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Abstract

Decentralized finance exposes supervisors
to fast-moving, networked credit risks that
are difficult to inspect directly from raw
on-chain records. We present DeXposure-
Claw, an end-to-end decision-support system
that converts forecasts of future exposure
networks into bounded, auditable review
tickets. DeXposure-FM produces future graph
distributions. Deterministic monitors and
stress scenarios organize forecast signals
into a typed EvidenceBundle, and an LLM
turns this record into ranked tickets with
evidence-linked rationales. Data-health and
confidence controls restrict intervention-level
outputs when the supporting evidence is
insufficient, while supervisors retain final
authority. DeXposure-Bench evaluates the
resulting workflow across forecasting, warning,
calibration, stress analysis, ticket construction,
and degraded-input behavior. The release
schema separates forecast evidence, queue
position, and control state for supervisory
review. Retained legacy tickets do not contain
every designed gate field. Code: https:
//github.com/EVIEHub/DeXposure-Claw/
tree/finnlp-2026-code-snapshot-v1.

1 Introduction

Decentralized finance (DeFi) creates networks of
token-mediated credit exposure among lending
protocols, decentralized exchanges, stablecoins,
bridges, and yield aggregators. A shock at one
entity can change exposures at other entities before
a supervisor can inspect the underlying on-chain
records. Historical events including FTX illustrate
this networked propagation problem (Vidal-Tomás
et al., 2023). A supervisory decision-support sys-
tem must therefore connect a forward-looking net-
work signal to a limited review queue and preserve
the evidence behind each queued item.

Forecasting and supervision operate on differ-
ent objects. A forecaster estimates future nodes,

edges, weights, and uncertainty. A supervisor must
instead choose a bounded set of targets and decide
whether the evidence supports escalation. Lower
graph error does not establish that the first k queue
entries match future high-loss protocols, while a
readable ticket does not establish that its target or
action is forecast-grounded. We therefore separate
the predicted graph, evidence record, ranked queue,
and release state.

The decision-time data object is a sequence of
weighted directed graphs. DeXposure joins weekly
protocol holdings with a token-to-issuer mapping
(Wu et al., 2025). A protocol is a node, and an edge
p→q records that protocol p holds a token issued
or managed by protocol q; its weight records the ex-
posure value. Node descriptors retain protocol size,
token composition, category, previous TVL change,
and normalized graph degrees. This representation
separates protocol size from inter-protocol depen-
dence. Protocols with similar TVL can expose dif-
ferent counterparties, while stable node totals can
hide changes in edge direction, weight, or concen-
tration. Figure 2 shows how one observed graph,
its frozen evidence, and a recorded bounded queue
appear in the replay interface.

Time alignment separates available evidence
from later scoring. At decision epoch t, the pipeline
consumes only G≤t and derived fields. The real-
ized graph Gt+h is reserved for offline labels after
ticket generation. Each evaluation record names
the source and target snapshots, horizon, proxy
rule, and queue depth, preventing the later outcome
from entering the ticket.

An LLM can render numerical evidence as a
readable ticket, but fluency does not validate its
target or action. Existing systemic-risk evaluations
often rank protocols by fractional exposure changes
(Bertomeu et al., 2024; Gonon et al., 2025; Li et al.,
2025). Such rankings can elevate large percentage
changes at small entities without testing whether
tickets match future high-loss targets. DeXposure-
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Claw instead grounds every ticket in forecast evi-
dence and scores target selection against absolute
future loss.

We present DeXposure-Claw to connect a
graph forecast with the supervisor’s review queue.
DeXposure-FM (Shu et al., 2026) predicts future
exposure networks. Monitors and stress scenar-
ios add alerts, attribution, uncertainty, and simu-
lated losses. The LLM converts this record into
ranked tickets. Release controls then restrict which
intervention-level proposals reach human review.
The system does not take autonomous regulatory
action.

The typed EvidenceBundle is the handoff con-
tract between numerical processing and language
generation. It exposes named monitor, attribu-
tion, uncertainty, data-health, horizon, and scenario
fields rather than raw graph state. Each ticket se-
lects one action level from a fixed playbook, names
a target set, and cites EvidenceBundle fields in its
rationale. The LLM cannot alter the forecast, mon-
itor functions, stress definitions, gate thresholds, or
final review decision. The queue Qt orders tickets,
and k fixes weekly review capacity. The release
schema assigns fields for the evidence and control
states needed to measure target precision, recall at
k, false-intervention rate, stability, and review vol-
ume as separate variables. Retained legacy traces
omit some designed gate fields, which bounds the
traceability claim.

