23
24
25
26
27
28
29

39
40
41
42
43
44

Learning Time Before Trusting It: Auditing Recognition—-Decision
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Abstract

Typed decision models return probabilities for several typed ques-
tions about the same state. A fraud pipeline can ask “did a card-
testing burst just occur?” and “is this transaction fraudulent?”, then
threshold the second answer. The output that names a risk factor
and the output that drives the action can disagree, which accuracy
cannot reveal. We introduce a counterfactual audit of recognition—
decision consistency and apply it to TypeSafe’s Jev as a case study.
On a synthetic payments benchmark with exact labels, we edit only
timestamps to inject or remove card-testing bursts and ask whether
the model’s own recognition of the change is matched by its fraud
probability. Across 4,948 matched pairs, Jev recognizes the induced
pattern in 87% of label-flipping edits (matched AUROC 0.992), yet
its fraud probability fails to respond in 71% of the changes it recog-
nizes. Its fraud score tracks amount instead (AUROC 0.944—0.4438
when the shortcut is reversed). The inconsistency survives the ob-
vious fix. When the fraud question states the institution’s policy
that this exact pattern is fraud, and the time gaps are given ex-
plicitly, Jev still recognizes 80% of induced patterns and its fraud
probability still fails to respond to 32% of them. Across 12 eval-
uated system/configuration conditions, the audit’s metrics rank
deployment error under shortcut shift better than IID AUROC or
calibration. They also identify the fix: composing Jev’s own recog-
nized concept into a transparent rule cuts its deployment error by
90%. A second model, GPT-40-mini, fails earlier: it rarely recognizes
the timing at all. On real data the gap persists but is smaller: on
labelled card payments, Jev ignores the removal of naturally oc-
curring bursts in 68% of recognized cases, but responds to injected
bursts more often than on synthetic data.
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1 Introduction

A new class of “System One” models returns typed, probability-
weighted answers rather than text. Software consumes these an-
swers directly, in tens to hundreds of milliseconds [1]; the name
alludes to Kahneman’s fast “System 1” [11]. In payments this invites
a natural design: ask the model several questions about the same
transaction history, for example whether there is a burst of trans-
actions, whether velocity has jumped, and whether the transaction
is fraudulent, then threshold the last answer to approve, review or
block.

Multiple typed answers about the same state make a new safety
property testable. A model’s answers should be behaviorally con-
sistent: if the model reports that a fraud-relevant risk factor has
appeared, its fraud judgment should respond to it. A model that

recognizes a card-testing burst but leaves its fraud probability un-
changed gives auditors and downstream rules a false sense of cov-
erage. Its recognition outputs look like an explanation that the
decision does not follow [9, 19]. Accuracy on held-out data cannot
reveal this, and when spurious correlates such as transaction size
are available, high accuracy can coexist with ignoring the timing
that actually defines the risk [7].

We study this behaviorally, through the public API only, with
no access to weights or activations. Our contributions are:

(1) A counterfactual audit of recognition—decision con-
sistency. For a typed decision system that emits several
probabilities about one state, it tests whether the output
that names a risk factor and the output that drives a fi-
nancial action respond consistently to interventions whose
correct effect on both is known. It differs from behavioral
testing of a single output [17], from faithfulness of free-text
explanations [19] (here the “explanation” is the system’s
own typed output), and from shortcut analysis [7] (we mea-
sure what the shortcut does to consistency and to actions).
The audit is organized as RQ1 (recognition), RQ2 (decision
response given recognition), RQ3 (shortcut), and RQ4 (ap-
prove/review/block actions).

(2) A synthetic payments benchmark with exact tempo-
ral labels, a reversible amount shortcut, and timing-only
counterfactual pairs, including negative controls.

(3) A case study of TypeSafe Jev under four conditions on
the full benchmark: no policy, explicit time gaps, policy
stated, and policy plus gaps. Stating the policy narrows
the inconsistency but does not remove it. Across 12 sys-
tem/configuration conditions, including a second model
(GPT-40-mini), the audit predicts deployment error bet-
ter than standard metrics and identifies a composition fix.
Checks on real purchases and labelled card payments find
the gap smaller but present.

