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Abstract. Detecting financial misreporting is a multi-trillion-dollar problem
and a notorious failure mode of off-the-shelf machine learning: modern deep
models reach striking in-sample accuracy yet collapse under regulatory regime
shifts and adversarial managerial adaptation. We argue that this brittleness re-
flects a missing causal abstraction: observed disclosures are generated jointly
by the firm's real economic state and its manager's strategic intent; the two are
statistically confounded; and the detector itself influences the strategic intent
through a performative feedback loop. We formalise the problem as a structural
causal model and propose STRATA, a strategy-aware causal foundation model
that recovers the two latent factors using regulatory regimes as auxiliary sig-
nals”?), augments scarce supervision via counterfactual narratives from a finan-
cial large language model under a template, and is trained against a Stackelberg
adversary that anticipates the firm's best response*. On a 1993-2023 panel of
213,481 firm-years built from SEC AAERs, Compustat, and EDGAR, STRATA
improves out-of-regime F; by 13.2 and adversarial F; by 13.6 points over the
strongest 2022+ deep baseline, and its strategic-intent latents align with FinGPT
risk signals at || > 0.7.

Keywords: Causal representation learning, Financial misreporting, Strategic
classification, Foundation models, Performative prediction

1 Introduction

The Securities and Exchange Commission has issued, on average, more than one
Accounting and Auditing Enforcement Release (AAER) per business day for three
decades. Behind each release lies a firm whose managers, at some point, chose to
portray the firm differently from how it actually was. Recent machine-learning ap-
proaches—Ilarge language models digesting raw 10-K filingsP!, patch-based time-
series transformers!®), causal graph neural networksl®l, and finance-tuned foundation
models such as BloombergGPT, FinGPT, PIXIU, and FinBen!'>!>%13l _steadily
improve in-sample fraud-detection metrics. Yet practitioners report a familiar disap-
pointment: models trained on the pre-Sarbanes-Oxley era misclassify the post-IFRS
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world, and models published in one calendar year are systematically gamed by the
next, a phenomenon recent work formalises as performative power™?l. This is not a
sample-size problem; it is a representation problem.

Existing detectors implicitly assume an i.i.d. world in which a fixed function maps
observable filings X to labels Y. But misreporting is strategic: firms choose X partly in
anticipation of how it will be classified, and re-optimise as soon as the detector is
deployed. The latent a useful detector must isolate is therefore not “what the firm
looks like” but “what the firm intended to look like”—a counterfactual notion that
cannot be read off the observational data alone. Recent identifiable causal representa-
tion learning!”>!1%¢ shows that such latents can be recovered when auxiliary signals
carry sufficient variation, and US regulatory regimes—SOX, Dodd-Frank,
IFRS/GAAP convergence—are exactly such signals.

Contributions. (1) We formulate a structural causal model (SCM) of misreporting
that makes managerial strategic intent an explicit latent variable distinct from the
firm's real economic state, and that explicitly models the performative feedback from
the deployed detector™. (2) We propose STRATA, coupling an identifiable variational
encoder with regulatory regimes as auxiliary variable!"'%], a counterfactual augmenta-
tion pipeline that uses a financial LLM as a structural simulator under a do(-) tem-
plate, and a Stackelberg training objective in the spirit of performative power!®. (3)
We establish three guarantees: two-block latent identifiability, an out-of-regime gen-
eralisation bound on S-only detectors, and a performative-risk gap bound. (4) On a
1993-2023 panel of 213,481 firm-years, STRATA improves out-of-regime F; by 13.2
and adversarial F; by 13.6 points over the strongest 2022+ deep baseline, with recov-
ered latents that align with FinGPT-derived strategic-risk signals at |#| > 0.7.

2 Method

2.1  Structural Causal Model of Strategic Misreporting

For each firm i at fiscal year ¢t we observe x;; = (X™™;,, X*';,), where X™™ collects
Compustat accounting items and X*' is the 10-K MD&A section from EDGAR. The
label Y;; € {0,1} is one if firm i appears in an SEC AAER within five years of period
t. We additionally observe a regulatory regime indicator £; € {Pre-SOX, SOX, Dodd-
Frank, Post-DF} and covariates W;, (industry, size, leverage). We posit two unob-
served latents (Figure 1): the firm's real economic state R;, € RR and the manager's
strategic intent S;; € R%s. The structural equations are

Rit = fr(Rit—1, Wi, Ey, €g), (D
Sit = fs(Rit, Et) hev €5), (2
xi,t = g(Ri,t!Si,t' Et: EX): (3)

Yie = I{IS;cllz > 3, 4
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where &g is the prevailing detector, ¢. are independent noises, and 7 is a materiality
threshold. Equation (2) encodes the central thesis: strategic intent depends on the
deployed detector, so the data we observe is itself a function of the model that ob-
serves i8],
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Fig. 1. Architecture of STRATA. The identifiable variational encoder partitions the latent space
into two interpretable blocks—real economic state R and strategic intent S—that are jointly
decoded back to x; an LLM augmenter performs do(S—S") to synthesize counterfactual filings;
the detector 4 takes only the S-block and is trained against a Stackelberg firm best response,
closing a performative-feedback loop back into S.

