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TL;DR
The Goal: A general framework for aligning training losses

with downstream estimators geometry.

The Method: Derive a task-specific loss by matching the local

curvature of the downstream task error.

The Result: A drop-in loss function that outperforms standard

heuristics.

High-level Objective

Loss on Data Equivalent Objective

Log-Loss ⇐⇒ KL Divergence

min
θ

E [ℓlog-loss(Y, pθ(X))] min
θ

E [dKL(p(X), pθ(X))]

? ℓtask ⇐⇒ Downstream Task Divergence

min
θ

E [?(Y, pθ(X))] min
θ

E [dtask(p(X), pθ(X))]

Can we reverse-engineer this ? from dtask?

Curvature Matching

Task Error Divergence: dtask(p, pθ) ≈
pθ→p

1
2

wtask(p)⏞ ⏟⏟ ⏞
Task Curvature

(p − pθ)2

Proper Scoring Rule: dl(p, pθ) ≈
pθ→p

1
2

wl(p)⏞ ⏟⏟ ⏞
Loss Curvature

(p − pθ)2

We enforce alignment between the two geometries:

wl(p) = wtask(p)
Because every strictly proper scoring rule is uniquely characterized

by itsweight function, we can analytically recover the exact, optimal

training objective l(Y, pθ(X)).

Application: IPW-Tailored Scoring Rule
Downstream Estimator Bounding the Bias

IPW for ATE: Isolating propensity:

1
N

N∑︂
i=1

(︃
YiTi

pθ(Xi)
− Yi(1 − Ti)

1 − pθ(Xi)

)︃
|Bias|2 ≤ E [dtask(p(X), pθ(X))]

1. Task Divergence:

dtask(p, pθ) =
(︃

p

pθ
− 1

)︃2
+
(︃

1 − p

1 − pθ
− 1

)︃2

2. Task Curvature (second derivative of the divergence):

wtask(p) = 2
p2 + 2

(1 − p)2

3. Loss reconstruction:

ℓtask(y, pθ) = 2y
pθ

+ 2(1−y)
1−pθ

+ 2 log(pθ(1 − pθ))

Training Stability: Canonical Mapping

The Danger: Standard Sigmoid + ℓtask(p) causes gradients to
explode near 0 and 1.

The Fix: We construct a custom link σtask(z) to cancel this

curvature by enforcing:

(σ−1
task

)′ = wtask ⇐⇒ zp2
θ + (4 − z)pθ − 2 = 0

yielding the closed-form mapping:

σtask(z) = z − 4 +
√

z2 + 16
2z

A drop-in replacement

Any MLModel

(MLP, XGBoost)

Custom Link

σtask(z)
Tailored Loss

ℓtask(y, pθ)
Logits z Probs pθ

Stable Gradient:
∂ℓ

∂z
= pθ − y + Bias Minimization

Empirical Results

Method IPW Hajek AIPW

Log-Loss (Baseline) 66.9 8.1 46.5

Custom Loss (Ours) 2.7 2.0 5.1

Across all evaluated datasets, our method is on average the lowest

(best) mean rank.

We evaluate it as a drop-in replacement for log-loss on ACIC 2017

challenge (N=4802, d=58, 32 DGPs):
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Take Home Message
Ante-Hoc Regularizer: We mitigate the downstream task

error during training.

Universal Drop-In: Replaces log-loss in any standard model

(MLPs, XGBoost) with zero architectural changes.

Stable: Paired with its custom canonical link it mathematically

guarantees stable gradients.
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