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1. INTRODUCTION
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Abstract
Upstream oil and gas treasury teams face unique forecasting challenges. Revenue

depends on nonlinear interactions between production volumes and commodity
prices prone to sudden breaks, while cost obligations enforce hard payment floors.
When WTI crude fell 67% in 2020, standard responses—large precautionary cash
buffers and manual reforecasting—proved expensive. Idle cash foregoes yield, and
manual updates lag market events by days. Despite evidence that algorithmic
models reduce errors, no study has applied Transformers to O&G treasury data
or benchmarked Al forecasting against SAP under shock conditions. Dewvelop T-
TLF (Transformer-Based Treasury Liquidity Forecaster) with WTI Cross-
Attention Conditioner (WCAC) to enable real-time shock adaptation without
retraining, quantifying -economic value through buffer optimization and lag
elimination. Using a synthetic panel (2018-2024, N=1,827) calibrated to U.S.
upstream O&G operations, we compare T-TLF against SAP native, ARIMA,
and LSTM. The dataset integrates SAP Cash Management data, WTI prices,
Baker Hughes rig counts, SOFR rates, and calendar variables. Granger causality
tests confirm WTI predicts SAP errors at 1-, 3- and 7-day lags (p<0.05), justifying
real-time conditioning. T-TLF achieves 55% accuracy improvement over SAP,
recording 3.2% MAPE (1day) and 9.4% (30-day) versus SAP's 8.7% and
18.6%. During shocks, T-TLF error spikes 1.8x baseline versus SAP's 3.4x, with
recovery halved (2.3 vs. 5.1 days). For a $500MM operator, T-TLF generates
$4.28MM annual value: $1.88MM from buffer reduction and $2.40MM from
lag elimination. T-TLF demonstrates that Transformers with commodity
conditioning overcome rule-based ERP limitations. The WCAC module satisfies
audit requirements while delivering material gains. Immediate SAP deployability
offers practical energy sector treasury transformation.

prone to sudden breaks caused by forces the firm

A treasury team at an upstream oil and gas
producer faces a forecasting problem most
industries never encounter. On the revenue side,
are shaped by two variables
production volumes and commodity prices whose
interaction is nonlinear, highly persistent, and

cash arrivals

cannot influence (Hamilton, 2009; Wang et al.,
2025). On the cost side, royalty obligations, JIB
cycles, lease operating expenses, and revolving
credit covenants enforce hard payment floors on

schedules that are written into contracts, not set
by market conditions. When WTI crude fell from
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roughly $63 a barrel in early 2018 to $21 in April
2020 a 67% drop in under six weeks royalty and
JIB obligations kept running (Kilian, 2009). The
standard workaround has been to park large
precautionary cash reserves and update 13-week
cash flow projections manually after major market
moves. Both responses are expensive. Idle cash
foregoes yield. Manual reforecasting lags market
events by days or weeks, leaving decision-makers
working from stale numbers (Bates et al., 2009;
Opler et al, 1999). Evidence suggests that
advanced algorithmic forecasting models can
significantly reduce projection errors compared to
traditional spreadsheet-based approaches, yet
adoption in corporate treasury remains limited
(Lim and Zohren, 2021). SAP S/4HANA Cash
Management has become the operational
backbone for most large and mid-sized upstream
operators. Its native forecasting engine applies
deterministic rule logic to historical payment
patterns an approach that works reasonably well in
stable conditions but was never designed for
nonstationary shock dynamics. SAP Analytics
Cloud does offer embedded ML extensions, but
no controlled study has benchmarked these
against dedicated external models under real
commodity shock scenarios. That evidence gap
motivates the current work (Bates et al., 2009; Nie
et al., 2022).

Three specific voids guided the design of this
paper. First, the published ML cash-flow
forecasting literature draws almost entirely from
manufacturing and consumer-sector datasets; no
prior study has applied Transformer architectures
to upstream O&G treasury data with the royalty
and JIB structures that distinguish this industry
(Lim and Zohren, 2021). Second, no rigorous
head-to-head comparison exists between Al-
augmented forecasting and SAP's native capability
under documented shock conditions. Third, the
corporate finance literature on precautionary cash
holdings has not connected measurable
improvements in forecast precision to specific
buffer reductions and capital cost savings (Opler et
al., 1999; Wu et al., 2021).

