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Abstract

Forecasting real-world events requires reasoning under uncertainty
from information available at a fixed cutoff. Recent work has im-
proved how large language models (LLMs) retrieve evidence and
produce probabilistic forecasts, but each question is treated inde-
pendently even when similar events recur. Resolved occurrences
carry experience for later forecasts, yet past outcomes and case
summaries do not preserve the relationships that made an earlier
occurrence informative. We develop ReFoRM (Recurrent-event Fore-
casting with Reasoning Memory), which organizes reasoning from
resolved events into predictive paths, retrieves relevant paths for a
later occurrence, and reconstructs their relations using evidence
at the new forecast cutoff. We evaluate ReFoRM on the Recurring
Financial Events Set, which contains 300 questions across 40 re-
curring financial event families and uses earlier occurrences as
hindsight for 100 forecast targets. Across five LLMs and six base-
lines, ReFoRM improves categorical and probabilistic forecasting
performance. Further analyses show that validating historical re-
lations with current evidence and reconstructing them enhances
forecasting. Reasoning evaluation also demonstrates stronger evi-
dence grounding, logical validity, and mechanism specificity.
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1 Introduction

Financial forecasting is central to decision-making in investment,
risk management, and economic policy [10]. Large language mod-
els (LLMs) increasingly support financial analysis by interpreting
text, integrating evidence, and reasoning over quantitative infor-
mation [29, 33]. Recent benchmarks evaluate these capabilities on
knowledge-intensive tasks [19, 36], while forecasting benchmarks
require predictions from temporally ordered evidence [17, 38]. Mod-
els must therefore separate predictive signals from background
information and form probabilistic judgments before resolution.

Many financial questions also recur. Firms report quarterly re-
sults, statistical agencies publish the same indicators, and central
banks revisit policy decisions on regular schedules. Although evi-
dence and conditions change, each occurrence adds to a history of
comparable forecasting problems. Research on financial analysts
suggests that task-specific experience and industry knowledge im-
prove subsequent forecasts [2, 6]. Forecasts for later occurrences
can therefore draw on knowledge accumulated earlier.

These histories contain more than outcomes. Repeated occur-
rences reveal which factors matter, how they interact, and through
which economic channels they affect the target. Information prop-
agates through links between firms, while macroeconomic and
monetary-policy announcements are interpreted through recur-
ring surprise and policy channels [1, 7, 14]. These regularities can
structure later forecasts as relationships and conditions change.
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Figure 1: Motivation from resolved events. The same outcome
can arise from different reasoning paths. Relationships from
resolved recurring events help distinguish supported from
unsupported reasoning in new instances.

Figure 1 illustrates this intuition. Earlier instances of a recurring
earnings question reveal relationships among economic conditions,
firm-specific drivers, and the outcome. A later instance presents
new evidence, but these relationships guide relevant comparisons
and the interpretation of competing signals. Prior work likewise
shows that structured comparisons with historical cases and similar
past economic states can inform later forecasts [9, 16]. Resolved
cases thus provide structured hindsight for later forecasts.

LLM-based forecasting has focused on retrieving current evi-
dence, decomposing questions, and aggregating predictions [15, 31].
These advances help analyze unresolved events, but rarely carry
structured reasoning from resolved occurrences into later fore-
casts. Pretraining and retrieval can make historical information
accessible, but do not by themselves identify which factors and re-
lationships should guide the next forecast. The open challenge is to
reuse reasoning from resolved occurrences while re-evaluating the
underlying relationships using evidence available for the current
event.

We introduce ReFoRM (Recurrent-event Forecasting with Rea-
soning Memory), which turns hindsight from resolved occurrences
into forecasting structures. It constructs hindsight graphs from re-
solved occurrences [5], retrieves predictive paths relevant to a new
occurrence, and reconstructs their relations under current evidence.
Resolved events can therefore guide a new forecast without treating
their outcomes or premises as facts about the target occurrence.

We evaluate ReFoRM on the Recurring Financial Events Set, which
pairs resolved occurrences with later forecast targets from the same
financial event families. Across five LLMs and six baselines, ReFoRM
improves categorical and probabilistic forecasting performance.
Additional analyses evaluate its reasoning quality and examine
when relation reconstruction leads to forecasting gains.

Our contributions are summarized as follows.

e We formulate how resolved hindsight informs recurring
financial forecasts and introduce ReFoRM to retrieve paths
and reconstruct their relations under current evidence.
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e We introduce the Recurring Financial Events Set, which
pairs resolved and target occurrences for controlled evalua-
tion across recurring financial event families.

e Across five LLMs, ReFoRM outperforms six forecasting base-
lines. Further analyses show stronger reasoning and explain
when its forecasting gains arise.

2 Related Work

Language models for finance. Financial language models have
been developed for domain-specific text understanding, sentiment
analysis, and decision support [33]. FinBen evaluates models across
a broad collection of financial tasks, while BizBench and XFin-
Bench emphasize quantitative and knowledge-intensive reasoning
[19, 29, 36]. Their results show substantial progress on document
understanding but persistent weaknesses on complex reasoning
and forecasting. Macroeconomic forecasting has also examined
whether LLMs can complement conventional time-series models
[3]. We focus on probabilistic forecasting for recurring financial
events, where resolved occurrences provide structured hindsight
for subsequent forecasts within the same event family.

Language models for forecasting. ForecastQA introduced forecast-
ing questions paired with temporally ordered news [17]. AutoCast
paired tournament questions with dated news, and AutoCast++
improved evidence retrieval [31, 38]. Search, decomposition, and
forecast aggregation can bring LLMs closer to human forecast-
ing performance [15]. FOReCAst broadens this evaluation with
Boolean, timeframe, and quantity questions that assess both pre-
diction accuracy and confidence calibration [35]. ForecastBench,
Prophet Arena, and FutureX extend evaluation to live or continu-
ally refreshed questions [18, 21, 34]. These works improve how an
unresolved event is researched and scored. ReFoRM instead uses
resolved occurrences as structured hindsight for later forecasts and
reconstructs their relations using evidence available for the current
event.

Reasoning from resolved events. Prior cases can inform subse-
quent decisions. Studies of financial analysts link task-specific
experience and industry knowledge to improved forecasts [2, 6].
Case-based decision support and similarity-based macroeconomic
forecasting also support structured historical comparisons [9, 16].
Agent-memory methods distill reusable knowledge from prior tra-
jectories [24, 37]. ForecastCompass updates memories of predictive
factors and probability calibration after resolution [4]. A comple-
mentary line of work evaluates reasoning beyond endpoint ac-
curacy. ReCEval assesses the correctness and informativeness of
reasoning steps [26]. Related evaluation frameworks assess whether
generated claims are supported by cited sources [12] and whether
stated reasoning is faithful to model decisions [25]. WorldReasoner
adapts these criteria to event forecasting through separate outcome,
source, and event-graph measures [5]. Taken together, these strands
leave the relational structure of resolved cases underexplored as
guidance for later forecasts. ReFoRM addresses this gap by orga-
nizing resolved reasoning into predictive paths and reconstructing
their relations using evidence available for a new occurrence.
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Table 1: Coverage of the 40 recurring financial event families.

Category Event families and prediction target

Per category: 8 families and 60 questions
4 families recur 7 times and 4 families recur 8 times

Apple, Amazon, Alphabet, Meta, Microsoft, NVIDIA,
Tesla, and Walmart.
Target: Quarterly YoY revenue-growth acceleration (SEC).
Brent and WTI crude, Henry Hub gas, U.S. gasoline and
Energy & commodities diesel, aluminum, copper, and wheat.

Target: Monthly price return or change (FRED).

Corporate earnings

CPI, core CPI, PCE prices, payrolls, unemployment, retail
sales, industrial production, and housing starts.

