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Abstract
Forecasts matter most when history is short—a newly listed asset,

or an established one after a structural break. At a 60-hour hori-

zon, even five completed non-overlapping outcomes take 12.5 days

to observe. With so few labels, a forecaster must estimate both a

representation of price dynamics and the mapping from that repre-

sentation to the forecast target. Only the target mapping inherently

requires real outcomes.

To address this problem, we introduce market decompression,

a learning framework for sparse-label financial forecasting. Using

synthetic markets where both prices and their hidden volatility,

jump, and regime paths are known, it learns an inverse map from

the observed tape to the latent structure that produced it. Scarce

real labels are reserved for learning the mapping from recovered

structure to the forecast target.

Because decompression depends on the synthetic world used

to learn this inverse map, we also introduce the transfer field: a

structured response surface that identifies the source world with

the greatest downstream forecasting advantage for a given market

and label budget.

Under forecast-sufficient recovery, we show analytically that

decompression has strictly lower Bayes log loss whenever the

prior carries target-relevant information. Controlled Bates–Heston-

derived experiments first establish a consistent advantage with five

to ten labels on unseen target worlds. We then use fields estimated

from earlier episodes to select frozen priors for later untouched

data. The results are confirmed in three of five markets, spanning

cryptocurrency, foreign exchange, and precious metals. Across the

confirmedmarkets, pooledMSE falls by up to 7.0%, while ETHUSDT

reaches 10.4% at the 60-hour horizon.
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1 Introduction
Cold-start forecasting arises when the target market has little rel-

evant history. A new asset begins trading before it has outcomes

from its own regime. After a structural break, the post-break regime

may provide only a short estimation window, while older observa-

tions can introduce forecast bias [11–13]. The October 2025 tariff

shock illustrates how quickly this can happen: within a day, it trig-

gered more than $19 billion in crypto liquidations [24]. At a 60-hour

forecast horizon, collecting five to ten non-overlapping post-break

outcomes takes 12.5–25 days—precisely when forecasts are most

needed.

Maximum-likelihood estimates of GARCH(1,1) parameters and

persistence can be biased or unstable in very small samples [30],

while transfer can fail when the source and target distributions

differ [16]. Few real labels must ordinarily support both representa-

tion learning and target estimation. The forecast mapping requires

observed outcomes, whereas an inverse map from price history to

latent state can be learned in a simulator where both quantities are

known.

Market decompression learns this inverse map from paired syn-

thetic tapes and hidden states before target adaptation. Because

its value depends on the synthetic source world, the transfer field

measures the downstream forecasting gain induced by each simu-

lator coordinate for a given market and label budget. We use the

field to choose a prior and estimate the label budgets over which it

provides positive transfer. Priors selected on one historical episode

are then evaluated on a later untouched episode.

Here, decompression targets volatility, jumps, and regimes from

hourly price bars. Recovering liquidity, order flow, or limit-order-

book depth would require richer microstructure inputs and lies

outside the present scope.

This paper makes four contributions:

(1) Market decompression. Synthetic hidden-state recovery
pretrains an inverse map, leaving scarce target labels to fit

the forecast mapping.

(2) The transfer field. A target- and budget-specific field as-

signs signed downstream value to source worlds and sup-

ports selection under uncertainty.

(3) Theory. An information identity, a log-MSE bridge, and

a finite-sample recovery law relate recovered value, source

mismatch, and label budget, yielding nested positive-transfer

envelopes.
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(4) Empirical confirmation. Replicated field estimation, fresh

confirmation, and untouched holdout verify the sparse-label

advantage in controlled worlds and three of five real markets.

2 Related Work
Synthetic and artificialmarkets. Prior ICAIFwork uses synthetic
data for rare scenarios [1], learned market simulation [2, 5, 26,

27], and mechanism analysis [3]. We instead use paired synthetic

tapes and hidden states to learn an inverse map. When the target

depends on the tape through a latent state, that state can be forecast-

sufficient [22, 23]; its synthetic labels act as privileged training

information [8].

Time-series privileged-information methods prove gains from

training-only intermediate observations in linear-Gaussian and

nonlinear latent systems [32, 33]. Here the privileged volatility,

jump, and regime paths come from an instrumented simulator

rather than the real market, and the transfer field determines which

source representation remains useful.

Simulator selection: realism versus transfer value. Simula-

tor calibration measures resemblance to the target through realism

metrics [4], deep calibration [6], or agent-based calibration [7]. The

transfer field instead measures downstream forecasting value at

a fixed label budget; resemblance and transfer can diverge under

source mismatch [16].