DeXposure-Bench is the evaluation harness for
these heterogeneous outputs, not a corpus, fore-
caster, or composite LLM score. It maps forecast
and calibration objects to upstream metrics, warn-
ing and stress objects to deterministic evidence
checks, tickets to fixed-budget queue metrics, and
degraded inputs to robustness tests. A missing
output remains not applicable, and an upstream
gain cannot support a downstream ticket or release-
control claim. Section 5 defines the axes and com-
patible methods.

Evaluation uses historical replay on held-out
weeks. Each comparison names its fixed object and
varied component. Queue comparisons hold the
weeks, proxy, and top-k rule fixed while changing
the evidence path. Control comparisons execute
named evidence-function and threshold conditions.
Only rule-implied gate outcomes are interpreted
deterministically, while other cross-condition dif-
ferences remain descriptive. We report target cov-
erage, false interventions, review volume, stability,
and recorded gate states only for methods that emit

the required object. These offline results do not
establish prospective distress detection, realized-
loss ground truth, analyst validation, reduced live
workload, or safe deployment.

We make three contributions.
• DeXposure-Claw implements an end-to-end

path from predicted exposure networks to a
bounded supervisory review queue.

• A typed EvidenceBundle and release schema
specify the forecast, attribution, stress, rationale,
and control fields required for each ticket.

• DeXposure-Bench evaluates forecast, warning,
calibration, stress, ticket, and degraded-input
objects separately, including workload and false
interventions.
Section 2 reviews related work, and Section 3

defines the graph and decision objects. Sections 4–
5.3 present the pipeline, evaluation contract, and
results.

2 Related Work

Financial networks and DeFi exposure.
Clearing-network models connect bilateral obliga-
tions to contagion and systemic loss (Eisenberg
and Noe, 2001; Acemoglu et al., 2015; Glasserman
and Young, 2016). DeFi changes the observable
contract but not the network question. Tokenized
claims, shared collateral, and composable pro-
tocols create paths through which one entity’s
impairment changes the exposures of others (Gogol
et al., 2024; Bertomeu et al., 2024). Flash-loan
attacks and liquidation spirals show how protocol
mechanics can accelerate those paths (Qin et al.,
2021; Warmuz et al., 2023). Our setting starts from
reconstructed inter-protocol exposure graphs and
asks which future changes should enter a bounded
supervisory queue. The output is a review object
with named evidence, not a clearing solution or an
autonomous trading action.

Temporal graph forecasts for supervision. Dy-
namic graph models represent how nodes, edges,
and weights evolve over time (Pareja et al., 2020;
Xu et al., 2020; Rossi et al., 2020). These mod-
els normally end at a predicted state or forecast
score. A supervisory workflow must still decide
which network changes deserve attention, which
stress evidence supports them, and which proposals
may leave the system. DeXposure-Claw treats the
forecaster as the producer of future evidence and
evaluates the decisions made after that evidence is
available.
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Bench positioning and supervisory proxy.
LLM-agent benchmarks including HELM (Liang
et al., 2022), SWE-bench (Jimenez et al., 2024),
and AgentBench (Liu et al., 2024) score open-
ended reasoning, software repair, and generic agent
behavior. Temporal-graph benchmarks including
TGB (Huang et al., 2023) and OGB (Hu et al.,
2020) score structural prediction. Neither family
scores the targets and action levels in a supervisory
ticket. Prior systemic-risk evaluations (Bertomeu
et al., 2024; Gonon et al., 2025; Li et al., 2025) of-
ten rank entities by fractional weight change, which
can elevate large percentage changes at small en-
tities. DeXposure-Bench instead uses an author-
designed absolute-loss supervisory proxy (§3). The
proxy supports reproducible offline scoring, but it
is not an independently validated regulator label.

LLM agents in finance and DeFi. Fin-
GPT (Yang et al., 2023) adapts language mod-
els to financial data. DeFi-specific systems ad-
dress transaction auditing (Yao et al., 2026), intent
mining (Mao et al., 2025), smart-contract verifi-
cation (Hu et al., 2026; Kong et al., 2026), price-
manipulation detection (Liu et al., 2025), anomaly
explanation (Watson et al., 2025), asset-preference
auditing (Wu, 2026), and portfolio construction
from graph and LLM encoders (Luo et al., 2025;
Jeon and Lee, 2026). DeXposure-Claw instead
drafts proxy-scored tickets from structured forecast
evidence under separate release authority (§5.3).