Target: Monthly change or growth (FRED).

S&P 500, NASDAQ, VIX, U.S. dollar, Treasury yield, IG
and HY spreads, and financial stress.

Target: Monthly return or change (FRED).

Federal funds rate, Treasury and real yields, breakeven
inflation, Federal Reserve assets, and M2.

Target: Monthly rate change or growth (FRED).

Macroeconomics

Markets & credit

Monetary policy

3 Recurring Financial Events

Financial forecasting often concerns events that recur on public
schedules, including earnings releases and macroeconomic an-
nouncements. We group comparable occurrences by fixed targets,
units, and resolution rules, then order each family chronologically.
Earlier resolved occurrences can therefore inform later targets.

3.1 Event Families and Coverage

We organize 40 recurring event families across corporate earnings,
energy and commodities, macroeconomic indicators, markets and
credit, and monetary policy. Each category contains eight issuers or
series. An event family fixes the entity or series, target quantity, unit,
comparison rule, and resolution source across dated occurrences.
The forecast cutoff, target period, available evidence, numerical
boundaries, and outcome vary over time. Each family recurs seven
or eight times, yielding 300 questions and 60 per category. Table 1
lists the covered issuers and series with their target quantities and
resolution sources for each category.

Table 2: Resolved examples of a three-class and a binary
question. Target questions use the same mappings with the
outcome withheld during forecasting.

Corporate earnings: Walmart, three classes

QUESTION As of 2023-01-31, which range will Walmart’s quarterly year-over-year

revenue-growth acceleration a; for the fiscal quarter ending 2023-01-

31 fall into?

CLASSES below if a; < —0.496; within if —0.496 < a, < 2.930; above if
ar > 2.930, in percentage points

OUTCOME ar = —1.405 — below recent range

Energy and commodities: U.S. diesel, binary

QUESTION As of 2023-01-01, will the monthly retail diesel-price change for 2023-
01 be at least —3.864%?
CLASSES yes if the monthly change is at least —3.864%; no otherwise

OUTCOME observed change 1.873% — yes

3.2 Forecasting Question Formulation

Questions are generated from immutable snapshots of 32 Federal
Reserve Economic Data (FRED) series and SEC Company Facts for

eight issuers, each snapshot recorded with its URL, retrieval time,
and content hash [11, 22, 28]. Once the event families are fixed,
question generation involves no manual selection or difficulty rat-
ing. The resulting questions therefore reflect the underlying series,
and the recorded snapshots make their construction reproducible.

Class boundaries use only observations available before the cut-
off. For each FRED series, the target is a percentage or absolute
change between consecutive observations u,_; and u,. Three-class
questions compare it with the first and third quartiles of the pre-
ceding eight changes, while binary questions use the median of the
preceding four. For corporate families, let g, denote quarterly year-
over-year revenue growth and a; = g, — g, its acceleration. Three-
class questions apply the same quartile rule to the preceding eight
acceleration values. Binary questions ask whether a, > 0, equiv-
alently g, > g,—1. The two formats distinguish whether growth
accelerates from how unusual the acceleration is. This yields 190
three-class and 110 binary questions. Questions state the forecast
cutoff, target period, unit, answer set, and resolution rule, while
withholding the outcome value, label, and resolution explanation.
Table 2 shows a resolved example of each type.

3.3 Chronological Split

The split is chronological within each family. The first five occur-
rences provide reference questions and the remaining two or three
become forecast targets, yielding 200 reference questions and 100
targets. Reference cutoffs fall between January 2023 and August
2025, while target cutoffs fall between March 2025 and June 2026.
Each target therefore has five eligible resolved cases from its own
family, and questions from the same release remain on the same
side of the split. Outcomes resolve at the first corresponding SEC
filing or scheduled release for the target period. After each target
resolves, we construct its reference DAG from post-resolution doc-
uments. It records supported factor-target relationships and is used
only for analysis, never forecasting.

4 Forecasting with Recurring Structures

ReFoRM (Recurrent-event Forecasting with Reasoning Memory)
adapts structures from resolved recurring events in four stages. It
constructs hindsight graphs, uses their factors to retrieve current
evidence, selects and reconstructs relevant paths under that evi-
dence, and produces a probabilistic forecast. Figure 2 summarizes
the full process from resolved occurrence to forecast.

4.1 Hindsight Graph Construction

Consider a target question ¢; = (x;,k;), where x; describes the
event and k; specifies the metric, period, unit, options, forecast
cutoff t;, and resolution rule. Given evidence available before t;, the
task is to return a distribution p; over JY; without observing the
realized label y; at forecast time.

For each earlier occurrence g; in the same family that resolved
before t;, we construct a hindsight graph from documents available
by its resolution

Gj=(V5,ALS)). (1)

The graphs in Equation 1 form H;. Nodes V; contain factors and
events, edges A; record predictive relationships, and S; links claims
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Figure 2: Overview of ReFoRM. A resolved occurrence is distilled into reusable factors, conditional paths, and alternatives after
removing outcome-specific content. For a later occurrence in the same family, this structure guides relation testing, pre-cutoff
evidence determines which relations remain supported, and the resulting assessment is mapped to the new answer boundaries.

to sources. Following [5], construction targets 8 events and a min-
imum depth of 3 while enforcing sourced claims, temporal order,
acyclicity, and connectivity to the resolved target.

Each graph is reduced to B; = (II;,C;). The set II; contains
complete root-to-target paths, while C; records their evidence re-
quirements and the conditions under which they may apply or
fail. The paths keep their factors, topology, relation semantics, and
historical support. Resolved answers, realized values, and histor-
ical probabilities are removed. An answer-free review sequence
Wj records checks for baselines, intermediate relations, competing
explanations, and uncertainty. It is consulted after reconstruction
only to check that the current reasoning is complete.

4.2 Retrieving Current Evidence

Factors in the hindsight graphs guide the search for evidence avail-
able before the forecast cutoff. Historical paths, relations, answers,
and probabilities remain hidden during this search, allowing the
factors to guide retrieval without exposing a historical claim or
target implication. The retrieved documents form the evidence set
&' and are organized into a current evidence ledger. The ledger
gives an initial account of the target event using only the question
and retrieved evidence and is defined as

Li = to(g:, E7). @

In Equation 2, £y denotes ledger construction. The ledger L; records
the target operation, usable baseline, observed signals and their
timing, supporting sources, and missing information. It remains
separate from the subsequent path retrieval.

4.3 Path Retrieval and Reconstruction

Path retrieval compares the factors and target semantics in each eli-
gible structure with the current ledger. Complete paths are selected
intact so their relations remain connected to the surrounding fac-
tors and target. The selected paths and their corresponding review

sequences are expressed as
(I}, W;") = R(Ly, {(B;, W)) | G; € Hi}) . ®3)

In Equation 3, R denotes retrieval, IT} is the selected set of com-
plete paths, and W;* contains the associated review sequences. Ev-
ery selected path keeps its topology and conditions, so retrieval
proposes structures to examine rather than premises to accept.

The selected paths are then assessed with current evidence. Their
nodes are instantiated and each relation is evaluated without assum-
ing that the complete historical path remains valid. The resulting
current structure is written as

I; = (I}, L, &71). 4

In Equation 4, Iy jointly assesses nodes, relations, and paths,
while TI; denotes the selected paths with their resulting states.
Nodes record their current values and evidence. A relation is pre-
served when the same effect is supported, reversed when the oppo-
site effect is supported, contradicted when the original relation fails
without establishing its opposite, and unverified when evidence is
insufficient. Paths are active, contradicted, or unresolved according
to these joint assessments rather than a fixed aggregation rule.