Cold-start volatility forecasting and transfer. After a break,
recent samples are short and older observations can bias forecasts

[11–13]. Prior work transfers from established assets to new issues

[14] or repurposes pretrained models for data-efficient FX volatility

forecasts [28]. We select synthetic state supervision by its measured

downstream value.

Privileged information, domain adaptation, and response
surfaces. Domain adaptation studies source–target alignment [9].

Our deployment criterion is narrower: whether a specific source

inverse map improves a particular market. Replicated evaluations

and a noise-aware response surface estimate that value and its zero

boundary [10, 31].

3 Market Decompression
A forecaster observes the price path but not the volatility, jumps,

or regime that produced it.

3.1 Setup
Let 𝑋𝑡−𝐿+1:𝑡 denote the observed price tape, 𝑍𝑡 the latent volatility,

jump, and regime state, and 𝑌𝑡+ℎ the future forecast target. An in-

strumented source world provides paired observations of (𝑋,𝑍,𝑌 ),
allowing the inverse map from tape to latent structure to be learned

before target adaptation. In the real target market, the forecaster

observes only𝑋𝑡−𝐿+1:𝑡 and a sparse set of completed outcomes 𝑌𝑡+ℎ .
With 𝑏 completed target outcomes, a direct learner and market

decompression use

𝑓𝑏 : 𝑋𝑡−𝐿+1:𝑡 → 𝑌𝑡+ℎ,

𝐷 (𝑋𝑡−𝐿+1:𝑡 ;Θ(𝜃 )) → 𝑅𝑡 , 𝑔𝑏 : 𝑅𝑡 → 𝑌𝑡+ℎ .
(1)

Here 𝑏 counts forecast outcomes rather than observed price bars; 𝜃

indexes the synthetic source world; and Θ(𝜃 ) denotes the parame-

ters learned from it. Both arms use the same 𝑏 target outcomes.

The decompression and control arms share the common source

objective. Decompression additionally receives hidden-state super-

vision:

Ldec = Lcommon + 𝜆Lpriv . (2)

The matched control removes only the privileged loss. Across ex-

periments, Lcommon contains the matched source tasks, while Lpriv

contains only hidden-state recovery; their exact components appear

in Sections 5.1 and 5.2. During source training, the recovery heads

shape the encoder to represent the simulator states associated with

each tape.

3.2 Ideal Recovery and Forecast Sufficiency
A recovered state is sufficient when it retains everything in the

tape and source prior that matters for the future target. The decom-

pression objective aims to recover the conditional distribution of

the latent state given the observed tape and source prior. An ideal

decompressor returns

𝑅∗𝑡 = 𝑝 (𝑍𝑡 | 𝑋𝑡−𝐿+1:𝑡 ,Θ) . (3)

Assume that, once the latent state is known, neither the tape nor

the source prior contains additional information about the forecast

target:

𝑌𝑡+ℎ ⊥ (𝑋𝑡−𝐿+1:𝑡 ,Θ) | 𝑍𝑡 . (4)

Then the recovered posterior is forecast-sufficient:

𝑝 (𝑌𝑡+ℎ | 𝑅∗𝑡 ) = 𝑝 (𝑌𝑡+ℎ | 𝑋𝑡−𝐿+1:𝑡 ,Θ). (5)

Proof. Write𝑊 = (𝑋𝑡−𝐿+1:𝑡 ,Θ). For any measurable set 𝐴, the

conditional independence above gives

𝑃 (𝑌𝑡+ℎ ∈ 𝐴 |𝑊 ) =
∫

𝑃 (𝑌𝑡+ℎ ∈ 𝐴 | 𝑍𝑡 = 𝑧) 𝑃 (𝑑𝑧 |𝑊 ).

The right-hand side is a measurable function of 𝑅∗𝑡 . By the tower

property,

𝑃 (𝑌𝑡+ℎ ∈ 𝐴 | 𝑅∗𝑡 ) =
∫

𝑃 (𝑌𝑡+ℎ ∈ 𝐴 | 𝑍𝑡 = 𝑧) 𝑅∗𝑡 (𝑑𝑧)

= 𝑃 (𝑌𝑡+ℎ ∈ 𝐴 |𝑊 ).

□

3.3 Supervision-Privilege Identity
The prior helps through forecast information that survives recovery.

The identity below separates supplied information, lost information,

and fitting-dependent information.

For any representation 𝑉 , define its Bayes log-loss risk by

Rlog (𝑉 ) = inf

𝑞
E[− log𝑞(𝑌 | 𝑉 )] = 𝐻 (𝑌 | 𝑉 ). (6)

Theorem 3.1 (Supervision-privilege identity). For any jointly
distributed (𝑌,𝑋,Θ, 𝑅) with finite relevant entropies,
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Rlog (𝑋 ) − Rlog (𝑅) = 𝐼 (𝑌 ;Θ | 𝑋 )︸       ︷︷       ︸
signal from the prior

− 𝐼 (𝑌 ;𝑋,Θ | 𝑅)︸          ︷︷          ︸
signal lost in recovery

+ 𝐼 (𝑌 ;𝑅 | 𝑋,Θ)︸          ︷︷          ︸
fitting-dependent information

.