Forecasts as evidence for LLMs. Prior work
feeds structured numeric inputs into LLMs for
PMI nowcasting (de Bondt and Sun, 2025) and
macroeconomic forecasting (Carriero et al., 2025).
A BIS primer surveys related financial applica-
tions (Kwon et al., 2024). Time-series foundation
models including Chronos (Ansari et al., 2024),
Lag-Llama (Rasul et al., 2024), and TimesFM (Das
et al., 2024) make the forecast producer reusable
across tasks. Tabular foundation models extend
this pattern to heterogeneous structured data (Holl-
mann et al., 2025; Eremeev et al., 2025). These
systems use language models to make or explain
forecasts. In DeXposure-Claw, the language model
enters after the forecast and writes a review artifact
from named evidence fields. The evaluation then
follows that artifact through target selection and
release control.

3 Preliminaries

We model decentralized-finance credit exposure as
a temporal weighted directed graph. Let P be the
universe of protocols and X the universe of tokens.
At time t, protocol p holds tokens Xp(t) ⊆ X ,
while protocol q issues or is economically linked
to tokens XG(q) ⊆ X . Protocol p is exposed to
q if Xp(t) ∩ XG(q) ̸= ∅. The exposure network
is Gt = (Vt, Et,Wt), where Vt ⊆ P is the active
protocol set, Et ⊆ Vt × Vt is the directed exposure
set, and Wt[p, q] = wpq,t ≥ 0 is the corpus expo-
sure weight from p to q. For protocol v, define its
incident exposure mass as

wt(v) =
∑

u∈Vt

wuv,t +
∑

u∈Vt

wvu,t.

The observed history is a sequence of snapshots
G1:T = {G1, . . . , GT }, optionally with covariates
Xt.

At decision epoch t, the forecasting problem is to
estimate Gt+h for horizons h ∈ H. A probabilistic
temporal-graph forecaster outputs

Pt,h = P (Gt+h | G≤t, X≤t).

For each ordered pair (p, q), let

πpq,t+h = Pr(epq,t+h = 1 | G≤t, X≤t),

µpq,t+h = E[wpq,t+h | epq,t+h = 1, G≤t, X≤t] .

A representative predicted graph Ĝt+h is con-
structed by

Êt+h = {(p, q) : πpq,t+h > πmin},
ŵpq,t+h = πpq,t+hµpq,t+h.

Uncertainty is represented by Monte Carlo samples

G̃
(1)
t+h, . . . , G̃

(M)
t+h ∼ Pt,h.

The decision benchmark derives its scoring
proxy from future observed graphs, not from the
forecast or the LLM output. For protocol v and
horizon h, let

∆h
t (v) = wt(v)− wt+h(v).

The proxy set Sh
t contains the top fraction π of

active protocols with positive ∆h
t (v), ranked by

absolute decline. We use π = 0.05 and h = 4
weeks. These choices define an author-designed
supervisory proxy. They have not been validated
as regulator labels or intervention outcomes.
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At each weekly decision epoch, the system re-
turns a ranked queue Qt = (τt,1, . . .) of supervi-
sory tickets. Each ticket records an action, a target
set, a rationale, its supporting EvidenceBundle, and
the release-control states. A supervisor inspects
the first k tickets permitted by the available ca-
pacity. Changing k does not rerun the forecast or
ticket drafting. Let Ŝint

t be the targets assigned
RECOMMENDREDUCE or CONTINGENCY. The
false-intervention rate is

FIR =
|Ŝint

t \ Sh
t |

|Ŝint
t |

,

and is undefined when no intervention-level target
is emitted. FIR measures disagreement with the
proxy. It does not measure the causal harm or
benefit of an intervention.

A monitor maps graphs to scalar risk statistics
Φj : G → R, such as maximum PageRank, HHI
concentration, density, PageRank Gini, or degree
Gini. An alert fires when the predicted-graph statis-
tic Φj(Ĝt+h) deviates from its length-L rolling
baseline by more than z standard deviations.

A stress scenario is a graph perturbation s : G →
G that removes exposure mass. We summarize its
effect on the Monte Carlo samples by the condi-
tional value-at-risk CVaRλ(s, h), the mean of the
worst ⌈λM⌉ sampled loss fractions.

