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Abstract
Evaluating LLM forecasting capabilities is con-
strained by a fundamental tension: prospec-
tive evaluation offers methodological rigor but
prohibitive latency, while retrospective forecast-
ing (RF)—evaluating on already-resolved events—
faces rapidly shrinking clean evaluation data as
SOTA models possess increasingly recent knowl-
edge cutoffs. Simulated Ignorance (SI), prompt-
ing models to suppress pre-cutoff knowledge, has
emerged as a potential solution. We provide the
first systematic test of whether SI can approximate
True Ignorance (TI). Across 477 competition-
level questions and 9 models, we find that SI
fails systematically: (1) cutoff instructions leave
a 52% performance gap between SI and TI; (2)
chain-of-thought reasoning fails to suppress prior
knowledge, even when reasoning traces contain
no explicit post-cutoff references; (3) reasoning-
optimized models exhibit worse SI fidelity despite
superior reasoning trace quality. These findings
demonstrate that prompts cannot reliably “rewind”
model knowledge. We conclude that RF on pre-
cutoff events is methodologically flawed; we rec-
ommend against using SI-based retrospective se-
tups to benchmark forecasting capabilities.

1 Introduction
LLMs are increasingly deployed as forecasting tools, with
applications spanning geopolitical prediction, financial anal-
ysis, and scientific discovery [Zou et al., 2022; Halawi
et al., 2024; Pratt et al., 2024; Schoenegger et al., 2024;
Phan et al., 2024]. The appeal is clear: models trained on
vast corpora of human knowledge might internalize patterns
that enable them to anticipate future developments. However,
evaluating such forecasting capabilities presents a fundamen-
tal methodological challenge.

Prospective evaluation—deploying models to make pre-
dictions about genuinely future events and waiting for
outcomes—offers the gold standard for assessing forecasting
ability, but suffers from prohibitive latency. Years may pass
before predictions can be validated, making rapid model eval-
uation impractical. Consequently, the field has largely con-

Will Queen Elizabeth II 
reign through 2023?

Will Biden be the 2024  
Democratic Nominee?

" Without know ledge after 
Jan 1, 2023 , I can only 
deduce..."

Jan 1, 2023  Simulated Knowledge Cutoff

Simulated
Ignorance

? SI?

True
Ignorance

? TI?

Brier Score: 0.13

July 21, 2024
Biden Withdrew from Race...

Sep 1, 2024  True Knowledge Cutoff

 Thinking...

 Thinking...

Pre-Cutoff

Post-Cutoff

Brier Score: 0.11

Brier Score: 0.26

" Based on my know ledge, 
on Sep 8, 2022..." Sep 8, 2022

Queen Elizabeth II Passed Away

Explicit Know ledge

Implicit  know ledge 

" Without know ledge after 
Sep 1, 2024 , I can only 
deduce..."

 Thinking...

No knowledge Avaialble...
Using Reasoning...

Knowledge
Unavailable

Will a ceasef ire between 
Israel and Hezbollah be 
active before 2025?

1

2

3

Control
Group

Pre-Cutoff

Timeline

Figure 1: Simulated Ignorance (SI) fails to suppress Implicit
Knowledge. (1) Control Group: Models accurately predict past
events using available Explicit Knowledge (Brier: 0.11). (2) Simu-
lated Ignorance: Despite a prompted cutoff (Jan 2023), the model
retains Implicit Knowledge of future outcomes (e.g., Biden’s with-
drawal). As indicated by the red arrow, this leakage improves the
forecast (Brier: 0.13) (3) True Ignorance (TI): When knowledge
is genuinely Unavailable (e.g., post-training ceasefire), the model
must rely on pure reasoning, resulting in significantly higher uncer-
tainty (0.26). The SI–TI gap confirms that prompts cannot reliably
“rewind” the model’s knowledge state.

verged on retrospective forecasting (RF) as a compromise:
evaluating models on historical events that have already re-
solved [Zou et al., 2022; Phan et al., 2024]. When such events
postdate the model’s training cutoff, the model operates un-
der True Ignorance (TI)—it genuinely lacks knowledge of the
outcome [Schoenegger et al., 2024; Halawi et al., 2024].

However, TI-based evaluation is becoming increasingly
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difficult. As Paleka et al. [2025] highlight, state-of-the-art
models now possess knowledge cutoffs extending into late
2024 or early 2025. This means most historical events have
already been seen during training—leaving very few post-
cutoff events available for evaluation. The most capable mod-
els are precisely those with the most recent cutoffs, and there-
fore the fewest usable evaluation questions. The problem is
worse for model comparison: if we want to evaluate multiple
models on the same questions, those questions must postdate
all models’ cutoffs, further limiting the pool.

