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Abstract

Financial early warning systems have traditionally relied on single-channel indicators such as
price volatility, macroeconomic aggregates, or accounting ratios. However, modern financial
markets generate high-dimensional, temporally asynchronous signals that demand a multi-
modal integration framework. This paper proposes a systemic architecture that fuses three
distinct modalities: news sentiment derived from natural language processing of financial
media, liquidity imbalance measured from order-book microstructure, and a novel leakage-
safe drawdown signal that captures residual stress while mitigating information leakage. We
argue that the structural trade-offs among these modalities—temporal resolution, signal-to-
noise ratio, and susceptibility to strategic manipulation—require a governance-aware design
that balances sensitivity, specificity, and fairness. The paper examines the infrastructure
requirements for real-time ingestion, feature alignment, and model updating, drawing
parallels with large-scale distributed systems and socio-technical infrastructures. Deployment
considerations include computational sustainability, latency constraints, and regulatory
compliance across jurisdictions. We further analyze robustness challenges, including concept
drift, adversarial attacks on sentiment classifiers, and data biases in liquidity metrics. Policy
implications are discussed in the context of systemic risk oversight, market integrity, and
algorithmic accountability. The leakage-safe drawdown signal, originally proposed by Liu
(2026), is positioned as a critical component that addresses an unresolved tension between
early detection and strategic leakage. Through cross-domain comparisons with early warning
systems in epidemiology and climate monitoring, we derive design principles applicable to
financial stability frameworks. The paper concludes that multi-modal fusion, when governed
by principles of transparency and fairness, offers a more resilient foundation for financial
early warning than any unimodal approach.
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1. Introduction



The increasing complexity and interconnectedness of global financial markets have rendered
traditional early warning mechanisms insufficient for anticipating systemic disruptions. Price-
based volatility models, while computationally efficient, typically react to events rather than
anticipate them. Macroprudential indicators, such as credit-to-GDP gaps, update at monthly or
quarterly frequencies and cannot capture the rapid propagation of shocks across asset classes
and geographies [1]. In parallel, the explosion of unstructured data—news articles, social
media posts, and earnings call transcripts—has opened new avenues for forward-looking risk
assessment. Yet the mere availability of such data does not guarantee predictive power; rather,
it introduces challenges of signal extraction, temporal alignment, and interpretability.

This paper advances a multi-modal early warning architecture that integrates three distinct
informational channels: news sentiment, liquidity imbalance, and a leakage-safe drawdown
signal. Each modality addresses a different dimension of financial fragility. News sentiment
captures changes in market narrative and collective mood, often preceding price movements
by hours to days [2,3]. Liquidity imbalance, derived from high-frequency order-book data,
reveals the microstructure conditions under which a market becomes susceptible to large, self-
reinforcing price dislocations [4,5]. The drawdown signal, specifically a leakage-safe
residual-stress variant [18], condenses the cumulative strain that has not yet manifested in
observable price declines, thereby offering a leading indicator of tail risk.

The central contribution of this paper is not the novelty of any single component but a
systemic treatment of how these modalities interact, compete, and complement one another
within a deployed early warning system. We examine the architectural trade-offs involved in
fusing signals that operate at different temporal granularities (milliseconds for liquidity,
minutes for sentiment, and daily for drawdown) and possess different signal-to-noise profiles.
We further argue that the design of such a system must address governance and fairness
concerns: early warning signals can themselves become targets of manipulation, and biased
training data can produce skewed alerts that disproportionately affect certain market
participants or asset classes.

The paper is organized as follows. Section 2 situates the proposed framework within the
broader literature on financial early warning, multi-modal learning, and microstructure
analysis. Section 3 describes the system architecture, emphasizing the fusion layer and the
alignment mechanisms required to reconcile heterogeneous inputs. Section 4 discusses data
infrastructure and governance, including provenance, privacy, and regulatory constraints.
Section 5 addresses deployment scalability, computational sustainability, and operational
robustness. Section 6 analyzes robustness, fairness, and policy implications, drawing on case
studies from other high-stakes early warning domains. Section 7 concludes with a research
agenda for multi-modal financial stability systems.