4 DeXposure-Claw Pipeline

The pipeline converts one observed graph into one
bounded review queue while preserving the object
produced at every handoff. This section first gives
the end-to-end path, then specifies how forecast-
ing, monitoring, ticket drafting, and release control
transform the record. The EvidenceBundle sepa-
rates the stages that compute numerical evidence
from the stage that writes language, and the re-
lease record separates ticket drafting from action
eligibility.

4.1 Overview

Figure 1 follows the record through four stages.
Layer 1 forecasts future credit exposure, Layer 2
adds attributed monitor and stress evidence,
Layer 3 drafts ranked tickets, and Layer 4 records
whether each intervention-level proposal satisfies
deterministic release conditions. Raw graph state
cannot bypass the EvidenceBundle, and the LLM
cannot bypass the release controls.

4.2 Layer 1: Forecasting
At decision epoch t, DeXposure-Claw observes the
exposure graph Gt defined in Section 3. For each
forecast horizon h ∈ {1, 4, 8, 12} weeks, it queries
DeXposure-FM for a predictive distribution over
future exposure and constructs an expected-weight
predicted graph Ĝt+h. It also draws Monte Carlo
graph samples that carry predictive uncertainty into
Layer 2. The edge threshold πmin, sample count,
and horizon set are fixed before evaluation.

4.3 Layer 2: Monitoring
Layer 2 turns the forecast into a typed evidence bun-
dle along two parallel tracks, monitors and stress
scenarios. It also scores the snapshot’s data health
DHt ∈ [0, 1], the mean of the checks available
for that snapshot (Section 3). Timestamp validity,
explicit feature missingness, and topology are al-
ways checked. Raw node and edge validity require
source counts, while discontinuity requires a pre-
vious snapshot. Data health later modulates both
alert confidence and the Layer 4 gates. If Qt is
the set of checks available at epoch t, the recorded
score is

DHt =
1

|Qt|
∑

q∈Qt

q.

Given Ĝt+h and its Monte Carlo samples, five mon-
itor functionals summarize concentration, fragility,
and instability in the predicted graph, including top-
1 PageRank (Brin and Page, 1998), HHI concen-
tration (Rhoades, 1993), network density, PageR-
ank Gini, and degree Gini. An alert fires when a
monitor statistic deviates from its rolling baseline
by more than two standard deviations. Each alert
carries a marginal-contribution top-K edge attri-
bution and an uncertainty-aware confidence score
Ct(a) ∈ [0, 1], which decreases with lower data
health or wider horizon-specific Monte Carlo dis-
persion. For alert a on statistic j, let CV(j)

t,h be the
coefficient of variation across its predictive sam-
ples, clamped to [0, 1]. The confidence record is

Ct(a) = DHt

/(
1 + CV

(j)
t,h

)
.

The forecast horizon enters through the predictive
sampling distribution instead of a second determin-
istic penalty.

In parallel, a scenario engine applies the five
fixed shocks in Table 1 to Ĝt+h and each Monte
Carlo sample. For each scenario s and horizon
h, the engine aggregates the worst-half sampled

593



LAYER 1
PREDICTION

LAYER 2
MONITOR & SCENARIO

LAYER 3
LLM DRAFTING

LAYER 4
RELEASE CONTROL

OUTPUT
REVIEW QUEUE

Weekly Exposure Graph Gt

DeXposure-FM

Future Exposure
Distributions Ĝt+h

Stress Scenarios
CVaR cascade losses

Deterministic Monitors
Concentration signals

Uncertainty Summaries
Monte Carlo dispersion

Data-Health Signals
Missingness & staleness

Typed Evidence Contract

alerts attribution

scenario_loss uncertainty

data_health horizons

Decision LLM
Drafts traceable ticket τ

with severities & rationales

Data-Health Gate
Checks DHt score bounds

Confidence Gate
Verifies evidence threshold

Safe mode
Monitor / Investigate only

fail

Ranked supervisory queue
Qt

1 τt,1
2 τt,2
...
k τt,k

target · action · rationale
evidence bundle + gate states

top-k within review budget

Human Supervisor
reviews queue; retains final authority

eligible

× RAW STATE CANNOT BYPASS CONTRACT

Figure 1: DeXposure-Claw workflow. Forecast and deterministic Layer 2 signals form a typed EvidenceBundle.
The LLM drafts ranked tickets, data-health and confidence gates restrict intervention eligibility, and a supervisor
reviews the top k while retaining final authority. The release schema requires evidence, rationale, and gate fields.

losses as CVaR0.5(s, h). These alerts, attribution
fields, confidence scores, and scenario-CVaR table
form the evidence consumed by the LLM.