One proposed solution is to extend RF to pre-cutoff
events by instructing models to suppress their knowledge—a
paradigm we term Simulated Ignorance (SI) [Pawelczyk et
al., 2024; Gao et al., 2025]. This is not a hypothetical prac-
tice but a recurring assumption in LLM forecasting evalu-
ation and development: Autocast [Zou et al., 2022] prompts
models with temporal cutoffs to test them on events predating
training; Phan et al. [2024] report strong LLM forecasting on
pre-cutoff data without SI controls; and Halawi et al. [2024]’s
‘near-human” forecasting system uses date-filtered retrieval
and tunes components on already-resolved questions. The
risk is not confined to the final test set: even when evaluation
is restricted to post-cutoff questions, prompts, retrieval fil-
ters, aggregation rules, and hyperparameters may be selected
on pre-cutoff resolved data, implicitly assuming that models
do not exploit known outcomes during optimization. If SI
fails, such pre-cutoff tuning cannot serve as a clean proxy
for genuine forecasting—even when the held-out evaluation
is temporally cleaner. Moreover, every static benchmark be-
comes an implicit SI setup the moment newer models’ cutoffs
pass the questions’ resolution dates—already happening with
current SOTA. For instance, to evaluate forecasting on the
2024 U.S. presidential election, one might instruct the model:
‘use only knowledge available before January 1, 2023.” If
successful, this approach would unlock vast repositories of
historical data for forecasting evaluation, circumventing this
data scarcity.

But does SI actually work? The test is straightforward:
if prompting successfully suppresses prior knowledge, then
forecasting performance under SI should match performance
under TI. Conversely, if models perform significantly better
on questions they “should not know,” they are likely benefit-
ing from leaked knowledge, invalidating SI-based RF.

Our paper provides the first systematic empirical test of this
assumption. Across 477 competition forecasting questions
evaluated on 9 models—partitioned into pre-cutoff questions
(evaluated under SI) and post-cutoff questions (evaluated un-
der TI)—we demonstrate that SI fails systematically.

Our investigation proceeds through three increasingly
strong interventions. (1) We evaluate instruction prompting
with explicit temporal constraints; models exhibit a 52% per-
formance gap between SI and TI, with substantially inflated
accuracy and confidence on questions whose answers they
were instructed to suppress. (2) We elicit structured reason-
ing, hypothesizing that explicit reasoning might force models
to “show their thinking” and adhere to temporal constraints.
While structured reasoning narrows the gap, it fails to close
it. More concerningly, models produce reasoning traces that
appear fully compliant with the cutoff instruction, yet their

forecasting performance still reflect leaked knowledge—
suggesting that surface-level inspection of reasoning cannot
reliably diagnose leakage. (3) We test reasoning-optimized
models trained with reinforcement learning, hypothesizing
they might exhibit stronger instruction-following in temporal
suppression tasks [DeepSeek-AI, 2025]. Paradoxically, these
models exhibit worse SI fidelity despite superior reasoning
quality and overall forecasting performance.

All of our intervention attempts failed to rewind model
knowledge. We conclude that SI-based retrospective evalu-
ation—using prompts to simulate ignorance about pre-cutoff
events—is methodologically flawed: SI cannot approximate
TI, and we recommend against benchmarking to pre-cutoff
events since knowledge leakage cannot be eradicated.

2 Related Work

2.1 LLM Forecasting and Retrospective
Evaluation

Earlier RF benchmarks adopted divergent strategies for han-
dling the leakage risk: some evaluated on pre-cutoff events
with date-restriction prompts [Zou et al., 2022; Halawi et
al., 2024; Phan et al., 2024], while others restricted to post-
cutoff events to ensure genuine ignorance [Schoenegger et
al., 2024]. The pre-cutoff approach—Simulated Ignorance
(SI)—is the de facto paradigm in LLM forecasting, since it
preserves access to the much larger pool of already-resolved
questions.

Recent benchmarks have quietly moved away from pre-
cutoff evaluation, constructing prospective-only datasets
without explicit justification [Karger et al., 2025; Paleka et
al., 2025; FutureSearch et al., 2025]. This implicit retreat
signals growing unease, but no prior work has directly tested
whether SI can approximate True Ignorance (TI) or quanti-
fied how badly it fails. We make this implicit concern explicit
through systematic empirical comparison.

