th hypothesis in the k-th round and
any ground truth g € G,

SoftRecall@K. SoftRecall assesses the semantic
coverage of the ground truth space. It quantifies
the proportion of ground truth embeddings that are
successfully retrieved by the generated hypothesis
set. The score is defined as:

SoftRecall,, = > I(Shg > 7)), (13)

1
|gx\ gegex
where 75 = 0.8 serves as the semantic similarity
threshold for a successful retrieval and S}, 4 denote
the cosine similarity between the generated hypoth-
esis and the ground truth.

ValidRatio@K. To quantify diversity, this metric
measures the proportion of valid, non-redundant

hypotheses. The score ValidRatio,, is defined as:

1 K M
o 2o 2 Ve (14)

k=1 1i=1

ValidRatio,, =

where Vj, ; € {0, 1} serves as the validity indicator
determined by our diversity filtering mechanism.
The indicator V}, ; is computed dynamically to en-
force distinctiveness: for the initial round (¢ = 1),
we apply greedy intra-round filtering; for subse-
quent rounds (¢ > 1), candidates are filtered against
the history of all valid hypotheses from previous
rounds. Additionally, we enforce a minimum se-
mantic relevance by requiring Sy ; > Tyq1iq, Where
Tvatid = 0.4.

Pass@K. Complementing the embedding-based
metrics with strict verification, we utilize GPT-50-
mini as an external oracle. Pass@K is defined
as the proportion of problems where at least one
hypothesis is verified as logically correct by the
LLM. The detailed evaluation prompt is provided
in Appendix A.9.

A.3 Cross-embedding Evaluation

To evaluate performance across different em-
bedding models, we use two alternative embed-
ding models, all-MiniLM-L6-v2 (Reimers and
Gurevych, 2019) and gemma-embedding (Team,
2024), which are widely adopted and architec-
turally distinct from the embedding model used
for reward computation. Specifically, all-MiniLM-
L6-v2 is a lightweight Sentence-BERT model
optimized for general semantic similarity, while

17299



Qwen3-Embedding-4B

all-MiniLM-L6-v2

Method

SP@1/SP@16  SR@1/SR@16 | SP@1/SP@16 SR@1/SR@16
Threshold = 0.70
GRPO 44.78%09 /59,43 27.7570-59/38 60 | 16.1370-87/28.51  8.37+9-60/15.50

SCATTER 47.81%!15/78.51

29.84%0-80 /56,79

18.00%09 /46.05  9.74%0-56 /26.61

Threshold = 0.80

GRPO 11.84%098 /95,66  17.601909/27.85 | 6.35%938/11.62  3.33%0-21/5.94
SCATTER  8.55%087/30.26  17.61%112/41.89 | 6.21%003/18.64  3.38%010/9.85
Threshold = 0.90

GRPO 3.29%0-45 /6,36 1.57+9-18 /279 1.40%036/2.19  0.89%024/1.35
SCATTER  2.73%938/9.87  1.32%¥019/4.78 | 0.66793%/4.82  0.34%0-18/2.57

Table 9: Impact of similarity thresholds on SP@16 and SR @16 for OpenForecast. The green superscript indicates

the standard deviation.

Method Qwen3-Embedding-4B  all-MiniLM-L6-v2
Threshold = 0.40

GRPO 0.66 1.05
SCATTER 2.20 9.85
Threshold = 0.50

GRPO 0.72 1.50
SCATTER 5.15 17.20
Threshold = 0.60

GRPO 0.87 2.39
SCATTER 9.14 28.41

Table 10: Impact of similarity thresholds on VR@16
for OpenForecast.

gemma-embedding is built upon the Gemma foun-
dation model family, providing a different embed-
ding architecture and training paradigm. As re-
ported in Table 7 and Table 8, SCATTER con-
sistently outperforms GRPO and other baselines
across both alternative embedding spaces. Notably,
the relative performance margins remain stable de-
spite the change of evaluator, demonstrating that
the effectiveness of SCATTER does not depend on
a specific embedding model. These results indicate
that the observed improvements are robust and not
artifacts of evaluator—trainer embedding alignment.