T-TLF is built to fill all three gaps. It ingests SAP
cash management data, WTI price signals, Baker
Hughes rig counts, and operational calendar

features, generating rolling forecasts at 1-, 7-, and
30-day horizons. The WCAC module is the core
technical contribution: a cross-attention layer that
takes the WTI price stream as key-value input and
reweights the encoder's representation of
historical cash flows whenever a shock event is

detected,  without  retraining, leveraging
Transformer-based attention mechanisms
(Vaswani et al., 2017).

2. LITERATURE REVIEW

This literature review synthesizes prior research
across multiple disciplines to provide a theoretical
foundation for the study. It focuses on corporate
liquidity management, machine learning-based
time series forecasting, ERP-integrated treasury
systems, and the impact of commodity price
shocks, with the aim of identifying gaps that justify
the present research.

2.1 Liquidity Management in Corporate Finance
The theoretical foundations of corporate liquidity
management trace back to Miller and Orr (1966),
who_applied stochastic control theory to derive
optimal cash restocking thresholds under random
daily cash flows. Acharya, Almeida, and Campello
(2007) later reconceptualized liquidity as a
hedging instrument, arguing that financially
constrained firms hold precautionary buffers to
protect against financing costs when investment
needs coincide with adverse conditions.
Faulkender and Wang (2006) quantified the
marginal value of cash, finding it highest for firms
with speculative-grade ratings or near-term capital
commitments a profile matching many U.S.
upstream  operators  during  commodity
downcycles. Bates, Kahle, and Stulz (2009)
documented rising corporate cash holdings since
the 1980s, attributing this to increasing cash flow
volatility. Neither strand addresses how machine
learning-induced forecast improvements alter
optimal liquidity buffers for energy-sector firms.

2.2 Machine Learning in Financial Time Series
Forecasting

Deep learning approaches to financial time series
gained traction through the LSTM architecture
(Hochreiter and Schmidhuber, 1997), which
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captures sequential dependencies across longer
lags than classical ARIMA models. The
Transformer (Vaswani et al., 2017) shifted the
paradigm by replacing sequential processing with
global self-attention, enabling direct timestep
relationships without gradient decay. Long
horizon variants such as Informer (Zhou et al.,
2021) have consistently outperformed LSTM
baselines on public financial datasets, and Roy et
al. (2024) confirm that Transformer-family models
now reliably surpass classical approaches on long-
range patterns. The critical limitation across this
literature is its exclusive focus on marketlevel
price  data. Treasury cash flows carry
fundamentally different structures seasonal royalty
cycles, irregular settlement dates, revolving credit
dynamics and no study has adapted cross-attention
conditioning to exogenous commodity shock
events in a treasury context, which this research
addresses.

2.3 ERP-Embedded Analytics and SAP Treasury
Systems

SAP S/4HANA Cash Management holds
dominant market share among large U.S. energy
producers, with its technical foundation being the
One Exposure from Operations framework—a
unified data store in the FQM_FLOW table that
aggregates cash-relevant records from accounts
payable, receivable, purchase orders, treasury
derivatives, and bank statement imports (SAP,
2024). Native liquidity forecasting applies
configured planning rules to  historical
transactions, producing forward-looking cash
positions that remain static between manual
refresh cycles. SAP Analytics Cloud extends this
with ML-based cash flow estimation that improves
over time as actuals accumulate (SAP Community,
2025). In principle this could support shock-
conditional reforecasting, yet no controlled
academic study has benchmarked SAP's ML
extensions against external models under
documented commodity shock scenarios. Industry
implementations including the widely referenced
Freeport LNG deployment—document

productivity gains from spreadsheet elimination
but provide no head-to-head accuracy comparisons

(KPMG, 2023; Deloitte, 2024).

2.4 Commodity Price Shock Transmission to
Firm-Level Treasury

Hamilton (2009) and Kilian (2009) decompose
historical crude price movements into supply-
driven and demand-driven shocks, documenting
asymmetric ~ macroeconomic  responses  a
distinction with direct implications for how
treasury systems should weight different shock
types. At the firm level, Ratti and Vespignani
(2016) link oil price dynamics to investment and
operating decisions, with empirical operating cash
flow elasticities for pureplay U.S. upstream
producers running in the 0.8-1.4 range. What this
literature has not addressed is the realtime
treasury forecasting dimension: how fast and
accurately can an automated cash management
system update forward projections in response to
an intraday price event. The lag between a
commodity signal and a revised treasury forecast
represents genuine operational risk treasury teams
work from stale information during the window
when good information matters most. No prior
work has measured this lag, quantified its shortfall
consequences, or proposed an architectural fix
grounded in live SAP data.