(7)

Equation (7) follows from the chain rule for mutual information

[22].

Training-dependent representations. If 𝑅 = 𝑓Φ (𝑋,Θ), data process-
ing bounds the fitting-dependent term by 𝐼 (𝑌 ;Φ | 𝑋,Θ). When

fitted parameters use no held-out target outcome, 𝑌 ⊥ Φ | (𝑋,Θ)
and this term vanishes. Equivalently, conditional on the realized Φ,
the identity holds with each information term conditioned on Φ.

Proposition 3.2 (Gain ceiling and ideal-recovery guaran-

tee). Under the conditional no-leakage assumption:

(i) Rlog (𝑋 ) − Rlog (𝑅) ≤ 𝐼 (𝑌 ;Θ | 𝑋 ). (ii) If 𝑅 is forecast-
sufficient, so that 𝑝 (𝑌 | 𝑅) = 𝑝 (𝑌 | 𝑋,Θ), then Rlog (𝑋 ) −
Rlog (𝑅) = 𝐼 (𝑌 ;Θ | 𝑋 ) ≥ 0, with strict improvement whenever
𝐼 (𝑌 ;Θ | 𝑋 ) > 0.

Proof. Under no leakage, Eq. (7) becomes Rlog (𝑋 ) − Rlog (𝑅) =
𝐼 (𝑌 ;Θ | 𝑋 ) − 𝐼 (𝑌 ;𝑋,Θ | 𝑅). Non-negativity of conditional mutual

information gives the upper bound. Forecast sufficiency sets the

second term to zero, yielding equality. □

Population and finite-sample gain. For a fixed deployed prior,

𝐼 (𝑌 ;Θ | 𝑋 ) = 0; its practical benefit is therefore finite-sample

rather than a population Bayes-risk advantage. The transfer field

measures this finite-sample gain relative to matched forecast-only

pretraining.

Entropy–MSE bridge. For a representation 𝑉 ∈ {𝑋, 𝑅}, let 𝐵𝑉 de-

note its Bayes MSE. Decomposing the conditional entropy relative

to a Gaussian with the same conditional mean and variance gives

the identity

log𝐵𝑋 − log𝐵
𝑅
= 2

[
Rlog (𝑋 ) − Rlog (𝑅)

]
︸                       ︷︷                       ︸
information-theoretic gain

+ (𝐺𝑋 −𝐺
𝑅
)︸       ︷︷       ︸

variance correction

+ 2(𝐽𝑋 − 𝐽
𝑅
)︸      ︷︷      ︸

non-Gaussianity correction

.

(8)

The correction terms vanish under conditionally Gaussian, ho-

moscedastic residuals; otherwise they quantify the difference be-

tween log-MSE and log-loss gain.
1

1𝐺𝑉 = log𝐵𝑉 − E[log Var(𝑌 | 𝑉 ) ], and 𝐽𝑉 is the expected KL divergence between

𝑌 | 𝑉 and the Gaussian with the same conditional mean and variance.

Table 1: Simulator coordinates and mismatch costs.

Axis Source-world channel Example mismatch cost

𝜃1 Volatility persistence / mean rever-

sion

Memory too short or long for the target.

𝜃2 Volatility scale and roughness Latent state too smooth or noisy for the target.

𝜃3 Jump or event intensity Over-parses moves as jumps, or misses them.

𝜃4 Tail asymmetry and jump scale Wrong sign or scale of extreme moves.

𝜃5 Regime-switching tendency Switches too often or rarely for the target.

𝜃6 Long-memory dependence Stale history or underused persistence.

4 The Transfer Field
The transfer field measures which synthetic view of volatility,

jumps, and regimes improves later forecasts at a given label budget.

Its gain is the value of recovered structure minus source-target

mismatch, estimated on earlier history for later prior selection.

4.1 Source-World Coordinates
A coordinate 𝜃 = (𝜃1, . . . , 𝜃6) ∈ Θsim selects one synthetic gener-

ator 𝑆𝜃 , which produces (𝑋 𝑠 , 𝑍𝑠 , 𝑌 𝑠 ) and induces the pretrained

prior Θ(𝜃 ), while architecture, training, and target-label budget

remain fixed. Table 1 defines the coordinates. They index source

worlds rather than estimate target structural parameters; all other

simulator settings remain fixed.