Related work. Behavioral testing [17] and counterfactual evalu-
ation [12, 16, 20] probe whether predictions respond to the right
input changes, and shortcut learning [7] explains why high accu-
racy can hide reliance on the wrong ones. Consistency studies test
agreement across paraphrases or related facts [6], and faithfulness
work asks whether stated reasons drive outputs [9, 19]. We do not
claim a new testing paradigm. What is new is the object of the test:
consistency between probability-valued outputs of the same typed
decision system, one naming a risk factor and one controlling a
financial action, under interventions with known effects. Timing
features are central to card-fraud detection [4, 5, 10]; synthetic data
is standard where labels are scarce or private [2, 14].

2 Audit Framework

Setting. A history x is a short sequence of transactions (times-
tamp, amount, merchant category, channel, country, account age),
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and the last one is the transaction under decision. A decision model
answers yes/no questions g about x with probabilities P(q | x). We
ask seven questions jointly: four temporal concepts (rapid burst, ve-
locity increase, escalation after burst, recency anomaly), one static
concept (amount spike), whether the timing indicates elevated risk,
and whether the transaction is fraudulent.

Counterfactual pairs. A timing-only intervention T produces
T(x), which differs from x only in timestamps. Because ground
truth is a known function of x, we know for each pair whether the
target concept c and the true fraud label flip, and in which directions
sc, Sf € {=1, +1}. We define the signed responses

re =sc [P(c | T(x))=P(c | x)],

All four audit questions are computed on pairs where both ¢ and
the fraud label flip, so a fully consistent model has r. ~ rp ~ 1.

Audit quantities. RQ1, recognition: Pr(r, > 7). RQ2, recognition—

decision inconsistency (RDI): Pr(ry < € | r. > 7). We also report
the wrong-direction rate Pr(ry < —¢ | r. > 1), the median ratio
e /re, and how far the model’s own “timing indicates risk” answer
moves on pairs where true temporal risk flips. RQ3, shortcut
conflict: RDI split by whether the amount cue (current amount
> $1,000) agrees or conflicts with the true post-intervention label.
RQ4, actions: with approve < 0.3 < review < 0.7 < block, the rate
at which a recognized change leaves the action unchanged, and the
rate of wrong flags (threshold 0.5) after the intervention. We use
7 =0.4 and € = 0.1 and report the full 7 X € grid in the appendix.
Pairs that share a base history are not independent, so all intervals
are 95% percentile bootstrap intervals that resample base histories
(Wilson intervals [21] where each base contributes one pair).

3 Benchmark

Ground truth. Labels come from deterministic rules. A rapid burst
is > 3 transactions within 5 minutes. Fraud is a burst ending at
the current transaction whose amount is > 5x the median of the
burst transactions before it: card testing followed by a cash-out, a
canonical pattern in which timing is decisive [4, 10]. The absolute
amount plays no role in the label. All temporal rules depend only
on time differences.

Shortcut. The absolute size of the current amount (> $1,000) is

Anon.

Table 1: Main audit (full benchmark, 7=0.4, €=0.1). Recog.
is matched temporal-recognition AUROC, and SB is the
shortcut-broken split. “Amt.” is the mean |AP(fraud)| un-
der label-preserving amount edits, and “Time” under label-
flipping timing-only edits.

Model ID SB Recog. RDI Amt. Time
Oracle 1.000 1.000 1.000 0% 0.00 1.00
Static-only 0.953 0.500 0.497 - 0.74  0.00
Temporal 1.000 1.000 0998 0% 0.00 0.97

Decoupled ctrl. 0.953 0.500 0.998 100% 0.74 0.00
GPT-40-mini 0.885 0.359 0.540 65% 0.83 0.12

ry = sy [P(fraud | T(x))-P(fraud | x)].  Jev 0.944 0448 0992 71% 0.43 0.07

edits of the current amount (amount statistics use only the edits
that leave the true label unchanged). The benchmark has 4,948 pairs
from 800 base histories, with 4,000 training and 1,500+1,500 test
histories.

