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Abstract

Anti-money-laundering models learn from cases produced by selective investi-

gation, so offline performance can reflect an institution’s scrutiny policy rather

than latent event status. We introduce PolicyShift-AML, a controlled protocol

that holds a synthetic transaction stream and latent labels fixed while varying

the policy that reveals positive labels. A re-audit of the initial implementation

corrected an invalid class-prior estimator, case-control bias in propensity and risk

estimation, right-censoring under confirmation delay, unequal policy capacity,

and latent-label access in model feedback. On 3,029,170 TransXion transactions,

ten-seed experiments show a 26.1%–29.3% best-to-worst training-policy spread

in latent Recall@500; this is training-policy sensitivity, not deployment trans-

fer. Under model-feedback labels, apparent Recall@500 exceeds latent recall by

0.1085 for a neural visible-label baseline. A deployable non-negative positive–

unlabeled estimator, using audit propensities fitted on the complete historical

audit log and a Horvitz–Thompson class prior, reaches 0.4021 Recall@500 at a 30-

day delay under rule-based selection, versus 0.2352 for LightGBM and 0.4021 for

an oracle diagnostic. Graph-history ablations and a stratified 216,315-row IBM

AMLWorld stress test further delimit when shared structure supports inductive

generalization and when positivity failure prevents identification. The results sup-

port policy-aware evaluation, while not establishing efficacy on real institutional

investigations.

Keywords: anti-money laundering, positive–unlabeled learning, selective labels, audit
policy, graph-history features, operational evaluation

1



Latent Financial Graph
t = ( t, t)

Ground Truth Yt {0, 1}

Audit Policy
Pk : e(xt) = (At = 1 xt)

Expected Audit Fraction 

Confirmation Lag
dt = t+  (e.g. 30 days)
Positive proxy: St =AtYt

Unlabeled: St = 0

Visible-Label Baselines
(BCE / LightGBM)

Treat St = 0 as negative
 may learn audit-policy signals

Estimated-Propensity nnPU
Full historical (X,A) audit log

Matured cohort + e(xt)
 assumption-dependent correction

Fig. 1 Revised PolicyShift-AML protocol. The audit decision A is made at triage time from pre-
decision features; the simulated confirmed-positive proxy S = AY becomes usable only after delay
τ . Audit policies share the same expected capacity. Propensities are fitted from the complete (X,A)
audit log, whereas prevalence and PU risk use fully matured cohorts.

1 Introduction

Transaction-monitoring systems do not observe a random sample of illicit and legiti-
mate activity. They observe outcomes of alerts selected by rules, thresholds, analysts,
or incumbent models. Treating every unobserved transaction as benign can therefore
teach a model the historical scrutiny mechanism rather than the latent target. This is
a selective-label problem, distinct from a change in transaction behavior.

A bank can change an alert threshold while the event stream remains fixed;
conversely, criminals can change behavior while the alert policy remains fixed. Conven-
tional temporal drift evaluations mix these processes. Recent work emphasizes ranking
under review capacity [1], temporal graph consistency [2], and feedback limitations in
fraud operations [3, 4], but controlled evidence on the label-generating policy remains
limited.

This study contributes an executable stress-test protocol rather than a claim of
real-bank causal recovery. It (i) separates a latent synthetic stream from five audit
policies with a common expected capacity; (ii) defines training-policy utility and
visible-label optimism on a fixed latent holdout; (iii) evaluates a selected-at-random
positive–unlabeled (PU) learner whose propensity model, class prior, and marginal
risk are estimated on representative historical cohorts; and (iv) tests graph-history
ablations, confirmation delays, and complete typology support loss.

The observable positive proxy is not equated with a legal determination of money
laundering. Financial institutions file Suspicious Activity Reports when activity is
known or suspected to be suspicious; filing is not proof that a crime occurred [5].
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2 Related work

AML benchmarks and representations.

AMLWorld provides realistic synthetic transactions and typology annotations [6].
TransXion was designed to reduce static-pattern shortcuts in dynamic benchmarks
[7]. Network-aware AML research includes structural-entropy representations [8], sub-
graph benchmarks [9], ranking models [1], and pseudo-label graph attention [10]. Our
models use point-in-time graph-history aggregates, not message-passing GNNs.

Positive–unlabeled learning.