4.2 Definition and Positive-Transfer Envelope
The transfer field assigns each source world its expected held-out

forecasting gain. For target market 𝑅, label budget 𝑏, source coordi-

nate 𝜃 , and repetition 𝑠 , define

𝐹𝑅
𝑏
(𝜃 ) = E𝑠

[
log𝐿forecast (𝜃 ;𝑅,𝑏, 𝑠)︸                    ︷︷                    ︸
matched forecast-only prior

− log𝐿latent (𝜃 ;𝑅,𝑏, 𝑠)︸                  ︷︷                  ︸
decompression prior

]
.

(9)

Positive values favor decompression; negative values favor the

matched control. Because the field uses held-out forecast MSE, it

requires no real-state labels. Fields estimated on earlier episodes

rank the priors later tested on confirmation and holdout data.

The useful source priors form the positive-transfer envelope

𝐸
𝑅,+
𝑏

= {𝜃 ∈ Θsim : 𝐹𝑅
𝑏
(𝜃 ) > 0}, (10)

with zero boundary

𝜕𝐸
𝑅,+
𝑏

= {𝜃 : 𝐹𝑅
𝑏
(𝜃 ) = 0}. (11)

4.3 Recovery Law
The Gaussian-sequence model provides an exact benchmark for

converting source information into an equivalent number of target

labels. We approximate the direct learner’s held-out MSE curve by

R𝑅 (𝑏) = R∞
𝑅 + 𝐾𝑅 (𝑏 + 𝑏0,𝑅)−𝛼𝑅︸              ︷︷              ︸

finite-sample excess MSE

, (12)

with R∞
𝑅

> 0, 𝐾𝑅 > 0, 𝛼𝑅 > 0, and 𝑏0,𝑅 ≥ 0.

The Gaussian-sequence benchmark is exact. In an orthonormal

basis with

∑
𝑗 𝜆 𝑗 < ∞, model each source/target coefficient pair as

jointly Gaussian with marginal variance 𝜆 𝑗 and correlation 𝜌 𝑗 . Let
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source and target precisions be 𝑁𝑠/𝜎2𝑠 and 𝑏/𝜎2𝑡 . Gaussian condi-

tioning gives

𝜖seq (𝑏) =
∑︁
𝑗≥1

˜𝜆 𝑗 𝜎
2

𝑡

𝜎2𝑡 + 𝑏 ˜𝜆 𝑗
, ˜𝜆 𝑗 = 𝜆 𝑗 −

𝜌2𝑗𝜆
2

𝑗

𝜆 𝑗 + 𝜎2𝑠 /𝑁𝑠

. (13)

When source information contributes the same precision shift

across every latent mode, this reduces to a common effective-label

offset.

Let Λ𝑅 (𝜃 ) denote recovered value in units of real labels and

Δ𝑅 (𝜃 ) the log-MSE penalty from mismatch and imperfect recovery.

Their trade-off on the scale of Eq. (9) is

𝐹𝑅
𝑏
(𝜃 ) ≈ logR𝑅 (𝑏) − logR𝑅 (𝑏 + Λ𝑅 (𝜃 ))︸                                   ︷︷                                   ︸

log-MSE value of recovered structure

− Δ𝑅 (𝜃 )︸︷︷︸
mismatch cost

.
(14)

Under proportional source and target information across latent

modes, Λ𝑅 (𝜃 ) is a common label offset; otherwise, it is a budget-

dependent effective-label summary.

As real outcomes accumulate, the useful set of source worlds

shrinks under the following conditions.

Proposition 4.1 (Envelope nesting).

If Λ𝑅 (𝜃 ) > 0 and Δ𝑅 (𝜃 ) do not vary with 𝑏, then Eq. (14)
decreases strictly with 𝑏. Hence, for 𝑏′ > 𝑏, 𝐸𝑅,+

𝑏′ ⊆ 𝐸
𝑅,+
𝑏

.

Proof. Write 𝑥 = 𝑏 + 𝑏0 and R(𝑥) = R∞ + 𝐾𝑥−𝛼 . The positive
function

𝑞(𝑥) = −R′ (𝑥)
R(𝑥) =

𝛼𝐾

𝑥 (R∞𝑥𝛼 + 𝐾) (15)

decreases strictly in 𝑥 . Therefore, for Λ > 0,

𝜕𝑏 [logR(𝑥) − logR(𝑥 + Λ)] = −𝑞(𝑥) + 𝑞(𝑥 + Λ) < 0. (16)

□

4.4 Deployment Quantities
The field supports two reported deployment quantities: confidence

that a prior transfers positively and the share of source space that

remains useful. For a noise-aware Gaussian-process posterior with

mean 𝜇 (𝜃 ) and standard deviation 𝜎 (𝜃 ), the positive-transfer proba-
bility is 𝜋𝑅

𝑏
(𝜃 ) = Pr(𝐹𝑅

𝑏
(𝜃 ) > 0 | D) = Φ(𝜇 (𝜃 )/𝜎 (𝜃 )). Deployment

requires this probability to exceed the chosen cost-sensitive thresh-

old; under symmetric costs, the threshold is one half.

