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Abstract

Accurate forecasting of future realized volatility from implied volatil-
ity (IV) surfaces is essential for risk management and derivatives
pricing. However, existing deep learning approaches, particularly
Vision Transformers (ViTs), often treat IV surfaces as generic im-
ages, neglecting the geometry induced by moneyness and time-
to-maturity coordinates. To address this limitation, we propose
the Finance-Structured Temporal Transformer (FST-Transformer).
The model centers on a Structured Surface Encoder that incorpo-
rates Coordinate-Aware Surface Embeddings and Concept-Guided
Surface Attention (CGSA), and combines this surface representa-
tion with a parallel LSTM encoder for historical realized volatility
through a Cross-Temporal Fusion Gate. On OptionMetrics IvyDB
data, FST-Transformer achieves an R? of 0.480 in the ten-year setting.
This represents a system-level gain over the strongest IV-only ViT
baseline (0.410), and, more importantly, an incremental gain over
generic two-stream IV+RV controls using the same information set
(0.455-0.459). We further report rolling-year and 2020 stress-year re-
sults, point-in-time universe and delisting-aware robustness checks,
uncertainty-calibration diagnostics, and warning-score diagnostics.
These results support the value of modeling IV surface geometry
explicitly within a temporally informed forecasting system.
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1 Introduction

Accurate forecasting of realized volatility is a fundamental chal-
lenge in quantitative finance, with direct implications for risk man-
agement, derivatives pricing, and portfolio optimization. Implied
volatility (IV) surfaces, derived from option prices, encode market
expectations about future price movements and have long been
recognized as a rich source of predictive information. However,
extracting actionable forecasts from these high-dimensional, struc-
tured surfaces remains a challenging task.

Recent advances in deep learning, particularly Vision Trans-
formers (ViTs), have shown promise in processing IV surfaces as
image-like inputs [11, 41, 45]. Yet, existing approaches treat these
surfaces as generic visual data, neglecting their inherent financial
structure—the meaningful coordinates of moneyness and time-to-
maturity—and the critical temporal dynamics that govern volatility
evolution [6, 30]. This structural oversight limits both predictive
accuracy and model interpretability, hindering their practical de-
ployment.

To address these limitations, we propose FST-Transformer, an ar-
chitecture that jointly models cross-sectional IV patterns and their
temporal evolution. The contribution is primarily an IV-surface-
specific integration of established modeling ideas rather than a
claim that each individual building block is methodologically new.
Our contributions are threefold. First, we introduce a Structured
Surface Encoder for IV surface geometry, using Coordinate-Aware
Surface Embeddings and Concept-Guided Surface Attention (CGSA)
to encode the financial meaning of moneyness and time-to-maturity
coordinates. Second, under the same IV+RV information set, we
show that the structured encoder provides incremental predictive
value beyond generic two-stream controls that combine standard
IV encoders with realized-volatility encoders. Third, we provide
a broad diagnostic package, including rolling-year evaluation, the
2020 stress-year test, point-in-time universe and delisting-aware
robustness checks, uncertainty calibration, and warning-score di-
agnostics.

Standard ViT-based models treat the IV surface as a generic im-
age, ignoring both the financial semantics of moneyness and time-
to-maturity coordinates and the temporal evolution of volatility. In
contrast, FST-Transformer explicitly incorporates domain-aware
patch embeddings, Concept-Guided Surface Attention, and a paral-
lel temporal encoder fused via a gated mechanism, enabling high
accuracy and interpretable financial insights.
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Extensive experiments on the OptionMetrics IvyDB dataset show
that FST-Transformer attains an R? of 0.480 using ten years of data.
The comparison with the strongest IV-only ViT baseline (R? =
0.410) summarizes the overall benefit of the full forecasting system.
The more targeted novelty evidence comes from generic two-stream
controls that use the same IV+RV information set: FST-Transformer
improves on the strongest such controls by 0.021-0.025 R? points.
Notably, our model also exhibits data efficiency and robustness
during periods of market stress.