2.5 Research Gap Summary

This paper bridges four critical gaps: (1) it
quantifies ML-driven cash buffer reduction for
energy treasuries where corporate finance theory
stops at static optimization; (2) it deploys the first
Transformer architecture (T-TLF) with live WTI
conditioning for O&G cash flow forecasting
where prior ML work focused only on market
prices; (3) it delivers the first controlled academic
benchmark against SAP native forecasting where
industry studies lacked rigor; and (4) it measures
real-time forecast recovery speed post-shock where
commodity literature ignored treasury operational
lag.
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Table 1: Maps of each literature strand to the specific gap this paper addresses.

Literature Strand Existing Gap

This Paper's Contribution

Corporate finance

liquidity treasury buffer sizing

ML not applied to energy-sector

Quantifies buffer reduction from T-
TLF precision gain

ML time series

forecasting treasury cash flows

No Transformer applied to O&G

T-TLF with WTI cross-attention

conditioning

SAP/ERP analytics

rule-based forecasting

No academic benchmarking vs. SAP

First controlled benchmark across
shock scenarios

Commodity price
shocks analysis

No real-time treasury reforecasting

Measures forecast recovery speed and
accuracy post-shock

METHODOLOGY

3.1 Formal Problem Definition

Treasury liquidity forecasting is framed as a
multivariate conditional time series prediction
problem with exogenous shock conditioning. At
each trading day, the model observes a feature
vector containing treasury cash flows, market
variables, and calendar indicators over a prior
window, then predicts net cash positions at 1-day,
7-day, and 30-day horizons. A binary WTI shock
indicator activates when same-day crude price
movement exceeds plus or minus 5 percent
relative to the prior close. When activated, the
WCAC module modifies how the encoder attends
to historical cash flow records. Using a hard binary
gate rather than continuous weighting keeps the
shock-conditioning behavior interpretable and
auditable for treasury compliance.

3.2 Data Sources and Construction

The empirical work wuses a synthetic-but
statistically-grounded panel calibrated to upstream
O&G treasury operations in the continental
United States. The dataset spans January 2018
through December 2024 at daily frequency (N =
1,827 observations), drawn from five streams: (1)
SAP Cash Management proxy (FQM_FLOW)
providing daily net cash position, receivables
aging, payables run rates, revolving credit balance,
and planned-versus-actual variance; (2) WTI
Crude Oil Spot Price from NYMEX front-month
daily closes, post-processed into percentage
changes, 5-day momentum, and binary shock
indicator; (3) Baker Hughes North America Rig
Count as leading production signal; (4) Federal
Reserve SOFR Rate for computing holding costs;

and (5) Operational Calendar Variables including
day-of-month indicators, quarter-end flags, royalty
payment markers, and JIB settlement cycle
dummies.

3.3 Correlation and Causality Structure

Pearson correlations reveal WTI changes
negatively correlate with operating cash flow (r = -
0.71) and positively with SAP forecast error (r =
0.58), confirming commodity price drives revenue
while rule-based forecasts systematically fail during
market moves. Accounts receivable aging
correlates modestly with WTI shock days (r = 0.18)
and revolving credit draws correlate negatively (r =
-0.45), reflecting precautionary liquidity responses.
Granger causality tests confirm WTI predicts SAP
errors at 1-, 3-, and 7-day lags (F = 8.4, 6.1, 4.2; p <
0.05). This causal chain justifies conditioning the
forecaster on real-time WTI signals to attenuate
deterioration.

3.4 T-TLF Architecture

The T-TLF architecture comprises four modules:
(1) Input Embedding Layer encoding categorical
calendar features and continuous cash flow
variables; (2) Temporal Encoder with multi-head
self-attention capturing long-range dependencies
in historical treasury patterns; (3) WTI Cross-
Attention Conditioner (WCAC) that re-weights
encoder outputs when shock indicators activate;
and (4) Multi-Horizon Projection Head generating
forecasts at 1-, 7, and 30-day horizons
simultaneously. The WCAC module uses WTI
price change magnitude as key and value vectors,
computing cross-attention scores with encoder
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outputs to amplify or suppress historical pattern
relevance during volatility events.

3.5 Training and Evaluation Protocol

Models are trained on 2018-2022 data with
validation on 2023 and holdout testing on 2024.
Baseline comparisons include: (1) SAP native rule-
based forecasting; (2) ARIMA with exogenous
WTTI; (3) LSTM without shock conditioning; and
(4) T-TLF without WCAC (ablation). Primary
metrics are MAPE, RMSE, and directional
accuracy at each horizon.  Shock-specific
evaluation measures forecast error spike
magnitude and recovery time following WTI
moves exceeding 5 percent.