2. Related Work and Conceptual Foundations

Early warning systems in finance have evolved through several generations. The first
generation relied on macroeconomic indicators such as inflation, credit growth, and current
account deficits, often aggregated into composite indices [6]. These models performed
adequately for slow-moving crises but failed to anticipate the 2007–2008 global financial
crisis, which originated in housing markets and complex financial instruments not captured by
traditional metrics [7]. Subsequent research incorporated market-based variables including
credit spreads, implied volatility, and interbank lending rates, achieving moderate
improvements in predictive horizon [8].



The rise of computational linguistics brought news sentiment analysis to the forefront of
financial forecasting. Tetlock (2007) demonstrated that the linguistic tone of a daily
newspaper column predicts stock price movements and trading volume [2]. Loughran and
McDonald (2011) refined dictionary-based sentiment measures for financial texts, showing
that negative words carry stronger predictive content than positive ones [9]. More recently,
transformer-based natural language processing models have enabled fine-grained sentiment
extraction from earnings call transcripts, regulatory filings, and social media platforms, with
reported improvements in early warning accuracy for individual equities and sector indices
[10,11].

Liquidity imbalance as a predictive signal emerged from market microstructure theory.
Chordia, Roll, and Subrahmanyam (2001) found that order imbalance predicts short-term
returns and volatility [4]. Later work linked liquidity dry-ups to systemic risk, showing that a
sudden widening of bid-ask spreads or a collapse in market depth often precedes flash crashes
and liquidity crises [12]. High-frequency data enable real-time monitoring of these
imbalances, but also introduce noise and require sophisticated filtering.

Drawdown risk has traditionally been modeled using extreme value theory or Monte Carlo
simulations that assume stationary return distributions. However, these approaches are
backward-looking and do not incorporate information leakage—the phenomenon whereby
early warning signals themselves alter market behavior, potentially undermining their own
validity [13]. Liu (2026) introduced a leakage-safe residual-stress signal that isolates the non-
public component of stress accumulation by controlling for observable price and volume
movements, thereby preserving the signal’s predictive content even when market participants
attempt to arbitrage it [18]. This signal occupies a unique position in the multi-modal fusion:
it provides a slow-moving but highly reliable leading indicator that is less susceptible to
adversarial exploitation than sentiment or liquidity measures.

3. System Architecture and Multi-Modal Fusion

Designing an architecture that fuses three asynchronous, high-dimensional streams requires
careful consideration of data ingestion, preprocessing, feature extraction, temporal alignment,
and decision fusion. The proposed system comprises five layers: data collection, modal
processing, alignment and fusion, risk inference, and alert dissemination.

The data collection layer connects to multiple sources: newsfeeds (e.g., Reuters, Bloomberg),
social media streams (e.g., Twitter, Reddit), order-book data from exchanges, and end-of-day
pricing. Each source has distinct latency and reliability characteristics. News sentiment data
arrive in bursts with irregular intervals; order-book data stream continuously at microsecond
granularity; drawdown signals are computed daily. The system must handle these
heterogeneities without losing temporal information.

Modal processing transforms raw data into feature vectors. For news sentiment, we employ a
fine-tuned transformer model that outputs a continuous sentiment score between negative one
and one, along with an uncertainty estimate. Liquidity imbalance is computed using a rolling
window measure of cumulative signed order flow normalized by total volume, with
adjustments for seasonality and market microstructure noise [5]. The drawdown signal
follows the leakage-safe residual-stress formulation [18], which applies a statistical filter to
remove components correlated with publicly available information. This yields a residual
series that captures hidden distress accumulation.