4 Models

Oracle (the rules); Static-only and Temporal gradient-boosted
trees, one head per question, trained on IID data with static or
static+timestamp features. A Decoupled control has temporal
concept heads and a static-only fraud head. It is a positive con-
trol: it recognizes timing perfectly and ignores it by construction.
Jev (typesafe/jev-1.13-20260917) is queried through the Open-
Router Decisions API [15]. The state is a JSON object listing raw
ISO timestamps, amounts and categorical fields, and the seven noul
questions go in a single request. Every response is cached, and Jev’s
outputs are never fitted or adjusted. The main condition covers
all 4,948 pairs and both test splits (9,016 requests; 43,138 requests
and US$2.36 in total including ablations). Three further conditions
also run on the full benchmark: explicit gaps (the state lists seconds
since the previous transaction), policy stated (the fraud question
states that card testing indicates fraud; Appendix A), and policy +
gaps. A second model, GPT-40-mini, receives the same state and
questions through OpenRouter with a JSON-schema response (no
policy, and policy + gaps). Two robustness ablations (fraud asked
in a separate call; every question paraphrased) run on a stratified

the shortcut. In the IID test split, P(large|fraud)= 0.84 and P(large|benign)= 200-base subset (Appendix C).

0.04. In the shortcut-broken split the correlation is reversed (0.06 and
0.50). Timing patterns (slow, near-burst, burst) and amount patterns
(small charges followed by a larger one, repeated small charges, or-
dinary) are sampled independently. Benign, slowly paced histories
therefore carry the same “small then larger” amounts as fraud, and
only timing tells them apart. Static-only models recognize bursts at
chance (AUROC 0.50; Appendix C).

Interventions. Timing-only edits, with the decision timestamp
held fixed: burst injection (compress the last 2-3 gaps to 15-90's),
burst removal (stretch sub-5-minute gaps to the account’s ordinary
gaps), time compression (X0.1) and expansion (X10) of the last three
gaps. Event-order reversal inside the terminal burst also flips the
label, but it changes which transaction is current, so it is excluded
from the audit statistics (Appendix Fig. 4). Controls: a global shift
by a whole number of weeks, ID resampling, and amount-up/down

5 Results

RQ1: Jev recognizes the temporal structure. On timing-only pairs,
where each base and its counterfactual share every amount, Jev’s
burst answer separates burst from non-burst histories with AUROC
0.992 (Table 1). It recognizes 87% [84%, 89%] of the 832 label-flipping
timing edits, with a median recognition response of 0.80.

RQ2: its fraud judgment does not follow. Among the 723 recog-
nized changes, P(fraud) fails to move by € in the right direction in
71% [68%, 75%] of cases (Fig. 1A). It rarely moves the wrong way
(0%), and only 0.58 of recognized pairs move by more than replay
noise. The median fraud response is 0.09 per unit of recognition
response. Injecting a burst moves P(burst) by 0.74 but P(fraud) by
0.08 (Appendix Fig. 4). Even Jev’s own answer to “does the tim-
ing indicate elevated fraud risk?” moves by a median of only 0.21
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Figure 1: Jev recognizes injected and removed card-testing bursts, but its fraud judgment barely follows. (A) Each pointis a
timing-only pair whose true fraud label flips: the change in the model’s own probability for the target temporal concept (x) vs.
the change in P(fraud) (y). Shaded bands mark recognition—decision inconsistency (recognition response > 7, fraud response
< €). A temporal model lies on the diagonal, the decoupled positive control on the x-axis, and Jev forms a near-flat band. (B)
Fraud AUROC on IID vs. shortcut-broken test sets; the dashed line is chance.

