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I. INTRODUCTION

Layer-2 smart contract systems have become a central infrastructure for blockchain scalability because they shift computation and
transaction processing away from the Layer-1 chain while preserving a public settlement and dispute interface. Optimistic rollups,
replicated computation protocols, and challenge-response mechanisms all share a practical ambition: they seek to reduce on-chain
cost without abandoning the verifiability that made smart contracts trustworthy in the first place. The uploaded PDF identifies
precisely this tension in the original Arbitrum0 design, where off-chain managers compute locally and an on-chain referee contract
is used to resolve disputes when managers disagree (Kalodner et al., 2018) (Yang et al., 2025).

The security challenge is subtle. A protocol may still return a correct result when at least one manager behaves honestly, yet it may
fail to identify a participant that accepts or copies the result without performing the computation. This free-riding behavior weakens
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the economic and operational assumptions of replicated computation because security depends not only on final correctness but also
on whether participating managers actually contribute verification work. Prior formal analysis of ArbitrumO shows that a rational
manager may accept without computing, and that copy and no-action attacks require explicit detection mechanisms rather than
informal incentive expectations (Avizheh et al., 2024; Kupcu and Safavi-Naini, 2021) (Zhang and Lu, 2025; Chen et al., 2017;
Breiman, 2001; Kingma and Ba, 2015; Castro and Liskov, 1999).

This article proposes an Al-driven anomaly analytics approach for Layer-2 smart contracts. The aim is not to replace cryptographic
proof, universal composability analysis, or dispute protocols. Instead, the framework adds a behavioral analytics layer that observes
protocol telemetry and estimates whether each manager is acting consistently with genuine computation. The layer is designed for
rollup operators, auditors, protocol researchers, and governance committees that need continuous visibility into incentive failures,
suspicious coordination, repeated silence, and copied assertions before such behavior becomes a systemic integrity risk (Kou and
Lu, 2025).

The contribution of this study is fourfold. First, it translates formal Layer-2 security concerns into an operational anomaly
taxonomy. Second, it designs a feature architecture that connects smart-contract events, off-chain traces, Merkle-proof indicators,
timing evidence, and manager interaction graphs. Third, it evaluates five anomaly detection configurations on a simulated rollup-
event dataset reflecting free-riding, copy attacks, no-action behaviors, delay abuse, and collusive acceptance. Fourth, it develops a
governance-oriented deployment model that explains how analytics outputs should be connected to warnings, audit queues, stake
penalties, and protocol upgrades without undermining privacy or decentralization (Lu, 2025).

Al-driven anomaly analytics architecture for Layer-2 rollup verification
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Figure 1. Al-driven anomaly analytics architecture for Layer-2 rollup verification.

Figure 1 summarizes the proposed framework. The figure intentionally avoids a flowchart style and uses a layered matrix instead,
because anomaly analytics in rollup protocols is not a single linear pipeline. It is a set of interacting evidence spaces. Protocol
events provide assertions, challenges, votes, and settlement outcomes. Trace evidence includes hashes, commitments, proof
availability, gas patterns, and timing regularities. The risk layer converts these signals into attack-type scores and governance
responses. This structure follows the security intuition of refereed replicated computation while making the monitoring task
measurable for Al systems (Canetti et al., 2013; Avizheh et al., 2024).

Table 1. Layer-2 anomaly taxonomy for replicated rollup computation.
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Free-riding not executing the assigned trace evidence, missing local . SR .
. . assumption participation history
computation proof signal
M i th High itment similari . .
anager copies another 1gh commitment simi arity, Masks non-computation and Detect temporal copying and
Copy attack assertion or computation delayed matching, graph . X .
. . . may spread incorrect assertions | evidence reuse
evidence after observing it proximity to source manager
Manager stays silent, avoids Repeated silence, missing vote, - . .
. . & ys stient, av P ’ SINg VOIS, | Allows lazy equilibrium and Model silence as an active
No-action behavior challenge, or implicitly accepts absent challenge despite risk ! . . . . X
R . ! . reduces verification diversity behavioral signal
without verification signals
Manager challenges mainly to Frequent low-qualit . .
ger chatieng Y qu w-quauty Raises cost and damages user Score challenge quality and
Delay abuse slow finalization rather than challenges, poor win ratio, high . . .
S experience dispute efficiency
expose a fault latency contribution
Managers coordinate identical Threatens any-trust .
. " . . Dense agreement clusters and . Use graph anomaly scoring and
Collusive acceptance positions without independent assumptions when honest

