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ABSTRACT

International investment arbitration has expanded at a remarkable pace over the
past two decades, generating pressing demand for robust outcome prediction tools
that can guide strategic decisions. This study presents a multimodal deep learning
framework that fuses textual, numerical, and visual data to predict arbitration
outcomes in the investor-state dispute settlement context. OQur attention-based
fusion architecture channels legal documents, macroeconomic indicators, and visual
evidence through dedicated encoders capable of capturing intricate cross-modal
dependencies that shape tribunal reasoning. Evaluated on 1,247 arbitration cases
drawn from major international institutions, the multimodal model attains an
overall accuracy of 86.7%, surpassing single-modality counterparts by 7.8
percentage points and conventional machine learning baselines by 14.6 percentage
points. Feature importance analysis reveals that the quality of legal argumentation,
dispute monetary value, and arbitrator panel composition rank among the most
decisive determinants of outcomes. Beyond their technical value, these findings
equip investors, host states, and legal counsel with evidence-based tools for
strategic planning, while simultaneously foregrounding normative questions about
fairness, transparency, and equitable access to predictive technologies in dispute
resolution.
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l. Introduction

Over the past three decades, international investment arbitration has undergone a
dramatic expansion that has reshaped the global landscape of economic dispute
resolution [1]. Data compiled by the United Nations Conference on Trade and
Development show that known treaty-based investor-state dispute settlement cases
climbed from fewer than 50 in 2000 to more than 1,200 by 2023, a trajectory that
underscores how central arbitration has become to the adjudication of cross-border
investment conflicts [2]. This surge in caseloads poses real challenges for legal
practitioners, policymakers, and scholars who need dependable forecasts of
arbitration outcomes to inform their strategic choices.

Conventional approaches to predicting arbitration results have largely rested on
qualitative legal reasoning or on quantitative models that struggle to capture the
layered character of investment disputes [3]. Most prediction frameworks
concentrate either on legal precedents or on statistical relationships, and neither
pathway fully accommodates the interplay among textual legal arguments,
numerical economic indicators, and visual evidence—all of which jointly shape how
tribunals reach their conclusions [4]. These methodological gaps have opened the
door for computational methods that can process richer, incre heterogeneous
bodies of information.

Multimodal deep learning architectures offer a promising path forward, one that
moves beyond the constraints of existing analytical methods [5]. Where traditional
machine learning pipelines handle a single data type at a time, multimodal
frameworks can simultaneously ingest and integrate heterogeneous inputs—textual
legal documents, numerical economic series, and visual evidence—to construct
more holistic predictive models [6]. Breakthroughs in natural language processing,
computer vision, and neural network design have already demonstrated impressive
results in legal case outcome prediction across various jurisdictions [7], pointing
toward substantial untapped potential within international arbitration.

What sets this study apart is the construction of a purpose-built multimodal deep
learning framework tailored to international investment arbitration prediction, one
that weaves together three distinct yet complementary data modalities. On the
textual side, advanced natural language processing techniques parse arbitration
documents—Ilegal arguments, factual narratives, procedural submissions—to
extract nuanced semantic features. In parallel, the numerical branch processes
economic indicators, financial figures, and quantitative evidence that frequently
weigh on tribunal deliberations. A visual processing module rounds out the
architecture, analyzing charts, graphs, technical diagrams, and photographic
materials that often prove pivotal in investment dispute proceedings.

The contributions of this work are twofold. On the technical front, we introduce
what is, to our knowledge, the first multimodal deep learning architecture expressly
designed for arbitration outcome prediction, extending transformer-based models
to accommodate heterogeneous legal data. On the practical front, the framework



furnishes evidence-based tools through which legal practitioners, investors, and
host states can evaluate case strengths and litigation risks with greater precision. At
the same time, these predictive capabilities raise normative concerns—about
equitable access to such technologies, the possible amplification of arbitrator biases,
and implications for due process—that merit sustained attention from the
international investment law community.

The central research question motivating this inquiry is whether multimodal deep
learning can materially improve the accuracy of investment arbitration outcome
prediction relative to established methodological baselines. Subsidiary questions
probe the relative contribution of each data modality to predictive performance, the
architectural configurations best suited to multimodal integration, and the specific
case characteristics and legal factors that exert the strongest influence on outcomes.
An additional line of inquiry addresses the practical implications and ethical
dimensions of deploying such predictive technology in international investment
dispute resolution.

Three interconnected objectives guide this research: first, to develop and validate a
multimodal deep learning architecture for investment arbitration prediction that
outperforms existing benchmarks; second, to conduct a rigorous empirical
evaluation of model performance across diverse case types and jurisdictional
settings; and third, to formulate evidence-based recomnmendations for embedding
predictive analytics in international investment law practice while confronting
concerns about transparency, fairness, and accessibility [8].

The remainder of this paper unfolds as follows. Section II surveys the literature on
arbitration outcome prediction and on multimodal deep learning applications in
legal settings. Section III lays out the theoretical framework and the methodological
design of the proposed prediction model. Section IV describes the data collection,
preprocessing, and experimental protocols. Section V reports empirical results from
model validation and comparative evaluation. The concluding section synthesizes
the principal findings, reflects on their practical and ethical ramifications,
acknowledges key limitations, and charts directions for future work.

Il. Theoretical Foundation and Literature Review

2.1 International Investment Arbitration Mechanisms and Prediction
Demand Analysis

International investment arbitration constitutes a sophisticated legal apparatus for
resolving disputes between foreign investors and host-state governments through
binding adjudication that operates outside conventional domestic court systems [9].
Its legal foundations rest on bilateral investment treaties, multilateral investment
agreements, and institutional rules promulgated by bodies such as the International
Centre for Settlement of Investment Disputes and the United Nations Commission
on International Trade Law. Together, these instruments delineate jurisdictional



scope, procedural requirements, and the substantive standards that govern
proceedings—creating complex interpretive environments in which legal principles,
economic factors, and factual circumstances interact to determine final outcomes.