Table 2: Does stating the policy restore consistency? Jev, full
benchmark. Policy: the fraud question states that card test-
ing indicates fraud. Gaps: the state lists seconds since the
previous transaction. CT: card testing.

no policy gaps policy  policy+gaps
Recognition AUROC 0.992 0.992 0.992 0.992
RQ1 recognized 87% 81% 85% 80%
RQ2 RDI 71% 39% 37% 32%
95% CI [68%, 75%] [34%, 43%] [33%, 41%] [28%, 36%]
Response ratio 0.09 0.18 0.46 0.55
Amt. / time sens. 0.43/0.07 0.40/0.13 0.29/0.28 0.28/0.30

AUROCIID / SB 0.944/0.448 0.966/0.534 0.988/0.867 0.989/0.875
Flags affirmed CT 3% 12% 77% 82%
Flags benign large 69% 69% 23% 20%
RQ4 wrong flag 42% 35% 16% 11%

(maximum 0.36; oracle 1.00) on the 404 recognized pairs where
true temporal risk changes. This is not noise. Replaying identical
requests moves P(fraud) by 0.017 on average and at most 0.05. The
global-shift and ID controls move it by 0.02 and 0.02.

Does stating the policy restore consistency? The most natural ob-
jection is that Jev was never told that this pattern counts as fraud.
We therefore stated the policy in the fraud question, gave the time
gaps explicitly, and did both, each on the full benchmark (Table 2,
Fig. 2A-B). Recognition stays high throughout (80% with policy and
gaps). Stating the policy helps: RDI falls from 71% to 37%, and to
32% with gaps as well. The shortcut weakens (shortcut-broken AU-
ROC 0.875). Explicit gaps alone tell a different story. They cut RDI
to 39%, but the probability moves without crossing thresholds, so
the actions remain shortcut-driven: affirmed card testing is flagged
12% of the time and benign large purchases 69%. But even in the
most favourable condition, with the institution’s policy stated and
the gaps spelled out, Jev recognizes a policy-defined card-testing
pattern without moving its fraud probability by € in 32% [28%, 36%)

of recognized cases. Label-preserving amount edits still move its
fraud probability as much as the policy-defined timing does (0.28
vs. 0.30), and it still flags 20% of benign large purchases it says show
no pattern. Providing the policy reduces the inconsistency but does
not eliminate it.

RQ3: the amount shortcut takes over. Without the policy, label-
preserving amount edits move P(fraud) by 0.43 and label-flipping
timing edits by 0.07. When Jev itself affirms the card-testing pattern
at an ordinary amount, it flags only 3% of 678 such states, 80% of
which are fraud. When it denies the pattern but the amount exceeds
$1,000, it flags 69% of 1213 states, none of which are fraud. RDI
itself does not depend on whether the amount agrees with the new
truth (72% vs. 71%, p=0.87). The amount decides only whether the
unmoved score happens to be right.

RQ4: the inconsistency reaches actions. Without the policy, 78%

(74%, 81%)] of recognized label-flipping changes leave the approve/review/Block

action unchanged. After the intervention the 0.5 flag is wrong for
42% of recognized pairs: 9% when the amount agrees with the
new truth, but 90% when it conflicts. Of the 483 recognized tim-
ing changes that create fraud, 28% are still approved outright. No
flag threshold between 0.05 and 0.95 brings the wrong-flag rate on
recognized pairs below 28%.