The positive-transfer volume is

𝑉 𝑅
𝑏

=
1

|Θsim |

∫
Θ
sim

1{𝐹𝑅
𝑏
(𝜃 ) > 0}𝑑𝜃 . (17)

As more outcomes arrive, decompression should be switched

off once the estimated field is no longer positive. The ETHUSDT

five-label advantage is no longer distinguishable from zero at 𝑏 = 10

(Section 7.2).
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λj and correlation ρj . Let source and target precisions be
Ns/σ

2
s and b/σ2

t . Gaussian conditioning gives

ϵseq(b) =
∑
j≥1

λ̃j σ
2
t

σ2
t + b λ̃j

, λ̃j = λj −
ρ2jλ

2
j

λj + σ2
s/Ns

. (13)

When source information contributes the same precision
shift across every latent mode, this reduces to a common
effective-label offset.

Let ΛR(θ) denote recovered value in units of real labels
and ∆R(θ) the log-MSE penalty from mismatch and imper-
fect recovery. Their trade-off on the scale of Eq. (9) is

FR
b (θ) ≈ logRR(b)− logRR(b+ ΛR(θ))︸ ︷︷ ︸

log-MSE value of recovered structure

− ∆R(θ)︸ ︷︷ ︸
mismatch cost

.
(14)

Under proportional source and target information across la-
tent modes, ΛR(θ) is a common label offset; otherwise, it is
a budget-dependent effective-label summary.

As real outcomes accumulate, the useful set of source
worlds shrinks under the following conditions.

Proposition 4.1 (Envelope nesting).
If ΛR(θ) > 0 and ∆R(θ) do not vary with b, then
Eq. (14) decreases strictly with b. Hence, for b′ > b,
ER,+

b′ ⊆ ER,+
b .

Proof. Write x = b + b0 and R(x) = R∞ +Kx−α. The
positive function

q(x) = −R′(x)

R(x)
=

αK

x (R∞xα +K)
(15)

decreases strictly in x. Therefore, for Λ > 0,

∂b[logR(x)− logR(x+ Λ)] = −q(x) + q(x+ Λ) < 0. (16)

□

4.4 Deployment Quantities
The field supports two reported deployment quantities:
confidence that a prior transfers positively and the share
of source space that remains useful. For a noise-aware
Gaussian-process posterior with mean µ(θ) and stan-
dard deviation σ(θ), the positive-transfer probability is
πR
b (θ) = Pr(FR

b (θ) > 0 | D) = Φ(µ(θ)/σ(θ)). Deployment
requires this probability to exceed the chosen cost-sensitive
threshold; under symmetric costs, the threshold is one half.

The positive-transfer volume is

V R
b =

1

|Θsim|

∫
Θsim

1{FR
b (θ) > 0} dθ. (17)

As more outcomes arrive, decompression should be
switched off once the estimated field is no longer pos-
itive. The ETHUSDT five-label advantage is no longer
distinguishable from zero at b = 10 (Section 7.2).

INSTRUMENTED SIMULATION

Sm,θ → (Xs, Zs, Y s)

SOURCE PRETRAINING

EΨ: forecasting backbone
(small Transformer)

Instrumented-state heads: recover Zs

Ldec = Lcommon + λLpriv

(Lpriv: instrumented-state supervision)

control:
no instrumented-

state heads

REAL-MARKET ADAPTATION

XR R̂ Ŷ

Θ(m, θ)
(frozen prior) gb

R̂ Ŷ

control (faint dashed): no
instrumented-state heads

(m, θ) 7−→ FR
b (m, θ) 7−→ (m⋆, θ⋆)

Figure 1: Market decompression pipeline. The sim-
ulator exposes tapes, targets, and hidden states; de-
compression alone receives state supervision during
matched source pretraining. Both frozen encoders
then fit forecast heads on the same b real outcomes.
Repetition over (m, θ) estimates the transfer field
used for source selection.

4.5 A Simulator- and Backbone-Agnostic
View

More generally, a source is ξ = (m, θ), where m selects the
simulator family and θ a world within it, giving FR

b (m, θ).
Any forecasting backbone EΨ can receive state supervision
when the simulator exposes Zs with its tape and target. Fig-
ure 1 shows this pipeline; our experiments use one Bates–
Heston-derived family and a small Transformer.