Reconstruction may remain partial when evidence does not es-
tablish every relation. Evidence-supported segments may still orga-
nize the argument, while current evidence always takes precedence
over historical structure. The review sequences W;" are consulted
only after reconstruction to identify missing baselines, intermediate
relations, competing explanations, and unresolved uncertainty.

4.4 Forecasting with the Current Structure

After reconstruction, the target operation, evidence ledger, recon-
structed structure, and review sequences produce a reasoning trace
before an option is selected or an estimate or probability is assigned.
Evidence-backed current factors absent from retrieved paths may
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Table 3: Forecasting results on 100 recurring financial event questions, as mean + standard deviation over three runs. Best and

second-best per model and metric are bolded and underlined.

Gemini 2.5 Flash Lite GPT-5 mini DeepSeek V3.2
AccT Brier | NLL | AccT Brier | NLL | AccT Brier | NLL |

No-memory baselines

Direct Forecast 0.523+0.021  0.235+0.008  1.040+0.034  0.490+0.010  0.229+0.008 0.976+0.040  0.517+0.025 0.229+0.009  0.981+0.041
Structured Reasoning 0.387+0.031  0.285+0.015  1.210+0.055 0.477+0.051  0.237+0.013  1.006+0.043  0.463+0.035 0.238+0.007  0.999+0.022
Resolved-event memory

Factor Memory 0.523+0.012  0.235+0.005 1.001+0.018 0.520+0.036 0.227+0.010  0.969+0.033  0.520+0.026  0.226+0.002  0.987+0.011
Principle Memory 0.460+0.035 0.260+0.015 1.116+0.067 0.513+0.021  0.226+0.006 0.956+0.016  0.520+0.026  0.225+0.008 0.962+0.022
Case Memory 0.453+0.042  0.262+0.008 1.160+0.049 0.520+0.020 0.229+0.008 0.981+0.027 0.520+0.020 0.233+0.011  0.993+0.026
Structure Memory 0.483+0.012  0.250+0.005  1.094+0.003  0.493+0.023  0.228+0.006 0.966+0.015  0.500+0.000  0.227+0.003  0.969+0.024
ReFoRM (ours) 0.530+0.000 0.212+0.000 0.914+0.000 0.513+0.015 0.217+0.008 0.928+0.030 0.583+0.025 0.213+0.006 0.886+0.019

Llama 4 Maverick Qwen Plus (2025-07-28) Five-model average
AccT Brier | NLL | AccT Brier | NLL | AccT Brier | NLL |

No-memory baselines

Direct Forecast 0.433+0.025 0.238+0.006 0.976+0.028 0.523+0.021  0.228+0.005 0.984+0.035 0.497+0.012 0.231+0.004 0.991+0.021
Structured Reasoning 0.433+0.012  0.246+0.005 0.996+0.010  0.440£0.000  0.244+0.003 1.019+0.013  0.440+0.006  0.250+0.001  1.046+0.005
Resolved-event memory

Factor Memory 0.453+0.023  0.239+0.013  1.000+0.041  0.530+0.017  0.233+0.008 1.017+0.054 0.509+0.008 0.232+0.003 0.995+0.011
Principle Memory 0.427+0.040  0.241+0.006  0.994+0.013  0.507+0.015  0.234+0.006  1.024+0.059  0.486+0.018  0.237+0.005 1.011+0.020
Case Memory 0.440+0.026  0.242+0.008 1.002+0.023  0.517+0.032  0.237+0.005 1.050+0.029 0.490+0.012  0.241+0.002  1.037+0.012
Structure Memory 0.450+0.026  0.245+0.008  1.004+0.021  0.533+0.040  0.232+0.004 1.025+0.027 0.492+0.008 0.236+0.001  1.012+0.007
ReFoRM (ours) 0.527+0.025 0.227+0.003 0.946+0.014 0.597+0.015 0.217+0.006 0.936+0.036 0.550+0.003 0.217+0.002 0.922+0.009

Table 4: Category-level Brier scores pooled across five models
using one run per model. Best results are bolded per column.

Method Earnings Energy Macro Markets Policy Avg.
Direct Forecast 0.2457 0.2183 0.2466 0.2116 0.2126 0.2270
Structured Reasoning ~ 0.2443 0.2693 0.2606 0.2376 0.2187 0.2461
Factor Memory 0.2452 0.2261 0.2396 0.2272 0.1897 0.2256
Principle Memory 0.2588 0.2226 0.2588 0.2227 0.2167 0.2359
Case Memory 0.2667 0.2300 0.2655 0.2257 0.2236 0.2423
Structure Memory 0.2717 0.2250 0.2576 0.2110 0.2281 0.2387
ReFoRM (ours) 0.2391 0.2186 0.2250 0.2013 0.1967 0.2161

also enter this stage. The trace is

zi = fo(qi, 8,-<ti>Li>ﬁi: W;). (5)

In Equation 5, fp denotes reasoning and z; is the resulting trace.
It connects evidence-backed drivers to the target, considers coun-
terevidence, and states what remains uncertain.

Once the reasoning trace is complete, low, central, and high esti-
mates are formed in the target unit and mapped to the public option
boundaries. This mapping produces the final forecast distribution

(6)

In Equation 6, gg denotes numerical estimation and boundary
mapping, while p; is the resulting distribution. Weak magnitude
support produces a less concentrated forecast. A final consistency
check ensures that the probabilities sum to one and that the central
estimate lies within the modal option. Historical probabilities are
not reused, and no post-hoc pooling or calibration is applied.

<tj

Pi =90(zi, &, k).

5 Experiments

Our experiments test whether structures from resolved occurrences
improve later forecasts. We compare ReFoRM with six baselines
across five LLMs and financial categories, then evaluate the validity
of their relations and the quality of their reasoning. Further anal-
yses and case studies examine how structural assessments affect
predicted options and probability distributions. Additional imple-
mentation details and experimental configurations are available in
the linked code repository.

5.1 Experimental Setup

Evaluation Data. The evaluation uses the 100 targets in Section 3.
All methods receive the same target specification, and all evidence is
restricted to documents available before the forecast cutoff. Methods
using resolved events draw from the same five eligible occurrences,
and target outcomes are never supplied.

Forecasting Models. To assess performance across diverse LLMs,
we evaluate Gemini 2.5 Flash Lite [8], GPT-5 mini [27], DeepSeek
V3.2 [20], Llama 4 Maverick, and Qwen Plus (2025-07-28) [32] on
questions with forecast cutoffs between March 2025 and June 2026.
The set spans five model families and includes both proprietary
and open-weight models, with knowledge cutoffs ranging from
May 2024 to March 2025. All cutoffs precede the earliest forecast
cutoff, preventing overlap with target outcomes. Reasoning effort
is medium where supported, and all other inference settings are
fixed across methods for each model throughout evaluation.

Baselines. We compare ReFoRM with six baselines. Direct Fore-
cast and Structured Reasoning use no resolved event. The remaining



baselines each expose one form of historical information, which
separates the value of retrieving past content from the value of
reconstructing its structure for the current event

e Direct Forecast follows the standard retrieval-augmented
forecasting used in prior language-model forecasters [31].

o Structured Reasoning adapts the search-enabled graph
reasoning setup for current evidence [5].

o Factor Memory adapts the factor-level representation of
forecasting experience from resolved events [4].

e Principle Memory extracts reusable forecasting principles
from resolved events [24, 37].

e Case Memory adapts episode-level experience retrieval
from experiential and agent-memory systems [30, 37].

o Structure Memory directly retrieves an outcome-redacted
historical event DAG from a resolved occurrence [5].

All methods retrieve current evidence from frozen pre-cutoff
document collections. Factor Memory and ReFoRM share the same
factor-guided results, while the remaining methods retrieve with
the target question. Structure Memory separately tests direct use
of a resolved graph without reconstruction.