Does the audit predict and fix deployment failures? We treated
each of 12 evaluated system/configuration conditions (baselines,
decoupled control, four Jev conditions, two GPT-40-mini condi-
tions; not independent model families) as a deployment candidate.
For each, we measured balanced error under the shortcut-broken
distribution, which shares no histories with the audit pairs. Audit
metrics rank deployment error best (Fig. 2C): decision non-response
p=0.96, RDI 0.91 (10 conditions with any recognition), and amount
sensitivity 0.91. Standard metrics do worse: IID AUROC 0.80, recog-
nition AUROC 0.72, decision confidence 0.31, and IID calibration
error 0.22. All four Jev conditions clear an IID AUROC of 0.94, yet
their deployment errors range from 0.15 to 0.62.
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Figure 2: Stating the policy narrows but does not remove the inconsistency; the audit predicts deployment failure and points to
the fix. (A) Across Jev conditions, recognition (hollow) stays high while RDI (filled; 95% cluster-bootstrap CIs) stays substantial.
(B) Flag rate when Jev itself affirms card testing (CT) at an ordinary amount (filled; mostly fraud) vs. denies it at > $1,000
(hatched; never fraud). (C) Spearman correlation with shortcut-broken balanced error across 12 related system/configuration
conditions. (D) Shortcut-broken balanced error when the flag uses P(fraud) as deployed (M0), P(fraud) OR the model’s own

recognized CT answer (M1), or that answer alone (M2).

The audit also identifies the fix (Fig. 2D). Because Jev recognizes
the pattern but does not act on it, a transparent rule that composes
its own typed outputs (M2: flag when Jev affirms the policy-defined
pattern) cuts its shortcut-broken balanced error from 0.62 to 0.06
(90% reduction). Wrong flags on recognized pairs fall from 42% to
10%, and IID balanced error from 0.14 to 0.03. This beats stating the
policy in the prompt (0.17). It barely helps GPT-40-mini (0.65—0.51),
whose low RQ1 puts the bottleneck in recognition: M2 works only
when RQ1 is high, which the audit establishes.

A second model. GPT-40-mini (gpt-40-mini-2024-07-18, same
state and questions, JSON-schema output, temperature 0) fails dif-
ferently. It rarely recognizes the timing change (matched AUROC
0.540; 7% recognized). Its “burst then escalation” answer is itself
amount-driven (affirmed in 100% of large-amount states). Its fraud
score is the most shortcut-driven (amount 0.83 vs. timing 0.12; SB
AUROC 0.359). When it does recognize a change, P(fraud) ignores
it in 65% of cases (n=62). Ignoring recognized timing is thus not
unique to Jev, but GPT-40-mini fails mainly at recognition.

Real data. We repeated the timing-only audit on two real datasets
(Appendix B). Retail purchases (UCI Online Retail [3]; no fraud
labels, so “fraud” is our rule): Jev recognizes 65% of edits, yet RDI
is 88% [78%, 97%] (75% on 17 naturally occurring bursts), falling to
33% with policy and gaps. Labelled card payments (IEEE-CIS [8];
523,746 transactions, reconstructed card ids, chargeback labels):
rapid activity is a real fraud signal (risk ratio 2.06-2.37 across 5-
minute to 24-hour windows). Here the gap is smaller. On a case—
control sample of 600 labelled transactions, Jev’s own temporal
answers add little real-label signal beyond its P(fraud) (AUROC
0.751—0.757, p=0.09), whereas GPT-40-mini’s do (p < 0.001). In

the timing-only audit, Jev’s RDI is 29% [24%, 33%] overall, 25%
for injected bursts, but 68% when naturally occurring bursts are
removed (n=41). The synthetic benchmark thus overstates the gap
on typical card histories, but it persists and is largest for real bursts.

6 Implications for Financial AI Safety

Typed concept outputs are tempting to log as a compliance trail, but
they can be accurate while the action-relevant probability ignores
them [9, 19]: alog showing P(burst) = 0.9 next to an approval records
that the risk was seen and not acted upon. Deployers of multi-
question decision models should run matched pairs that change
only the risk factor and check, at the operating threshold, that the de-
cision moves with the model’s own recognition. Where recognition
is reliable but integration is not, they should compose recognized
concepts with a transparent rule [13, 18].

7 Limitations

“Fraud” is our rule on synthetic and retail data. The labelled card data
has chargeback labels and reconstructed card ids, not documented
card-testing labels. We demand only that P(fraud) rise when a
burst the model itself reports is injected, and also state the policy
explicitly. Claims are behavioral, for one Jev snapshot and one
comparison model; documented card-testing labels are the next
test.