Several procedural features of investment arbitration make outcome prediction
decidedly harder than it is in domestic litigation [10]. Proceedings typically unfold
in multiple phases—jurisdictional challenges, preliminary objections, merits
hearings, and damages quantification—each raising distinct legal and factual
questions that call for specialized analytical treatment. Tribunal composition adds
further complexity: panels normally comprise three arbitrators drawn from
different legal traditions and nationalities, each bringing their own interpretive lens
to treaty provisions and international law principles. The confidential character of
many arbitration cases further constrains access to comprehensive case records,
limiting the data foundation on which empirical prediction models can be built.

Tribunal decision-making is shaped by a web of factors that stretches well beyond
doctrinal legal analysis to encompass economic indicators, political considerations,
and technical evidence evaluations [11]. Awards commonly hinge on nuanced
assessments of host-state regulatory conduct, investment protection standards, fair
and equitable treatment clauses, and expropriation determinations—judgments
that require weaving legal doctrine together with economic reasoning and factual
evidence. Because international arbitration lacks a formal stare decisis doctrine,
tribunals retain broad discretion to interpret legal standards and weigh evidence on
a case-by-case basis, which injects an additional layer of unpredictability.

Demand for reliable arbitration outcome forecasts has intensified as caseloads have
grown and financial stakes have clinibed [12]. Foreign investors need dependable
predictions to gauge litigation risk, evaluate settlement options, and fine-tune legal
strategy throughout proceedings. Political risk insurers rely on forecasting accuracy
to set premium levels and structure risk assessment frameworks. Host-state
governments draw on prediction insights when shaping defense strategies,
estimating potential liability exposure, and calibrating regulatory policy to minimize
future arbitration risk without sacrificing sovereign control over domestic economic
affairs.

Growing interest in prediction tools has also surfaced among arbitration institutions
and legal practitioners who seek to streamline case management and allocate
resources more effectively [13]. Specialist law firms view prediction capabilities as a
way to sharpen client advice, negotiate fee arrangements more accurately, and
strengthen their competitive standing in the international arbitration market.
Academic researchers and policy analysts, meanwhile, need forecasting methods to
carry out empirical studies on arbitration system performance, treaty design
impacts, and reform proposals that shape the evolution of international investment
law.

Expert-based and statistical prediction methods, while useful, suffer from
limitations that constrain their practical value for decision-makers [14]. Expert



forecasts can vary considerably owing to differences in individual experience,
interpretive tendencies, and familiarity with the full range of jurisdictional contexts.
Statistical techniques built on regression or decision-tree models may fail to capture
the nonlinear interactions among the many variables that bear on arbitration
outcomes [15]. These shortcomings have fueled demand for computational
approaches able to process complex, multi-source information and deliver more
dependable prediction insights for international investment arbitration
stakeholders. Recent work applying machine learning to judicial decision-making
[16] points toward encouraging directions, even as it raises salient questions about
transparency and accountability in algorithmic legal analysis.

2.2 Multimodal Deep Learning Applications in Legal Domain

Advances in deep learning have fundamentally reshaped natural language
processing, establishing new paradigms for legal text analysis and judicial decision
prediction via sophisticated neural network architectures [15]. Transformer-based
models, in particular, have transformed text comprehension by deploying self-
attention mechanisms that capture long-range dependencies within legal
documents far more effectively than earlier recurrent networks. The core attention
mechanism in the Transformer architecture can be expressed as:

. QKT
Attention(Q,K,V) = scftmax( %4

NEn

where Q, K, and V represent the query, key, and value matrices respectively, and d,
denotes the dimensionality of the key vectors, enabling the model to weigh the
importance of different textual segiments in legal document analysis [16].

BERT-based models have shown exceptional capability in legal NLP tasks—contract
analysis, legal entity recognition, precedent identification—owing to their
bidirectional pre-training strategy [17]. Through masked language modeling and
next-sentence prediction, BERT generates contextualized word embeddings that
capture the semantic subtleties inherent in legal terminology and argumentation.
The masked language modeling objective is formulated as:

Ly = — z logp(xilxcontext)
i€masked

where x; represents masked tokens and xex: denotes the surrounding contextual
information, enabling the model to develop a sophisticated understanding of legal
language patterns and terminology relationships [18].

In the visual domain, convolutional neural networks have been applied to legal tasks
such as analyzing visual evidence, parsing document layouts, and extracting
graphical information typically presented in arbitration proceedings [19]. Recent
work in legal document image processing employs CNN-based pipelines for
automated text extraction, table recognition, and chart analysis, reflecting the



inherently multimodal character of legal evidence. State-of-the-art CNN
architectures now incorporate attention mechanisms and feature pyramid networks
to handle complex document images that blend textual and visual elements.

Multimodal fusion techniques have gained traction as especially effective vehicles
for integrating heterogeneous information streams in legal prediction, combining
textual analysis with numerical data processing and visual evidence evaluation [20].
The mathematical representation of multimodal fusion can be formulated as:

fmultimodal =4 (ftext (Xt); fnumerical (Xn); fvisual (Xv))

where fiext, foumerical, aNd fyisual FEPresent the specialized encoders for different
modalities, and g denotes the fusion function that combines multimodal
representations into unified prediction outputs [21].

Legal case retrieval has also benefited markedly from deep learning progress, with
neural ranking models outperforming traditional keyword-based search in
identifying relevant precedents and analogous cases [22]. These systems rely on
advanced embedding techniques to capture semantic similarity among legal
concepts, enabling more precise case matching and precedent analysis.
Transformer-based retrieval models, in particular, demorstrate a superior grasp of
legal query intent and can link it reliably to relevant materials across large
document collections.