2.2 The STRATA Framework

(a) Identifiable variational encoder. Following interventional disentanglement!!!%6]

the encoder is identifiable up to per-component transformations as soon as the auxilia-
ry variable (E with W) generates sufficient variation in the natural parameters of the
latent prior. We partition the latent into two blocks (R, S) with a factorised exponen-
tial-family prior
dr+ds
Qj(z)) K
Pra(R,SIE,W) = a0 (T T @AEW)) ()
j=1
The decoder is multimodal (a Transformer initialised from FinGPTUS! for MD&A,
an MLP for fundamentals); the encoder loss

Lene = —Eq,[logpg (x|R, S, E,W)] + BKL(qylpr.a) — VEq,[logpy, (YIS)]  (6)
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lets reconstruction use both blocks but only S predict ¥, an asymmetry that breaks the
partition symmetry.

(b) Counterfactual augmentation by LLM structural simulation. Labels are rare
(<3%) and skewed toward catastrophic cases that were caught. For a real (x, R, S) we
sample S’ ~ N(us + A, as*l) along principal S-axes and prompt a frozen instruction-
tuned LLMI!'E131 with a do(+)-template that rewrites the MD&A under intent S’ while
preserving fundamentals, with label Y' = I{IS"l, > r}. A fundamentals—text consisten-
cy classifier discards ~11% of inconsistent generations.

(c) Stackelberg training against a strategic firm. We close the feedback loop in (2)
following performative prediction*®], The detector 4 is the leader; the firm is the fol-
lower with best response S*(#) = arg maxs {B(S, R, E) — Aam Pry[detected | S, R, E]}.
The detector minimises

Laet(h) = Egp[£(R(g(R, 5™ (0, R,E), E)), Y (S D] + AronErie| ||Rlluip], (D)

solved by unrolling one gradient step for the follower per leader update. The total
objective Zenc + Zuet 1s optimised by Adam with cosine decay over 32,000 steps; dg =
24, dS= 8,ﬁ= 4, Y= l,iﬁrm =}.mb = 0.5.

2.3 Theoretical Guarantees

Full proofs follow the templates off'®* and are in the supplementary report.

Theorem 1 (Two-block identifiability). Assume g is injective, the sufficient statis-
tics Tjx have linearly independent derivatives within each latent index, and there exist
dr + ds + 1 regulatory—industry buckets in which the matrix of differences of A has
rank K(dr + ds). Then any two parameterisations matching p(x | E, W) recover (R, S)
up to per-block permutation and component-wise invertible transformation.

Theorem 2 (Cross-regime generalisation). For a detector hs depending on x only
through the S-block and any two regimes e, e,

|Re, (hs) = Re, (hs)| < B - dry(113,, 113,), ®)

where IS, is the marginal of S under regime e and B depends only on the Lipschitz
constants of hs and €. The right-hand side captures only strategic drift;, economic drift
cancels.

Theorem 3 (Strategic robustness). If S*(h) is J-Lipschitz in h and € is L
Lipschitz, the performative-risk gap satisfies Rperi(h’) — Rpert(h*) < 2LeSIH* — hllLip,
Justifying the Lipschitz penalty in (7).

3 Experiments

Data and protocols. The panel covers 1993-2023, joining Compustat fundamentals,
EDGAR 10-K MD&A sections, and SEC AAERs as labels: 213,481 firm-years from
14,627 firms, 5,642 (2.6%) positive. We define four regimes: Pre-SOX (1993-2002),
SOX (2003-2010), Dodd-Frank (2011-2017), and Post-DF (2018-2023). Q1 uses a
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chronological in-regime split; Q2 uses leave-one-regime-out; Q3 perturbs test-time
disclosures with a best-response model trained on the deployed detector®®; Q4 corre-
lates STRATA's S-block with risk signals derived from FinGPT!!*), BloombergGPT!!?],
and the FinBen textual-irregularity scorel!'3],

Baselines. All baselines are from 2022 or later and share a ~ 32B financial-token
pre-training corpus: PatchTSTP! (time-series Transformer on quarterly fundamen-
tals), GPT-4 few-shot® (prompting GPT-4 with raw 10-K text), FinGPT!"! (open-
source financial LLM fine-tuned for fraud relevance), FinMA/PIXIU!'4 (PIXIU-
instructed LLaMA evaluated on FinBen['3l), BloombergGPT zero-shot!'?, CaT-
GNNBI (causal temporal GNN adapted to firm-year fraud), and LISA-OOD!®! (selec-

tive-augmentation worst-group detector with regimes as the group variable).
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Fig. 2. Main results across all eight 2022+ methods. (a) F; in three evaluation modes: in-
distribution (Q1), leave-one-regime-out (Q2, “OOR”), and best-response adversarial (Q3,
“Adv”); higher is better. (b) Q4 sanity check: maximum Pearson correlation between an S-
block component and the FinGPT strategic-risk score on the held-out test panel. STRATA domi-
nates on every panel.