A.4 Impact of similarity thresholds

We further perform a comprehensive sensitivity
analysis over multiple similarity thresholds. Specif-
ically, we vary the matching threshold 7, 75, €
{0.70,0.80,0.90} for SP@16 and SR@16, and
Toatid € {0.40,0.50,0.60} for VR@16. The de-
tailed results are reported in Table 9 and Table 10.
Across all threshold configurations, SCATTER con-
sistently outperforms the GRPO baseline. These re-

Hyperparameter Value
Training Batch Size 480
PPO Mini-Batch Size 480

PPO Micro-Batch Size (per GPU) 32

Total Epochs 6
Group Rollout Size (G) 5
Learning Rate 3x107°
KL Loss True
KL Coefficient (53) 0.001
LoRA True
LoRA Rank (r) 64
LoRA Alpha (a) 32
Max Prompt Length 1024
Max Response Length 512

Generation Temperature 1.0

Table 11: Training configurations for GRPO and SCAT-
TER.

sults demonstrate that the observed improvements
are stable and not dependent on a specific similarity
cutoff.

A.5 Training Configuration

We benchmark our method against four baselines:
gpt-40-mini, the non-finetuned base model, stan-
dard SFT, and standard GRPO. To ensure a fair eval-
uation, we enhance the prompt of base model and
gpt-40-mini with specific hypothesis constraints
(see Appendix A.9). For the SFT baseline, we cu-
rate a dataset of 3k instances via knowledge distil-
lation from GPT-40-mini; to guarantee high-quality
supervision, we employ a rewrite-and-replace strat-
egy where the ground truth is stylistically adapted
to replace the most semantically similar generated
candidate. Notably, both the GRPO baseline and
our method adopt a two-stage training paradigm:
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Method OpenForecast OpenEP
SP@1/SP@16 SR@1/SR@16 VR@16| SP@1/SP@16 SR@1I/SR@16 VR@16
Base 9.33%111/23.90  4.69°°%/13.04 444 | 7.017171/18.89 3.34F11/9.62  4.09
+SFT 10.35595¢/28.95 5.34%059/16.31 857 | 4.44%%19/23.33 1.36%°99/9.83  6.82
+ GRPO 18.16%%°°/24.56 9.41%°32/13.37  0.64 | 14.10%°91/17.78  4.96%°°%/6.42  0.62
+SCATTER 17.65%1%2/43.64 9.467°70/25.48 10.95 | 7.36%218/27.78 2.36%°94/10.99  8.88

Table 12: Performance comparison on the Qwen3-7B-Instruct backbone. The green superscript indicates the

standard deviation.

an initial SFT warm-up on these 3k instances to en-
force output formatting, followed by the respective
RL fine-tuning stages on 10K randomly sampled
instances. The detailed configuration is shown in
Table 11. During inference, we employ a rollout
temperature of 0.7, nucleus sampling with p = 0.8,
top-k sampling with £ = 20, and a maximum re-
sponse length of 512 tokens.

A.6 Impact of Model Size

We further conduct experiments on Qwen2.5-7B-
Instruct. As shown in Table 12, despite the stronger
base capability of the larger backbone, SCATTER
continues to provide consistent improvements over
the corresponding baselines, indicating that the pro-
posed reward design remains effective as model
capacity increases. We acknowledge that evalua-
tion on 70B-scale models would be valuable future
work; however, due to computational and API con-
straints, such experiments are currently infeasible.
Nevertheless, the consistent gains observed across
both 3B and 7B backbones suggest that SCAT-
TER’s reward formulation is largely backbone-
agnostic and benefits from increased model ca-
pacity. Notably, the 7B model performs slightly
worse than the 3B model on OpenEP. This may be
due to the relatively small size of OpenEP, which
can increase variance for larger models, as well
as potential cross-domain overfitting since training
is conducted on OpenForecast while evaluation is
performed on OpenEP. These observations are pre-
liminary, and a more systematic cross-scale and
cross-domain analysis is left for future work.

A.7 Impact of Sampling Rounds on Llama

The performance scaling of llama3.2-3B-Instruct
across varying sampling rounds on OpenForecast
are shown in Figure 6.

A.8 Case Study

We proceed to illustrate an example from OpenEP,
detailing the question, background, and generated

Base GPT-40-mini —— SFT GRPO —— SCATTER

25

8

Pass
5 8
SoftRecall
S &

10 12 14 16

I
5
5

SoftPass
s 8 g
ValidRatio
5 8 8

Figure 6: Impact of sampling budget K on genera-
tion performance. Comparison of SCATTER against
baselines on OpenForecast using llama3.2-3B-Instruct
as Base Model.

hypotheses from a randomly sampled round as fol-
lows:

Question & Background

Question:

2024-07-05: What key developments can be
expected in the dialogue between Viktor Orban
and Vladimir Putin regarding Ukraine’s situa-
tion?