RESULTS

4.1 Overall Forecast Accuracy

T-TLF achieves superior accuracy across all
horizons. At 1-day horizon, T-TLF records 3.2%
MAPE versus SAP native 8.7%, LSTM 5.4%, and
ARIMA 7.1%. At 7-day horizon, T-TLF maintains
5.8% MAPE against SAP's 12.3%. At 30-day
horizon, T-TLF achieves 9.4% MAPE versus SAP's
18.6%. The WCAC module contributes
approximately 40% of T-TLF's advantage over
LSTM during shock periods, demonstrating that
explicit WTI conditioning captures volatility
patterns implicit models miss as shown in Table 2.

Table 2: Forecast Accuracy by Model and Horizon (MAPE %)

Model 1-Day 7-Day 30-Day Avg. Improvement vs. SAP
SAP Native 8.7% 12.3% 18.6% -

ARIMA 7.1% 10.5% 15.2% 15%

LSTM 5.4% 8.9% 13.1% 35%

T-TLF (without WCAC) 4.8% 7.6% 11.4% 45%

T-TLF (full) 3.2% 5.8% 9.4% 55%

4.2 Shock Period Performance

During documented WTI shock days (N = 47 in
test period), T-TLF error spikes average 1.8x
baseline versus 3.4x for SAP native and 2.7x for

LSTM. Recovery time—defined as horizons until
MAPE returns within 10% of pre-shock level—

Table 3: Shock Period Performance Metrics

averages 2.3 days for T-TLF versus 5.1 days for SAP
native. The WCAC module enables immediate
attention re-weighting without model retraining,
producing step-function accuracy improvements at

shock detection rather than gradual adaptation as
shown in Table 3.

Metric SAP Native ARIMA LSTM T-TLF
Error Spike (x baseline) 3.4x 2.9x 2.7x 1.8x
Recovery Time (days) 5.1 4.2 3.8 2.3
Max Single-Day MAPE 24.3% 19.7% 16.2% 8.9%
Shock Detection Lag N/A N/A N/A Real-time
4.3 Ablation Analysis continuous WTI attention weighting reduces

Removing WCAC from T-TLF increases 1-day
horizon MAPE during shocks from 4.1% to 6.7%,
confirming cross-attention conditioning's critical
role. Replacing hard binary shock gating with

interpretability without accuracy gains, validating
the auditable design choice. Excluding rig count
data degrades 30-day horizon performance by
15%, confirming leading production indicators
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improve longer-horizon treasury forecasting as
shown in Table 4.

Table 4: Ablation Study Results (Shock Period MAPE %)

Configuration 1-Day 7-Day 30-Day
Full T-TLF 4.1% 5.8% 9.4%
Without WCAC 6.7% 8.9% 11.2%
Continuous gating (vs. binary) 4.2% 6.1% 9.6%
Without rig count 4.5% 6.3% 10.8%
Without calendar features 5.1% 1.2% 11.9%
Without SOFR rate 4.3% 6.0% 9.7%

5. ECONOMIC IMPACT: BUFFER
OPTIMIZATION

5.1 Precautionary Cash Holdings Model
Following Miller and Orr (1966) and Acharya et
al. (2007), optimal cash buffers balance holding
costs against expected shortfall costs. Holding cost

is SOFR plus liquidity premium (approximately

Table 5: Cost Structure for Buffer Optimization

5.5% annualized). Shortfall cost combines
emergency credit drawdown fees and yield
foregone on delayed investments. T-TLF's forecast
precision improvement reduces cash flow variance
uncertainty, directly lowering optimal buffer size
through the precautionary demand channel as

shown in Table 5.

Cost Component Rate/Amount Source

SOFR (annual) 5.25% Federal Reserve, 2024 avg.
Liquidity premium 0.25% Treasury market convention
Total holding cost 5.5% —

Emergency credit fee 2.5% + 150bps spread Revolver terms

Yield foregone (opportunity) 8-12% IRR on delayed CapEx
Expected shortfall cost 10-15% Firm-specific estimate

5.2 Buffer Reduction Quantification

For a representative $500MM revenue upstream
operator, SAP native forecasting supports $45MM
precautionary cash buffer (9% of revenue)
covering 99% confidence 30-day shortfall. T-TLF's
50% error reduction at 30-day horizon enables

statistically equivalent shortfall protection at
$28MM buffer (5.6% of revenue). The $17MM
released cash generates incremental annual yield
of $0.94MM at SOFR+150bps deployment as
shown in Table 6.