2.2 Temporal Contamination and Surface
Compliance

The failure of SI to approximate TI reflects a broader phe-
nomenon: models’ forecasts may benefit from leaked knowl-
edge even when instructed to ignore it. This connects to work
on data leakage in NLP evaluation more generally [Sainz et
al., 2023; Balloccu et al., 2024; Magar and Schwartz, 2022].
In domains such as finance, prior studies demonstrate that
models benefit from leaked knowledge under retrospective
evaluation [Lopez-Lira et al., 2025]. A related line of work
investigates prompt-based “unlearning”: whether instructions
can suppress explicit mentions of known facts [Pawelczyk et
al., 2024; Gao et al., 2025].

Our setting exposes a critical distinction: surface com-
pliance versus implicit knowledge retention. A model may
obediently avoid mentioning post-cutoff facts in its reasoning
while its forecasting performance still reflects leaked knowl-
edge. We therefore measure leakage via forecasting scores
(Brier scores) rather than reasoning content.
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2.3 Reasoning Faithfulness and Post-Hoc
Rationalization

If surface compliance does not guarantee knowledge sup-
pression, a natural question arises: can we trust reason-
ing traces to reveal when models are “cheating”? Chain-
of-thought (CoT) prompting is widely adopted to improve
both interpretability and performance [Wei et al., 2022;
Kojima et al., 2022]. However, a growing literature shows
that reasoning traces can be misleading: models may pro-
duce convincing explanations that do not reflect their actual
decision process [Turpin et al., 2023; Lanham et al., 2023;
Paul et al., 2024].

This concern is amplified for reasoning-optimized models
(e.g., O1, R1), trained via reinforcement learning to produce
extended traces [OpenAI, 2024; DeepSeek-AI, 2025]. [Chen
et al., 2025] demonstrate unfaithful reasoning in such models
on mathematical tasks, where errors in CoT can be detected
by verifying logical consistency. Forecasting offers no such
verification: there is no “correct” reasoning path, so a cutoff-
compliant trace may still mask leaked knowledge.

Our results provide forecasting-specific evidence for this
concern. Reasoning-optimized models exhibit the largest SI–
TI gaps despite producing the cleanest traces—suggesting RL
training teaches models to rationalize predictions rather than
derive them transparently.

3 Experimental Setup

3.1 Problem Formulation

We test whether Simulated Ignorance (SI)—prompting
models to use only knowledge before a specified date—can
make retrospective forecasting on pre-cutoff events behave
like genuine forecasting on post-cutoff events (True Igno-
rance, TI). Each model m has a reported knowledge cutoff
K(m). We prompt models with a simulated cutoff C preced-
ing all question resolutions, and test whether this eliminates
outcome-level dependence: if SI works, models should per-
form equally on questions resolved before versus after K(m).

3.2 Data

We evaluate 9 models on 477 resolved binary questions
from Metaculus tournament archives (2023–2025) [Metacu-
lus, 2025].1 Models span two categories: 6 non-reasoning
models and 3 reasoning-optimized models trained with re-
inforcement learning. Questions are stratified across six
domains (Business, Economics/Finance, Social/institutional,
Entertainment, Technology/innovation, Politics/Geopolitics)
to ensure balanced coverage.

To ensure reliability, we run each model-question pair 3
times per condition and average the predictions. Sample sizes
vary slightly across models (Table 1) due to occasional API
failures or malformed outputs; we exclude such cases from
analysis. We macro-average all metrics over questions.

1Binary outcomes admit clean Brier-based SI–TI comparison;
see the supplementary for alternative formulations.

Model Cutoff n (Pre/Post)

Reasoning (R)
GPT-5.1 Sept ’24 201 / 276
Gemini-2.5-Pro Jan ’25 201 / 276
DeepSeek-R1 Jan ’25 201 / 276

Non-Reasoning (NR)
Claude 3.5 Sonnet Apr ’24 201 / 274
Gemini-2.5-Flash Jan ’25 201 / 273
Llama 4 Maverick Aug ’24 201 / 274
DeepSeek-V3.2-Exp Dec ’24 201 / 273
OpenAI-OSS-120b Jun ’24 201 / 276
OpenAI-OSS-20b Jun ’24 199 / 276

Table 1: Model metadata. R = reasoning-optimized via RLVR; NR
= standard instruction-tuned. Cutoffs from official documentation.
Sample sizes vary slightly due to API failures.The Model knowledge
cutoff date is available in [Wang, 2025]

3.3 Question Partition
To ensure all models are evaluated on the same questions, we
use a fixed partition rather than per-model splits. Let Kmin

and Kmax denote the earliest and latest knowledge cutoffs
across all evaluated models. Each question q has resolution
date R(q), and we partition questions as follows:
• Pre-cutoff: R(q) < Kmin. The outcome predates all mod-

els’ cutoffs; every model has likely seen the answer during
training.