PU learning distinguishes observed positives from an unlabeled mixture [11, 12]. Non-
negative PU estimation prevents an empirical negative-risk component from becoming
arbitrarily negative [13]. Under selected-at-random labeling, inverse propensity correc-
tion extends beyond constant labeling probability [14]. Related work studies online PU
learning under drift [15] and PU learning for financial graphs [16]. We focus on imple-
mentation conditions often hidden by oracle evaluation: which cohort fits e(X), which
cohort estimates π, and which sample represents the marginal feature distribution.

Policy feedback and temporal drift.

Continual graph learning addresses changes in data and tasks [17–20]. PolicyShift-
AML instead holds the evaluation population fixed and alters only the mechanism
revealing training positives. This isolates training-label dependence but does not
emulate simultaneous criminal adaptation.

3 Problem formulation

For event i, let Xi be triage-time features, Yi ∈ {0, 1} the latent benchmark label,
Ai ∈ {0, 1} the audit decision, and Si ∈ {0, 1} the simulated positive proxy. The
benchmark assumes

Si = AiYi. (1)

This is a controlled-data assumption of perfect specificity and complete confirmation
among audited latent positives, not a claim about operational SARs.

Let e(x) = P (A = 1 | X = x). Inverse-propensity identification requires consis-
tency, conditional exchangeability Y ⊥ A | X, positivity e(X) > 0, and an adequate
propensity model. Where an assumption fails, the estimator is descriptive rather than
causally identifying.

An audit decision is available immediately, but Si is available only at ti + τ . At
cutoff T , prevalence and risk estimation use

MT,τ = {i : ti + τ ≤ T}. (2)

The class prior is estimated on this representative matured cohort by

π̂HT =
1

|MT,τ |

∑

i∈MT,τ

Si

ê(Xi)
, (3)
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because E[S/e(X)] = E[Y ] under the stated assumptions. This replaces the invalid
ratio E[S]/E[e(X) | S = 1] in the initial pipeline.

3.1 Estimands

Let fP be trained from labels generated by policy P and let H be a fixed latent
holdout. Define

UK(P ) = Recall@K(fP ;H, Y ), ΓK(Pa, Pb) = UK(Pa)− UK(Pb). (4)

The bounded Training-Policy Sensitivity Index is

TPSIK(Pa, Pb) =
|UK(Pa)− UK(Pb)|

max{UK(Pa), UK(Pb), ϵ}
. (5)

TPSI is not the population-stability index and does not measure deployment-
population shift: the holdout is unchanged. Visible-label optimism is Recall@K against
policy-visible positives minus Recall@K against latent labels on the same holdout.

4 Methods

4.1 Audit policies

We simulate uniform, amount-focused, rule-based, model-feedback, and typology-blind
Bernoulli audit mechanisms. Each is calibrated to an expected audit fraction of 0.15
over the stream. The feedback incumbent is trained only from an initial uniformly
audited seed set and observed confirmed positives; it never sees latent Y . Equal capac-
ity does not equalize positive yield, which remains part of the mechanism under
study.

4.2 Deployable PU risk

For score g and positive/negative losses ℓ+ and ℓ−,

R(g) = E[ℓ−(g(X))] + E

[
S

e(X)
{ℓ+(g(X))− ℓ−(g(X))}

]
. (6)

The implementation uses a stable nnPU decomposition. Observed positives receive
self-normalized inverse-propensity weights

wi =
1/ê(Xi)∑

j:Sj=1 1/ê(Xj)
. (7)

Positive risk is π̂
∑

i wiℓ+(g(Xi)). Negative risk is the loss on an independent uni-
form sample from the matured cohort minus the corresponding weighted positive loss,
clipped at zero. The independent marginal sample matters because the classifier set
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includes all visible positives plus at most 120,000 sampled unlabeled events and is not
representative.

We fit ê(X) with a 60-tree LightGBM classifier on the full pre-cutoff (X,A) audit
log and clip predictions to [0.005, 0.99]; the stochastic nnPU weight calculation applies
a further 0.01 floor for variance control. Oracle-propensity nnPU is retained only as
a simulation diagnostic. Baselines are LightGBM on visible labels, a two-layer MLP
with visible-label binary cross-entropy (BCE), and inverse-propensity-weighted BCE.