References

[1] Diogo Almeida. 2026. Introducing System One Models & Jev. TypeSafe Al
company blog. https://typesafe.ai 15 September 2026.

[2] Erik Altman, Jovan Blanu$a, Luc von Niederhdusern, Béni Egressy, Andreea
Anghel, and Kubilay Atasu. 2023. Realistic Synthetic Financial Transactions for
Anti-Money Laundering Models. In Advances in Neural Information Processing
Systems (NeurIPS), Datasets and Benchmarks Track.

407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463

464


https://typesafe.ai

465
466
467
468
469
470
471
472
473
474

476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494

495

Learning Time Before Trusting It: Auditing Recognition-Decision Consistency in a Typed Financial Decision Model

[3] Daging Chen. 2015. Online Retail. UCI Machine Learning Repository, https:
//doi.org/10.24432/C5BW33.

[4] Alejandro Correa Bahnsen, Djamila Aouada, Aleksandar Stojanovic, and Bjorn
Ottersten. 2016. Feature Engineering Strategies for Credit Card Fraud Detection.
Expert Systems with Applications 51 (2016), 134-142.

[5] Andrea Dal Pozzolo, Olivier Caelen, Yann-Aél Le Borgne, Serge Waterschoot,
and Gianluca Bontempi. 2014. Learned Lessons in Credit Card Fraud Detection
from a Practitioner Perspective. Expert Systems with Applications 41, 10 (2014),
4915-4928.

[6] Yanai Elazar, Nora Kassner, Shauli Ravfogel, Abhilasha Ravichander, Eduard
Hovy, Hinrich Schiitze, and Yoav Goldberg. 2021. Measuring and Improving
Consistency in Pretrained Language Models. Transactions of the Association for
Computational Linguistics 9 (2021), 1012-1031.

[7] Robert Geirhos, Jérn-Henrik Jacobsen, Claudio Michaelis, Richard Zemel,
Wieland Brendel, Matthias Bethge, and Felix A. Wichmann. 2020. Shortcut
Learning in Deep Neural Networks. Nature Machine Intelligence 2, 11 (2020),
665-673.

[8] IEEE Computational Intelligence Society and Vesta Corporation. 2019. IEEE-CIS
Fraud Detection. Kaggle competition dataset, https://www.kaggle.com/c/ieee-
fraud-detection.

[9] Alon Jacovi and Yoav Goldberg. 2020. Towards Faithfully Interpretable NLP
Systems: How Should We Define and Evaluate Faithfulness?. In Proceedings of
the 58th Annual Meeting of the Association for Computational Linguistics (ACL).
4198-4205.

[10] Johannes Jurgovsky, Michael Granitzer, Konstantin Ziegler, Sylvie Calabretto,
Pierre-Edouard Portier, Liyun He-Guelton, and Olivier Caelen. 2018. Sequence
Classification for Credit-Card Fraud Detection. Expert Systems with Applications
100 (2018), 234-245.

[11] Daniel Kahneman. 2011. Thinking, Fast and Slow. Farrar, Straus and Giroux, New
York.

[12] Divyansh Kaushik, Eduard Hovy, and Zachary C. Lipton. 2020. Learning the
Difference that Makes a Difference with Counterfactually-Augmented Data. In
International Conference on Learning Representations (ICLR).

[13] Pang Wei Koh, Thao Nguyen, Yew Siang Tang, Stephen Mussmann, Emma
Pierson, Been Kim, and Percy Liang. 2020. Concept Bottleneck Models. In
Proceedings of the 37th International Conference on Machine Learning (ICML).

[14] Edgar Alonso Lopez-Rojas, Ahmad Elmir, and Stefan Axelsson. 2016. PaySim:
A Financial Mobile Money Simulator for Fraud Detection. In 28th European
Modeling and Simulation Symposium (EMSS).