Table 1 lists the five monitors and five scenarios
side by side. The columns are independent. Moni-
tors summarize the predicted graph, while scenar-
ios store loss and affected targets after a named
perturbation. The LLM cannot select or modify
either library.

4.4 Layer 3: Ticket Drafting

Layer 3 is the only stage that invokes the
LLM, which receives the evidence bundle as a
typed JSON payload containing alerts with at-
tribution top-K, a scenario-CVaR table, Monte
Carlo dispersion summaries, and the scalar data-
health score DHt. It drafts, but does not re-
lease, a ranked list of supervisory tickets. Each
ticket contains (a) a severity level from a fixed
four-action playbook (Monitor, Investigate,
Recommend-Reduce, and Contingency), (b) a tar-
get set of protocols, and (c) a rationale that cites
specific evidence fields by name. Each decision is
drafted three times at temperature 0; the Jaccard
overlap of ticket targets and severities across the
three drafts is the target-stability signal reported in
our evaluation.

4.5 Layer 4: Release Controls

Candidate tickets are not released by default.
Layer 4 applies data-health and confidence gates to
determine whether intervention-level recommenda-
tions are feasible. The data-health gate thresholds
the Layer 2 score. If DHt < τdata = 0.7, the sys-
tem enters safe mode and emits only Monitor or
Investigate tickets. The confidence gate blocks
intervention-level tickets whenever the mean alert
confidence satisfies C̄t < τconf = 0.6, even if the

data-health gate passes. The release schema re-
quires the evidence bundle, the LLM rationale, and
the gate states that produced the ticket. The re-
tained legacy m7 records contain forecast and stress
evidence plus a post-hoc action flag, but not the
data-health and confidence states. They therefore
do not validate complete Layer 4 traces. For an
intervention-level proposal u, the release condition
is

Releaset(u) = I
[
DHt ≥ 0.7 ∧ C̄t ≥ 0.6

]
.

Failure of either condition changes the available
action to Monitor or Investigate and records the
failed state.

The evaluated m7 configuration applies a post-
hoc gate to the LLM-reported risk level and score
rather than to the data-health and confidence signals
above. Its ablation isolates post-hoc action control
and does not validate the two design gates.

Figure 2 joins the review queue, observed graph,
selected ticket, and release-control record for one
historical Terra/Luna replay.

5 Experiments

The evaluation follows the pipeline handoffs. Each
DeXposure-Bench axis scores only configurations
that emit its required evidence, queue, or control
object; missing objects remain unscored.

5.1 Evaluation Questions
The questions separate forecast availability, target
selection, and escalation control.

RQ1: What forecast evidence is available for
downstream review? RQ2: How does the evidence
path shape a bounded review queue? RQ3: When
do deterministic controls restrict escalation?

RQ2 holds the supervisory proxy and queue
rule fixed. RQ3 records outcomes under named
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Table 1: Fixed EvidenceBundle library. Alerts use a 42-week baseline with z = 2; scenarios use the expected graph
and M = 50 predictive samples.

Monitor Signal Definition Scenario Shock Target and magnitude

N1 max PageRank maxv PR(v) S1 protocol failure top-weight protocol, 100%
N2 HHI squared out-degree shares S2 bridge failure all bridge nodes, 100%
N3 density |E|/(|V |(|V | − 1)) S3 de-peg all stablecoin nodes, 50%
N4 PR Gini Gini of PageRank S4 lending shock all lending nodes, 30%
N5 degree Gini Gini of weighted degree S5 correlated stress top ten nodes, 20%

dexposure-claw | weekly review queue

agent> case=terra-luna  input=2022-04-25  forecast=2022-05-23  queue=5  horizon=4w