5 Experimental Design
The empirical question is prospective: can a prior chosen
from earlier history improve forecasts after the market moves
forward? We separate field discovery, fresh confirmation, and
untouched chronological holdout.

5.1 Controlled Bates–Heston-Derived
Verification

Here the hidden state is known, so the experiment can test
directly whether state supervision improves sparse-label fore-
casting. We test decompression in a Bates–Heston-derived
instrumented family of jump-diffusion worlds [18, 19], sim-
ulated with Andersen’s QE scheme [20], extended with
the regime-switching and long-memory controls detailed in
Section 4. The suite contains 128 source-training worlds,
32 source-validation worlds, and 64 covered target worlds.
Each tape contains 192 steps. Forecast targets are log
realized variance and log quadratic variation at horizons
h ∈ {5, 20, 60}, evaluated over five model seeds and label
budgets b ∈ {5, 10, 30, 100, 500}.

4

Figure 1: Market decompression pipeline. The simulator ex-
poses tapes, targets, and hidden states; decompression alone
receives state supervision during matched source pretrain-
ing. Both frozen encoders then fit forecast heads on the same
𝑏 real outcomes. Repetition over (𝑚,𝜃 ) estimates the transfer
field used for source selection.

4.5 A Simulator- and Backbone-Agnostic View
More generally, a source is 𝜉 = (𝑚,𝜃 ), where𝑚 selects the simulator

family and 𝜃 a world within it, giving 𝐹𝑅
𝑏
(𝑚,𝜃 ). Any forecasting

backbone 𝐸Ψ can receive state supervision when the simulator

exposes 𝑍𝑠
with its tape and target. Figure 1 shows this pipeline;

our experiments use one Bates–Heston-derived family and a small

Transformer.

5 Experimental Design
The empirical question is prospective: can a prior chosen from

earlier history improve forecasts after the market moves forward?

We separate field discovery, fresh confirmation, and untouched

chronological holdout.

5.1 Controlled Bates–Heston-Derived
Verification

Here the hidden state is known, so the experiment can test di-

rectly whether state supervision improves sparse-label forecasting.

We test decompression in a Bates–Heston-derived instrumented

family of jump-diffusion worlds [18, 19], simulated with Ander-

sen’s QE scheme [20], extended with the regime-switching and

long-memory controls detailed in Section 4. The suite contains 128

source-training worlds, 32 source-validation worlds, and 64 cov-

ered target worlds. Each tape contains 192 steps. Forecast targets

are log realized variance and log quadratic variation at horizons

ℎ ∈ {5, 20, 60}, evaluated over five model seeds and label budgets

𝑏 ∈ {5, 10, 30, 100, 500}.
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In this suite, Lcommon contains masked-tape reconstruction and

forecasting, while Lpriv adds supervision for volatility, jump occur-

rence and size, and eight simulator parameters. The decompression

and control arms use identical initial weights, data, optimization,

and target samples; the only treatment is hidden-state supervision.

Both models adapt end-to-end on each synthetic target.

Covered targets come from the same Bates–Heston-derived fam-

ily as the source worlds, approximating the low-mismatch case

Δ𝑅 (𝜃 ) ≈ 0.

5.2 Five-Market Real-Data Setup
In real markets the hidden state is unavailable, so later forecast

error is the only measure of whether the prior was useful. We apply

the full discovery, confirmation, and chronological-holdout pro-

tocol to five markets: ETHUSDT hourly Binance spot klines [34];

EURUSD, XAUUSD, and USDJPY hourly bars from the ejtrader-

Labs repository at commit fbd29b3cd85c0eea4f6e8b81c053f98f
b3de22fd [35]; and Yahoo Finance’s continuous front-month E-

mini S&P 500 representation ES=F [36]. The repository files span

2012-11-16–2022-03-04 for EURUSD, 2012-05-17–2022-03-04 for

XAUUSD, and 2012-11-16–2022-03-04 for USDJPY; their upstream

quote source and timestamp timezone are not documented. The

ES=F hourly bars were retrieved on 2026-07-24 and cover 2024-07-

25 02:00 UTC–2026-07-24 20:59 UTC; this is a vendor-constructed

continuous series, not a uniquely specified raw CME contract his-

tory. The exact archived Binance query range, processed snapshots,

and software-environment lockfile are not contained in this submis-

sion package, a reproducibility limitation. Each input contains 192

hourly bars represented by log return, absolute return, and trailing

realized volatility. The forecast target is future realized variance,

𝑌
(ℎ)
𝑡 =

ℎ∑︁
𝑗=1

𝑟 2𝑡+𝑗 , ℎ ∈ {5, 20, 60}. (18)

Log-skill is pooled across horizons. Each market is split chrono-

logically into training, validation, and untouched holdout episodes.