• Post-cutoff: R(q) > Kmax. The outcome postdates all
models’ cutoffs; no model has seen the answer.
When we add a cutoff instruction, Pre-cutoff questions be-

come the SI condition (models must suppress knowledge they
have), and Post-cutoff questions become the TI condition
(models genuinely lack knowledge). The core test is whether
performance under SI matches performance under TI.

This design ensures all models face the same question sets,
but introduces a potential confound: models with later cut-
offs are temporally closer to Post-cutoff question resolutions,
and may benefit from more recent background context even
without knowing answers. To verify that observed SI–TI gaps
reflect genuine knowledge leakage rather than temporal prox-
imity effects, we conduct robustness checks examining per-
formance as a function of distance between cutoff and reso-
lution (§5).

3.4 Prompting Conditions
We cross reasoning elicitation with cutoff constraint in a 2×2
design (Table 2): We fix C = 2023-01-01, preceding all

No Cutoff Cutoff at C

Direct G1 G1′

Reasoning (CoT) G2 G2′

Table 2: Four prompting conditions formed by crossing reasoning
elicitation (direct vs. CoT) with cutoff constraint (none vs. instructed
cutoff C).

question resolutions.
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Under G1 and G2 (no cutoff instruction), we observe base-
line performance on Pre-cutoff and Post-cutoff questions.
Under G1′ and G2′ (with cutoff instruction), Pre-cutoff ques-
tions become the SI condition and Post-cutoff questions be-
come the TI condition. This design allows us to isolate the
effects of cutoff instructions (G1 vs. G1′) and reasoning elic-
itation (G1′ vs. G2′) on the SI–TI gap.

3.5 Metrics
Models output probability p ∈ [0, 1]; ground truth is y ∈
{0, 1}. We report Brier score B(p, y) = (p − y)2 (lower is
better; uninformed baseline p = 0.5 yields B = 0.25).

Under cutoff instruction conditions (G1′, G2′), we define
the SI–TI Gap:

∆g = Eq∈Post[Bg(q)]− Eq∈Pre[Bg(q)] (1)

A large positive ∆g indicates substantially better Pre-cutoff
performance under SI—evidence that models fail to suppress
leaked knowledge. If SI were effective, ∆g ≈ 0.

4 Results
We test whether prompt-based interventions can make SI ap-
proximate TI. Across 9 models and three intervention layers,
we find that all interventions reduce explicit leakage but fail
to close the SI–TI gap.

4.1 Layer 1: Cutoff Instructions Reduce but Do
Not Eliminate the Gap

Fig. 2A shows a consistent pattern across all 9 models:
adding a cutoff instruction (G1′) reduces knowledge leak-
age on Pre-cutoff questions, moving it toward the Post-cutoff
baseline—but a substantial gap remains. Quantitatively, the
cutoff closes 48% of the SI–TI gap, leaving 52% unexplained
(Fig. 2B). All models still show significant gaps under the
cutoff prompt. SI therefore remains an unreliable proxy for
TI even with explicit temporal constraints.

The SI–TI gap varies substantially across domains: cut-
off instructions close 91% of the gap in the most responsive
domain (BUS) but only 33% in the least responsive (POL-
GEO). This pattern suggests leakage severity correlates with
event salience—geopolitical events like elections receive ex-
tensive coverage and become deeply encoded, making them
harder to suppress than lower-salience business metrics (see
supplementary material for detailed domain-level analysis).

4.2 Layer 2: CoT Narrows the Gap but Clean
Traces Hide Leakage

We next test whether chain-of-thought (CoT) prompting
helps models adhere to temporal constraints by forcing them
to “show their work.”