2 Related Work

The application of neural networks to uncover nonlinear patterns
in financial data constitutes a central theme in empirical asset
pricing. This includes research into overparameterized factor mod-
els, Transformer-based time series forecasting [21, 50, 52], mul-
timodal embedding and representation learning [64], multi-task
learning [35, 39], and structured machine learning frameworks for
finance [4, 14, 28]. More broadly, recent survey-style work has sum-
marized deep learning, generative modeling, reinforcement learn-
ing, and big-data analytics as reusable tools for domain-specific
prediction systems [55, 57, 59]. Notably, deep learning has been
successfully used to generate arbitrage-free implied volatility (IV)
surfaces from raw option prices [1, 22].

In contrast, the task of making predictive forecasts directly from
IV surfaces using deep learning has received less attention. Prior
work in this direction primarily follows two approaches: one relying
on hand-crafted features, and another employing Convolutional
Neural Networks (CNNs) to process IV surfaces as images. The
latter treats the IV surface as an image-like object to predict subse-
quent realized volatility or related risk outcomes [13, 41]. Building
on this image-based paradigm, recent work has explored Vision
Transformers (ViTs) [11, 41, 43, 45], motivated by their computa-
tional efficiency and training stability compared to CNNs, which
may enhance robustness in noisy financial datasets.

The broader finance literature also cautions that predictive per-

formance alone is insufficient: empirical asset-pricing models, derivatives-

pricing networks, and finance-oriented ViT studies emphasize out-
of-sample evaluation, economically meaningful structure, and ro-
bustness under regime shifts [14, 25, 36]. Methodologically, token-
mixing variants and representation-comparison studies show that
visual backbones can behave quite differently even when their input
format is identical [32, 42]. This motivates our controlled compar-
ison against generic two-stream models rather than only against
IV-only image encoders.

However, a key limitation of these image-based approaches is
their treatment of the IV surface as a generic visual input, often over-
looking its inherent financial structure and the critical temporal dy-
namics of volatility. Hybrid CNN/LSTM and Transformer/LSTM fu-
sion models in broader time-series vision tasks provide a useful tem-
plate for combining cross-sectional representations with sequential
information, while case-based and basis-expansion models motivate
separating surface structure from temporal dynamics [5, 16, 27].
Cross-modal retrieval work also suggests that non-image signals
can sometimes be reformulated through image-like mixers, but such
reformulations still need task-specific structure to preserve the se-
mantics of the original data [54]. Our proposed Finance-Structured
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Temporal Transformer (FST-Transformer) addresses these gaps in
the IV-surface setting. It introduces a surface-structured encoder
and a parallel temporal modeling stream [3, 5, 46], thereby jointly
modeling cross-sectional financial patterns and their evolution over
time within a unified, interpretable architecture.

Our design also follows a wider pattern in domain-informed
representation learning. Recent work has explored domain-specific
encoders for protein sequences [51, 53], serendipity-aware rec-
ommendation [58], heterogeneous graph-based knowledge trac-
ing [60], software-testing assistance from visual and graph repre-
sentations [62], and query-specific multi-agent workflow orches-
tration [61]. Although these applications differ from volatility fore-
casting, they share the same modeling lesson: useful inductive bias
often comes from aligning tokenization, attention, or graph struc-
ture with the semantics of the target domain rather than relying
on generic backbones alone.

3 Method
3.1 Problem Formulation & Data
Representation

Our objective is to forecast the future 28-trading-day realized volatil-
ity y;428 of an underlying asset at time ¢ by leveraging both its
historical implied volatility (IV) surface and realized volatility se-
quence. We use a 28-trading-day horizon because it approximates
a one-month risk horizon while aligning with the four-week ma-
turity convention commonly used in option-surface construction.
Let I; € RF*XW denote the IV surface at day ¢, with axes represent-
ing moneyness (or delta) and time-to-maturity (TTM). Simultane-
ously, we consider a historical window of past realized volatilities
Ve = [0—s Vs—ka1s - - -, 02-1] T € RF, where o, is the trailing realized
volatility observed at day .