5.2 Financial Forecasting

Forecasting Metrics. We evaluate each forecast distribution p;
with metrics that capture both categorical correctness and prob-
abilistic quality. For question g;, let p;x denote the probability as-
signed to outcome k € Y, and let §; = argmaxy, pix denote
the predicted outcome. Across N questions, accuracy and NLL are
Acc = N3N 1[4 = y;] and NLL = -N~! 3N, log p;,,,. We use
the Brier score [13] to evaluate the full distribution.

N
1 1
Brier = — > —— > (ps ~ Ik = yi])?.
rier Ni:l |yi|keyi(sz [k =yi]) (7)

Accuracy records whether §J; matches the realized outcome y;,
while NLL penalizes low probability assigned to y;. Equation 7 mea-
sures squared error across the outcomes in p;, capturing probability
quality beyond the predicted outcome alone. Together, they distin-
guish identical outcomes with different probability assignments.

We evaluate every method on the same 100 questions across
three random seeds. Table 3 reports the mean and sample standard
deviation across runs, with all methods paired by question within
each model and run throughout the analysis.

Table 3 compares all methods on recurring financial events. Re-
FoRM improves the average across the five models from 0.497 to
0.550 in accuracy, from 0.231 to 0.217 in Brier score, and from 0.991
to 0.922 in NLL relative to Direct Forecast. It also obtains the lowest
Brier score and NLL for every model. Together, these results show
improvements in both categorical decisions and forecast distribu-
tions, with probabilistic gains consistent across every model. Since
neither structured reasoning over current evidence nor direct use
of resolved event information matches this performance, the results
support reconstructing historical relations under current evidence.

Table 4 shows that ReFoRM achieves the lowest average Brier
score and the best result in three of the five categories, while outper-
forming Direct Forecast in four categories. The gains span earnings,
macroeconomics, financial markets, and monetary policy, while
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the energy result is nearly tied. This breadth shows that the overall
improvement is not confined to one type of financial event. The
remaining variation motivates examining when relation reconstruc-
tion improves a forecast.

5.3 Reasoning Evaluation

Forecasting scores do not show whether a prediction follows from
valid reasoning. We therefore compare relations from each reason-
ing trace with the post-resolution DAGs defined in Section 3.3.

Table 5: Reasoning scores for a single Gemini 2.5 Flash Lite
single run. The last column is the share of a method’s correct
forecasts whose trace scored at or below 2.5.

Method Gnd. Val. Algn. Prob. Mech. Mean < 2.5

No-memory baselines
Direct Forecast 349 270 293 286 269 293 24%
Structured Reasoning 3.01 2.71 3.07 2.54 296 2.86 29%

Resolved-event memory

Factor Memory 3.58 2.89 325 281 331 317 19%
Principle Memory 3.32 2.86 3.07 2.82 277 297 30%
Case Memory 3.22 2.86 3.13 275 283 296 24%

Structure Memory 3.13 272 3.09 253 285 286 37%
ReFoRM (ours) 4.08 3.55 3.52 3.78 3.74 3.73 0%

Relation Validity. Reasoning can still rely on relations that do not
hold after resolution. Following [23], each trace is decomposed into
atomic relations supporting the forecast and frozen before evalua-
tion against the reference DAG by a blinded GPT-5.6 Terra judge.
For question g and method m, Ay, denotes the frozen relations and
Gq the reference DAG. We set v(a, G4) = 1 only when G, entails
the same factors, direction, target implication, and horizon. Verified
Relation Precision measures the supported share.

Zq Zae{/’(qm o(a, Gq)

VRPUM) = = Al

®)

Method identity, forecast choice, probabilities, and correctness
are withheld during verification. Under Equation 8, ReFoRM achieves
the highest VRP at 56.4%, exceeding Factor Memory at 50.0% and
Structure Memory at 33.6%, the two strongest baselines under this
metric. ReFoRM therefore uses a larger share of relations that re-
main valid after resolution. Its advantage supports selective recon-
struction rather than direct transfer of resolved-event structure.

LLM Evaluation of Reasoning Quality. Accuracy and Brier eval-
uate forecast outputs, not whether a prediction follows from the
stated reasoning. On a three-way question, an unsupported claim
about a threshold crossing can select the correct option by chance
and receive the same forecasting score as a well-supported ratio-
nale. We therefore evaluate the reasoning traces directly and relate
their scores to correctness. Claude Opus 5 grades all 700 traces from
the Gemini 2.5 Flash Lite run, with a separate judge instance for
each question. The judge receives each trace’s evidence, reason-
ing, prediction, and probabilities, but not the resolved outcome or
forecasting scores. Each trace is rated from one to five on evidence
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Case I: When Structure Changes the Prediction

June 2025 U.S. CPI Change.
Predict whether the monthly change falls BELOW 0.146%, WITHIN 0.146-0.299%,
or ABOVE 0.299%.

Direct Forecast Reasoning Q

“The latest national CPI reading is +0.10%, below the 0.146% boundary.

As the most recent direct signal, this reading suggests that inflation momentum is
slowing. | therefore assume that May’s slowdown persists into June, set the
June estimate at +0.099%, and predict BELOW with 0.85 probability.”

“May CPI was +0.10%, providing a soft baseline for June.Q)ur Method: ReFoRM

The next release also depends on underlying component pressures: persistent
housing inflation can lift headline CPI, while movements in energy and food prices can
amplify or offset that pressure. -
Currently, housing remains elevated, energy and food show no strong directional
movement, and the soft May reading retains a moderating signal. | balance these
component contributions, estimate June CPI at approximately +0.20%, and predict
WITHIN with 0.60 probability.”

----- Hindsight Reasoning
ReFoRM: WITHIN Vv 1Hodhg pressure 4 - Energy & Food

6/6 Baselines: BELOW X ! Neutral . == WITHIN “ ¢!

May
~ Moderation

Case IIl: Same Prediction, Different Reasoning

Walmart 2026-Q1 Revenue-Growth Acceleration
Predict whether the acceleration falls BELOW -1.385 pp, WITHIN [-1.385,
1.349) pp, or ABOVE 1.349 pp.

e

Direct Forecast Reasoning Q

“Positive business drivers and consumer headwinds point in opposing directions,
rbut the exact leration magnitude is yorted. | therefore use a

: base-rate estimate near zero (-0.018 pp). Because this estimate lies inside the

1 middle interval, | predict WITHIN with 0.50 probability.” =

E-commorco | Grocory |

o
Lower Brier: i3

-

Mixed Signals Same Prediction:
5 SIS o Positive Momentum |
Magnitude Unsupported 050 0,25 g Exact Acceleration 2 1.349 pp? @h—p
Detautt =0 pp ) Direct: [’ 2> 0.1250 e

0.30

ReFoRM: f%%:%:6 = 0.0717 WITHIN

“Walmart’s raised forecast, 27% e-commerce growth,Q ur Method: ReFoRM

and continued grocery growth indicate positive revenue momentum, making a
below-range realization unlikely. However, the final bridge from these
drivers to acceleration above +1.349 pp remains unverified. | therefore

@ 0.65 probability.”

WITHIN

to_-

reduce BELOW to 0.05, retain 0.30 on ABOVE, and predict WITHIN with

Figure 3: Two target occurrences under Direct Forecast and ReFoRM. In the first, evaluating the transferred relations against
current evidence changes the predicted interval. In the second, both methods select the same interval, but only ReFoRM states
which driver is established and where the bridge to the target remains unverified.