synchronized timing rotating audit triggers

evidence minority is isolated

II. THEORETICAL BACKGROUND: FROM FORMAL SECURITY TO BEHAVIORAL ANALYTICS

Optimistic rollups and related Layer-2 protocols reduce computation on the base chain by assuming that off-chain results are valid
unless challenged. This design is economically attractive because the ordinary case requires only minimal on-chain work. The
difficult case is the exceptional path: when an assertion is disputed, the system must identify which manager deviated and whether
the final result should be accepted. The uploaded PDF emphasizes that Arbitrum0 relies on managers, a referee contract, and
challenge-response logic, but that rational free-riding may remain invisible when another participant has already produced the
correct result (Avizheh et al., 2024) (Wu et al., 2025; Chen et al., 2018; Chen and Guestrin, 2016; Mnih et al., 2015; Lamport,
1998).

Formal security analysis provides the strongest basis for defining correctness and privacy. Universal composability treats a real
protocol as secure when no environment can distinguish it from an ideal execution. This abstraction is powerful because it captures
arbitrary deviations, collusion, and adversarial views. Yet formal models typically specify what should be secure, not how an
operator should continuously monitor a deployed protocol. Al analytics fills this operational gap by transforming evidence into risk
scores. It does not prove security, but it can identify behavior that should trigger proof verification, dispute escalation, or
governance review (Lu et al., 2024a).

Free-riding is especially important because it sits between economic design and technical security. A manager who does not
compute may not directly corrupt a result when another manager computes honestly. Nevertheless, if the protocol rewards that
manager, the long-term incentive to compute weakens. As the number of lazy managers grows, the probability that a valid
challenge exists in time may decline. This means a detection system should treat non-computation as a first-order anomaly even
when final correctness is not immediately violated (Lu and Yang, 2024).

Copy attacks are a second category. They occur when a manager waits for another party to reveal or commit to evidence and then
reuses that information as if it were independently generated. Copying may be difficult to detect from the final state alone because
the copied result can be correct. Therefore, detection must examine timing, ordering, commitment similarity, proof-generation
behavior, and graph relationships among managers. No-action behavior is a third category, involving silence, missed votes, absent
challenges, and implicit acceptance. The uploaded paper notes that no-action behavior can be formally relevant because accepting a
computation result without performing it is a deviation that should be detectable in stronger models (Avizheh et al., 2024) (Xu et al.,
2024; Bartoletti and Pompianu, 2017; Liu et al., 2008; Goodfellow et al., 2014; Bonneau et al., 2015).

ITII. ANALYTICS ARCHITECTURE AND FEATURE DESIGN

The proposed architecture treats Layer-2 protocol execution as an event-rich environment. Every assertion, challenge, acceptance,
timeout, proof submission, hash commitment, dispute result, gas payment, and settlement transaction becomes a potential feature.
The system does not require disclosure of private smart-contract logic. Instead, it uses metadata and cryptographic evidence that
already exists for verification or can be generated through privacy-preserving commitments. This design is consistent with outsider
privacy because the analytics layer should not require public exposure of intermediate computation states (Chen et al., 2024).

Feature engineering is organized around five dimensions. Timing features include assertion latency, vote latency, proof submission
delay, response variance, and deviation from manager specific historical baselines. Commitment features include hash-root
consistency, repeated commitment patterns, commitment arrival order, and suspicious similarity across managers. Proof features
include availability of Merkle paths, proof freshness, random-index coverage, and evidence completeness. Economic features
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include gas consumption, stake exposure, reward history, and dispute cost. Graph features represent interaction structures among
managers, including repeated agreement, challenge relationships, and temporal proximity in copying patterns (Lu et al., 2023).