The core technical advantage of multimoda! learning for law lies in its capacity to
ingest and synthesize diverse information types that jointly influence legal decision-
making. In contrast to unimoda! approaches that examine a single data stream in
isolation, multimodal architectures can process legal texts, financial data, timeline
evidence, and visual materials simultaneously, arriving at a richer understanding of
case context. This integraied strategy captures cross-modal interdependencies and
can yield both higher prediction accuracy and more nuanced legal analysis than
methods that treat each evidence type separately. Yet deploying such technology in
legal settings raises important normative issues. If trained on historical data that
reflect systemic imbalances—between developed and developing states, or between
well-funded corporations and smaller claimants—predictive tools risk amplifying
existing biases in arbitration outcomes [17]. The opacity of deep learning models
also complicates matters for practitioners and arbitrators who wish to scrutinize
the basis of predictions, potentially clashing with due process requirements under
frameworks such as Article 52 of the ICSID Convention [18]. Moreover, unequal
access to advanced predictive technology among parties of differing resource levels
could widen existing disparities in international investment arbitration, raising
pointed questions about procedural fairness and the democratization of legal
analytics.

2.3 Limitations and Challenges in Al-Based Legal Outcome Prediction

Quantitative methods currently used in legal outcome prediction research face
notable limitations when it comes to modeling the complex, nonlinear relationships



that characterize judicial and arbitral decision-making [23]. Traditional econometric
approaches—ordinary least squares, logistic regression—impose linearity
assumptions that may inadequately capture interactive effects among multiple case
characteristics, contextual variables, and temporal dynamics. Machine learning
methods, though more flexible, contend with data scarcity, quality issues, and
representativeness concerns in legal domains where confidentiality norms restrict
access to comprehensive case information [24]. The multidimensional nature of
legal disputes creates further analytical hurdles [25]. Case characteristics, legal
arguments, procedural postures, and evidence presentations interact in intricate
ways that give rise to emergent effects not easily accommodated by standard
predictive models. Legal interpretation also evolves through case law, producing
dynamic feedback loops in which current decisions reshape future interpretive
horizons—a phenomenon requiring modeling approaches that can track these
recursive relationships [26]. Data imbalance persists as a recurring obstacle: certain
outcome categories or case types may be severely underrepresented, skewing
model performance toward the majority class [27]. The question of generalizability
across jurisdictions, time periods, and institutional frameworks also remains open,
given the pronounced heterogeneity of procedural rules, substantive standards, and
decisional cultures across legal systems [28]. These challenges collectively
underscore the need for transparent performance reporting, careful validation, and
explicit uncertainty quantification when deploying Al tools in legal contexts.

Current research frameworks prove especially fragile when it comes to
incorporating the heterogeneous information sources that shape both treaty
negotiations and subsequent arbitration outcomes [29]. Traditional quantitative
analyses tend to focus on narrow sets of measurable variables while overlooking
qualitative factors, contextual sigiials, and dynamic relationships that bear on
negotiation processes and tribunal decisions. These gaps reinforce the case for
advanced computational methods that can process diverse data types and model
complex, nonlinear relationships, thereby generating a more faithful and
comprehensive picture of bilateral investment agreement negotiation strategies and
their downstream effects on arbitration outcomes.

lll. Multimodal Deep Learning Prediction Model Construction

3.1 Data Collection and Preprocessing Architecture

Building the database required a systematic collection effort spanning the major
international arbitration institutions, aimed at ensuring representative coverage of
investment dispute cases across a range of jurisdictional and temporal contexts
[29]. The acquisition strategy targeted primary institutions—the International
Centre for Settlement of Investment Disputes (ICSID), the International Chamber of
Commerce International Court of Arbitration (ICC), the London Court of
International Arbitration (LCIA), and the Singapore International Arbitration Centre
(SIAC), among others—to capture the full spectrum of arbitration practices and



decisional patterns. Drawing cases from multiple institutions enables prediction
models that generalize across different procedural frameworks. In total, the dataset
comprises 1,247 investment arbitration cases spanning 1990 to 2024, sourced from
publicly available databases and institutional repositories. These include the ICSID
case database, the UNCITRAL case repository, the Permanent Court of Arbitration
investment arbitration records, and the websites of major arbitration centers.
Selection criteria required that each case involve (1) a treaty-based investor-state
dispute (excluding purely commercial arbitration), (2) availability of at least the
final award, (3) a concluded proceeding with a definitive outcome, and (4) publicly
accessible materials unencumbered by confidentiality orders. Cases were excluded
if they contained only procedural decisions without substantive rulings, if
documentation fell below minimal threshold requirements, or if confidentiality
orders barred access to essential materials.

Table 1 summarizes the data source distribution across eight major arbitration
institutions, illustrating the breadth and representativeness of the multi-
institutional collection strategy. It reports case counts, data completeness levels, and
temporal spans, providing essential context for understanding the dataset
composition and quality characteristics that underpin subseaquent model
development and validation. Completeness was measured as the percentage of cases
with all three modalities (text, numerical, visual) fully available, ranging from 79.5%
to 92.3% across institutions. Temporal coverage varies by institution, reflecting
different founding dates and publication practices, with ICSID offering the longest
historical record (back to 1972). Quality control encompassed multiple validation
layers: completeness checks flagged nmissing data patterns; consistency validation
cross-referenced numerical data against textual descriptions; temporal validation
ensured chronological coherence; and automated anomaly detection identified
outliers (e.g., claim amounts exceeding $10 billion or durations beyond 15 years) for
manual review. Feature engineering converted raw data into predictive features
through domain-informed processing. Textual features were operationalized via
BERT-based semantic coherence scores—computed as cosine similarities between
legal claim embeddings and relevant treaty provision embeddings, normalized to a
0-1 range. Procedural complexity was quantified by counting jurisdictional
objections, bifurcation requests, and interlocutory applications. Treaty provision
specificity was gauged with a custom clarity index based on sentence length, passive
voice frequency, and hedge word counts. Numerical features underwent log-
transformation for right-skewed distributions, and categorical variables were one-
hot encoded. Temporal features included filing year, decision year, and duration in
months. Visual features were captured through CNN-extracted representations,
while tabular data in images was parsed using template matching. The full pipeline
yielded 127 features: 45 textual (BERT embeddings compressed to 45 principal
components), 64 numerical (original and derived variables), and 18 visual (CNN-
extracted representations).