The dataset is prepared using OptionMetrics IvyDB implied
volatility surfaces and the corresponding 28-trading-day realized
volatility. Given daily log returns r, the target is computed from
future returns only:

where the annualization factor 252 follows the standard trading-
day convention. Temporal features such as month, day, and day-of-
week are appended as auxiliary scalars. The key innovation of our
approach lies in modeling the joint dependency y;425 = f(I;, v4; ©).

3.2 Finance-Structured Temporal Transformer
(FST-Transformer)

We propose the Finance-Structured Temporal Transformer (FST-
Transformer), a novel dual-stream architecture specifically designed
to overcome the limitations of treating IV surfaces as isolated im-
ages. An overview of the complete architecture is illustrated in
Figure 2. FST-Transformer explicitly models cross-sectional pat-
terns from the IV surface, temporal dynamics from the volatility
sequence, and their intricate interactions to enhance forecasting
accuracy and interpretability.
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Figure 1: Motivation overview. Panel (a) illustrates the forecasting problem from the current IV surface and recent realized-
volatility history to the future 28-trading-day realized-volatility target. Panel (b) contrasts a generic IV-as-image pipeline with

the proposed finance-structured temporal modeling path.

3.2.1 Stream 1: Structured 1V Surface Encoder (Structured Surface
Encoder). We employ a Structured Surface Encoder that injects
domain knowledge into the tokenization and attention processes,
replacing a standard Vision Transformer (ViT).

Coordinate-Aware Surface Embedding. The IV surface I, is divided
into N non-overlapping local regions {Pi}?i , on the moneyness-
maturity grid. Each region is flattened into a vector x! and linearly
projected to a d-dimensional token:

i Ryl oy el i

2y, = EX; + €pos + €004 (2)

A key design is the coordinate-aware surface encoding e [10,
coord

19], which is a learnable function of the region’s central coordinates
(81, 71), where §; denotes signed moneyness/delta location and 7;
denotes time-to-maturity:

eiourd = MLPo0ra ([¢(3), ¥(7:)])s

where ¢ and ¢ are sinusoidal encoding functions. This encoding
ensures each token carries inherent financial semantics.

Concept-Guided Surface Attention (CGSA).. The core innovation
in the Structured Surface Encoder is replacing standard multi-head
self-attention (MSA) with CGSA [7, 18]. Let Z; € RN*? be the
input to the I-th transformer block, where N is the number of IV-
surface patches and d is the token dimension. We define a set of
M finance concept queries Qconcepr € RM*d 45 learnable parame-
ters. Each concept is associated with a soft region on the IV grid,
such as short-maturity put-side tails, at-the-money short maturities,
and medium-maturity term-structure regions. These region masks
inijtialize the concept-query embeddings and define the optional
alignment targets, but the query vectors themselves remain fully
learnable during training. CGSA first computes a concept-to-patch
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attention map P; € RM*N and a concept-aware context C; € RM*:

-
QconceptKl

Vd

where K;, V; € RN*? are the key and value matrices derived from
Z,, and Softmaxx normalizes over patch tokens for each concept.
For each patch token i, CGSA then computes token-to-concept
weights &’ € RM and blends the resulting concept summary with

1
the local token through a residual gate:

P; = Softmaxy ( ) ., Cr =PV, 3)

(C/We) (Z;WZ)T

i ) G=(ap’C (@

a; = Softmaxys (

A; = Z; +y- MLPgate([Z;; é;]) (5)

Here, y is a learnable scalar initialized near zero, and W,, W, €
R9*4 are projection matrices for concept summaries and local to-
kens. The concept pathway therefore begins as a mild residual
correction and becomes stronger only when it improves validation
performance. This process encourages the model to route informa-
tion through financially meaningful concepts [2, 33], establishing
an interpretable link between attention patterns and domain knowl-
edge.

The Structured Surface Encoder outputs a contextualized rep-
resentation HI = SSE(I;) € RY, typically corresponding to the
“[CLS]” token.