Mixed
Reversed /
contradicted -

Unresolved

T T ; T T
0 20 40 0.01 0.02

(a) Proportion (%) (b) Brier reduction

Figure 4: Relation assessments and Brier reduction across
five models from a single run. Panel (a) shows proportions,
and panel (b) shows reduction over Direct Forecast.
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Figure 5: Forecasting gains by post-resolution confirmation
across five models using one run per model. Bars show Re-
FoRM’s Brier reduction relative to Direct Forecast.

grounding, logical validity, prediction alignment, probability jus-
tification, and mechanism specificity, where prediction alignment
asks whether the reasoning entails the selected option. Six binary

flags record categorical failures not captured by mean scores, and
every rating requires a supporting span from the trace.

ReFoRM has the highest mean on all five dimensions, 3.73 against
2.86 to 3.17, with paired differences by question from 0.57 to 0.88
and standard errors below 0.09, and it records the lowest or tied-
lowest rate of every flag. Its largest margins occur in probability
justification and mechanism specificity. None of its correct forecasts
has a trace scored at or below 2.5, compared with 19% to 37% for the
baselines. Its forecasting errors among otherwise strong reasoning
are more consistent with limitations in the available pre-cutoff
evidence than with invalid reasoning. Pooled over methods, traces
scoring at least 4.0 reach 0.630 accuracy and 0.192 Brier, compared
with 0.475 and 0.248 below 2.5. These judge scores are not ground
truth and cover only one forecasting model and one random seed,
so they provide supporting evidence rather than a benchmark-wide
estimate of reasoning quality.

5.4 Effectiveness of Structural Reconstruction

We examine structural reconstruction at two levels. Quantitative
results relate ReFORM’s assessments of historical relations to proba-
bilistic performance and post-resolution confirmation. Case studies
show how reconstruction changes individual forecasts.

Quantitative Analysis. For each model and question, we assign
the saved current structure to one of four aggregate profiles with-
out using its prediction, outcome, or score. Here, changed means
reversed or contradicted. Supported has preserved but no changed
relations, mixed has both, reversed or contradicted has changed but
no preserved relations, and unresolved has neither. Repeated rela-
tions across retrieved paths are counted once. Figure 4 shows the
largest Brier reduction relative to Direct Forecast for reversed or
contradicted assessments at 0.019, compared with 0.013, 0.006, and
0.008 for supported, mixed, and unresolved assessments, respec-
tively. This motivates the confirmation analysis that follows.

A blinded judge compares each profile with its reference DAG
without observing the model, prediction, probabilities, or score.
Confirmation requires persistence for supported, both states for



mixed, change for reversed or contradicted, and continued uncer-
tainty for unresolved. Other states are not confirmed and insuf-
ficient DAG evidence is inconclusive. Over conclusive cases, the
rates are 87.8%, 22.0%, 50.8%, and 3.7%. The low last rate reflects that
post-resolution evidence adjudicates at least one unverified relation.
Figure 5 shows that confirmed mixed and reversed or contradicted
assessments reduce Brier score by 0.039 and 0.032, whereas the
cases that are not confirmed show no improvement. The distinction
is weaker for supported and unresolved assessments. Together, the
two analyses suggest that the gains depend more on reassessing
relations than on carrying them forward unchanged.

Case Studies. Figure 3 traces two representative forecasts under
the same question and current evidence. In the CPI case, Direct
Forecast extrapolates the latest aggregate reading and selects the
lower interval. ReFoRM instead relates housing, energy, and food
components to the next release and selects the middle interval. In
the Walmart case, both methods select the middle interval, but
ReFoRM assigns less probability to the lower interval after separat-
ing supported revenue drivers from an unresolved link to growth.
Together, the cases show that structural reconstruction can change
the selected option or refine the probability distribution when the
selected option remains unchanged.

6 Conclusion

This paper introduces ReFoRM, which reconstructs forecasting
structures from resolved financial events using evidence available
for the current forecast. It represents predictive factors, relations,
evidence requirements, competing explanations, counterevidence,
and unresolved uncertainty without treating historical claims as
current facts. Across five LLMs, ReFoRM improves categorical and
probabilistic forecasting on recurring financial questions. Relation-
level analysis further shows that its gains are strongest when histor-
ical relations are reassessed under current evidence. Our evaluation
also distinguishes forecasting performance from reasoning validity.
Future work can incorporate expert-curated hindsight structures as
forecasting guidance or domain knowledge for evaluating financial
reasoning beyond outcome accuracy.
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Appendix
A Benchmark and Experimental Details

A.1 Benchmark Construction

The Recurring Financial Events Set follows a deterministic construction pipeline. We first register 40 financial event families. Each registry
entry fixes the entity or series, target quantity, transformation, unit, release schedule, and authoritative resolution source. We then instantiate
dated occurrences from immutable snapshots of 32 FRED series and SEC Company Facts for eight issuers. Every snapshot records its source
URL, retrieval time, and content hash.

Table 6: Construction of the Recurring Financial Events Set. Each operation is applied uniformly after the event-family registry
is fixed.

Stage

Operation

Recorded fields

Family registry
Source snapshot
Target formation
Answer formation
Question record

Chronological split

Fix the recurring target before viewing individual out-
comes

Read the registered SEC or FRED source and preserve
the input

Apply the registered transformation to each dated
occurrence

Compute boundaries from observations available be-
fore that cutoff

Render the target as a fixed probabilistic forecasting
task

Order occurrences within each family and separate
their roles

Entity or series, metric, unit, transformation, schedule, and
resolution source

Source identifier, URL, retrieval time, content hash, and
dated observations

Forecast cutoff, target period, horizon, target value, and
resolution date

Binary threshold or three-class lower and upper boundaries

Question, answer set, unit, comparison rule, and resolution
rule

Five resolved references followed by two or three forecast
targets

For a registered FRED series, let u, denote the observation for target period 7. The target change is fixed as either d, = 100(u, /u,—1 — 1)
in percent or d; = u; — u,_; in the series unit. A three-class question compares d, with the lower and upper quartiles of the preceding eight
changes. A binary question compares it with the median of the preceding four changes. The transformation mode and unit are registered per
family and cannot change across its occurrences.

For corporate events, let R; denote quarterly revenue and g, = 100(R;/R,_4 — 1) its year-over-year growth rate. The target acceleration is
ar = gr — gr—1. Three-class questions compare a, with the quartiles of the preceding four accelerations, while binary questions ask whether
ar > 0, equivalently whether the current growth rate reaches the preceding quarter’s growth rate. Resolution uses the first SEC 10-Q or 10-K
containing the target quarter.

After the family registry is fixed, every eligible occurrence is instantiated uniformly. Each public record contains the cutoff, target period,
answer set, numerical rule, unit, and resolution source, with its realized value, answer label, and resolution explanation retained in a separate
resolution record. Within each family, the first five occurrences provide resolved references and the remaining occurrences form the test set.
This produces 200 reference questions and 100 forecast targets, with 190 three-class and 110 binary questions overall.
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A.2 Benchmark Question Examples

Table 7 shows one target from each financial category as it is presented at forecast time. The examples reproduce the public wording and
numerical resolution rules used for evaluation.

Table 7: Representative target questions from the five financial categories.

Category Public question Answer and resolution rule
Corporate earnings As of 2025-03-31, which range will Tesla’s quarterly year-over-year revenue-growth  Below if a; < —7.321, within if
acceleration for the fiscal quarter ending 2025-03-31 fall into? —7.321 < a, < 6.908, and above otherwise, in

percentage points. Resolve from the first SEC
filing containing the quarter.