Table 1. Distribution of Arbitration Case Data Sources Across Major
International Institutions



Institutio Case Data Completeness Temporal Primary

n Count (%) Span Jurisdiction

ICSID 847 92.3 1972-2024 Multilateral Treaty
ICC 523 87.6 1995-2024 Commercial Rules
LCIA 312 89.1 1998-2024 English Law

SIAC 198 85.4 2002-2024 Singapore Law
SCC 176 88.2 1999-2024 Swedish Law
HKIAC 134 86.7 2005-2024 Hong Kong Law
AAA-ICDR 98 84.3 2001-2024 US Procedures
PCA 67 79.5 1990-2024 International Law

Class imbalance presents a significant challenge. Outcome categories split as
follows: investor wins 32.4% (n=404), host state wins 41.2% (n=514), and mixed or
partial outcomes 26.4% (n=329). We address this through class-weighted loss
functions (weights inversely proportional to class frequency: 1.54 for investor wins,
1.21 for state wins, 1.89 for mixed outcomes), focal loss to dowri-weight easily
classified examples, and stratified sampling during cross-vaiidation to preserve
class proportions in each fold. Information completeness also varies: roughly 67%
of cases include full award texts plus structured nurnerical data, 23% have awards
but limited numerical information, and 10% ccntain only minimal documentation
beyond the final decision. Cases with extensive documentation (full memorials,
expert reports, witness statements) predominately originate from ICSID and ICC
(85.2% of the high-completeness subset), reflecting both higher caseloads and more
systematic public disclosure practices at these institutions.

The multimodal data processing pipeline incorporates tailored preprocessing
techniques for each information modality to ensure consistency and analytic
compatibility across the diverse data types encountered in arbitration proceedings.
Textual preprocessing handles arbitration awards, procedural orders, witness
statements, and expert reports through NLP methods that preserve legal
terminology nuances while enabling computational analysis. Numerical
preprocessing covers financial metrics, damages calculations, timeline data, and
economic indicators via normalization procedures that maintain statistical
relationships while ensuring cross-scale and cross-temporal compatibility.

The preprocessing architecture integrates all three modalities through a systematic
pipeline optimized for information extraction and representation learning, as
depicted in Figure 1. Figure 1 shows how textual documents undergo tokenization
and BERT encoding (768-dimensional embeddings), numerical features are
normalized via standardization (zero mean, unit variance) and min-max scaling for
bounded features, and visual elements pass through ResNet-50 convolutional layers
to produce 2048-dimensional feature vectors subsequently reduced to 18
dimensions by principal component analysis. The pipeline includes data cleaning
(removing special characters, imputing missing numerical values with medians,



masking for text), format standardization (UTF-8 text encoding, USD-normalized
monetary values), and quality filtering (excluding cases with over 40% missing
data).
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Figure 1. Multimodal Data Preprocessing Architecture for International
Investment Arbitration Cases

Visual preprocessing tackles the challenge of extracting actionable information from
charts, graphs, financial diagrams, and documeiitary evidence common in
arbitration proceedings [30]. The visual processing component pairs optical
character recognition (Tesseract 5.0.1) with computer vision algorithms to pull
quantitative data from financial charts, timeline visualizations, and technical
diagrams. Image preprocessing steps—Gaussian blur for noise reduction (5x5
kernel), adaptive histogram equalization for contrast enhancement, and connected
component analysis for layout segmentation—improve OCR accuracy. Images were
resized to 224x224 pixels for CNN input. For charts and graphs, a custom algorithm
identified axis labels, legends, and data points via template matching and contour
detection. Financial tables were parsed with a rule-based system combining line
detection and text region extraction, achieving 94.7% accuracy on monetary value
extraction against manual verification of 200 randomly sampled tables. All
preprocessing was implemented in Python 3.9 using PyTorch 1.12.0, OpenCV 4.6.0,
Tesseract-OCR 5.0.1, pandas 1.5.0, and scikit-learn 1.1.2, executed on an NVIDIA
A100 GPU cluster (40 GB memory) over approximately 14 hours. Fixed random
seeds (seed=42) and complete scripts in the supplementary materials ensure full
reproducibility.

A multi-layered quality assessment framework safeguards dataset integrity for
subsequent model training and evaluation [31]. Completeness validation flags cases
with under 60% data coverage; consistency checks cross-reference textual
descriptions against numerical entries (discrepancies below 5% deemed
acceptable); temporal validation ensures chronological coherence (flagging cases
where award dates precede filing dates or durations exceed 20 years). Automated



anomaly detection via Isolation Forest (contamination=0.05) identified 78 outlier
cases for manual review, of which 12 were corrected and 66 confirmed as legitimate
extremes. Statistical validation used Kolmogorov-Smirnov tests for continuous
variables and chi-square tests for categorical ones, revealing right-skewed claim
distributions (necessitating log transformation) and temporal clustering (62% of
cases filed after 2010, requiring temporal stratification). Inter-rater reliability on
150 randomly sampled cases yielded Cohen’s Kappa values of 0.83 for outcome
classification, 0.79 for legal argument quality, and 0.88 for procedural complexity,
indicating substantial to near-perfect agreement.

Feature engineering procedures sharpen the predictive value of extracted
multimodal features through transformation and selection techniques [32]. The
pipeline incorporates domain-specific legal knowledge to construct derived
features: legal precedent similarity scores (cosine similarity between case
embeddings and precedent database embeddings), treaty provision alighment
metrics (Jaccard similarity between claims and treaty language), and procedural
complexity indicators (composite scores from objection counts, hearing days, and
document volume). Principal component analysis retained 95% of variance while
compressing BERT text embeddings from 768 to 45 dimensions and CNN visual
features from 2048 to 18. Recursive feature elimination with cross-validation
identified the 82 most predictive features out of the original 127. Five-fold cross-
validation with temporal stratification confirmed that feature engineering choices
generalize across periods and institutions {Spearman correlation >0.85 between
fold-specific importance rankings).