The 64-window gap prevents target overlap across splits. Shared

input bars still create dependence between nearby examples.

The label budget 𝑏 counts completed training windows, with

each window supplying targets at all three horizons. Five to ten non-

overlapping 60-hour outcomes require 12.5–25 days; overlapping

outcomes arrive sooner but are serially dependent [15]. We estimate

Eq. (9) by averaging paired log-MSE differences across repetitions.

For real markets,Lcommon is the forecasting objective, whileLpriv

adds pathwise log-variance MSE and jump/regime cross-entropy.

The encoder is frozen during target adaptation, and only the forecast

head is fitted.

Both arms use the same 373,734-parameter Transformer [37]:

three encoder layers, width 96, four heads, and a width-384 feed-

forward block. A two-layer head maps the final token to the three

horizons. Inputs are winsorized and normalized using training-split

statistics. Real-market source pretraining uses 2,048 synthetic tapes

for 12 epochs using AdamW [38] (learning rate 2 × 10
−4
, batch size

64, 𝜆 = 1); head-only adaptation runs for 180 epochs at 8 × 10
−4
.

These settings are identical in the frozen configurations for all five

markets. The controlled suite uses eight source epochs at 3 × 10
−4

and 12 end-to-end target epochs at 10
−4
.

5.3 Statistical and Econometric Protocol
Searching many priors creates selection risk, while overlapping

forecast windows create serial dependence. The protocol addresses

both. The real-market study separates discovery, confirmation, and

chronological holdout. Candidate priors are selected only from repli-

cated discovery runs modeled by a noise-aware Gaussian-process

surrogate. Confirmation uses fresh repetitions that do not enter the

surrogate or the selection rule, and the final holdout uses a later

market episode untouched by both discovery and confirmation.

Candidates are frozen before either confirmatory stage.

All comparisons are paired: the arms share source tapes, targets,

initialization, optimizer, target-label draw, evaluation windows, and

adaptation protocol. Only hidden-state supervision differs. Repli-

cates estimate observation noise for the field.

Because neighboring examples share input bars, chronological

separation is not treated as independence. Reported 𝑛 counts in-

dependent training and fine-tuning replicates scored on one fixed

evaluation window, not forecast origins. The three horizon losses

are pooled within each replicate. Across episodes, log-skill is com-

bined by fixed-effect inverse-variance weighting and heterogeneity

tested with Cochran’s 𝑄 . Prespecified directional tests are one-

sided; confidence intervals are two-sided 95%. Markets are analyzed

separately.

Computational and writing assistance. ChatGPT drafted the ex-

perimental implementation and the code used to produce figures; it

was also used for LaTeX editing. Method development, transfer-field

specification, experimental design, code execution and correction,

result verification, and interpretation were carried out by the au-

thors.

5.4 Field Estimation and Uncertainty
Each coordinate gives a noisy estimate of how much its source

prior helps; repeated runs estimate that noise before the field is

fitted. The transfer field is estimated from replicated paired evalu-

ations rather than a single training run. Each market begins with

the same 160-coordinate space-filling seed sweep. For ETHUSDT,

the field-geometry analysis (Figure 3) additionally uses 40 adaptive

coordinates chosen to reduce posterior uncertainty and sharpen the

zero boundary; EURUSD and USDJPY received a further adaptive

round of their own before candidate search, while XAUUSD and

ES candidates were selected from the seed sweep and a market-

specific top-12 search alone. At coordinate 𝜃𝑖 , the observationmodel

is 𝑦𝑖 = 𝐹
𝑅
𝑏
(𝜃𝑖 ) + 𝜀𝑖 with 𝜀𝑖 ∼ N(0, 𝜎2𝑖 ), where 𝜎2𝑖 is estimated from

repeated paired runs. A noise-aware Matérn-5/2 Gaussian process

with separate length scales models each market; observation vari-

ance is replicate variance divided by replicate count. Figure 3 is

a partial-dependence projection: at each (𝜃1, 𝜃3) pair, it averages
the six-dimensional GP posterior mean over the same 4,096-point

Sobol design [39] used for envelope integration in coordinates

(𝜃2, 𝜃4, 𝜃5, 𝜃6).
A deliberately poor source coordinate serves as a negative anchor.

Together with the signed field, it tests whether gains depend on

source-target alignment rather than a uniform regularization or

optimization effect.
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Table 2: Real-market confirmation summary. Val. and Hold. give the sign of log-skill at validation confirmation and untouched
holdout. MSE gain and 𝑝 are the final combined estimate (ETHUSDT, EURUSD, XAUUSD) or the holdout-stage estimate (USDJPY,
ES), which is what determines each market’s outcome.