The alignment and fusion layer addresses the temporal matching of these features. Because
news sentiment and liquidity imbalance operate at high frequency but with different update
patterns, the system uses an event-driven alignment that maps each news event to the nearest
liquidity interval, while the daily drawdown signal is downsampled to a daily aggregation of
the other two modalities. Fusion can be performed at the feature level (concatenating aligned
vectors) or at the decision level (combining independent risk classifiers). Feature-level fusion
is preferable when modalities are conditionally dependent, while decision-level fusion offers
greater interpretability and robustness to modality-specific failures [14]. In practice, a hybrid
fusion scheme is adopted: a gating network learns to weight each modality based on recent
predictive performance, thereby adapting to changing market regimes.

Risk inference employs a shallow neural network or gradient-boosted tree to output a
probabilistic early warning score, along with confidence intervals. The system is designed to
be explainable: each alert can be decomposed into contributions from sentiment, liquidity, and
drawdown components, allowing risk managers to understand why a particular warning was
issued.

4. Data Infrastructure and Governance

The operational viability of a multi-modal early warning system depends on its underlying
data infrastructure. Real-time ingestion of high-frequency order-book data imposes stringent
requirements on bandwidth, storage, and computing. A single exchange may generate
millions of messages per second; across multiple exchanges, the volume becomes petabyte-
scale daily. The infrastructure must support stream processing with stateful operations, such
as rolling window computations and feature lagging, without introducing uncontrollable
latency [15].

Data governance involves provenance tracking, versioning, and audit logging. All input data
must be timestamped and source-certified to enable post-hoc verification of alerts. This is
particularly important for regulatory compliance: in jurisdictions where algorithmic trading is
subject to oversight, the system’s outputs must be reproducible from raw data. Additionally,
privacy concerns arise when using social media content; anonymization techniques must be
applied to handle personally identifiable information while preserving sentiment signals [16].

Fairness considerations enter at multiple points. News sentiment models trained on
predominantly English-language, developed-market news may underperform for emerging
markets or non-English sources, leading to systematic biases in early warning coverage.
Liquidity imbalance metrics are more reliable for large-cap, highly traded equities than for
illiquid assets; extending the system to smaller markets requires careful calibration. The
leakage-safe drawdown signal is theoretically less prone to bias because it is derived from
price data alone, but its residual construction depends on the choice of information set, which
can be contaminated by market structure artifacts [17].

Governance structures must therefore include periodic audits for algorithmic bias, stakeholder
engagement for threshold setting, and transparency reports detailing the system’s performance
across different market segments. The system should also incorporate a mechanism for human
oversight: automated alerts require confirmation by risk analysts before triggering any market
intervention, to avoid false alarms that could themselves destabilize markets.

5. Deployment, Scalability, and Sustainability



Deploying a multi-modal early warning system in a production environment involves trade-
offs among accuracy, latency, and computational cost. For sentiment analysis, running a large
transformer model on each incoming article may introduce latency of several seconds, while a
lightweight linear model can process thousands of articles per second with only a modest
accuracy degradation [10]. A pragmatic deployment uses a cascade: a fast filter identifies
high-signal articles for full processing, and a slower, more accurate model handles the
remainder.

Scalability across asset classes and geographies requires a microservices architecture. Each
modal pipeline can be deployed as an independent containerized service, with a fusion service
that coordinates the outputs. This design allows horizontal scaling of the most
computationally intensive components, such as the natural language processing pipeline,
without reconfiguring the entire system. Cloud-based deployment offers elasticity, but
introduces concerns about data sovereignty: regulatory frameworks in the European Union
and China require that market data remain within specified geographic boundaries [19].

Computational sustainability is an emerging concern. The energy consumption of large-scale
transformer inference is non-negligible; a system processing millions of news articles daily
may have a carbon footprint comparable to that of a small data center. Reducing model size
through quantization and knowledge distillation can lower energy use while maintaining
accuracy [20]. For the liquidity imbalance module, sampling strategies that use representative
order-book snapshots instead of raw tick data reduce computational load without significant
information loss.

Operational robustness requires redundancy for all critical components. Early warning
systems must remain operational during market stress, which is precisely when
communication networks may be congested or individual nodes fail. Geo-replicated data
centers with load balancing and failover capabilities are essential. Furthermore, the system
should degrade gracefully: if the sentiment pipeline fails, the risk inference layer should rely
solely on liquidity and drawdown signals, with an appropriate flag indicating reduced
coverage.