[15] OpenRouter. 2026. Jev: Structured Decisions with Probabilities. OpenRouter
documentation, https://openrouter.ai/docs/guides/community/jev. Accessed 7
October 2026.

[16] Judea Pearl. 2009. Causality: Models, Reasoning, and Inference (2 ed.). Cambridge
University Press.

[17] Marco Tulio Ribeiro, Tongshuang Wu, Carlos Guestrin, and Sameer Singh. 2020.
Beyond Accuracy: Behavioral Testing of NLP Models with CheckList. In Proceed-
ings of the 58th Annual Meeting of the Association for Computational Linguistics
(ACL). 4902-4912.

[18] Cynthia Rudin. 2019. Stop Explaining Black Box Machine Learning Models for
High Stakes Decisions and Use Interpretable Models Instead. Nature Machine
Intelligence 1, 5 (2019), 206-215.

[19] Miles Turpin, Julian Michael, Ethan Perez, and Samuel R. Bowman. 2023. Lan-
guage Models Don’t Always Say What They Think: Unfaithful Explanations
in Chain-of-Thought Prompting. In Advances in Neural Information Processing
Systems (NeurIPS).

[20] Victor Veitch, Alexander D’Amour, Steve Yadlowsky, and Jacob Eisenstein. 2021.
Counterfactual Invariance to Spurious Correlations: Why and How to Pass Stress
Tests. In Advances in Neural Information Processing Systems (NeurIPS).

[21] Edwin B. Wilson. 1927. Probable Inference, the Law of Succession, and Statistical
Inference. J. Amer. Statist. Assoc. 22, 158 (1927), 209-212.

A Jev Questions and State Format

All questions are noul (yes/no) questions sent together in one re-
quest.

e rapid_burst: Did three or more of these transactions occur within
a single five-minute interval?

e velocity_increase: Has the account’s transaction velocity in the
last ten minutes sharply increased relative to its earlier activity?

e escalation_after_burst: Was the current transaction preceded,
within five minutes, by several transactions close together, and is
its amount much larger (at least five times) than theirs?

e recency_anomaly: Did the current transaction occur much sooner
after the previous transaction than is usual for this account?
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e amount_spike: Is the current transaction amount unusually large
relative to this account’s history?
e temporal_risk: Does the timing pattern of these transactions
indicate elevated fraud risk?
e fraud: Is the current transaction fraudulent?
The policy-informed condition appends to the fraud question: “Un-
der this institution’s fraud policy, several transactions within a
few minutes followed immediately by a much larger transaction
is a card-testing pattern that indicates fraud.” The state lists each
transaction’s ID, ISO-8601 UTC time, amount, merchant category,
channel and country, plus account age and the ID of the current
(last) transaction. The explicit gaps condition adds seconds since
the previous transaction.

B Real Data

Retail purchases. Data. UCI Online Retail (Dec 2010-Dec 2011):
18,532 non-cancelled invoices from 4,338 customers. Each invoice is
one transaction (sum of line amounts, converted at 1.60 USD/GBP),
with merchant category “online_retail” and channel “online”. We
use 8-invoice windows from customers with > 8 invoices. Pairs.
Injection: windows with no burst whose current invoice is > 5X the
median of the two before it; the last two real gaps are compressed
to 15-90s (at most 2 windows per customer). Natural removal:
windows that already contain a terminal burst with escalation;
the sub-5-minute gaps are stretched. Control: global shift of the
injection windows. CIs resample customers.

Table 3: Real-data audit (timing-only, label-flipping pairs).