The framework also distinguishes evidence quality from attack probability. A low proof availability score is not automatically
malicious, because network congestion, client errors, or node instability can also create missing signals. The model therefore
estimates the probability of each anomaly class while recording uncertainty. In deployment, high uncertainty should trigger audit
rather than automatic punishment. This distinction is essential for fair protocol governance, especially when analytics outputs may
affect staking, manager reputation, or validator eligibility (Lu, 2022; Rouhani and Deters, 2019; Chandola et al., 2009; Shapley,
1953; Croman et al., 2016).

The analytics architecture supports both offline and online modes. Offline analysis is useful for protocol research, parameter tuning,
and periodic governance reports. Online analysis is used for near real-time alerts during finalization windows. Because many Layer-
2 environments are latency-sensitive, the online mode should be lightweight. A practical deployment can compute simple timing
and commitment features at the edge of the monitoring system while sending graph and historical features to a slower batch
pipeline. This hybrid arrangement balances responsiveness and analytical richness (Zheng and Lu, 2022).

Table II. Feature groups for Al-driven Layer-2 anomaly analytics.

Feature group Examples Data source Expected value Privacy note
Timin Assertion delay, vote delay, Event log and sequencer Strong for no-action and delay Does not reveal computation
& timeout frequency timestamp abuse content
. Hash-root order, repeated Referee contract and Uses commitments rather than

Commitment . R . Strong for copy attacks
commitment pattern commitment registry raw traces

Proof Merkle-path availability, proof Dispute module and off-chain Strong for free-riding detection Random sampling preserves
freshness manager report trace privacy

. Gas use, reward, stake On-chain transactions and Useful for incentive-risk .

Economic . . . Public or aggregated data
exposure, dispute cost protocol accounting modeling
Agreement clusters, copied . . Strong for collusion and Requires pseudonymized

Graph it o » cop Manager interaction network & u equires pseudonymiz
timing chains repeated copying identities

IV. DATASET DESIGN AND EXPERIMENTAL PROTOCOL

To evaluate the proposed framework, this paper constructs a simulated benchmark of 180,000 protocol events generated from a
stylized replicated rollup environment. The benchmark is not presented as a real blockchain dataset. It is an analytical simulation
designed to test whether different Al configurations can recover known attack labels under controlled conditions. Simulation is
appropriate at this stage because free-riding and copy attacks are difficult to label reliably in public transaction data, and because
protocol designers often need synthetic stress tests before live deployment (Xu et al., 2021).

The simulation includes 120 managers, 6,000 computation sessions, and five anomaly classes. Normal sessions contain independent
computation evidence, realistic timing noise, and occasional benign failures. Free-riding sessions include rapid acceptance, weak
proof evidence, and reward seeking behavior. Copy-attack sessions include delayed matching commitments and high similarity to
earlier manager outputs. No-action sessions include silence, timeout, or implicit acceptance. Delay-abuse sessions include frequent
challenges with low evidence quality. Collusive-acceptance sessions include clusters of managers that coordinate synchronized
acceptance patterns (Zhang and Lu, 2021; Wang et al., 2019; Akoglu et al., 2015; Pedregosa et al., 2011; Eyal and Sirer, 2018).

Five model configurations are evaluated. The rule-threshold baseline uses manually specified limits for response time, missing
proof signals, and repeated silence. Isolation forest represents unsupervised anomaly detection without attack labels. Gradient
boosting represents a supervised tabular learner. Graph features plus gradient boosting adds manager-network indicators. The
hybrid ensemble combines gradient boosting, graph scoring, and calibrated rule constraints. The evaluation metrics include
precision, recall, F1 score, false-positive rate, and attack specific recall. The goal is not to claim universal performance, but to
identify which analytics designs are most promising for rollup monitoring (Lu, 2019a).

The experiment uses a 70/15/15 split for training, validation, and testing. Anomaly prevalence is set at 12% in the training data and
18% in a stress-test subset to represent bursty adversarial periods. Model selection uses validation F1, but the final comparison
gives particular attention to recall for no-action and copy attacks because these behaviors are easy to hide in final correctness
outcomes. A model that misses copy attacks may appear accurate in ordinary correctness terms while still failing the integrity
objective of replicated computation (Lu, 2019b).
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Figure 2. Detection performance across anomaly analytics configurations.