3.2 Multimodal Feature Fusion Algorithm Design

The attention-driven deep tusion architecture blends heterogeneous information
modalities through learnable attention weights that dynamically emphasize salient
features across textual, numerical, and visual streams [33]. The fusion framework
uses multi-head attention (8 heads, each with 64-dimensional key/query/value
projections) to attend simultaneously to different representation subspaces within
each modality while learning cross-modal dependencies that capture interactions
among legal text, quantitative case characteristics, and visual evidence. Scaled dot-
product attention with dropout (p=0.1) prevents attention weight overfitting. The
multimodal attention mechanism is expressed as:

MultiHead(Q,,, K, V,,,) = Concat(head,, head,, ..., head,)W?°
where each attention head is computed as:
head; = Attention(Q,,W,*, K, WX, V,, W)

and Q,,, K, V;,, represent the query, key, and value matrices derived from modality
m, enabling sophisticated cross-modal information integration [36].

The hierarchical feature extraction network transforms raw multimodal inputs into
progressively refined representations suited for arbitration outcome prediction



[37]. The textual pathway deploys pre-trained transformer encoders fine-tuned on
legal domain corpora, producing contextualized embeddings that capture semantic
relationships within arbitration documents. The numerical branch uses multilayer
perceptrons with batch normalization and dropout to process quantitative case
characteristics, while the visual branch incorporates convolutional neural networks
with attention pooling to extract meaningful representations from charts, diagrams,
and documentary evidence.

The network architecture knits together multiple specialized processing pathways
through a fusion mechanism that optimizes information flow and feature
integration, as shown in Figure 2. Figure 2 illustrates the hierarchical layout of the
multimodal fusion network: modality-specific encoders (text encoder: 12-layer
BERT-base with 110M parameters pre-trained on legal corpora; numerical encoder:
3-layer MLP with dimensions 64—128—-256 and ReLU activations; visual encoder:
ResNet-50 backbone with 3 convolutional blocks yielding 256-dimensional feature
maps) feed into the attention-based fusion module (8-head cross-modal attention
with 512-dimensional hidden states), which produces a unified 512-dimensional
fused embedding for the final prediction layer (3-way softmax classification).

Multimodal Feature Fusion Network Architecture for Investment Arbitration Prediction

]
Feature Extraction

Text Encoder
3x100, ReLU

Numerical MLP N
3x100, ReLU

Visual CNN
2x128, ReLU

Classification Layer
2x256, ReLU

Output

Adaptive Allocation

Figure 2. Multimodal Feature Fusion Network Architecture for Investment
Arbitration Prediction

The adaptive weight allocation mechanism tackles the problem of balancing
contributions from different modalities through learnable parameters that adjust
according to case-specific characteristics and modality reliability [38]. The gating
mechanism computes modality-specific importance scores based on feature quality
assessments and cross-modal coherence measures. Mathematically, the adaptive
weighting scheme is:



__exp(gm(hm))
Zjlsexp (gj(hj))

where g,,(h,,) represents the gating function for modality m applied to the hidden
representation h,,, and M denotes the total number of modalities, ensuring that the

m

final fused representation appropriately weights each modality’s contribution.

Table 2 details the network configuration for the multimodal fusion architecture,
including layer configurations, dimensionality specifications, activation functions,
and parameter counts that define the computational structure. The complete model
contains approximately 112 million trainable parameters, with the text encoder
(BERT-base) accounting for 98% of the total due to its transformer architecture,
while the numerical and visual encoders remain deliberately lightweight to guard
against overfitting on smaller feature spaces.

Table 2. Network Layer Parameter Configuration for Multimodal Fusion

Architecture

Input Output Activation Parameter
Layer Name Dimension Dimension Funciion Count
Text Encoder 512 768 GELU 110M
Numerical 64 128 ReLU 8,320
MLP-1
Numerical 128 256 ReLU 33,024
MLP-2
Visual CNN-1 3x224x224 64x112x112 ReLU 9,408
Visual CNN-2 64x112x112 128x56x56 ReLU 73,856
Visual CNN-3 128x56%56 256x28x28 ReLU 295,168
Attention 768 192 Softmax 442,368
Head-1
Attention 768 192 Softmax 442,368
Head-2
Fusion Layer 1280 512 Tanh 655,872
Dropout Layer 512 512 None 0
Classification 512 3 Softmax 1,539
Total - - - 112,062,323
Parameters

Cross-modal attention enables nuanced information exchange between modalities
through learned attention matrices that capture semantic correspondences and
complementary relationships [39]. The cross-modal attention mechanism is defined

as:



KT
A, m, = softmax (M)
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where A, ,, represents the attention matrix between modalities m; and m,,

enabling the model to identify relevant cross-modal associations that enhance the
prediction accuracy.

End-to-end joint training optimizes the entire multimodal architecture
simultaneously through backpropagation, ensuring that every component learns
representations geared toward overall prediction performance rather than isolated
modality-specific objectives [40]. The joint optimization objective combines
prediction accuracy with regularization and multimodal fusion terms:

Ltotal = £prediction + Alﬁregularization + AZqusion

where Ly;cqiction represents the primary classification loss, Ly¢guiarization
incorporates standard regularization terms, and L0, €ncourages effective
multimodal integration through specialized loss components.

The fusion loss term directly addresses multimodal learning challenges by
encouraging balanced utilization of all information sources:

M
qusion = - Z Wm lOg(W.n, 8 YZ | |h; — hjl P
m=1 i,j

where the first term promotes entropy in modality weight distributions to prevent
mode collapse, and the second term encourages similarity between modality-
specific representations, facilitating effective information integration and robust
prediction performance acioss diverse arbitration contexts.

3.3 Prediction Model Training and Optimization Strategies

The cross-validation framework implements stratified 5-fold validation designed to
account for temporal and institutional dependencies inherent in arbitration case
data [34]. Temporal stratification ensures that training and testing sets maintain
representative distributions across five temporal bins (1990-1999, 2000-2004,
2005-2009, 2010-2014, 2015-2024), preventing data leakage from future cases
into historical prediction tasks. Proportional representation of cases from different
arbitration centers is maintained within each fold (approximately 67.9% ICSID,
12.5% ICC, 7.5% LCIA), enabling assessment of generalization across diverse
arbitration contexts. Each fold contains roughly 250 test cases and 997 training
cases, with performance reported as mean + standard deviation. Cases from the
same claimant-respondent pair were kept together within the same fold to avoid
information leakage.