CoT narrows the gap asymmetrically. Without a cutoff
instruction (Fig. 3A), CoT improves Post-cutoff performance
but worsens Pre-cutoff performance, narrowing the baseline
gap from both directions. This asymmetry suggests that
under direct prompting, models exploit a retrieval shortcut
on Pre-cutoff questions—directly accessing memorized out-
comes without explicit reasoning. CoT disrupts this shortcut

GPT-
5.1

Gem
ini Pr

o

Gem
ini Fl

ash
DS-R1

Clau
de 3

.5

DS-V3.2

Lla
ma 4

OSS-120b

OSS-20b
0.0

0.1

0.2

0.3

Br
ie

r S
co

re
 (l

ow
er

 =
 b

et
te

r)

(A) Per-model Brier Scores
Pre, G1 SI (Pre, G10) TI (Post, G10)

ALL BUS
ECO-FIN

SOC-INST ENT

TECH-INNO

POL-G
EO

0.00

0.05

0.10

0.15

0.20

Br
ie

r S
co

re
 G

ap

48%

52%

0.136

91%

0.119

83%

0.116

72%

28%

0.101

48%

52%

0.129

48%

52%

0.111

33%

67%

0.165

(B) Gap Decomposition by Domain
Closed by cutoff Remaining gap

Layer 1: Cutoff Instructions

Figure 2: Layer 1: Cutoff instructions reduce but do not elimi-
nate the SI–TI gap. (A) Brier scores across 9 models under three
conditions: Pre-cutoff baseline (Pre, G1), SI (Pre, G1′), and TI
(Post, G1′). (B) Gap decomposition by domain: portion closed by
cutoff (green) vs. residual SI–TI gap (red). Lower Brier = better.

by requiring verbalization, degrading Pre-cutoff performance
while benefiting Post-cutoff where no shortcut exists.

With a cutoff instruction (Fig. 3B), switching from direct
to CoT prompting (G1′ → G2′) produces only small changes
on both SI and TI. The cutoff instruction appears to already
disrupt the retrieval shortcut, leaving less room for CoT to
further reduce leakage.

Clean traces do not imply no leakage. We audit CoT
traces on Pre-cutoff questions for logical consistency and ex-
plicit post-cutoff references.2 Trace quality improves from
G2 to G2′ (Fig. 4B): cutoff prompts make traces look cleaner.
However, cleaner traces coexist with residual SI–TI gaps—
the absence of explicit temporal violations does not guarantee
the absence of leaked knowledge in the forecast.

4.3 Layer 3: Reasoning-Optimized Models Show
Cleaner Traces but Larger Gaps

Reasoning-optimized models (e.g., O1, R1) are trained via
reinforcement learning to produce structured reasoning and
follow instructions consistently. We test whether this training
improves SI fidelity.

2Logic consistency checks for internal contradictions, mathemat-
ical errors, and reasoning-conclusion alignment. Cutoff compliance
detects references to information only knowable after the specified
cutoff. See supplementary material for more details.
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Figure 3: Layer 2: CoT prompting effects. (A) Without cutoff
instruction: CoT worsens Pre-cutoff but improves Post-cutoff, nar-
rowing the baseline gap. (B) With cutoff instruction: G1′ → G2′

yields small changes on both SI and TI.

Group Logic (%) Clean (%)

Reasoning-optimized 99.4 98.8
Non-reasoning 96.7 98.2

Table 3: Layer 3: Trace audit under G2′. Reasoning-optimized
models produce more coherent and cutoff-clean traces under G2′.

Better TI performance, worse SI fidelity. Fig. 5A shows
that reasoning-optimized models achieve strong TI perfor-
mance across all prompting conditions. Their traces also
appear more compliant: under G2′, they show higher
logic-consistency (99.4% vs. 96.7%) and cutoff-compliance
(98.8% vs. 98.2%) than non-reasoning models (Table 3).

However, reasoning-optimized models exhibit larger SI–
TI gaps than non-reasoning models (Fig. 5B): 0.086 vs. 0.064
under G1′, and 0.097 vs. 0.067 under G2′. This dissociates
forecasting capability from leakage resistance: models can
forecast well under TI while failing to suppress prior knowl-
edge under SI.

This pattern is consistent with RL training creating tension
between two objectives: producing compliant traces and ar-
riving at correct answers. Under SI, models learn to construct
reasoning that avoids explicit violations while still guiding to-
ward the encoded answer—appearing compliant without be-
ing compliant (see supplementary material for extended anal-
ysis).

4.4 Summary

Across all three interventions, we observe a common failure
mode: interventions operate at the level of model outputs—
what the model says—rather than model knowledge—what
the model knows.