Table 1. Main results across the four research questions, with standard errors over 5 seeds in
parentheses. F in %; “OOR” = average leave-one-regime-out F;; “Adv” = F; under best-
response attack; “max|r|” = best Pearson correlation between an S-block component and the
FinGPT strategic-risk scorel].

Method In-distrib. F; OOR F; Adv F; max|r|
BloombergGPT zero-shot!'?] 47.4 (0.6) 31.2(0.7) 28.1(0.8) 0.40
GPT-4 few-shot!™! 52.2(0.8) 35.4(0.6) 33.7(0.9) 0.42
FinGPT fine-tuned™! 55.9(0.5) 38.7(0.7)  35.5(0.6) 0.51
FinMA / PIXIU!'4 56.4 (0.6) 39.6(0.5) 37.1(0.7) 0.53
PatchTSTP! 59.3(0.5) 40.0 (0.6) 42.1(0.5) 0.49
LISA-OOD!!] 57.5(0.5) 42.9(0.6) 45.0(0.6) 0.54
CaT-GNNBI 58.9 (0.6) 43.6 (0.5) 44.6 (0.6) 0.57
STRATA (ours) 63.4 (0.4) 56.8 (0.5) 58.6 (0.5) 0.74

Results. Figure 2 and Table 1 compile the four research questions. STRATA reaches
63.4 F; in-distribution (+4.5 over CaT-GNN), loses only 6.6 points under leave-one-
regime-out evaluation against 19.3 for PatchTST (Q2 advantage +13.2, consistent
with Theorem 2), and loses 4.8 points under best-response attack against 17.2 for
PatchTST and 19.3 for FinGPT (Q3 advantage +13.6, consistent with Theorem 3).
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For Q4, the strongest S-component correlates at |#| = 0.74 with the FinGPT strategic-
risk scorel®l, 0.71 with BloombergGPT!!?, and 0.68 with the FinBen irregularity
scorel!*l—an order of magnitude above observational disentanglement!’!. The average
detector gradient IVsa(x)l, for STRATA is 0.18 against 1.04 for FinGPT and 0.72 for
CaT-GNNPJ, explaining the adversarial robustness via the Lipschitz penalty in (7).
Ablation. Figure 3 confirms each ingredient pulls its weight: the identifiable prior
is the dominant lever for cross-regime generalisation, Stackelberg training for strate-
gic robustness, and counterfactual augmentation contributes uniformly across distri-
bution shifts.
BB In-distribution

B Out-of-regime
B Adversarial

F\ score (%)
8

—all three
prior augmentation training (multimodal Tx.)

Fig. 3. Ablation study of STRATA components (¥, %, averaged over 5 seeds). Removing the
identifiable prior most hurts cross-regime generalisation (—10.2 OOR F7); removing Stackel-
berg training most hurts adversarial robustness (—11.8 Adv F); removing counterfactual aug-
mentation hurts both moderately. The fully ablated variant (a multimodal Transformer with no
causal machinery) sits between CaT-GNN and PatchTST in Table 1, indicating that the gains
come from the components proposed here.

4 Discussion and Conclusion

The cross-regime gain of STRATA traces back to a representation that captures only
the strategic-drift component: projecting test firms onto the R-block yields a distribu-
tion of FinGPT fundamentals embeddings!'3 that is statistically indistinguishable
across regimes (KS-test p > 0.6), while a vanilla f-VAE projection shifts visibly be-
tween Pre-SOX and Post-DF—identifiability!!% is therefore operational, not cosmet-
ic. The adversarial gain traces back to the Lipschitz penalty in (7), which makes 4
locally constant in directions the firm can cheaply move along, pushing the equilibri-
um closer to the truthful S = 0. Limitations. E; is treated as exogenous but is partly
endogenous to past misreporting waves; LLM-generated counterfactuals inherit biases
of the underlying model'"); the Stackelberg follower is a stylisation; and AAERs
capture only caught misreporting. In sum, the brittleness of modern misreporting
detectors is a representation problem, not a sample-size problem; STRATA's identifia-
ble, counterfactually-augmented, Stackelberg-trained framework—combining inter-
ventional causal representation learning!!'%! with financial foundation models!'>!*l—
disentangles the firm's real economic state from its manager's strategic intent, yields
+13.2 F, in cross-regime generalisation and +13.6 in adversarial robustness, and
aligns the recovered intent latents with FinGPT-derived risk signals. The broader
principle—modelling the strategic adversary inside the representation—should gener-
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alise to ESG-disclosure greenwashing, tax-shelter detection, and analyst-guidance
gaming, wherever the watched watch the watcher.
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