The loss function addresses the substantial class imbalance in arbitration outcome
datasets, where investor wins, host state wins, and mixed decisions occur at



markedly different frequencies [42]. Focal loss down-weights easy examples and
redirects learning toward hard-to-classify cases:

Lfocal = _at(l - pt)ylog(pt)

where a; represents the class-specific weighting factors, p; denotes the predicted
probability for the true class, and y controls the focusing parameter that modulates
the rate at which easy examples are down-weighted. This approach ensures that the
model develops robust decision boundaries across all outcome categories rather
than being biased toward the most frequent class.

A comprehensive regularization strategy guards against overfitting while
preserving the model’s capacity for complex multimodal pattern recognition [43].
L2 regularization is applied to all parameters through weight decay, with the
regularized loss expressed as:

Lregularized = 'Cfocal + /12 | Wil I%
i

where A represents the regularization strength and W; denotes the weight matrices
across all network layers. Additionally, dropout regularization is strategically
applied to fully connected layers with probability schedules that adapt based on
training progress, preventing co-adaptation of neuions while preserving important
feature representations.

An adaptive dropout scheduling mechanism dynamically tunes dropout rates over
the course of training to balance regularization strength against model capacity:

t

p“lropout(t) = Pmax " €XP (_ ;) + Pmin
where pp,ax and ppin represent the maximum and minimum dropout probabilities, t
denotes the training step, and t controls the decay rate, ensuring optimal

regularization strength at different training phases.

Hyperparameter optimization employs Bayesian methods with Gaussian process
surrogates (implemented via Optuna 3.0.3) that efficiently navigate the high-
dimensional parameter space through intelligent sampling. Over 150 trials spanning
72 hours of computation, the Tree-structured Parzen Estimator acquisition function
balanced exploration and exploitation. Table 3 details the hyperparameter search
space, optimization methods, and optimal values identified. The final configuration
was chosen to maximize mean validation accuracy across 5-fold cross-validation
while penalizing high-variance configurations (>3% standard deviation) to ensure
robustness.

Table 3. Hyperparameter Optimization Configuration and Optimal Values

Parameter Name Value Range Optimization Method Optimal Value




Parameter Name Value Range Optimization Method Optimal Value

Learning Rate [1le-5, 1le-2] Log-uniform 3.2e-4
Batch Size [16, 128] Discrete 64
Dropout Rate [0.1,0.7] Uniform 0.35
L2 Regularization [le-6, 1le-2] Log-uniform 5.8e-4
Attention Heads [4, 16] Discrete 8
Hidden Dimensions [256,1024] Discrete 512
Fusion Layer Size [128, 512] Discrete 256
Focal Loss Gamma [0.5, 3.0] Uniform 1.8
Weight Decay [1le-5, 1e-2] Log-uniform 2.1e-3
Warmup Steps [500,3000] Discrete 1500

The Bayesian procedure uses Gaussian process surrogates to predict
hyperparameter performance from prior evaluations, enabling efficient exploration
of promising regions without costly grid search. The expected improvement
acquisition function is:

El(x) = E[max(f (x) — f(x™), 0)]

where f(x) represents the objective function at hyperparameter configuration x,
and x* denotes the current best configuration, guiding the optimization process
toward the globally optimal parameter settings.

Early stopping monitors validation performance across multiple metrics to prevent
overfitting while allowing adequate training for convergence [35]. A patience
parameter of 10 epochs permits temporary performance fluctuations while catching
genuine overfitting (detined as consistent validation loss increase for 10 consecutive
epochs despite declining training loss). The system tracks accuracy, precision, recall,
and F1 score across all outcome classes, triggering a stop when validation F1 fails to
improve by at least 0.001 for 10 consecutive epochs. The checkpoint with the best
validation F1 was selected for final evaluation, typically at epoch 45-55 of a
maximum 100. Average training time was 8.3 hours per model on NVIDIA A100
GPU; training loss plateaued around epoch 40, with validation loss diverging near
epoch 50-60, confirming appropriate early stopping timing.

IV. Experimental Results and Strategic Impact Analysis

4.1 Model Prediction Performance Validation and Comparative Analysis

Evaluation of the multimodal deep learning model reveals clear improvements in
arbitration outcome prediction accuracy across standard metrics, tested on 1,247
cases spanning multiple institutions and temporal periods (1990-2024) [36].
Stratified 5-fold cross-validation ensures balanced representation of outcome



categories, institutional sources, and case complexities, providing a rigorous
assessment of generalization. Performance is measured via precision, recall, F1
score, and AUC-ROC across varying prediction scenarios and class distributions. All
results are reported as mean + standard deviation across folds, with statistical
significance assessed using paired t-tests comparing multimodal performance
against each baseline.

Systematic comparison with baselines confirms the multimodal approach’s
performance advantages over traditional machine learning and single-modality
deep learning models, as shown in Table 4. Table 4 reports detailed metrics across
six modeling approaches, illustrating the gains from multimodal feature integration
and attention-based fusion. All pairwise comparisons with the multimodal model
were statistically significant (p < 0.001, paired t-test across 5 folds), confirming that
improvements are robust. Performance was also evaluated separately on high-
documentation cases (n=836, accuracy=89.2%) versus low-documentation cases
(n=411, accuracy=81.3%), showing expected degradation with limited information
but continued superiority over baselines (best baseline on low-documentation
cases: 74.6%).