Background:

Hungarian Prime Minister Viktor Orbén re-
cently visited Kyiv for the first time since
the onset of Russia’s full-scale invasion in
2022, sparking significant discussions with
Ukrainian President Volodymyr Zelensky. Dur-
ing his visit, Orbdn proposed prioritizing a
ceasefire to expedite peace negotiations, a sug-
gestion that contrasts with the ongoing Euro-
pean support strategy for Ukraine, which leans
towards military aid. This proposal was set
against the backdrop of Orban’s contentious re-
lationship with EU policies due to his close ties
with Russian President Vladimir Putin, whom
he is slated to meet soon after his trip to Kyiv.
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While in Ukraine, Orban emphasized the ur-
gency of addressing the war, which he termed
as Europe’s "most important issue," suggest-
ing that a ceasefire could accelerate peace talks.
However, Zelensky maintained a firm stance,
appreciating Hungary’s humanitarian efforts
but dismissing the ceasefire approach, which
aligns with his previous rejections of similar
proposals from other European leaders. Or-
ban’s visit coincides with Hungary’s recent
assumption of the EU Council’s rotating presi-
dency, adding layers of diplomatic complexity
given his government’s contentious EU rela-
tions and internal democratic criticisms.
Orbén’s outreach to Ukraine also included
discussions on improving bilateral relations
and economic cooperation, despite his history
of blocking EU efforts to extend more robust
support to Kyiv. This diplomatic maneuver oc-
curs as Orban gears up for strategic dialogues
in upcoming high-profile European meetings,
where Ukraine’s geopolitical status and EU
relations will be key topics. The Hungarian
leader’s actions and statements during this
critical visit highlight the delicate balance of
regional alliances, the contentious dynamics
within the EU, and the ongoing challenges in
the peace process amidst Europe’s most severe
security crisis in decades.

Ground Truth:

[Viktor Orban met Russian President Vladimir
Putin.,

Orban said Europe’s “war policy” is hurting its
people and economy.,

The meeting with Putin was an unsanctioned
attempt to resolve the conflict in Ukraine.]

J

Hypotheses GPT-40-mini

["Orbdn may advocate for a stronger Russian
influence in Ukraine during discussions with
Putin.",

"Putin could propose increased military
support for Hungary as a counter to EU
sanctions.",

"Orbdn might suggest a new economic partner-
ship with Russia to bypass EU restrictions.",
"Putin could express discontent with Orbéan’s
ceasefire proposal, urging a more aggressive

stance.",

"Orban may negotiate for energy supplies
from Russia to stabilize Hungary’s economy
amid EU tensions.",

"Putin might offer concessions to Hungary in
exchange for Orban’s support in the EU.",
"Orban could push for a united front with
Russia against Western sanctions.",

"Putin may highlight Hungary’s importance as
a strategic ally in Central Europe.",

"Orban could seek assurances from Putin
regarding Hungary’s security amidst EU
pressures.",

"Putin might leverage Orban’s EU presidency
to influence European policies favorably
towards Russia."]

J

Hypotheses Qwen2.5-3B-Instruct

[Orban may propose a joint statement con-
demning NATO expansion.,

Putin could insist on troop withdrawal from
eastern Ukraine territories.,

Orbén suggests increased economic sanctions
against Russia as leverage.,

Putin might counter with demands for
Ukrainian territorial integrity.,

Orbén advocates for a neutral buffer zone along
the Ukrainian-Russian border.,

Putin proposes direct military assistance to
Kyiv in exchange for political concessions.,
Orban calls for a temporary truce to focus on
humanitarian aid and reconstruction.,

Putin insists on a full-scale ceasefire to stabi-
lize the region immediately.,

Orban seeks to restart stalled peace talks with
renewed commitment.,

Putin demands immediate recognition of sepa-
ratist regions in Ukraine.]

.