Energy and commodities As of 2025-06-01, will the monthly U.S. retail diesel-price change in 2025-06 be at least ~ Yes if the percentage change in FRED series
—1.47%? GASDESW is at least —1.47%, and no otherwise.
Macroeconomics As of 2025-06-30, which range will the monthly U.S. CPI change in 2025-06 fall into? ~ Below if the CPIAUCSL change is below 0.146%,
within if it is from 0.146% to 0.299%, and above
otherwise.
Markets and credit As of 2025-06-01, will the monthly Baa-minus-10-year Treasury spread change in 2025-  Yes if the absolute change in FRED series BAA10Y
06 be at least 0.155 percentage points? reaches 0.155, and no otherwise.
Monetary policy As of 2025-06-01, which range will the monthly effective federal-funds-rate change in ~ Below if the FEDFUNDS change is below —0.167,
2025-06 fall into? within if it is from —0.167 to 0, and above

otherwise, in percentage points.

A.3 Models and Inference Configuration

We evaluate five LLM families and six baselines. The public model identifier is fixed across methods within each comparison. Native reasoning
controls are set to medium where the model interface provides them; otherwise, the model’s standard inference interface is used.

Table 8: Forecasting models used in the experiments.

Model Public identifier

Gemini 2.5 Flash Lite google/gemini-2.5-flash-lite
GPT-5 mini openai/gpt-5-mini

DeepSeek V3.2 deepseek/deepseek-v3.2

Llama 4 Maverick meta-1llama/llama-4-maverick
Qwen Plus (2025-07-28) qwen/gwen-plus-2025-07-28

All methods share the target specification, question IDs, scoring procedure, and output validation. Direct Forecast, Structured Reasoning,
Case Memory, Principle Memory, and Structure Memory retrieve current evidence from the target question. Factor Memory and ReFoRM
use factors from resolved occurrences to guide retrieval. Both conditions are fixed before inference and restricted to pre-cutoff documents.
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B ReFoRM Inference Procedure
B.1 Current-Evidence Ledger

Prompt B.1: Current-evidence ledger

[SYSTEM]

You extract a pre-cutoff financial evidence ledger. You never produce an answer or probability. Return only schema-conforming JSON
and do not add fields outside the requested schema.

[INPUT]

CURRENT CASE:
{question, context, target_specification, forecast_cutoff}

TARGET OPERATION:
{target_metric, target_period, unit, comparison_rule,
resolution_rule, semantic_guard, predicate_or_intervals}

CURRENT PRE-CUTOFF EVIDENCE:
[{id, title, source, published_date, excerpt}, ...]

Historical paths, resolved outcomes, option mappings, and historical probabilities are withheld from this call.
[INSTRUCTION]

Read the current pre-cutoff evidence before any historical graph is shown. Build a compact factual ledger for the exact financial target.
Record the latest usable target baseline, current drivers, the temporal relation of each driver to the target period, and information that
remains missing. Do not forecast, choose an option, assign probabilities, or infer what a past occurrence would imply. Distinguish a
level from a change, a broad outlook from the target period, and a leading signal from a direct target observation. A target baseline may
be marked observed only when a supplied article directly supports it. Every factual signal must cite one or more supplied evidence IDs.

[OUTPUT FORMAT]

target_baseline: {
status: observed | partial | unavailable,
observation: string,
evidence_ids: [evidence_id],
assessment: string
3
current_signals: [{
signal_id: string,
factor: string,
state: strengthening | weakening | elevated | depressed | stable | mixed | unknown,
temporal_role: target_period | leading | lagging | structural,
observation: string,
evidence_ids: [evidence_id]
1]
data_gaps: [string]
ledger_summary: string

B.2 Relation Reconstruction

Prompt B.2: Relation reconstruction

[SYSTEM]

You instantiate retrieved financial subgraphs with current evidence. You never forecast, choose an answer, or assign probabilities.
Preserve the supplied topology and return only compact schema-conforming JSON.
[INPUT]

CURRENT CASE:
{question, context, target_specification, forecast_cutoff}

TARGET OPERATION:
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{target_metric, target_period, unit, semantic_guard, boundaries}

CURRENT EVIDENCE LEDGER:
{target_baseline, current_signals, data_gaps, ledger_summary}

RETRIEVED HINDSIGHT PATHS:
[{path_id, checkpoints, edges, mechanism,
applicability_conditions, failure_conditions}, ...]

CURRENT PRE-CUTOFF EVIDENCE:

[{id, title, source, published_date, excerpt}, ...]

The routed subgraphs contain no historical answer or probability.
[INSTRUCTION]

Fill the supplied subgraphs from the hindsight graphs with current pre-cutoff evidence. Keep every node and edge and return only
their current state. For nodes, record whether the current occurrence aligns with the factor, reverses it, leaves it unobserved, or uses it
only as a structural placeholder. Also record the current value, timing, evidence IDs, and confidence. For edges, determine whether
the historical relation is preserved, reversed, contradicted, or unverified, and record its lag and current support. Historical topology
is structural knowledge, not current evidence, and direct current evidence overrides it. An unobserved mediator does not by itself
invalidate an otherwise applicable mechanism. Mark each complete path active only when its material relations can support the
current forecast, contradicted when current evidence rejects the mechanism, and unresolved when the available evidence cannot
decide.

[OUTPUT FORMAT]

node_states: [{
node_id,
relation: ALIGNED | REVERSED | UNOBSERVED | STRUCTURAL,
value,
time: target_period | leading | lagging | structural | unknown,
evidence_ids,
confidence: high | medium | low
1]
edge_states: [{
edge_id,
relation: PRESERVED | REVERSED | CONTRADICTED | UNVERIFIED,
lag: immediate | short | medium | long | unknown,
support: direct | indirect | structural | none,
evidence_ids,
confidence: high | medium | low
3
path_states: [{
path_id,
status: ACTIVE | CONTRADICTED | UNRESOLVED,
effect_on_target: up | down | neutral | mixed | uncertain
3

graph_synthesis: {active_path_ids, direction, assessment}

B.3 Evidence-Grounded Forecast Reasoning

Prompt B.3: Forecast reasoning

[SYSTEM]

You are a financial forecaster using pre-cutoff evidence. Return an evidence-grounded reasoning trace in the requested schema, never
an answer choice, target number, or probability distribution.

[INPUT]

CURRENT CASE:

{question, context, target_specification, forecast_cutoff}




Jinetal.

TARGET OPERATION:
{target_metric, target_period, unit, semantic_guard, boundaries}

CURRENT EVIDENCE LEDGER:
{target_baseline, current_signals, data_gaps, ledger_summary}

RECONSTRUCTED CURRENT STRUCTURE:
[{path_id, checkpoints_with_current_state,
edges_with_current_state, path_state}, ...]

RESOLVED-EVENT REVIEW SEQUENCES:
[{reasoning_sequence, counterevidence_check,
uncertainty_check, structural_lesson}, ...]

CURRENT PRE-CUTOFF EVIDENCE:
[{id, title, source, published_date, excerpt}, ...]

[INSTRUCTION]

Build a complete reasoning trace using the retrieved hindsight paths as an incomplete structural scaffold. Start with the exact target
operation and the current baseline. Use helpful nodes, edges, or partial paths to organize current drivers and mechanisms. Add
evidence-backed current factors and intermediate reasoning when the historical graph does not cover them. Test counterevidence,
resolve competing explanations where possible, and end with an explicit bridge to the target quantity. Distinguish target-period
magnitude support from directional support.

Current evidence always overrides historical structure. A relation marked UNVERIFIED is uncertain rather than false and may guide a
hypothesis, but it is not a current fact. Never use an explicitly CONTRADICTED relation as positive support. When discussing a
contradicted relation, express it as counterevidence rather than a driver or mechanism. Cite only current evidence IDs for factual
claims and list only the paths that materially contributed to the current synthesis.