Cutoff instructions suppress explicit temporal references,
CoT prompting produces coherent reasoning traces, and
reasoning-optimized training yields high trace compliance—
yet all three leave residual SI–TI gaps. A model can avoid
every detectable form of leakage while implicit knowledge
still influences its forecasting performances.
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5 Robustness & Qualitative Analysis
Our main finding—that SI fails to approximate TI—could be
challenged by an alternative explanation: perhaps post-cutoff
questions are simply harder to forecast, independent from
data leakage. We address this concern with experiments.

5.1 Difficulty Control: The Gap Is Model-Specific,
Not Calendar-Specific

If difficulty (not leakage) causes the SI–TI gap, all models
should struggle on the same questions at the same calendar
time. If leakage causes the gap, performance should degrade
at each model’s own knowledge cutoff, regardless of calendar
time. We test this with three complementary analyses.

Cross-model natural experiment. We exploit the fact that
different models have different cutoffs. Q4 2024 questions
provide a decisive test: they are Pre-cutoff for DeepSeek-
V3.2 (cutoff: Jan 2025) but Post-cutoff for GPT-5.1 (cutoff:
Sept 2024). If these questions were inherently harder, both
models should struggle.

Model Q4’24 Status Brier Horizon

GPT-5.1 (Sept’24) TI .204 1–3 mo
DeepSeek-V3.2 (Jan’25) SI .136 1–3 mo

Table 4: Cross-model natural experiment. Same questions, same
horizon, different SI/TI status. The gap (+0.068) tracks knowledge
cutoff, not question difficulty.

The same questions yield Brier 0.136 for DeepSeek but
0.204 for GPT-5.1. The only variable is whether the questions
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Figure 5: Layer 3: Reasoning-optimized models show cleaner
traces but larger SI–TI gaps. (A) Brier scores across prompt-
ing conditions. (B) SI–TI gap comparison: reasoning-optimized vs.
non-reasoning models.

fall before or after each model’s cutoff—strong evidence that
the gap reflects leakage, not difficulty. Importantly, both
models achieve similar Brier scores on TI questions (GPT-
5.1: 0.21; DeepSeek: 0.23), confirming that the difference on
Q4 2024 questions is not due to overall model capability.

Temporal proximity does not explain the gap. One might
worry that models with later cutoffs perform better on TI
simply because they have more recent background context.
However, the cross-model experiment controls for this: both
models face Q4 2024 questions at the same temporal distance
from resolution, yet only the model for which these questions
are SI shows elevated performance.

Discontinuity at model-specific cutoffs. Figure 6 shows
quarterly Brier scores for two models. If difficulty drove the
gap, we would expect smooth degradation over calendar time.
Instead, each model shows a sharp jump at its own cutoff:
GPT-5.1 jumps at Sept 2024 (∆ ≈ +0.13); DeepSeek jumps
at Jan 2025 (∆ ≈ +0.17). The discontinuity occurs at differ-
ent calendar points for different models, ruling out calendar-
time difficulty.

Human baseline confirms equal difficulty. To indepen-
dently verify that SI and TI questions have comparable dif-
ficulty, we benchmark Metaculus community forecasters on
both splits. To avoid hindsight bias, we use only predictions
from the first two weeks of each question.
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not at a common calendar point. (A) GPT-5.1 cutoff: September
2024. (B) DeepSeek-V3.2 cutoff: January 2025.

Question Split Human Brier Model Brier (avg)

Pre (SI) 0.232 0.11
Post (TI) 0.243 0.24

∆ 0.011 0.13

Table 5: Human baseline. Humans show negligible gap between
Pre- and Post-cutoff questions (∆ = 0.01); models under SI/TI con-
ditions show large gaps (∆ ≈ 0.13).

Humans find both splits equally difficult (∆ = 0.011),
while models show gaps an order of magnitude larger (∆ ≈
0.13). This confirms that the model gap reflects leaked
knowledge, not question difficulty.

5.2 Trace Audit Validation
We validate our automated (GPT-4o) trace audit against inde-
pendent human annotations on a stratified sample (n = 36),
evaluating both logic consistency and cutoff compliance.

The strong agreement (κ = 0.86 for cutoff compliance)
confirms that the persistent SI–TI gap under high trace com-
pliance reflects implicit knowledge retention, not failures in
our audit methodology.

5.3 Qualitative Analysis: The Illusion of
Reasoning

Our trace audit detects explicit violations but cannot capture
implicit knowledge that influences predictions without overt
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Dimension κ Agreement

Logic consistency 0.64 94%
Cutoff compliance 0.86 94%

Table 6: Audit validation. High human-GPT agreement confirms
our audit reliably detects explicit violations.

leakage. We present paired case studies (Table 7) under G2′
(CoT with cutoff instruction) where structurally similar ques-
tions yield dramatically different accuracy.