3.2.2 Stream 2: Temporal Dynamics Encoder. To capture sequential
dependencies in the volatility series [5, 15, 30], we process the
historical volatility vector v; using a Long Short-Term Memory
(LSTM) network:

h;,c; =LSTM(v;, h,—1,¢,—1), forre{t—k,...,t —1}. (6)

The final hidden state h,_; encapsulates the recent volatility trend
and regime, yielding the temporal representation H*! = h,_; €
R

3.2.3 Cross-Modal Fusion: Cross-Temporal Fusion Gate. The repre-
sentations from both streams are fused via a Cross-Temporal Fusion
Gate (CT-Fusion Gate) [9], which dynamically weights the contri-
butions of cross-sectional (IV) and temporal (volatility) signals:

g = o(Wy[H%; H?!] + by), )

H/ " = g, © MLP, (H) + (1 — g;) © MLP,o; (H®!),  (8)

where o denotes the sigmoid function, © represents element-wise
multiplication, and W, and by, are learnable parameters. This gating
mechanism enables adaptive decision-making, for instance, priori-
tizing the current IV surface structure or the prevailing volatility
trend based on context.

3.3 Multi-Task Decoder and Training Objectives

The fused representation H{ used s fed into a multi-task decoder
designed for joint volatility forecasting and anomaly warning [17,
31, 47].
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3.3.1  Primary Task: Robust Volatility Forecasting. The primary fore-
cast head outputs both a point estimate and a positive scale param-
eter:

fies e = MLPforecast (%), 5, = softplus(n,) +¢, (9)

where [i; is the predicted realized volatility and $; is an estimated
conditional error scale. We use §; as a heteroscedastic training
weight and uncertainty indicator rather than claiming a fully speci-
fied Gaussian likelihood. The loss function is a robust heteroscedas-
tic surrogate:

(D) (D)

N
1 Lhuber (1 ’yt+At) (i)
Lforceast = < P | L2 L 1og (37 4 )| (10)
orecas N ; SA;l) +e ¢

This objective can be viewed as replacing the squared residual in a
standard heteroscedastic negative log-likelihood with a Huber resid-
ual proxy. The Huber term reduces the influence of rare, extreme
volatility moves, while the logarithmic term discourages uniformly
inflating §;. The softplus parameterization and numerical floor keep
the scale positive and prevent degenerate zero scales in implemen-
tation. Because the Huber-scaled objective is a robust surrogate
rather than a formally derived proper scoring rule, the calibration
of §; should be assessed empirically before using it as a stand-alone
predictive interval.

3.3.2  Auxiliary Task 1: Anomaly Signal Detection. An Anomaly De-
tection Head operates in parallel, taking as input the fused represen-
tation and a summary of the SSE’s CGSA attention maps Asymmary
(e.g., the variance across concept heads) to identify unusual market
states:

1 : i ¢
s;moma y - SlngId (MLPanomaly([H{use ;Asummary])) . (11)

This head is trained with binary cross-entropy loss Lanomaty [29,
48], where positive labels correspond to periods of extreme sub-
sequent volatility moves, such as the top 5% of |y;+25 — v;| within
the training sample, with v; denoting the trailing realized volatility
observed at day t. For each rolling split, the anomaly threshold
is computed only from the training period and then reused for
validation and test labeling. Because this construction yields an im-
balanced auxiliary task, we use class-balanced binary cross-entropy
so that the rare positive class is not overwhelmed by normal ob-
servations. The future volatility change is used only to construct
supervised labels; at inference time the anomaly score is computed
solely from information available at day t. Thus, this branch is
best viewed as an auxiliary risk-warning output and a regularizer
for the forecasting representation, not as a replacement for the
main realized-volatility forecast. We also note that extreme volatil-
ity labels are temporally dependent and may appear in clusters
during crisis periods, so anomaly AUC should be interpreted as
a warning-signal diagnostic rather than evidence of independent
event prediction.