Table 6: Buffer Optimization for $500MM Revenue Operator

Metric SAP Native T-TLF Delta

30-day forecast MAPE 18.6% 9.4% -50%
$12.4MM $8.1IMM -35%

Cash flow variance (o)
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99% confidence buffer $45MM $28MM $17MM
Buffer as % of revenue 9.0% 5.6% -3.4pp
Annual holding cost $2.48MM $1.54MM -$0.94MM
Released cash yield (SOFR+150bps) - $0.94MM +$0.94MM
Net annual benefit — — $1.88MM

5.3 Reforecasting Lag Cost Analysis

Manual SAP reforecasting averages 3.5 days post-
shock. During this lag, treasury decisions rely on
stale projections averaging 12% error versus
actual. T-TLF's automated 15-minute refresh cycle
eliminates this window. For the representative

Table 7: Reforecasting Lag Cost Analysis

firm, lag-period suboptimal decisions (untimely
credit draws, delayed payables optimization) cost
approximately $0.3MM per shock event. At
historical shock frequency (8 events annually), T-
TLF automation generates $2.4MM annual
operational risk reduction as shown in Table 7.

Parameter SAP Native T-TLF

Refresh cycle Manual (3.5 days) Automated (15 min)
Lag period MAPE 12% 3.2%

Suboptimal decision cost per shock $0.3MM Negligible

Annual shock frequency 8 events 8 events

Annual lag cost $2.4MM ~$0

Emergency credit draws (unnecessary) 3-4 per year 0-1 per year
Payables optimization delay 2-3 days Real-time

DISCUSSION

The current study demonstrates that the T-TLF
delivers 55% average accuracy improvement over
SAP native forecasting, achieving 3.2% MAPE at
I-day and 9.4% at 30-day horizons versus SAP's
8.7% and 18.6% respectively. During WTI shock
events, T-TLF error spikes only 1.8x baseline
compared to SAP's 3.4x, with recovery time halved
from 5.1 days to 2.3 days. Ablation analysis
confirms WCAC's critical role: its removal
increases shock-period MAPE by 63%. Economic
translation yields $4.28MM annual value for a
representative $500MM operator—$1.88MM from
buffer reduction (releasing $17MM cash) and
$2.40MM from eliminating reforecasting lag.

T-TLF  demonstrates  that  Transformer
architectures with explicit ~ commodity
conditioning can overcome the structural

limitations of rule-based ERP forecasting in

volatile sectors. This finding aligns with Lim and
Zohren (2021), survey deep learning
applications in time-series forecasting
conclude that attention-based models consistently
outperform classical approaches when properly
adapted to domain-specific patterns. The WCAC
module's interpretable shock gating satisfies audit
requirements a design choice informed by Berg et
al. (2022).

Integration pathways leverage existing SAP
infrastructure. The One Exposure from
Operations framework provides standardized data
structures that T-TLF can ingest through direct
HANA connectivity, avoiding costly
replacement (SAP, 2024). This approach mirrors
Frost et al. (2019), who document how BigTech
financial innovations succeed when built upon
incumbent banking infrastructure rather than
displacing it. For treasury workstations, T-TLF

who
and

system
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outputs can feed SAP Analytics Cloud dashboards
or standalone visualization tools, offering
flexibility in deployment scope.

The economic magnitude of buffer optimization
$4.28MM annually for a $500MM operator—
validates Acharya et al's (2007) theoretical
prediction that hedging demand for precautionary
cash decreases with improved information about
future financing needs. Faulkender and Wang
(2006) find that cash is most valuable for firms
with speculative-grade ratings or near-term capital
commitments; T-TLF extends this by quantifying
how forecast precision improvements translate
directly into released capital for exactly this firm
profile.

CONCLUSION

This paper presents T-TLF, the first Transformer-
based treasury forecasting system with WTI cross-
attention conditioning designed specifically for
upstream oil and gas operations. The WCAC
module enables real-time forecast adaptation to
commodity shocks without model retraining,
addressing a critical gap between marketlevel ML
advances and enterprise treasury practice.
Controlled benchmarking against SAP S/4HANA
native forecasting demonstrates 50-60% accuracy
improvements at 1-30 day horizons, with shock-
period performance advantages translating to
$3.3MM annual economic value for representative
mid-sized operators through buffer optimization
and lag elimination. The architecture is
immediately deployable within existing SAP
infrastructures, offering a practical pathway for
energy sector treasury digital transformation.
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