Case Study 1: Ceasefire Predictions. Both questions re-
quire predicting a ceasefire approximately one month before
the deadline. For the Pre-cutoff event (Russia-Ukraine), mod-
els achieved 100% accuracy with high confidence, citing his-
torical base rates. For the Post-cutoff event (Israel-Lebanon),
DeepSeek-R1 applied the same Fermi-style decomposition
yet produced a miscalibrated prediction. The reasoning ap-
pears equally rigorous in both cases—the difference is that
Pre-cutoff “reasoning” likely rationalizes a known outcome
rather than deriving it.

Case Study 2: International Agreements. Gemini-2.5-
Flash achieved a perfect Brier score on the Pre-cutoff NATO
question by recalling specific ratification dates—information
that should be unavailable under the cutoff instruction. On the
structurally identical Post-cutoff question (Artemis Accords),
it reverted to statistical heuristics (Poisson distribution). The
heuristic is logically sound but reflects genuine uncertainty;
the Pre-cutoff precision reflects leaked knowledge.

Key Observation. The critical pattern is not that Post-
cutoff reasoning fails—uncertainty is expected for genuinely
unknown events. Rather, Pre-cutoff reasoning succeeds too
well: models produce confident, accurate predictions with
clean traces, suggesting the reasoning is post-hoc rational-
ization of implicitly accessed outcomes. This is the “illu-
sion of reasoning”—surface-level logic that masks underly-
ing knowledge retrieval.

6 Discussion
Summary. Across all interventions, SI fails to approximate
TI: cutoff instructions close only 48% of the gap, CoT nar-
rows but does not eliminate it, and reasoning-optimized mod-
els exhibit the largest gaps despite the cleanest traces. Our
robustness checks confirm this reflects knowledge leakage,
not question difficulty. The common failure mode is that all
interventions target what models say, not what they know.

Domain patterns. The SI–TI gap varies substantially
across domains: geopolitical events show the largest gaps
(0.111 Brier difference) while business metrics show the
smallest (0.010). We hypothesize this reflects memorabil-
ity asymmetry: high-coverage events like elections become
deeply encoded and harder to suppress than lower-salience
outcomes.

Reasoning-optimized models. The finding that reasoning-
optimized models exhibit larger SI–TI gaps despite cleaner

traces is predictable given RL training dynamics. RL opti-
mizes for both instruction-following traces and correct an-
swers; when the model has encoded an outcome, these ob-
jectives conflict. Training resolves this by teaching models to
construct plausible reasoning that avoids explicit violations
while guiding toward memorized answers—appearing com-
pliant without being compliant.
Implications for reasoning faithfulness. Our findings ex-
tend growing concerns about CoT faithfulness [Turpin et al.,
2023; Lanham et al., 2023; Chen et al., 2025]: when mod-
els have memorized outcomes, reasoning becomes post-hoc
rationalization rather than genuine derivation. Unlike mathe-
matical tasks where errors can be verified, forecasting offers
no ground-truth reasoning path to expose this.
Development-time contamination. A further implication
is that temporal contamination can enter before final evalua-
tion. LLM forecasting systems are often developed through
backtesting: prompts, retrieval filters, ensemble weights, cal-
ibration rules, and hyperparameters are selected on already-
resolved questions before being deployed on future ones. Our
results suggest that such pre-cutoff development sets are not
merely convenient historical data; they can reward design
choices that exploit memorized outcomes. Thus, a system
may appear clean at final evaluation if its test questions post-
date the model cutoff, while still inheriting choices optimized
under contaminated SI conditions. For forecasting bench-
marks, temporal separation should therefore apply not only
to the reported test set, but also to validation, tuning, and
model-selection data whenever the evaluated system includes
learned or manually selected components.
Declarative vs. operational compliance. Our results ex-
pose a distinction between two senses in which an LLM can
“follow” an instruction to ignore knowledge. Under declara-
tive compliance, the model refuses to state facts when asked
directly: under a 2023 cutoff, models reliably answer “I do
not know” to questions like “What was Ukraine’s 2024 war
expenditure?” Under operational compliance, the model’s
predictive behavior would also be independent of those facts.
Current SOTA models exhibit the former without the latter:
on the matched forecasting question (Will Russia and Ukraine
reach a ceasefire by January 2024?), the same models pre-
dict with near-perfect accuracy and confidence far exceed-
ing what genuine reasoning under uncertainty would pro-
duce. Suppressing explicit recall does not suppress the un-
derlying knowledge from shaping the output. This separation
suggests that current alignment and prompt-based interven-
tions operate primarily at the declarative surface and do not
yet reach the operational level required for genuine simulated
ignorance—a broader limit on instruction-following that ex-
tends beyond forecasting.
Implications for evaluation. SI-based contamination is not
a single methodological flaw but a property that every static
forecasting benchmark eventually exhibits. As newer models
are released with more recent knowledge cutoffs, any bench-
mark whose questions resolve before those cutoffs effectively
becomes an SI evaluation. Our test set illustrates this di-
rectly: Q4-2024 questions are post-cutoff for Claude 3.5 Son-
net (April 2024) yet pre-cutoff for DeepSeek-V3.2 (January
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Period Question (Condensed) Model Pred (p) Truth (y) Reasoning Trace (CoT) Snippet & Analysis