3.3.3 Auxiliary Task 2: Financial Attention Alignment. To enhance
interpretability [8, 34, 56], we apply a regularization loss on the
CGSA concept attention weights. A soft, sparse target matrix T €
RMXN js pre-defined to map each concept query m to patches in
specific financial regions. For clarity, §; denotes the signed grid
coordinate of patch i on the moneyness/delta axis: negative val-
ues correspond to the put-side or left-tail region, positive values
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Figure 2: Overall architecture of the proposed Finance-Structured Temporal Transformer (FST-Transformer). The model
consists of two parallel encoding streams: (1) a Structured Surface Encoder that processes the implied volatility surface
I; via Coordinate-Aware Surface Embeddings and Concept-Guided Surface Attention (CGSA), producing a cross-sectional
representation H? € R% and (2) a Temporal Dynamics Encoder (LSTM) that processes historical volatility v;, yielding H;’Ul € R%,

The two streams are fused by a CT-Fusion Gate to produce the joint representation H{ uSEd, which is then decoded by a

Multi-Task Decoder for volatility forecasting (/;, §;), anomaly detection (sf"omaly), and attention alignment. The total loss is

Ltatal = Afoorecast + AaLanomaly + /1al£align-

correspond to the call-side or right-tail region, and values near
zero correspond to at-the-money patches. Example concept masks
include short-TTM put-side tails, short-TTM call-side tails, near-
ATM short maturities, and medium-TTM term-structure regions.
The masks are soft rather than binary, using smooth weights over
neighboring patches to avoid forcing brittle hard assignments. The
alignment loss is the Kullback-Leibler divergence:

M
1
-Calign = M ’; DKL(Tm”Pl,m)- (12)
The total training objective is a weighted sum:
Liotal = Afoorecast + AaLanomaly + AaILalign- (13)

3.4 Training Configuration

We employ a robust training scheme with the following key com-
ponents [23, 24]. The model is trained with the AdamW optimizer
featuring decoupled weight decay [24], a cosine annealing learning
rate schedule with warm-up, and gradient clipping for stability. A
batch size of 1024 balances learning efficiency and generalization.
Model selection uses a composite validation score that incorporates
forecast error (measured by R?) and anomaly detection performance
(measured by AUC-ROC) [12]. Architectural hyperparameters, such

as the lookback length k, local-region size (pg, pw), embedding di-
mension d, temporal hidden dimension dj,, and number of concept
queries M, are determined via cross-validation on a held-out time
period [40] to ensure adaptability across market regimes. Related
robust training work in semi-supervised learning further motivates
adaptive loss balancing under limited labels and unstable pseudo-
labels [63]. The multi-task weights used in the main model are
Ap =1.0, A, = 0.1, and A4 = 0.05, matching the best configuration
in the loss-weight ablation.

4 Experimental Setup

We evaluate FST-Transformer on OptionMetrics IvyDB data span-
ning 2012-2022 [26]. The target is the 28-trading-day realized
volatility defined in Section 3; all models use the same target horizon
and calendar rolling-window protocol. For each test year, models
are trained only on prior calendar years, validation data are selected
from the pre-test training period, and no test-year IV surface, re-
alized return, or label information is used for model selection or
preprocessing statistics. The primary metric is held-out test-year
R? [3, 6]. We retain U.S. common stocks with valid OptionMetrics
IV surfaces, map daily surfaces to a fixed 9 X 7 moneyness—maturity



MILETS@KDD °26, August 9 or 10, 2026, Jeju, Republic of Korea

grid, impute training-period grid medians without test leakage, and
run neural models over five random seeds.

The empirical universe contains 809,072 valid stock-day observa-
tions after filtering zero bid quotes, nonpositive implied volatilities,
maturities outside 7-365 calendar days, and observations violating
standard no-arbitrage sanity checks. Missing IV grid cells are filled
by same-date bilinear interpolation only when at least 70% of the
grid is observed; otherwise the stock-day is excluded. The ten-year
setting trains on 2012-2021, validates on 2021Q4, and tests on 2022.
Rolling experiments use either one prior calendar year or four prior
calendar years, with validation carved out of the pre-test training
period.

Baselines. The baseline set covers econometric and historical-
volatility models, IV-only MLP/ViT models, RV-only neural se-
quence models, and generic IV+RV two-stream controls. Table 1
includes both the strongest IV-only baseline and the strongest
generic two-stream controls, making the attribution comparison
self-contained.