Market Asset class Val. Hold. MSE gain 𝑝 Confirmed

ETHUSDT Cryptocurrency + + 7.0% pooled; 10.4% at ℎ = 60 <0.0001 Yes

EURUSD Foreign exchange + + 6.3% 0.002 Yes

XAUUSD Precious metals + + 4.7% 0.005 Yes

USDJPY Foreign exchange + − −3.3% 0.367 No

ES Equity-index futures + − −0.7% 0.777 No

Figure 2: Controlled Bates–Heston-derived MSE gain over
the matched forecaster, by label budget and horizon.

6 Synthetic Verification
The synthetic test isolates the mechanism before market mismatch.

On held-out source worlds, decompression reaches state 𝑅2 = 0.737

and jump AUC = 0.928.

Across 64 unseen covered targets, decompression improves all

six five-label target–horizon cells by 3.77–10.37% relative to an iden-

tically pretrained forecast-only control. World-level win rates range

from 76.6% to 85.9%, and every population-level Holm-adjusted 𝑝-

value is 0.006. Figure 2 shows the gain by label budget and horizon:

it is largest under sparse labels, attenuates overall as labels accu-

mulate, and crosses zero near 𝑏 ≈ 500 — the attenuation is not

strictly monotonic at every horizon, as the ℎ = 60 gain ticks up

slightly from 𝑏 = 10 to 𝑏 = 30. Numerical audits give a maximum

Gaussian-identity error of 1.11 × 10
−16

, Bates-equation RMSE of

7.75 × 10
−5
, and horizon-identity error of 1.73 × 10

−18
.

7 Real-Market Transfer Fields
7.1 Transfer-Field Geometry
Figure 3 shows distinct positive and negative regions after replicate

noise is modeled. Candidates selected from earlier data remain

positive on untouched holdout in three of five markets (Table 2).

ETHUSDT’s positive-envelope volume falls from 62.0% at 𝑏 = 5 to

54.1% at 𝑏 = 10, consistent with Proposition 4.1.

7.2 Five-Market Confirmation and Holdout
Frozen candidates confirm for ETHUSDT, EURUSD, and XAUUSD,

reducing MSE by 7.0%, 6.3%, and 4.7%; ETHUSDT rises from 4.9% at

ℎ = 5 to 10.4% at ℎ = 60. USDJPY and ES are positive in validation

but reverse on untouched holdout.

ETHUSDT’s row combines two independently discovered can-

didates. Candidate B confirms individually on holdout (log-skill

+0.111, 𝑝 = 0.047); candidate A has the same sign and similar mag-

nitude (+0.098, 𝑝 = 0.095). Their combined estimate gives a 7.0%

pooled MSE reduction, and fades by roughly ten labels, consistent

with Proposition 4.1: at 𝑏 = 10, the two candidates give −0.005
(𝑝 = 0.53) and +0.019 (𝑝 = 0.19), while the negative anchor at 𝑏 = 5

gives −0.099 (𝑡 = −2.98). EURUSD and XAUUSD each carry one in-

dependently discovered candidate, significant on the holdout stage

alone before any pooling (𝑝 = 0.016 and 𝑝 = 0.028 respectively),

found via the same broad 160-coordinate seed sweep and a market-

specific top-12 search, applied independently with no cross-market

filtering.

The reversals occur when recovered value no longer covers

mismatch and recovery cost in Eq. (14). Carry-trade transmis-

sion for USDJPY [29] and rough equity volatility for ES [25]

are plausible omitted mechanisms, not identified causes. The

matched forecast-pretrained control isolates latent-state supervi-

sion; realized-volatility forecasts are difficult to improve [17] but

have direct risk-management value [15].

Classical benchmark. We implement Corsi’s HAR-RV model

[21]. Under the same five-label constraint and on identical held-

out windows, its MSE is 1.78× that of market decompression (𝑝 =

0.001) and 1.66× that of the matched forecast-only pretrained model

(𝑝 = 0.003). HAR-RV performs normally with full-history training,

isolating its limitation to the cold-start regime.

8 Conclusion
Market decompression uses synthetic hidden-state supervision for

forecasting with few real outcomes. The transfer field links recov-

ered value, source mismatch, and label budget to prior selection.

Frozen priors confirm for ETHUSDT, EURUSD, and XAUUSD, with

gains up to 7.0% pooled and 10.4% at the 60-hour ETHUSDT hori-

zon. USDJPY and ES reversals delimit the tested source family. No

additional real labels or deployment-time states are required.
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Figure 3: Five-label transfer fields. Color shows partial dependence over (𝜃1, 𝜃3), averaged over a fixed Sobol design in the other
four coordinates. Black contours mark the use/reject boundary; circles are sampled sources; gold stars are independently
discovered candidates (two for ETHUSDT and one for each other market).
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