Case 1: Ceasefire Predictions (Both are binary ceasefire-by-date questions with similar geopolitical framing)

Pre (SI) Q13959: Will Russia and Ukraine have a
lasting ceasefire by Jan 1, 2024?

DeepSeek-R1 0.04 0 “Looking at historical conflicts... lasting cease-fire
within a year is relatively rare. A rough anchor...
might be around 10–20%.”
→ Accurate via historical priors.

Post (TI) Q30269: Will Israel and Lebanon have a
ceasefire by Jan 1, 2025?

DeepSeek-R1 0.45 1 “The Nov 25, 2024 report indicated a 60-day deal
was close... P (deal)× P (holds) = 0.70× 0.60 =
0.42.”
→ Similar reasoning framework, but results in
hallucinated precision.

Case 2: International Agreements (Identical task: predicting treaty signing)

Pre (SI) Q13986: In 2023 will any new country join
NATO?

Gemini-Flash 1.00 1 “Turkey’s parliament has ratified... Hungary’s par-
liament also ratified... All other members have al-
ready ratified.”
→ Perfect score driven by precise factual recall.

Post (TI) Q37397: Will a country sign the Artemis
Accords in June 2025?

Gemini-Flash 0.67 0 “Steady increase in signatories... ∼1 signing per
month. Using Poisson distribution... 1 − e−1 =
0.633.”
→ Rigorous logic (Poisson), but fails without
leaked outcome.

Table 7: Qualitative Case Studies. Paired comparison of Pre-cutoff (SI) vs. Post-cutoff (TI) questions. In both cases, models use structurally
similar reasoning (historical anchors or statistical models). However, Pre-cutoff predictions benefit from implicit knowledge (reflected in high
confidence/accuracy), while Post-cutoff predictions using the same logic fail to capture ground truth.

2025). Without ongoing curation, benchmark validity decays
with each model release—a contamination mechanism dis-
tinct from but conceptually parallel to text-overlap contami-
nation in NLP evaluation [Sainz et al., 2023; Balloccu et al.,
2024]. The natural defenses are dynamic benchmarks that
continuously refresh their question pools [Karger et al., 2025]
and scheduled retirement of static evaluations once a critical
fraction of questions becomes pre-cutoff.

Limitations. We cannot definitively rule out residual diffi-
culty confounds, though robustness checks argue against this.
Our trace audits may miss subtle leakage through word choice
or framing. We test only prompt-based interventions; whether
parameter-level approaches (e.g., machine unlearning) could
achieve better SI fidelity remains open [Liu et al., 2024]. Fi-
nally, our evaluation focuses on binary questions; other for-
mats may differ.

7 Conclusion
We test whether Simulated Ignorance (SI)—prompting mod-
els to ignore post-cutoff knowledge—can substitute for
True Ignorance (TI) in retrospective forecasting evaluation.
Across cutoff instructions, chain-of-thought prompting, and
reasoning-optimized models, SI consistently fails: models
retain a systematic advantage on pre-cutoff questions even
when their reasoning traces appear temporally compliant.
Robustness checks confirm this gap reflects knowledge leak-
age, not question difficulty. We therefore make two recom-
mendations:
1. Restrict to genuinely post-cutoff events. Use bench-

marks whose questions postdate all evaluated models’ cut-
offs, or continuously refreshed dynamic benchmarks.

2. Performance metrics over trace audits. Clean reason-
ing traces are insufficient evidence of leakage-free fore-

casting; the SI–TI gap is a more reliable diagnostic.
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