4.3 Features and leakage controls

Transaction-local features include logged amounts, amount ratio, cross-bank and self-
loop indicators, payment format, hour, and day of week. Graph-history features
add sender/receiver prior counts, totals, means, activity span, and new-node flags
computed from earlier events only. A property test recomputed 25,000 rows after
perturbing future events and required exact invariance of past feature rows.

5 Experimental design

TransXion.

The cache contains 3,029,170 transactions and 4,641 positives. Training precedes 1
April 2025; the fixed April holdout contains 213,662 events and 423 positives. Stage 1
compares label policies at τ = 30 days. Stage 2 uses τ ∈ {0, 7, 14, 30, 60} under amount,
rule, and feedback selection. Stage 3 compares transaction-only with graph-history
features under uniform, amount, and rule policies.

IBM AMLWorld HI-Small.

The source benchmark contains 5,081,134 transactions and 5,177 laundering events
[6]. Stage 4 does not use every background row: it uses a 216,315-row stratified cache
retaining all positives and sampled background. After restricting to days 1–10, 215,636
rows and 4,522 positives remain. Days 1–6 train and days 7–10 test. CYCLE and
BIPARTITE events receive audit probability pexplore ∈ {0, 0.01, 0.05, 0.10} while other
propensities are rescaled to preserve total expected capacity.

Statistics and reproducibility.

Definitive experiments use ten paired seeds. We report mean paired differences, 95%
percentile bootstrap intervals over seed pairs (5,000 resamples), and exact two-sided
sign-flip tests. With ten non-zero pairs, the minimum attainable two-sided value is
2/210 = 0.001953. These summaries have different interpretations and need not agree
mechanically. Manifests store seeds, software versions, cohorts, audit rates, prior error,
and propensity error.
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Table 1 Stage 1 mean Recall@500 over ten seeds.

LightGBM BCE MLP

Training policy Apparent Latent Apparent Latent

Uniform 0.2616 0.2655 0.2974 0.2818
Amount 0.3613 0.3220 0.2959 0.2660
Rule 0.2849 0.2946 0.3071 0.2929
Feedback 0.4539 0.3757 0.4685 0.3600
Typology blind 0.3323 0.3165 0.2888 0.2780
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(b) Utility by Training Policy
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Fig. 2 Stage 1. Left: apparent versus latent Recall@500. Right: latent Recall@500 by training policy
and learner on the same April holdout. The right panel is deliberately not a transfer matrix.

6 Results

6.1 Selective labels distort model comparison

Table 1 replaces the original repeated transfer matrix. On the fixed latent holdout,
LightGBM ranges from 0.2655 Recall@500 after uniform-policy training to 0.3757 after
feedback training; BCE ranges from 0.2660 after amount-policy training to 0.3600
after feedback training. Relative to each method’s best policy, the spreads are 29.3%
and 26.1%.

Uniform-minus-feedback latent recall is −0.1102 for LightGBM (95% interval
[−0.1875,−0.0437]; exact p = 0.0137) and −0.0783 for BCE ([−0.1284,−0.0326];
p = 0.0137). The direction is opposite the old collapse headline: feedback labels
improve latent ranking here. Yet visible evaluation is optimistic under feedback by
0.0783 for LightGBM and 0.1085 for BCE. Policy dependence remains; cross-policy
deployment collapse is not established.
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Table 2 Stage 2 latent Recall@500 at τ = 30 days
(ten-seed means).

Method Rule Amount Feedback

LightGBM visible 0.2352 0.3411 0.3955
BCE visible 0.1787 0.1995 0.2144
IPW-BCE 0.1804 0.2144 0.2213
nnPU estimated 0.4021 0.4014 0.4123

nnPU oracle 0.4021 0.4019 0.4125
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Fig. 3 Stage 2 delay sensitivity. Curves show ten-seed means; non-monotonic visible-baseline behav-
ior reflects label loss and changing temporal composition of the matured cohort.

6.2 Estimated nnPU under confirmation delay

At 30 days (Table 2), estimated nnPU reaches 0.4021 Recall@500 under rule selection,
versus 0.2352 for LightGBM, 0.1787 for BCE, and 0.1804 for IPW-BCE. The nnPU–
LightGBM difference is 0.1669 ([0.1092, 0.2348]; exact p = 0.001953). Under amount
selection it is 0.0603 ([0.0400, 0.0804]; p = 0.001953). Under feedback it is 0.0168
([−0.0045, 0.0418]; p = 0.25), so superiority to LightGBM is not supported there.