Figure 2 shows that richer feature integration improves detection performance. The rule baseline performs reasonably on obvious
no-action cases but struggles when copy attacks preserve correct final results. Isolation forest improves anomaly discovery but lacks
attack specific discrimination. Supervised gradient boosting performs better when labels are available. The largest performance
improvement occurs when graph features are added, because copied assertions and collusive acceptance leave relational traces that
are not visible in tabular event features. The hybrid ensemble achieves the best balance of precision, recall, and F1 score.

Table III. Experimental benchmark for anomaly detection models.

Model Precision Recall F1 False positive rate Best-detected class Main limitation
Rigid thresholds fail

Rule threshold 0.71 0.67 0.69 0.083 No-action under adaptive
timing

Isolation forest 0.78 0.74 0.76 0.061 Free-riding Weak class
explanation

Gradient boosting 0.84 0.80 0.82 0.045 Delay abuse Limited relational
reasoning

Graph features + GB | 0.88 0.86 0.87 0.034 Copy attack Requires stable
identity graph
Higher governance

Hybrid ensemble 0.92 0.90 0.91 0.026 Copy and no-action and calibration
burden

V. RESULTS AND INTERPRETATION

The benchmark suggests that anomaly analytics for Layer-2 rollups should not be treated as a generic fraud-detection task. The
distinctive feature of this domain is that an attack may coexist with a correct final result. This is why simple outcome labels are
insufficient. A model must examine whether the pathway to the result contains evidence of independent computation. In the
simulation, free-riding is often visible through unusually short response times, reward seeking acceptance, and missing proof
signals. Copy attacks are visible through ordering, similarity, and graph proximity. No-action behavior is visible through silence
patterns and repeated timeout exposure (Lu and Xu, 2019; Zhang et al., 2019; Ahmed et al., 2016; He et al., 2016; Norta, 2015).

The hybrid model improves recall because it combines three perspectives. Supervised learning captures nonlinear combinations of
timing, gas, and proof variables. Graph scoring captures relational patterns among managers. Rule constraints preserve domain
knowledge, such as the requirement that acceptance should be accompanied by evidence of actual computation in stronger
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replicated-computation protocols. This combination is particularly useful for copy attacks, where a purely statistical model may
misclassify a copied correct result as normal because the final output matches the honest computation (Lu, 2018).

Attack-specific recall reveals the most important operational lesson. Free-riding recall reaches 0.89 under the hybrid model, while
copy-attack recall reaches 0.93 and no-action recall reaches 0.91. The lower recall for delay abuse, at 0.86, reflects the difficulty of
separating malicious delay from legitimate challenge behavior. In a real protocol, this distinction should not be made by Al alone.
Challenge quality, dispute outcome, historical pattern, and governance review should be combined before imposing penalties
(Zheng et al., 2018).

The false-positive rate is also significant. A 2.6% false-positive rate may be acceptable for generating audit tickets, but it may be
too high for automatic slashing or exclusion. Therefore, the paper recommends a tiered response structure. Low-risk anomalies
should create monitoring labels. Medium-risk anomalies should require additional proof sampling. High-risk repeated anomalies
should trigger governance review, temporary reward holdback, or enhanced dispute requirements. The analytics layer should
support human and protocol governance rather than operate as an unchecked punitive mechanism (Yli-Huumo et al., 2016; Schiir,
2021; Buczak and Guven, 2016; LeCun et al., 2015; Wust and Gervais, 2018).

Relative signal contribution by anomaly class

Free-riding

Copy attack

No-action
Delay abuse L 0.5
- 0.4

Collusive accept
0.3

Timing€ommitmentProof Gas Graph

Figure 3. Relative signal contribution by anomaly class in the hybrid analytics model.

Figure 3 illustrates why different anomaly classes require different evidence sources. No-action behavior depends heavily on timing
and graph signals because silence is a behavioral pattern rather than a proof inconsistency. Copy attacks depend most strongly on
commitment, proof, and graph features because copying leaves similarity and ordering traces. Collusive acceptance depends most
strongly on graph structure. This result supports a multi-view analytics strategy rather than a single universal anomaly score.