REVIEW QUEUE K=5 | SCORE ORDER

[1/4] FORECAST  2022-05-23  horizon=4w

      PRED    4,275 nodes / 35,542 edges

      STRESS  S1 | loss=45.63%

#  TARGET RECORDED ACTION | SCORE

01 Convex Finance Contingency  0.97

02 CDAI Contingency  0.88

03 TUSD Contingency  0.84

04 LUNC Recommend-Reduce  0.79

05 Anchor Investigate  0.68

OBSERVED INPUT G_t | 2022-04-25 1,720 N | 6,156 E

AAVE V2

Convex Finance

MakerDAO

CakeDAO

PancakeSwap AMM

displayed backbone 18 nodes / 20 links | coordinates non-metric

SELECTED QUEUE ITEM queue[0] | 1/5

# recorded_call=1/3
[3/4] RECORDED OUTPUT
target Convex Finance
entity_id 319
risk_level critical
risk_score 0.97
action Contingency
LINKED EVIDENCE
exposure USD 77.47T
scenario_max USD 77.47T
[4/4] REPLAYED CONTROLS
contract_valid true
DH_t 0.983 | PASS
confidence n/a | no MC samples
posthoc_gate PASS
posthoc_action Contingency

provenance: queue/evidence recorded | DH_t recomputed | action gate replayed | confidence not reconstructed

Figure 2: Historical replay interface for the Terra/Luna case at decision epoch 2022-04-25. The left panel shows the
recorded K = 5 queue. The center shows a filtered backbone of observed Gt, whose complete mapped snapshot
contains 1,720 nodes and 6,156 directed edges. The right joins the selected output to frozen evidence, recomputed
data health, and a replayed post-hoc action gate. Confidence is unavailable because the archive contains no Monte
Carlo samples.

EMITTED OBJECT FAMILY COMPATIBLE AXES USE

predicted graph or distribution b1, b3, b6 RQ1

monitor alerts or scenario outcomes b2, b4 evidence checks

ranked supervisory ticket queue b5 RQ2, RQ3

No composite score; absent required objects remain n/a.

Figure 3: Compact object map for DeXposure-Bench.
Each axis scores only compatible artifacts, and no com-
posite score is formed.

evidence-function and release-threshold conditions.
The three outcome units are not aggregated.

5.2 DeXposure-Bench

DeXposure-Bench is a six-axis evaluation harness
rather than a corpus, forecaster, or aggregate leader-
board. It attaches compatible metrics to artifacts
emitted at defined pipeline handoffs. Figure 3
groups the axes by artifact family, and Table 2
maps configurations to emitted objects and axes.

Forecast and calibration score the predicted
graph and uncertainty; warning and stress score
Layer 2 outputs; decision scores target quality,
queue-depth coverage, stability, and false interven-
tions; and robustness repeats compatible metrics
under controlled degradation. Separate axes pre-
vent one artifact from masking another.

The primary protocol uses the absolute-loss
proxy in §3, with π = 0.05, h = 4 weeks, ap-
proximately 283 protocols per scored week, and 29
held-out weeks. RQ1 uses b1,b3,b6, RQ2 uses b5,
and RQ3 tests the clean rules path and four mask-
ing regimes. The b2 and b4 axes validate warning
and stress objects.

Data and split. Experiments use DeXposure
weekly exposure graphs. The corpus contains
4,300 protocols, 24,300 tokens, 43.7 million ex-
posure entries, and 283 snapshots from 2020-03
through 2025-08 (Wu et al., 2025). All model se-
lection uses pre-2025 data. The 2025 period is
the frozen test split. Each reported metric can be
traced to a source snapshot, target snapshot, label-
ing rule, configuration, and scoring function in the
evaluation artifact. The benchmark was built by the
same authors as the system and has no independent
regulator validation.

Reference methods and compatible outputs.
Table 2 identifies the input and output of each ref-
erence configuration. Predictor-only methods are
reported on forecast-compatible axes, and ticket-
producing methods are reported on b5. The current-
snapshot LLM receives a text summary of Gt and
has no forecast or additional tools.

Persistence copies Gt to the forecast horizon, so
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Table 2: Configurations, emitted objects, and compatible benchmark axes.

ID Configuration Emitted object Scored axes

h1 weighted-degree monitor on Gt alert stream b2
m1 persistence plus rules predicted graph, ticket set b1,b4,b5,b6
m2 current snapshot plus LLM ranked tickets b5
m3 EvolveGCN (Pareja et al., 2020) predicted graph b1,b4,b6
m4 DeXposure-FM only graph distribution b1,b3,b4,b6
m5 DeXposure-FM plus rules graph distribution, ticket set b1,b3,b4,b5,b6
m6 DeXposure-FM plus LLM ranked tickets b5
m7 DeXposure-FM plus LLM and post-hoc gate ranked tickets b5

Table 3: Forecast records on 29 test weeks at h = 4
(RQ1). PR-MAE is in 10−5. Mean ∆rel is the signed
mean across five b6 masks, not a lower-is-better score.
§ Persistence has fixed zero trend; only the DeXposure-
FM forecast reports PI coverage and ECE.