5 Main Results

We evaluate FST-Transformer against econometric baselines, IV-
only neural baselines, RV-only temporal baselines, and generic
IV+RV two-stream controls under identical calendar splits and the
same 28-trading-day target definition [28, 41].

5.1 Overall Performance and Model Scaling

Table 1 shows that simple persistence, GARCH-style models, and
HAR-RV provide useful but limited explanatory power, while neural
sequence models improve by capturing recent realized-volatility
dynamics. The strongest IV-only ViT reaches R? = 0.410, so the
0.480 result of FST-Transformer is best read as a full-system gain
from combining structured IV-surface encoding, RV history, gated
fusion, and auxiliary objectives. The cleaner attribution evidence
comes from the generic two-stream controls that use the same
IV+RV information set: ViT+LSTM gated fusion reaches R? = 0.455
and Transformer+LSTM fusion reaches R? = 0.459, leaving a 0.021-
0.025 R? gain for the structured surface encoder.

Figure 3 adds the training-window view. FST-Transformer im-
proves most clearly in the limited-data setting, where the one-year
model reaches R? = 0.230 compared with weaker IV-only base-
lines. This pattern is consistent with the intended inductive bias:
coordinate-aware surface tokens reduce sample complexity, while
the RV stream supplies a compact summary of the current volatility
regime.

5.2 Detailed Year-by-Year Performance Analysis

To understand robustness across market conditions, especially dur-
ing stress, Figure 4 reports rolling-year test R? for one-year and
four-year training windows.

All models decline in 2020 [37], reflecting COVID-era market
volatility, but FST-Transformer retains the highest absolute perfor-
mance. With four years of training data, it reaches R? = 0.18 in 2020
compared with 0.12 for ViT_1.7M, suggesting that the temporal
stream helps identify regime shifts while CGSA stabilizes surface
feature extraction under stress.
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5.3 Performance on Anomaly Detection Task

The auxiliary anomaly head is trained using future extreme-move
labels but produces scores at prediction time only from information
available at day ¢ [29, 48]. On the 2022 test set, it reaches AUC-ROC
0.78 and has correlation 0.65 with subsequent volatility-change
magnitude, suggesting value as a risk-warning diagnostic rather
than as a replacement for the main forecast.

5.4 Robustness and Deployment Diagnostics

Table 2 summarizes diagnostics for conservative deployment set-
tings. Point-in-time and delisting-aware universes lower the head-
line estimate, as expected, but preserve a substantial advantage over
the corresponding ViT_1.7M baselines. Recalibration improves un-
certainty reliability, and the warning score matches or exceeds
compact recent-RV and logistic IV+RV warning rules.

5.5 Computational Footprint

Table 3 reports the computational footprint on a single NVIDIA
A100 GPU. FST-Transformer is slightly slower per epoch than
ViT_1.7M because it adds an RV stream, gated fusion, and aux-
iliary objectives [17, 20]. However, it converges in three epochs
rather than five, reaching its best validation performance more
quickly [38]. This faster convergence is consistent with multi-task
auxiliary signals acting as useful regularizers [44, 49], and it matters
for rolling financial evaluation, where models must be retrained
repeatedly across calendar windows.

5.6 Summary of Key Findings

Overall, the 0.070 R? gap over the strongest IV-only ViT should
be read as the benefit of the full system, while the 0.021-0.025 R?
gain over generic two-stream IV+RV controls provides the cleaner
evidence for the structured surface encoder. The model also remains
stronger during the 2020 stress year and under point-in-time and
delisting-aware data-universe checks.

6 Ablation Studies

We evaluate the contribution of the temporal dynamics encoder,
surface-coordinate inductive biases, adaptive fusion gate, and multi-
task objective through controlled ablations. Removing the temporal
stream causes the largest degradation: R? drops from 0.480 to 0.402
in the full-data setting and from 0.230 to 0.185 in the one-year set-
ting. Removing surface-coordinate bias, CGSA, the CT-Fusion Gate,
or multi-task training also reduces accuracy, indicating that the
performance gain is not attributable to a single implementation
detail. Granular surface-structure and loss-weight ablations further
show that Coordinate-Aware Embedding and CGSA are comple-
mentary, and that the anomaly and alignment losses improve the
shared representation when moderately weighted.