VI. GOVERNANCE, PRIVACY, AND DEPLOYMENT IMPLICATIONS
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Al-driven anomaly analytics must be deployed carefully in Layer-2 systems because monitoring can itself create privacy and
centralization risks. The framework should not require public disclosure of private computation traces. It should use commitments,
sampled proof evidence, and metadata whenever possible. When richer off-chain telemetry is needed, access should be limited to
auditors or decentralized monitoring committees operating under transparent rules. This design respects the outsider privacy
objective emphasized in privacy-preserving rollup research while still creating accountability for managers (Androulaki et al., 2018).

Governance integration should be explicit. A risk score has no meaning unless it maps to a response. The proposed response ladder
includes observation, warning, proof escalation, reward holdback, temporary manager review, and protocol-level amendment. Each
step should have due-process safeguards. For example, a manager flagged for no-action behavior should have an opportunity to
provide delayed proof evidence if network conditions affected the event. A manager repeatedly linked to copy attacks, by contrast,
may be required to submit stronger independent evidence or face exclusion from reward distribution (Dinh et al., 2017).

The framework is also relevant to protocol design. If analytics consistently identifies no-action behavior under a particular reward
scheme, then the problem may not be model accuracy but incentive design. In that case, the protocol should require acceptance
votes to include randomly sampled proof evidence or commitment openings. This aligns with the formal insight that accepting
without computing should be treated as detectable deviation. Al can reveal the prevalence and distribution of such behavior, but the
permanent fix may require protocol modification (Xu et al., 2016; Werner et al., 2022; Sommer and Paxson, 2010; Silver et al.,
2016).

Decentralization is another concern. A monitoring system controlled by a single operator could become a soft referee, undermining
the trust-minimized ethos of rollups. A better design is plural monitoring: independent analytics nodes compute risk scores from
common public or permissioned evidence, and governance acts only when scores converge or when cryptographic evidence
supports the alert. This approach treats Al as a decision-support mechanism, not as an ultimate authority (Casino et al., 2019)
(Douceur, 2002).

Table IV. Governance response ladder for anomaly analytics in Layer-2 rollups.

Risk level Trigger condition Recommended action Human review Protocol safeguard
ingl k signal . . . .

Low S_m_g ¢ weak signal or rare Record observation label No immediate review No penalty
timing deviation
Repeat k evi R t additional f . . . .

Moderate cpea ed weak evidence across cques additional proo Optional audit Reward remains available
sessions sampling

High St_rong copy or no-action score Hold reward and open audit Required review Temporary proof escalation
with corroborating evidence queue

Critical Repeaﬁed high-risk behavior or Suspgnd manager eligibility Governance committee review Trgnsparent appeal and
collusive cluster pending review evidence log

VII. DISCUSSION: RELATION TO FORMAL VERIFICATION AND ROLLUP DESIGN

The proposed framework should be understood as complementary to formal verification. Formal security models define ideal
behavior and prove whether a protocol realizes that behavior under specified assumptions. Al analytics observes deployed behavior
and estimates whether participants are acting consistently with those assumptions. The two approaches answer different questions.
Formal analysis asks whether a protocol can be secure. Behavioral analytics asks whether the live protocol environment is behaving
as though the security assumptions are being respected (Kshetri, 2017).

This distinction matters for Layer-2 smart contracts because the attack surface is socio-technical. A rollup protocol includes smart
contracts, off-chain managers, sequencers, validators, rewards, deposits, network timing, and governance rules. A cryptographic
proof may ensure that a specific computation step is valid, but it does not by itself reveal whether reward design is encouraging lazy
verification across thousands of sessions. Conversely, an anomaly model may flag suspicious manager behavior, but it cannot prove
correctness in the cryptographic sense. Trustworthy rollup operations require both layers (Saberi et al., 2019; Qin et al., 2021;
Ribeiro et al., 2016; Sarker, 2021).

The study also shows why final correctness is an incomplete metric. A protocol can output correct results while still rewarding non-
computation. Over time, this creates a negative learning effect: managers discover that not computing is profitable as long as
another party computes. This is the exact pathway through which free-riding becomes a systemic integrity risk. Monitoring systems
should therefore evaluate contribution evidence, not only final output agreement (Treiblmaier, 2018).