Model PR-MAE
↓

RankC.
↑

Trend
↑

mean
∆rel

PI-cov/
ECE

Persistence 3.4 .570 .000§ .148 n/a
EvolveGCN 3.5 .551 .324 .040 n/a
DeXposure-FM 4.5 .558 .628 .113 .913/.013

it has zero trend by construction and no learned
uncertainty. The m7 post-hoc gate re-labels high-
severity outputs from the reported LLM risk level
and score. It is evaluated separately from the data-
health and alert-confidence controls in the system
design.

Statistical protocol. Using the 29 held-out
weeks as resampling units, we form percentile con-
fidence intervals from 10,000 bootstrap samples
and paired two-sided p-values from 20,000 sam-
pled sign assignments. These are Monte Carlo
replicates, not additional observations or runs. Be-
cause adjacent graphs share network state, the
unblocked intervals and p-values are descriptive
rather than causal.

5.3 Empirical Results
Tables 3–5 report the forecast, queue, and control
outcomes separately.

RQ1: forecast evidence. Persistence has the
strongest point-error and rank-correlation values,
while DeXposure-FM alone supplies prediction in-
tervals and samples for later monitors and stress
scenarios. EvolveGCN supplies a learned point
forecast without those uncertainty fields. The result
does not identify a universally superior forecaster.

The two remaining axes check Layer 2 objects.
At K = 5, the b2 historical event study records
(precision, recall×103, lead weeks) of (.60, 1.81,

5) for Terra/Luna, (.60, 1.33, 5) for FTX, and (1.00,
1.81, 4) for SVB-USDC. These observations pre-
cede the frozen 2025 split and do not show prospec-
tive detection. On b4 at h = 4, DeXposure-FM
overlap@10 across S1–S5 is (.314, .525, .445, .536,
.602), compared with (.314, .521, .445, .536, .602)
for persistence and (.034, .189, .269, .292, .330) for
EvolveGCN. These values measure scenario-target
fidelity rather than ticket quality.

RQ2: bounded review queue. Table 4A reports
complete ticket sets, and Panel B applies explicit
weekly queue depths. The m1 fields use one con-
sistent rerun; m5 lacks per-target order and receives
no matched-budget values. Against the snapshot
LLM (m2), paired recall tests for m6 and m7 are
unresolved through k = 5 (p ≥ .25). After the
snapshot set saturates at k = 7, p = .0001 for
m6 and p = .0003 for m7. This reflects additional
targets and workload, not better standalone LLM
reasoning; FIR remains separate from ticket F1.

RQ3: deterministic controls. Without scenario
evidence, precision is .000 versus .600 for full m5;
without the confidence gate, FIR is .429. In Panel
B, thresholds above the recorded mean health acti-
vate safe mode and yield zero interventions. Lower
thresholds yield 57, 58, 5, and 25 interventions
across the four masking regimes. Because rows
are independent condition runs, only the safe-mode
implication is deterministic; precision and FIR dif-
ferences are descriptive.

5.4 Supervisory Interpretation

The separate outcome variables expose missing
upstream fields and disabled controls that a system-
wide score would conceal.

Increasing k changes available workload and
proxy coverage. It neither transfers action authority
to the LLM nor establishes that every additional
target is correct.

The degraded-input conditions locate the tested
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Table 4: Ticket results on 29 test weeks (RQ2). Interv.(wk) counts weeks with interventions; Stab. is three-draft
target/action Jaccard. Brackets show 95% CIs. FIR and missing target order are n/a; ∗ marks target saturation.