Estimated and oracle nnPU differ by at most 0.0005 in these means. This is a
benchmark diagnostic, not validation on bank data. Mean absolute prior error is 1.00×
10−4 under rule selection, 1.05× 10−4 under amount selection, and 3.01× 10−4 under
feedback selection; feedback also has the largest propensity error (0.0172). Across
delays, estimated-nnPU recall remains between 0.3950 and 0.4168, whereas visible
baselines vary non-monotonically as the matured cohort changes.

6.3 Graph-history sensitivity and zero-support stress test

Graph-history nnPU maintains mean Recall@500 of 0.4024, 0.4012, and 0.4007 under
uniform, amount, and rule training policies, giving mean-based TPSI values 0.0029
and 0.0041 for the two selective policies. Transaction-only nnPU scores 0.0014 under
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Fig. 4 Left: Stage 3 training-policy sensitivity. Right: Stage 4 blind-typology Recall@500. At zero
support, non-zero recall is inductive transfer from shared features and does not identify a blind-
stratum response.

every policy. Its TPSI is therefore zero for the wrong reason: uniformly failed mod-
els are superficially invariant. Sensitivity must be reported with absolute utility. For
LightGBM, graph-history TPSI is 0.2323 (amount) and 0.0898 (rule), only slightly
below transaction-only values 0.2486 and 0.0907. Thus the old claim of 3.8–6.3-fold
greater graph invariance is not reproduced. The supported result is that graph-history
features are necessary for useful nnPU ranking in this configuration, not that they
generally guarantee policy invariance.

In Stage 4, the mean number of visible blind-typology positives rises from 0.0
at pexplore = 0 to 2.9, 15.8, and 29.0 as exploration increases. Nevertheless, blind
Recall@500 is non-monotonic: estimated nnPU scores 0.1660, 0.1647, 0.1665, and
0.1664; LightGBM scores 0.1605, 0.1672, 0.1690, and 0.1598. BCE is lower and highly
variable (0.0347 at zero support; seed SD 0.0540). Thus the titration establishes addi-
tional labeled support but does not demonstrate that nominal exploration improves
ranking within this range. At zero support, nnPU’s 0.1660 recall is best understood as
inductive transfer from features learned on other typologies. It cannot validate blind-
stratum identification. Estimated nnPU also does not dominate LightGBM overall: at
zero exploration their overall recalls are 0.1662 and 0.1748.

7 Discussion

The corrected results support three conclusions. Selective observation can change
model ranking and apparent performance even when the latent holdout is fixed. A
carefully implemented PU estimator can be competitive under benchmark assump-
tions, but naive IPW-BCE is not an adequate substitute. Finally, evaluation design is
as consequential as model choice: unequal audit capacity and a mislabeled estimand
produced a stronger but false initial headline.

Validation teams should retain audit-decision logs, distinguish decision from confir-
mation time, and report stress tests under plausible label policies. Random exploration
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may help establish support, but this study does not prescribe a universal percent-
age. Real auditing carries legal, privacy, workload, and fairness constraints requiring
domain-specific governance.

8 Limitations

Both benchmarks are synthetic. The assumptions S = AY , no unmeasured audit
confounding, and positivity may fail in practice. The propensity model is not cross-
fitted or formally calibrated. Ten seeds yield coarse exact tests. Graph-history features
are engineered aggregates rather than a GNN. The IBM cache does not preserve
the source background distribution without sampling weights. At zero blind-typology
support, statistical correction is unidentified; recall reflects inductive extrapolation
and may fail under a different feature–typology relation.

9 Conclusion

After correcting the estimator, cohorts, policy generator, and estimand, the defensible
result is a 26.1%–29.3% training-policy utility spread and policy-dependent visible-
label optimism—not the previously reported 39.7% deployment collapse. Estimated
nnPU is robust in this synthetic delayed-feedback benchmark and closely tracks an
oracle diagnostic, but real-world use depends on auditable selection logs and strong
identification assumptions. The broader contribution is a reproducible way to expose
those assumptions and failures before deployment claims are made.
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