6. Robustness, Fairness, and Policy Implications

Robustness of a multi-modal early warning system is threatened by concept drift, adversarial
attacks, and data poisoning. Financial markets are non-stationary: the relationship between
sentiment and returns changes across bull and bear markets, and during crises the liquidity
imbalance signal can become highly erratic. Continuous monitoring of model performance
using distributional tests is necessary to detect drift and trigger model retraining [21]. Online
learning algorithms that update parameters incrementally can adapt faster but risk overfitting
to noise.

Adversarial attacks on news sentiment models have been demonstrated: subtle changes in
word choice can flip sentiment predictions, potentially allowing market participants to inject
false signals that trigger or suppress alerts [22]. Defenses include adversarial training and
input sanitization (e.g., removing known manipulation patterns). Liquidity imbalance is
harder to manipulate because it requires real order-book activity with significant capital, but
spoofing strategies (placing then canceling large orders) can temporarily distort the metric.
The leakage-safe drawdown signal is designed to resist manipulation because it uses only
price information that is difficult to fabricate; however, if the assumed information set is
incomplete, a determined actor could still create residual patterns [18].



Fairness issues extend beyond bias in sentiment models. The early warning system, if
deployed by a regulatory authority, could be perceived as targeting specific firms or sectors.
Transparent methodology and independent audits can mitigate perceptions of unfairness.
Additionally, the threshold for issuing an alert must be calibrated to balance type I and type II
errors across diverse market conditions. A threshold that works well during normal times may
produce excessive false alarms during a crisis, potentially causing alarm fatigue.

Policy implications are profound. Central banks and financial regulators are increasingly
interested in real-time monitoring tools for systemic risk [23]. A multi-modal system could
inform macroprudential policy decisions, such as adjusting margin requirements or imposing
trading halts. However, the deployment of such a system by a regulator raises questions about
market transparency: if the system’s signals are made public, they could become self-
fulfilling prophecies. The leakage-safe property of the drawdown signal [18] is especially
valuable in this context, as it provides a confidential indicator that can be used internally
without triggering adverse market reactions.

Cross-domain comparisons offer valuable lessons. In epidemiology, early warning systems
for disease outbreaks combine syndromic surveillance (similar to sentiment) with laboratory
confirmation (similar to drawdown) and mobility data (similar to liquidity imbalance) [24].
The challenge of balancing sensitivity and specificity is analogous, and the failure of some
systems during the COVID-19 pandemic underscores the importance of robustness to data
source disruption. In climate monitoring, early warning for extreme weather events relies on
ensemble models that fuse satellite, radar, and ground station data; fairness concerns arise
regarding differential coverage and response capacity in low-income regions [25]. These
parallels suggest that governance frameworks for financial early warning should adopt
principles from public health and environmental monitoring: openness, accountability, and
continuous evaluation.

7. Conclusion

This paper has presented a system-level framework for multi-modal financial early warning
that integrates news sentiment, liquidity imbalance, and a leakage-safe drawdown signal. By
examining the architectural, infrastructural, and governance dimensions, we have shown that
the fusion of heterogeneous signals offers superior resilience compared to unimodal
approaches, but only if the system is designed with attention to temporal alignment,
scalability, robustness, and fairness. The leakage-safe drawdown signal [18] emerges as a
critical component that addresses the vulnerability of early warning systems to information
leakage and strategic manipulation.

The research agenda ahead includes empirical validation of the proposed architecture on
historical data across multiple asset classes and crisis episodes, as well as the development of
online evaluation metrics that can guide adaptive fusion weights. There is also a need for
interdisciplinary collaboration between computer scientists, financial economists, and policy
makers to design governance structures that ensure the system serves the public interest. As
financial markets continue to evolve with new instruments and participants, the principles of
multi-modal early warning—diversity of signals, transparency of fusion, and accountability
for outcomes—will remain foundational to systemic stability.
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