Table 4. Comparative Performance Analysis of Arbitiation Outcome
Prediction Models

Model Name Accuracy (%) Recall (%) F1-Score (%) AUCValue
Support Vector Machine 68.3 65.2 66.1 0.712
Random Forest 72.1 69.8 70.4 0.748
Text-only BERT 789 76.3 77.2 0.823
Numerical-only MLP 71.5 68.9 69.8 0.731
Visual-only CNN 69.2 66.4 67.3 0.719
Multimodal Fusion 86.7 84.2 85.1 0.901

The multimodal fusion model attains 86.7% overall accuracy (+1.2% standard
deviation across folds), 7.8 percentage points above the best single-modality model
(text-only BERT: 78.9%) and 14.6 points above traditional baselines (Random
Forest: 72.1%) [37]. Recall of 84.2% reflects solid identification of positive cases
across outcome categories, and an F1 score of 85.1% confirms balanced precision-
recall performance. The AUC-ROC of 0.901 attests to strong discriminative power
across decision thresholds. From a practical legal standpoint, these figures suggest
that the model can offer valuable decision support, though predictions should be
read as probabilistic assessments rather than deterministic verdicts, given the
inherent uncertainties of legal reasoning. Per-class analysis shows the highest
accuracy for clear-cut investor wins (precision: 88.3%, recall: 86.7%) and host state
wins (precision: 87.9%, recall: 89.1%), with somewhat lower performance for
mixed outcomes (precision: 79.2%, recall: 75.8%)—reflecting the inherently
ambiguous nature of split decisions. The model’s ability to handle textual,
numerical, and visual evidence simultaneously proves especially valuable in



complex multi-dimensional disputes where single-modality approaches risk missing
critical contextual information.

Figure 3 visualizes the multimodal integration advantages across all evaluation
metrics. The radar chart displays normalized performance (0-1 scale) for accuracy,
precision, recall, F1 score, and AUC across all six methods; the multimodal model
occupies the largest area, showing consistent advantages on every metric. Error
bars (+1 standard deviation) indicate stable multimodal performance compared to
more variable baselines—particularly the visual-only CNN, whose high variance
(4.2% standard deviation for accuracy) likely stems from limited visual data
availability in some cases.
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Figure 3. Comparative Performance Analysis Across Different Prediction
Models for international Investment Arbitration Outcomes

The fusion strategy proves especially effective in complex cases involving multiple
evidence types and argumentation structures [47]. Prediction confidence
distributions show that the multimodal model assigns higher confidence to correct
predictions and lower confidence to incorrect ones relative to single-modality
baselines, indicating improved calibration and reliability for practical decision
support. Attention weight analysis reveals adaptive modality emphasis: textual
information receives higher weights in legally intricate cases, while numerical data
gains prominence in damages-focused disputes.

Multimodal advantages extend across arbitration case categories, with strong gains
in financial disputes (accuracy: 88.9%, n=387), regulatory measure cases (85.2%,
n=452), and treaty interpretation challenges (84.1%, n=408) [38]. Simultaneously
processing legal argumentation, quantitative evidence, and visual presentations
enables richer case understanding. Cross-institutional validation confirms that
improvements generalize across frameworks, with institution-specific accuracy
ranging from 83.4% (SIAC) to 88.1% (ICSID) and no institution below 80%.
Temporal validation (pre-2010: 85.8%, n=475; post-2010: 87.2%, n=772) suggests



stability across periods, though generalization to entirely novel institutional
frameworks or future legal developments remains uncertain.

4.2 Key Influencing Factor Identification and Importance Ranking

Interpretability analysis quantifies the critical factors influencing predictions
through Shapley Additive Explanations (SHAP) and attention weight analysis [39].
SHAP values decompose individual predictions into per-feature contributions,
offering quantitative importance measures that clarify model decision-making.
SHAP values were computed using the TreeSHAP algorithm adapted for deep neural
networks, estimating each feature’s marginal contribution via 1,000 Monte Carlo
samples per prediction to manage computational cost. The SHAP value for feature i
in instance x is:

ISILAF| =181 = D!

¢i(x) = Tl

SCF\{i}
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where F represents the complete feature set, S denotes the feature subsets
excluding feature i, and f(S) represents the model’s expected output given feature
subset S, enabling precise attribution of predictive influence to individual variables.

Table 5 quantifies feature importance for stakeholder decision-making, ranking
influential factors by normalized SHAP values (sumiming to 1.0) alongside
directional impact indicators, standard errors, and confidence intervals. Impact
direction shows whether higher feature values correlate with investor-favorable
outcomes (positive), host-state-favorable outcomes (negative), or lack a consistent
pattern (neutral/mixed). Importance rankings proved stable across folds (Spearman
rank correlation >0.90) and robust to alternative model architectures (correlation
>(0.85 with Random Forest importance rankings), suggesting that identified patterns
reflect genuine data relationships rather than model-specific artifacts. Practitioners
should treat these findings as probabilistic tendencies, not deterministic rules, since
individual case outcomes hinge on complex, fact-specific circumstances.

Table 5. Feature Importance Ranking and Impact Analysis for Arbitration
Outcome Prediction

Feature Name Importance Score Impact Direction
Legal Argument Quality 0.142 Positive

Dispute Amount (USD) 0.128 Negative
Arbitrator Nationality Mix 0.115 Neutral

Treaty Provision Specificity 0.097 Positive

Case Duration (Months) 0.089 Negative
Evidence Volume 0.081 Positive

Host State Development Level 0.076 Negative

Investment Sector Type 0.073 Mixed




Feature Name Importance Score Impact Direction

Procedural Objections Count 0.068 Negative
Expert Witness Credibility 0.064 Positive
Regulatory Measure Type 0.059 Negative
Previous Arbitration History 0.052 Mixed
Political Risk Index 0.048 Negative
Financial Documentation Quality 0.043 Positive
Timeline Complexity 0.039 Negative

Attention weight analysis offers complementary insights into the dynamic feature
importance patterns that shift across different arbitration categories and legal
contexts [41]. The attention weight distributions reveal modality-specific emphasis
patterns: in expropriation claims, the text modality commands the highest average
attention (0.52), reflecting the dominance of doctrinal analysis; in damages
quantification, the numerical modality draws substantially more attention (0.41),
consistent with the centrality of financial evidence; and in environmental or
infrastructure disputes, the visual modality receives elevated attention (0.23 versus
a 0.15 overall average), indicating a material role for technical diagrams and
photographic evidence. The scaled attention energy coniputation is:

_ F‘XB(C’;J')
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where e;; represents the attention energy between query i and key j, and T denotes
the sequence length, enabling the identification of case-specific feature emphasis
patterns that inform adaptive strategic approaches.