Jev Jev policy+gaps GPT-40-mini

pairs (customers) 92 (69) 92 92
recognized 65% 60% 21%
RDI 88% 33% 79%
95% CI [78%, 97%) [19%, 47%] [63%, 94%]
RDI, room to move 88% 24% 75%
RDI, natural bursts 75% 0% 80%
mean |AP| burst / fraud 0.47/0.05 0.45/0.13 0.24/0.08
global-shift |AP(fraud)| 0.02 0.02 0.05

Labelled card payments (IEEE-CIS).. The Vesta training split (523,746
transactions with addr1 and D1) yields 199,070 reconstructed cards
(id = card1 + addr1 + card start day). Labels are Vesta’s isFraud,
which also flags later transactions of a compromised card. Ground-
ing: fraud rate of transactions with > 2 same-card transactions in
the preceding window vs. others. Raw labels: 5.7% vs. 2.8% (5 min),
RR 2.06; RR 2.10 (1 h); RR 2.37 (24 h). First fraud per card only: RR
0.11 (5 min), 1.30 (1 h), 19.56 (24 h). Most burst-associated fraud is
therefore a fraudster’s follow-on activity, while a card’s first fraud
is preceded by elevated same-day activity. Case—control: 600 target
transactions (half fraud, sampled on the label only, one per card,
8-transaction windows). We compare a logistic model of the real
label on the model’s own logit P(fraud) with one that adds its four
temporal answers (likelihood-ratio test). Audit: on the same win-
dows, natural 5-minute bursts are removed and other windows
receive an injected burst. The expected direction (burst raises risk)
follows the grounding result.
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Table 4: Labelled card payments (IEEE-CIS).

Jev Jev pol.+gaps GPT-40-mini

AUROC: P(fraud) / +temporal 0.751/0.757 B 0.652/0.675
LR test p (temporal adds) 0.09 - <0.001
recognized 82% 85% 46%
RDI 29% 21% 20%
RDI, injected 25% 21% 19%
RDI, natural bursts 68% 20% 32%
mean |AP| burst / fraud 0.65/0.15 0.65/0.21 0.43/0.21
global-shift control 0.02 0.02 0.07

C Robustness

Table 5: Jev RDI for every combination of the recognition
threshold 7 and the decision-response threshold € (full bench-
mark).

r\e 005 0.1 0.2

0.2 44% 74%  96%
0.3 43%  73% 96%
0.4 42%  71%  96%
0.5 37% 68% 95%
0.6 32% 64% 95%

Robustness. On the 200-base subset, asking the fraud question in
a separate request (RDI 68% vs. 66%) or paraphrasing every question
(61%) leaves the result intact. Table 5 gives the 7 X € grid.

Generator check. An earlier version of the generator leaked tim-
ing through amount patterns: static-only models recognized bursts
with AUROC 0.97. The final version samples timing and amount
patterns independently, which brings this to chance (AUROC 0.50).

Sampling variability. We re-sent 40 identical requests three times
each, with no cache. Answers are not deterministic. P(fraud) varied
by 0.017 on average and by at most 0.05, and concept answers
varied by at most 0.16. Only 20% of question-history combinations
returned identical values. Our decision-response threshold €=0.1 is
twice the largest replay spread of P(fraud).

State-level coherence regression. Across the 5,748 states Jev an-
swered, we regressed logit P(fraud) on Jev’s own (logit) concept an-
swers and the large-amount indicator. The model explains R*=0.91
of the variance. Removing the five temporal answers costs 0.15 of
R?; removing the two amount predictors costs 0.10. With the policy
stated, the temporal block’s unique contribution rises to 0.55 and
the amount block’s falls to 0.02 (with policy and gaps: 0.60 and
0.01).
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Figure 3: (A) RDI given recognition when the amount
cue agrees (hollow) vs. conflicts (filled) with the post-
intervention truth. (B) Wrong flags after a recognized change,
as a function of the flag threshold.
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Figure 4: Mean |AP| per intervention (95% bootstrap CIs) for
the recognized concept (top) and fraud (bottom). Left of the
shaded area the true label flips; inside it, the label is un-
changed.

D Reproducibility

Code, the data generator, all cached raw Jev responses and every
table will be released with the paper. The CPU pipeline runs in
under two minutes. Re-querying Jev costs about one US dollar.
Every number in this paper is generated from the result files by a
script.
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