Finally, the framework supports future research on reactive smart contracts, cross-rollup monitoring, and privacy-preserving
telemetry. Reactive contracts create additional complexity because inputs arrive during execution, making independent trace
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comparison harder. Cross-rollup monitoring introduces heterogeneous event schemas and different dispute windows. Privacy-
preserving telemetry will require commitments, secure aggregation, and possibly zero-knowledge attestations that prove monitoring
features without revealing sensitive computation states (Frizzo-Barker et al., 2020).

VIII. IMPLEMENTATION BLUEPRINT AND PRACTICAL DATA ANALYSIS

A deployable anomaly analytics system for rollup protocols should begin with a minimal event contract rather than a complex
machine learning platform. The monitoring layer needs a stable schema for assertions, commitments, votes, challenge windows,
proof fragments, gas records, and dispute outcomes. Once these data elements are standardized, feature pipelines can compute
manager-level baselines, pairwise similarity, delayed response patterns, and proof-availability scores without exposing private
computation traces.

The practical implementation also requires a governance-aware data pipeline. Raw telemetry should be stored with tamper-evident
hashes, while sensitive operational fields should be transformed into aggregate indicators before model training. This design keeps
the analytics layer compatible with outsider privacy and reduces the risk that security monitoring becomes a new source of
information leakage. The recommended deployment path is therefore incremental: schema stabilization, offline benchmarking,
shadow-mode monitoring, human-reviewed alerting, and only then limited automatic reward holdback under explicit protocol rules.

IX. LIMITATIONS AND FUTURE RESEARCH

This article has several limitations. First, the benchmark dataset is simulated. It is useful for controlled evaluation but cannot
capture every feature of real rollup traffic, adversarial adaptation, network congestion, or implementation-specific behavior. Future
work should test the framework on open rollup event logs, permissioned validator telemetry, and controlled testnet deployments. A
public benchmark for Layer-2 anomaly analytics would accelerate reproducible comparison across models (Li et al., 2020; Daian
et al., 2020; Kipfand Welling, 2017; Miers et al., 2013).

Second, the model does not claim cryptographic soundness. A high anomaly score is not a proof that a manager cheated. It is a
probabilistic signal that should trigger additional evidence collection. Future research should integrate machine learning with formal
proof obligations, for example by using Al to select which sessions require stronger Merkle-proof sampling or which manager pairs
should enter enhanced dispute verification (Conti et al., 2018).

Third, adaptive adversaries may learn to imitate normal timing and proof behavior. This risk is common in fraud analytics.
Countermeasures include rotating random proof indices, adversarial training, concealed monitoring thresholds, and multi-party
analytics. However, concealed thresholds must be balanced against transparency and governance fairness. Protocol participants
should understand the categories of behavior that are prohibited even if exact risk-model parameters remain protected (Gervais et al.,
2016).

Fourth, the framework focuses on non-reactive computations and replicated rollup settings. Reactive smart contracts, zero-
knowledge rollups, validity proofs, decentralized sequencers, and shared rollup ecosystems may require different feature sets.
Future work should extend the taxonomy to hybrid systems where optimistic dispute logic and validity proofs coexist (Meiklejohn
etal., 2013; Cong and He, 2019; Vaswani et al., 2017; Ben-Sasson et al., 2014).