(A) End-to-end ticket quality
ID Stack Interv.(wk) Prec. Rec. F1 [95% CI] FIR [95% CI] Stab.

m1 persist.+rules 0/29 .633 .004 .0081 [.0041,.0123] n/a .533
m2 snapshot LLM 0/29 .575 .009 .0184 [.014,.022] n/a .532
m5 FM+rules 0/29 .600 .010 .0190 [n/a] n/a .257
m6 FM+LLM 17/29 .570 .012 .0241 [.020,.028] .448 [.293,.601] .488
m7 FM+LLM+post-gate 16/29 .580 .012 .0234 [.019,.027] .437 [.282,.592] .435

(B) Matched-budget (R@k×103 / P@k, top-k targets/week)

Method R@1 P@1 R@3 P@3 R@5 P@5 R@7 P@7

m1 persist.+rules 0.71 .24 2.45 .26 4.05 .26 4.05∗ .26
m2 snapshot LLM 1.53 .52 5.70 .59 9.08 .58 9.35∗ .58
m5 FM+rules n/a, retained artifact has no per-target order
m6 FM+LLM 1.64 .55 5.30 .56 9.63 .59 12.14 .57
m7 FM+LLM+post-gate 1.64 .55 5.30 .56 9.13 .57 11.95 .58

Table 5: Condition records on 29 test weeks (RQ3). Safe is the percentage of safe-mode weeks; #int counts
intervention tickets. Rows run independently. Only Safe = 100% ⇒ #int = 0 is deterministic; other cross-row
differences are descriptive, and FIR is n/a when #int is zero.

(A) Clean rules-path ablation
Config Removed object Prec. FIR Recorded behavior

full m5 none .600 n/a reference rules path
A3, no scenario engine stress evidence .000 n/a no correct ticket target
A2, no confidence gate confidence control .600 .429 intervention disagreement appears

(B) Degraded-input threshold sensitivity at τconf = 0

Masking regime τdata DH Safe (%) #int FIR

edges + features, 90% .70 .587 100 0 n/a
.00 .587 0 57 .510

edges only, 90% .70 .637 100 0 n/a
.00 .637 0 58 .441

features only, 90% .85 .755 100 0 n/a
.70 .755 0 5 .267

edges + features, 80% .85 .751 100 0 n/a
.70 .751 0 25 .400

threshold boundary; other metric differences re-
main noncausal.

The retained m7 records preserve forecast and
stress evidence plus a post-hoc action flag but omit
designed data-health and confidence states. Table 6
supports only a ticket-behavior audit.

6 Conclusion

We presented DeXposure-Claw, which connects
predicted exposure networks to a bounded super-
visory review queue through a fixed EvidenceBun-
dle and release schema. Drafting remains separate
from deterministic controls and human authority.
The retained records lack some designed gate fields,
so complete release-trace validation remains future
work.

Table 6: Stored m7 cases. The future proxy is evaluator-
only, and action_gate_applied=true is a legacy flag.
Missing data-health and confidence fields preclude com-
plete Layer 4 trace validation.

Field Grounded case, 2025-03-24 Failure case, 2025-04-28

Evidence S1 loss 18.67%, 84 distressed;
top target 2786 at $9.35B

S1 loss 22.14%, 44 distressed;
top target 2269 at $5.64B

Interventions 2786, 2269, 118 2269, 2786, 1599
Stored con-
trol

action_gate_applied=true action_gate_applied=true

Future proxy 3/3 targets in S4
t ; FIR .000 0/3 targets in S4

t ; FIR 1.000

7 Limitations

DeXposure-Bench measures offline ticket targeting
and control behavior on one DeFi corpus with an
author-designed future-loss proxy. It does not mea-
sure intervention benefit, autonomous execution,
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or supervisor workload. Validation with practicing
supervisors must measure ticket choices and review
time.

The 29 held-out weekly graphs do not represent
shocks that unfold within a day, and adjacent weeks
share network state. The reported intervals are
descriptive. Historical names may also occur in
an LLM’s training data, and the rules and LLM
paths receive nonidentical inputs. These constraints
preclude causal attribution to the LLM layer.

The retained m7 records store forecast and stress
evidence plus a post-hoc action flag, but not the
designed data-health and alert-confidence states.
The case audit therefore does not validate complete
Layer 4 release traces. The degraded-input rows
are separate condition runs and support the fail-
closed rule implication, not causal estimates for
precision or FIR.

8 Responsible Use and Disclosure

DeXposure contains public on-chain aggregates
collected through DefiLlama (DefiLlama, 2026).
The evaluation uses no wallet-level personal data
or off-chain identities. DeXposure-Claw emits re-
search tickets rather than trades or autonomous
interventions. A human must review every ticket
before any external action. The data-health and
alert-confidence controls belong to the system de-
sign, while the evaluated m7 result uses a distinct
post-hoc action gate.

The authors used AI assistants for code and writ-
ing support. The authors remain responsible for
every claim, citation, experiment, and sentence.
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