The worked checks describe how an earlier occurrence organized its argument. Use them only after reading the current evidence to
check whether the current trace omitted a baseline, causal link, competing explanation, or uncertainty. Do not copy their historical
facts, direction, estimate, conclusion, answer, or probability.

[OUTPUT FORMAT]

target_semantics: string

selected_evidence_ids: [evidence_id]

evidence_fit: {
metric_match: direct | partial | weak,
horizon_match: direct | partial | weak,
magnitude_support: supported | partial | unsupported,
assessment: string

3

current_new_factors: [{
factor,
effect_on_target: up | down | neutral | mixed | uncertain,
evidence_ids,
assessment

1]

causal_balance: {
favored_direction: up | down | balanced | uncertain,
used_path_ids,
assessment

}

magnitude_readiness: {
support: direct | derived | direction_only | insufficient,
evidence_ids,
assessment

}

reasoning_steps: [{
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step_type: baseline | driver | mechanism | counterevidence | target_bridge,
statement,
evidence_ids,
effect_on_target,
source_id
1]
counterevidence: string
uncertainty: string

B.4 Forecasting with the Current Structure

Prompt B.4: Forecasting with the current structure

[SYSTEM]

You are a financial forecast boundary auditor using pre-cutoff evidence. Return only the requested schema-conforming output. Do not
introduce factual claims that are absent from the supplied reasoning and evidence.

[INPUT]

CURRENT CASE:
{question, context, target_specification, forecast_cutoff}

CURRENT REASONING TRACE:

{target_semantics, evidence_fit, current_new_factors,
causal_balance, magnitude_readiness, reasoning_steps,
counterevidence, uncertainty}

CURRENT PRE-CUTOFF EVIDENCE:

[{id, title, source, published_date, excerpt}, ...]

Any previous prediction, probabilities, target estimate, and option mapping are hidden from this call.
[INSTRUCTION]

Complete the final probabilistic forecasting stage. Audit the supplied reasoning against the current pre-cutoff evidence and verify the
exact target operation. For change, return, growth, or acceleration targets, identify both quantities required by the public operation
and express them in a common unit. Then form a coarse low, central, and high estimate in the target unit.

Compare the numerical central estimate with every public boundary. A positive estimate does not automatically imply the above-range
option, and a negative estimate does not automatically imply the below-range option. Pay particular attention to negative boundaries.
The arithmetically mapped central option must be the modal option. Allocate the remaining probability using the overlap of the
estimate range with each interval and the uncertainty stated in the reasoning. The prediction, mapped option, and probability mode
must agree.

Use only current evidence IDs. Do not invent a latent number merely to complete the mapping. Label magnitude support direct when
pre-cutoff evidence contains an explicit quantitative expectation for the target period. Label it derived when current quantities support
an auditable proxy or arithmetic estimate in the target unit. Use direction only when only the sign is supported and insufficient when
even the direction lacks an auditable basis. When magnitude evidence is weak, keep the estimate broad and avoid a concentrated
probability distribution.

[OUTPUT FORMAT]

target_operation_check: string

directional_signal: up | down | flat | mixed | uncertain
magnitude_assessment: {support, evidence_ids, rationale}
latent_target_estimate: {low, central, high, unit, basis}
boundary_checks: [{option, interval, compatibility, rationale}]
mapped_option: option

prediction: option

option_probabilities: [{option, probability}]

uncertainty: string
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C Baseline Prompts

The six baseline prompts are shown separately because they expose different forms of resolved-event information and impose different
constraints on its use.

Prompt C.1: Direct Forecast

[SYSTEM]

You are a financial forecaster using pre-cutoff evidence. Return only the requested structured forecast and cite supplied current evidence IDs for factual
claims.

LINPUT]

CURRENT CASE:

{question, context, target_specification, forecast_cutoff}
CURRENT PRE-CUTOFF EVIDENCE:

[{id, title, source, published_date, excerpt}, ...]
[INSTRUCTION]

Lock the exact metric, horizon, unit, and option boundaries. Establish a current baseline, identify supported drivers and counterevidence, connect them
to the target, and preserve uncertainty when magnitude support is weak. Reason only from the current question and evidence; no resolved-event
information is available. Do not confuse level with change, growth with acceleration, or direction with a boundary crossing.

[OUTPUT FORMAT]

Reasoning steps, target estimate, selected option, and one probability distribution over the public options.

Prompt C.2: Structured Reasoning

[SYSTEM]

You construct a prospective financial DAG from current evidence and then forecast only from the validated graph and its linked evidence.
LINPUT]

{CURRENT CASE}, {TARGET SPECIFICATION}, and {CURRENT EVIDENCE}. No resolved-event information is supplied.

[INSTRUCTION]

First build a current-case DAG containing a historical baseline, current factors, directed relationships, countervailing paths, and a target bridge. Do
not select an answer during graph construction. Validate all evidence IDs and remove unsupported nodes or relations. Then trace the main and
countervailing paths to a target estimate and map it once to the public options.

[OUTPUT FORMAT]

Prospective DAG followed by a graph-grounded reasoning trace, prediction, and probability distribution.

Prompt C.3: Factor Memory

[SYSTEM]

You are a financial forecaster using pre-cutoff evidence. Historical factor cards are search and coverage guidance, not evidence for the current target.
[INPUT]

{CURRENT CASE}, {FACTOR CARDS}, and {FACTOR-GUIDED CURRENT EVIDENCE}.

[INSTRUCTION]

Use the cards to identify which current drivers and counterevidence should be checked. Do not transfer historical entities, dates, values, outcomes, or
causal relations. Establish every current factual claim from supplied evidence, then connect the supported factors to the exact target and its boundaries.
[OUTPUT FORMAT]

Factor-grounded reasoning trace, target estimate, prediction, and probability distribution.

Prompt C.4: Principle Memory

[SYSTEM]

You are a financial forecaster using pre-cutoff evidence. The supplied principles are outcome-redacted reasoning guidance rather than current evidence.
LINPUT]

{CURRENT CASE}, {FORECASTING PRINCIPLES}, and {CURRENT EVIDENCE}.
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[INSTRUCTION]

Apply the principles as general search and reasoning lessons. Independently establish the current baseline, drivers, counterevidence, and target bridge.
Do not assume that a historical mechanism, direction, or magnitude still holds. Use only current evidence IDs for factual claims.

[OUTPUT FORMAT]

Principle-guided reasoning trace, target estimate, prediction, and probability distribution.

Prompt C.5: Case Memory

[SYSTEM]

You are a financial forecaster using pre-cutoff evidence. The retrieved resolved episode is an analogy, not evidence for the current occurrence.
LINPUT]

{CURRENT CASE}, {RESOLVED EPISODE}, and {CURRENT EVIDENCE}. The episode may contain its historical question, evidence, reasoning, and answer.
[INSTRUCTION]

Use the episode to identify potentially relevant comparisons, but never treat its answer, entity, dates, values, or historical facts as current evidence.
Re-establish every factual premise from the current evidence and preserve uncertainty when the analogy does not determine the target-period
magnitude.

[OUTPUT FORMAT]

Case-guided reasoning trace, target estimate, prediction, and probability distribution.

Prompt C.6: Structure Memory

[SYSTEM]

You are a financial forecaster using pre-cutoff evidence. The supplied outcome-redacted DAG is historical structure, not current evidence.

[INPUT]

{CURRENT CASE}, {HISTORICAL DAG}, and {CURRENT EVIDENCE}.

[INSTRUCTION]

Inspect which historical roles and relations appear relevant, but do not copy the graph’s topology, direction, or support blindly. Use current evidence
to decide which relations can organize the forecast. Unlike ReFoRM, do not produce a separate node-, edge-, and path-level reconstruction before
forecasting.