Figure 5 also clarifies the relative roles of surface and temporal
structure. Surface-coordinate bias and CGSA account for a meaning-
ful part of the full-data gain, but the temporal stream is especially
important when the market regime shifts. The one-year ablation is
useful for this workshop version because it separates data-efficiency
evidence from the ten-year headline result.
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Table 1: Full baseline comparison under the ten-year training setting. Results are reported on the 2022 test set, with standard
deviations computed across repeated runs where applicable.

Model Family Information Used Test R? (2022) Notes
Last 28-day RV Historical RV 0.214 £ 0.018  Persistence baseline
ARIMA Historical RV 0.226 £0.017  Linear time-series baseline
GARCH(1,1) Daily returns 0.238 £0.019  Conditional variance baseline
EGARCH(1,1) Daily returns 0.251 £0.020  Asymmetric volatility baseline
HAR-RV Daily/weekly/monthly RV 0.322 £0.016  Strong realized-volatility baseline
HAR-RV + IV summary RV + ATM/term-structure IV factors 0.356 +£0.015  Econometric model with IV features
LSTM-RV Historical RV sequence 0.337 £0.024  Neural temporal baseline
Temporal Transformer Historical RV + calendar features 0.382+0.020  Modern sequence baseline
MLP Flattened IV surface 0.250 £0.021  Nonlinear IV baseline
ViT_1.7M IV surface image tokens 0.410 £ 0.018  Best considered IV-only ViT baseline
ViT+LSTM gated fusion IV surface + historical RV 0.455 Generic two-stream control
Transformer+LSTM fusion IV surface + historical RV 0.459 Strong sequence-fusion control
FST-Transformer (Ours) IV surface + historical RV 0.480 +0.014  Dual-stream structured model
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Figure 3: Comparison of R? scores across model families and training-window sizes. FST-Transformer consistently achieves the
highest R? among the considered MLP and ViT baselines in the one-year, four-year, and ten-year settings.

7 Limitations and Broader Impact

Several limitations remain. The generic two-stream controls sup-
port the central attribution claim, but they do not exhaust all pos-
sible capacity-matched fusion architectures or temporal encoders.
The anomaly head is evaluated primarily for top-5% future volatil-
ity moves, so future work should test alternative event definitions,
warning horizons, and decision thresholds. Finally, while we report

calibration, point-in-time universe, and delisting-aware diagnos-
tics, practical deployment would still require ongoing recalibration,
monitoring, and governance across changing market regimes.
More accurate volatility forecasts and early risk-warning signals
can support portfolio risk management, option pricing, margin
monitoring, and stress testing. At the same time, model outputs
may be unstable across regimes, uncertainty estimates require cal-
ibration, and attention-based explanations should not be treated
as causal evidence. Practical use should therefore include model
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Figure 4: Year-by-year test R? under rolling training windows. (a) Models trained on a single preceding year of data. (b) Models
trained on four preceding years of data. The shaded region marks the 2020 COVID-19 stress year. FST-Transformer remains
consistently above the ViT baselines and shows greater robustness during market stress.
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Figure 5: Core ablation results across data regimes. (a) Full-data core ablation on the 2022 test set. (b) Limited-data core ablation
using models trained on one year of data (2021) and tested on 2022. Removing the temporal stream produces the largest

performance drop in both regimes.

governance, calibration checks, and human review for high-stakes
trading or risk decisions.

8 Conclusions

We proposed FST-Transformer, a dual-stream model that combines
a structured encoder for IV surface geometry with an RV-history
encoder and gated temporal fusion. On OptionMetrics IvyDB, the
model attains R? = 0.480 in the ten-year setting, improving over
the strongest IV-only ViT baseline (0.410) as a full-system compari-
son and over generic IV+RV two-stream controls by 0.021-0.025
R? points, which is the cleaner evidence for the structured surface
encoder. Rolling-year, stress-year, point-in-time, delisting-aware,

calibration, and warning-score diagnostics further support the prac-
tical robustness of explicitly modeling financial surface structure
and temporal volatility dynamics.
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