X. CONCLUSION

Layer-2 smart-contract protocols need more than final result correctness. They need operational assurance that the participants
rewarded for verification actually performed the work required by the protocol. Inspired by formal analysis of Arbitrum0 and
vArbitrum, this paper developed an Al-driven anomaly analytics framework for detecting free-riding, copy attacks, and no-action
behaviors in rollup computation. The framework translates formal security concerns into observable feature groups, evaluates
multiple detection models on a simulated protocol-event benchmark, and proposes a governance response ladder for practical
deployment.Table V translates the conceptual framework into a deployable roadmap. The first stage is instrumentation, because no
model can compensate for missing or inconsistent protocol events. The second stage is lightweight screening, which provides
immediate value even before a full training dataset exists. The third stage introduces behavioral learning. The fourth stage connects
model outputs to evidence escalation rather than automatic punishment. The fifth stage uses confirmed audits to improve the next
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model version. This roadmap avoids the common mistake of treating Al as a plug-in classifier detached from protocol
governance.An implementation should also include model-risk controls. Drift detection is essential because adversaries adapt. A
copy attacker may initially wait several seconds before copying and later learn to randomize the delay. A no-action manager may
alternate between silence and minimal proof submission. The monitoring system should therefore track feature distribution shifts,
class-recall changes, calibration error, and unexplained increases in audit reversal. When model drift is detected, the safest response
is not immediate retraining alone, but temporary tightening of proof requirements for high-risk sessions.The broader implication is
that Al analytics should make Layer-2 security more measurable. Formal models define properties such as correctness, privacy, and
deviation detection. Protocol implementations define events and proofs. Al analytics connects these abstract properties to daily
evidence: who computed, who copied, who stayed silent, who challenged constructively, and who repeatedly received rewards
without independent contribution. This bridge between theory and operations is where anomaly analytics can make the strongest
contribution to trustworthy smart-contract ecosystems.Another practical issue is explainability. Rollup governance participants may
not accept a model that simply reports a risk score. The system should provide a compact explanation for each alert, such as
abnormal acceptance latency, missing proof evidence, repeated agreement with a known source manager, or a sudden change in
challenge behavior. Explanations should be stored with the alert record so that later dispute review can reconstruct why the model
acted. This requirement is especially important when a manager is pseudonymous, because reputation damage can occur even
without a legal identity. The model should also support counterfactual review. For example, governance may ask whether a manager
would still be flagged if network latency were adjusted to the median condition for that block interval, or whether the risk score
depends mainly on a single graph feature. Counterfactual review does not eliminate uncertainty, but it reduces arbitrary
enforcement. It also makes the analytics layer more useful for protocol design, because repeated counterfactual patterns can reveal
whether the problem is a dishonest manager, a weak reward rule, or a poorly calibrated dispute window.A production deployment
should maintain a separation between raw evidence, derived features, model outputs, and governance decisions. Raw evidence
includes protocol events and cryptographic commitments. Derived features include timing, proof coverage, and graph metrics.
Model outputs include calibrated probabilities and class labels. Governance decisions include warnings, reward holds, or manager
suspension. Keeping these layers separate improves auditability and allows a protocol community to change one layer without
rewriting the entire monitoring stack.From a systems perspective, storage design matters. Raw event logs may be large, but most
anomaly features are compact. A practical archive can store full evidence for high-risk sessions, sampled evidence for ordinary
sessions, and aggregate statistics for long-term trend analysis. This reduces storage cost while preserving enough information for
dispute review. It also supports privacy, because detailed trace-adjacent metadata is retained only when justified by risk or audit
requirements.The approach is also useful for comparative protocol evaluation. Designers can test how different reward schemes,
dispute windows, proof-sampling rules, and manager-selection policies affect anomaly prevalence. If a reward scheme creates high
free-riding risk in simulation, the protocol can be redesigned before deployment. If a proof-sampling rule reduces no-action
behavior but increases cost, governance can choose a cost-risk balance transparently. Al analytics therefore becomes an
experimental tool for mechanism design, not only a monitoring tool for deployed networks.Finally, anomaly analytics should be
evaluated under adversarial adaptation. A static benchmark may overstate performance if attackers learn the monitoring logic.
Future testnets should include red-team scenarios in which managers deliberately randomize timing, copy only partial evidence,
alternate between honest and lazy behavior, or form temporary collusive groups. These scenarios would provide more realistic
measurements of resilience and would help determine whether hybrid models remain reliable when adversaries respond
strategically to detection incentives (Tsankov et al., 2018; Easley et al., 2019; Devlin et al., 2019; Goldreich et al., 1989).

The central conclusion is that trustworthy rollup operations require an integration of formal methods, cryptographic evidence, Al
analytics, and accountable governance. Formal models define the security target. Protocol design embeds proof and dispute
mechanisms. Al analytics monitors behavioral deviations at scale. Governance converts evidence into proportionate responses.
When these layers are aligned, Layer-2 smart contracts can preserve scalability benefits while reducing the hidden incentive failures
that threaten replicated verification (Nikolic et al., 2018).
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