[OUTPUT FORMAT]

DAG-guided reasoning trace, target estimate, prediction, and probability distribution.
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D Evaluation Prompts and Rubrics

D.1 Reasoning-Quality Evaluation

Prompt D.1: Reasoning-quality judge

[SYSTEM]

You evaluate forecast reasoning, not whether the forecast later turns out to be correct. The resolved answer is deliberately withheld.
Do not search for it, infer it from outside knowledge, or use information beyond the supplied packet.

[INPUT]

QUESTION:
{question_text, options, forecast_cutoff, target_specification}

TRACE-SPECIFIC EVIDENCE:

[{trace_id, retrieval_condition, documents}, ...]

TRACES:

[{trace_id, method, retrieval_condition, resolved_event_information,
reasoning, prediction, probabilities}, ...]

The outcome, correctness, and all forecasting metrics are withheld.
[INSTRUCTION]

Score each trace from 1 to 5 on evidence grounding, logical validity, prediction alignment, probability justification, and mechanism
specificity. Judge a trace only against the evidence and resolved-event information supplied to it. An ID available only to another
method is not available to the trace being judged. Do not reward or penalize a method for the amount of retrieved evidence, and do
not reward verbosity, jargon, or structural formatting. Read the reasoning first, decide which option it implies, and only then compare
it with the emitted prediction. Every score and every positive flag must cite an exact span from the trace. Rank all seven traces within
the question after scoring them independently.

[RUBRIC]

Dimension Score 1 Score 5

Evidence grounding Material claims are invented or misquoted Every factual claim traces to supplied evidence

Logical validity Non-sequential or self-contradictory argument  Each step follows and competing considerations
are resolved

Prediction alignment Reasoning points to another option Reasoning entails the selected option and
excludes alternatives

Probability justification Probability conflicts with stated uncertainty Support, gaps, and probability mass agree

Mechanism specificity Generic language fits unrelated questions Named drivers connect to the target quantity

[BINARY FLAGS]

unsupported_magnitude_leap: direction is converted to a precise magnitude without support
hallucinated_number: a material number appears nowhere in the supplied evidence
internal_contradiction: the trace relies on mutually inconsistent claims
boilerplate_only: the reasoning contains no question-specific mechanism
post_hoc_option_fit: the option appears chosen before the rationale is assembled
admits_own_gap: the trace explicitly identifies an inference it cannot verify

[OUTPUT FORMAT]

scores: {evidence_grounding, logical_validity, prediction_alignment,
probability_justification, mechanism_specificity}

flags: {unsupported_magnitude_leap, hallucinated_number,
internal_contradiction, boilerplate_only,
post_hoc_option_fit, admits_own_gap}

decisive_quote: string

verdict_one_line: string

within_question_ranking: [trace_id]
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D.2 Relation-Validity Evaluation

Prompt D.2: Relation-validity judge

[SYSTEM]

You verify forecast-supporting relations against a post-resolution reference DAG. Evaluate the relation itself rather than the fluency of
the surrounding reasoning. Method identity and forecast performance are irrelevant.

[INPUT]

ATOMIC FORECAST RELATION:
{relation_id, source_factor, relation, target_factor,
target_implication, forecast_horizon, supporting_trace_span}

POST-RESOLUTION REFERENCE DAG:

{nodes, directed_relations, evidence_spans, resolution_period}

Method identity, prediction, probabilities, correctness, and forecasting score are hidden. Relations that the forecaster explicitly rejected,
treated as hypothetical, or left unresolved are not evaluated as adopted forecast support.

[INSTRUCTION]

Determine whether the reference DAG entails the relation at the same level of specificity. First align the source and target factors by
their economic meaning, not lexical overlap. Then compare the relation direction and the implication for the forecast quantity. Finally,
verify that the relationship operates over a compatible forecast horizon. Broader thematic similarity is insufficient. A relation is
verified only when factor correspondence, direction, target implication, and horizon all agree. Cite the reference-DAG span supporting
the decision and explain any mismatch precisely.

[DECISION RUBRIC]

factor_correspondence: required
direction_match: required
target_implication_match: required
horizon_match: required

verified = all four checks are satisfied

[OUTPUT FORMAT]

relation_id: string
factor_correspondence: boolean
direction_match: boolean
target_implication_match: boolean
horizon_match: boolean

verified: boolean

reference_span: string
justification: string
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E Additional Results

E.1 Forecasting Gains by Relation Assessment

Table 9 expands Figure 4 to all methods. The four columns use the same 164 supported, 136 mixed, 75 reversed or contradicted, and 125
unresolved forecasts classified from ReFoRM’s saved relation states. Positive values indicate a lower Brier score than Direct Forecast on the
identical subset.

Table 9: Brier reduction relative to Direct Forecast within each forecast-time relation assessment.

Method Supported Mixed Rev. / contr. Unresolved
Structured Reasoning —0.0209 —0.0153 —0.0155 —0.0230
Factor Memory +0.0072 —0.0159 +0.0092 +0.0080
Principle Memory —-0.0111 +0.0007 —0.0141 —-0.0135
Case Memory —0.0226 —0.0070 —0.0240 —0.0097
Structure Memory —0.0043 —0.0220 —0.0056 —-0.0139
ReFoRM +0.0130 +0.0060 +0.0191 +0.0083

ReFoRM improves over Direct Forecast in all four assessments and obtains the largest reduction in each column. The strongest gain
occurs when relations are reversed or contradicted, showing the value of reconstructing historical structure when the current event departs
from earlier occurrences.

E.2 Forecasting Gains by Post-Resolution Confirmation

Table 10 expands Figure 5 with the same subsets for every baseline. After forecasts are frozen, a blinded judge determines whether each
assessment is confirmed by the reference DAG. Positive values again indicate improvement over Direct Forecast.

Table 10: Brier reduction relative to Direct Forecast by forecast-time assessment and post-resolution confirmation. Bold marks
the largest reduction within each confirmation block and column.

Method Supported Mixed Rev. / contr. Unresolved
Confirmed

Forecasts 137 27 33 4
Structured Reasoning —0.0241 —0.0168 —0.0172 —-0.0321
Factor Memory +0.0028 +0.0124 +0.0123 —-0.0398
Principle Memory —0.0159 —0.0187 —0.0195 +0.0137
Case Memory —0.0230 +0.0005 —0.0291 +0.0019
Structure Memory —0.0123 —0.0584 —0.0239 —0.0046
ReFoRM +0.0094 +0.0393 +0.0319 —0.0305
Not confirmed

Forecasts 19 96 32 104
Structured Reasoning +0.0046 —0.0126 —0.0178 —-0.0274
Factor Memory +0.0427 —0.0164 —-0.0122 +0.0127
Principle Memory +0.0205 +0.0056 —0.0136 —0.0120
Case Memory —0.0081 —0.0111 —0.0210 —-0.0151
Structure Memory +0.0501 —0.0152 —0.0039 —-0.0148
ReFoRM +0.0410 —0.0037 —0.0028 +0.0109
Inconclusive

Forecasts 8 13 10 17
Structured Reasoning —0.0264 —0.0324 —0.0027 +0.0063
Factor Memory —0.0016 —0.0711 +0.0676 —0.0099
Principle Memory —0.0026 +0.0045 +0.0025 —0.0294
Case Memory —0.0488 +0.0076 —0.0169 +0.0202
Structure Memory +0.0041 +0.0031 +0.0492 —-0.0101
ReFoRM +0.0077 +0.0092 +0.0466 +0.0012

The confirmation contrast is clearest for mixed and reversed or contradicted assessments. ReFoRM reduces Brier by 0.0393 and 0.0319
when these assessments are confirmed, but the reductions become negative when they are not confirmed. This contrast links ReFoRM’s
largest calibration gains to relation assessments that remain valid after the event resolves.
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