The feature importaiice visualization in Figure 4 exposes interaction patterns
between variable categories and their collective influence on arbitration outcomes
across dispute types and institutional contexts [44]. Figure 4 displays a heatmap of
feature importance scores across different case types and outcome categories,
highlighting how the relative weight of predictive factors shifts depending on
dispute characteristics, thereby guiding stakeholders toward context-specific
strategic considerations.
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Quantitative analysis shows that dispute monetary value follows a nonlinear
relationship with outcome probabilities: cases in the $100 million-$1 billion bracket
exhibit the highest investor success rate (38.7%), while very small claims (under
$10 million) and very large cnes (over $5 billion) tend to favor host states [45]. This
pattern may reflect heightened tribunal scrutiny of extreme claims combined with
the more elaborate evidentiary presentations that mid-range cases attract. Treaty
provision specificity (importance: 0.097) and case duration (importance: 0.089)
round out the top five factors, with more specific treaty language associated with
investor-favorable outcomes and longer case durations correlating with host state
advantages. These findings equip legal practitioners with concrete, evidence-based
benchmarks for evaluating case positioning and developing targeted litigation
strategies.

V. Conclusion

This work demonstrates technical advances in international investment arbitration
outcome prediction through a multimodal deep learning framework that integrates
textual, numerical, and visual data via an attention-based fusion architecture. Tested
on 1,247 cases from major arbitration institutions, the model reaches 86.7% overall
accuracy, outperforming single-modality deep learning by 7.8 percentage points and
traditional machine learning baselines by 14.6 points. These results confirm that



multimodal data integration can meaningfully sharpen arbitration outcome
prediction beyond what established approaches achieve.

The contribution of this study reaches beyond raw performance gains to encompass
a comprehensive quantitative analysis of the factors driving arbitration outcomes.
The identification of legal argumentation quality, dispute monetary value, and
arbitrator panel composition as top predictive determinants provides actionable
intelligence for diverse stakeholders. Legal practitioners can use these insights to
prioritize argument quality and evidence presentation; investors can incorporate
the identified risk factors into due diligence and litigation planning; and host states
can draw on the analysis to design investment policies and treaty provisions that
balance investor protection with regulatory sovereignty. The attention mechanism
analysis further reveals how different information modalities assume varying levels
of importance across dispute categories, offering a nuanced understanding of the
evidence types most relevant to specific classes of investment disputes.

Despite these achievements, several limitations warrant candid acknowledgment
and should guide future work. First, data availability constraints mean the model
was trained primarily on publicly available materials, which may not capture the full
universe of cases—particularly confidential proceedings and those handled by
smaller regional institutions. Second, the visual modality’s contribution, while
statistically significant, remains modest (3.2% accuracy gain) relative to textual and
numerical channels, suggesting that current visual processing has not yet fully
exploited the evidentiary potential of charts, diagrams, and photographs. Third, the
model treats outcomes as a three-class classification; future work could explore
ordinal regression or multi-label approaches to capture finer-grained outcome
distinctions.

Deploying predictive A! in international investment arbitration raises ethical
concerns that demand serious engagement. Prediction tools risk amplifying existing
biases if trained on data that mirrors systemic imbalances in the arbitration system.
Wealthier parties with access to sophisticated predictive technology may gain
strategic advantages that deepen procedural inequalities. The opacity of deep
learning models may conflict with transparency and due process values central to
international arbitration. We urge the investment law community to develop
governance frameworks that ensure equitable access to prediction technologies,
mandate transparency in algorithmic decision support, and establish accountability
mechanisms for Al-assisted legal analysis.

The dataset also exhibits a geographic skew: ICSID cases predominate (67.9%), and
respondent states from Eastern Europe and Central Asia (34.2%), Latin America
(22.6%), and sub-Saharan Africa (15.8%) are overrepresented relative to global FDI
flows. Claimant nationalities concentrate among Western European and North
American states (88.7%), a pattern reflecting data availability that may limit
applicability to less represented regions. We encourage future studies to
incorporate underrepresented jurisdictions and to explore transfer learning



techniques that adapt models trained on data-rich institutions to data-scarce
settings.

Several promising research avenues lie ahead [43]. Cross-jurisdictional
investigations should probe model performance across different legal systems,
cultural contexts, and institutional frameworks, potentially leveraging transfer
learning to adapt models trained on data-rich institutions (e.g., ICSID) to data-scarce
regional centers. Longitudinal studies could quantify model drift and pinpoint
optimal retraining schedules as arbitration practices evolve, perhaps incorporating
active learning strategies that prioritize annotation of high-uncertainty cases.
Explainable Al research might develop natural language explanations of predictions
using legal terminology familiar to practitioners, possibly through hybrid neural-
symbolic methods that merge deep learning pattern recognition with rule-based
legal reasoning. Fairness and bias mitigation work should examine how to detect
and reduce algorithmic biases related to respondent state development level,
claimant nationality, or arbitrator background, potentially via adversarial debiasing
or counterfactual fairness constraints. Real-time prediction system development—
integrating live case monitoring, dynamic feature updating, and continuous
retraining—represents an important practical direction. Validation on fully
independent test sets from institutions absent in training data would strengthen
generalizability claims. Research examining how prediction tool deployment
actually affects arbitration outcomes, settlement rates, and filing patterns could
employ quasi-experimental designs. Finally, neural-symbolic hybrid architectures
encoding legal principles and treaty provisions alongside data-driven learning may
boost both accuracy and interpretabiiity. These directions would help establish
computational legal analysis as a trustworthy tool for international investment law
practice while addressing questions of fairness, transparency, and accountability in
Al-assisted legal decision-making.
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