J

Hypotheses SCATTER

<answer>

["Ukrainian President Volodymyr Zelensky
and Hungarian Prime Minister Viktor Orban
engage in a second summit in Berlin, Ger-
many.,

Orban proposes a renewed push for a ceasefire
in Ukraine amid ongoing tensions.,

17302




Zelensky maintains a firm stance against any
ceasefire agreements, citing EU support.,

The Hungarian government assumes leader-
ship of the EU Council’s presidency starting
July 5, 2024.,

Orbéan emphasizes the urgency of addressing
the war, positioning it as Europe’s most critical
issue.,

A news conference occurs in Budapest, Hun-
gary, following Orbén’s return from Kyiv.,
Orban and Zelensky agree on the need for im-
proved bilateral relations and economic coop-
eration., The EU Council votes to extend sanc-
tions against Russia, potentially complicating
future negotiations.,

Orbén’s visit leads to a shift in public opin-
ion within Hungary regarding the war and EU
support., A third summit takes place in Brus-
sels, Belgium, featuring Orban and Zelensky
alongside other European leaders.]

</answer>

A.9 Prompts
Prompt Templates for Post-Training

You are an expert in event forecasting. Given a forecast-
ing question (Forecasting Question) and its background
information (Background), your task is to generate 10
possible hypotheses.

Here is the Background:
{background}

Here is the Forecasting Question:
{question}

Prompt Templates for Evaluation

You are an expert in event forecasting. Your task is
to evaluate whether the Model Predictions correctly an-
swers the Question, based on the Ground Truth (Correct
Answer) provided. The answer should be true if at least
one item in Ground Truth is contained within the Model
Predictions, otherwise false.

Here is the Question:

{query}

Here is the Model Predictions:
{model_output}

Here is the Ground Truth:
{ground_truth}

Prompt Templates for the Backbone Model

You are an expert in event forecasting. Given a forecast-
ing question (Forecasting Question) and its background
information (Background), your task is to generate pos-
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sible hypotheses.

Guidelines:

- Validity: Each hypothesis must be directly relevant to
the Forecasting Question.

- Coverage: The set of hypotheses must collectively span
different possible outcomes. Each hypothesis should be
distinct from the others, avoiding redundancy or near-
paraphrases edge cases.

Here is the Background:
{background}

Here is the Forecasting Question:
{question}

Constraints:

- Output exactly 10 new hypothesis.

- Each hypothesis should be specific and concise (< 25
words).

- Do NOT reference or rely on any information dated
after {date}.

- Output must follow the JSON schema below and contain
no extra text.

Example output format:
["Prediction 1", "Prediction 2", "Prediction 3","Predic-
tion 4",...,"Prediction 9","Prediction 10"]

Prompt Templates for Answer Generation

You are an expert in event forecasting. You are given
a list of Ground Truth events (Ground Truth) and a list
of model-generated hypotheses (Hypotheses). Your task
is to rewrite each Ground Truth into a new hypothesis,
following the same style, length, and tone as the Hy-
potheses.

Guidelines:

- Preserve the factual meaning of each Ground Truth, but
phrase it in the same stylistic form as the Hypotheses

- Hypotheses are typically concise, forward-looking state-
ments (< 25 words).

- Maintain neutrality and avoid adding explanations, rea-
soning, or extra context.

- Ensure the wording is similar in style to the provided
Hypotheses (e.g., same verb tense, tone, and abstraction
level).

- Each Ground Truth must correspond to exactly one new
hypothesis.

Here is the Hypotheses:
{hypotheses}

Here is the Ground Truth:
{ground_truth}

Constraints:

- Do NOT invent new events beyond the Ground Truth.
- Output must be a JSON array of hypotheses, with one
entry per Ground Truth, in the same order as the Ground
Truth list.

Output JSON schema:
[the number of Ground Truth here]



Prompt Templates for Answer Extraction

You are an expert in event forecasting. Your task is
to convert a raw, unstructured answer paragraph into

a structured list of concise "ground truth" statements.

Given a Background, Question and Answer, extract the
core factual points solely from the "Answer" text that
directly answer the question.

Guidelines:

- Remove conversational filler (e.g., "Indeed,"” "On the
other hand," "According to a survey").

- Each statement should be concise (aim for <25 words)
but preserve key entities and numbers.

- Statements must be derived strictly from the "Answer"
section. Do NOT include or infer information found

only in the "Background", even if it provides context.

Do NOT invent new events.
- Each Ground Truth must directly relate to answering
the specific Question provided.

Here is the Background:
{background}

Here is the Question:
{question}

Here is the Answer:
{answer}

Output JSON schema:
["Ground Truth 1","Ground Truth 2",...]
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