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Abstract

The principle that more informative exper-
iments are always better is a cornerstone of
Bayesian experimental design. This principle
assumes the practitioner’s model and infer-
ence are correct. In practice, both the data-
generating model and the inferential approx-
imation are inevitably misspecified, and we
show that under these conditions the classical
framework for comparing experiments breaks
down. Designs ranked as most informa-
tive can become actively harmful, amplifying
bias to produce confident but incorrect infer-
ences. We demonstrate that the commonly-
accepted axioms of experimental utility, such
as Blackwell monotonicity, fail under mis-
specification, and that information measures
proposed to handle it, like the Expected Gen-
eralized Information Gain (EGIG), do not
obey these axioms. To resolve this, we pro-
pose a generalized axiomatic framework for
robust Bayesian experimental design. We
prove that EGIG satisfies our axioms as a
criterion that penalizes inferential error, pro-
viding a principled foundation for its use in
Bayesian experimental design. As a com-
plementary approach, we derive a new mea-
sure that instead penalizes model error. Fi-
nally, we demonstrate our framework’s util-
ity across common modes of misspecification,
showing it provides a reliable guide for exper-
imental design where classical methods fail.

1 INTRODUCTION

While George Box noted that “all models are wrong,”
optimal experimental design (OED) theory typically
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assumes the practitioner’s model and inference are cor-
rect. Within the classical framework, more data are
always beneficial. This principle is formalized through
Blackwell’s theory of experiments (Blackwell, 1951,
1953), establishing that “more informative” experi-
ments always improve decision-making. Building on
this, Ginebra (2007) established criteria any valid in-
formation measure must satisfy, including Blackwell
monotonicity: finer experiments must yield higher
utility than coarser ones.

Recent work has begun addressing these limitations.
Duersch and Catanach (2020) established theoretical
foundations for robust information measures account-
ing for evolving belief, while Catanach and Das (2023)
demonstrated the practical utility of Expected Gen-
eralized Information Gain (EGIG) in Bayesian opti-
mal experimental design (BOED). However, these ad-
vances lack a principled axiomatic framework, mir-
roring the criteria of Ginebra (2007), justifying why
robust measures like EGIG are preferable under mis-
specification and whether more general classes of ro-
bust information measures can be formed. Our work
addresses this gap.

In practice, the practitioner’s inferential procedure is
often misspecified, and the classical framework for
comparing experiments can break down. When the
model or inference algorithm is flawed, precise data
can amplify bias, producing posteriors that are con-
fident but wrong. Experiments that classical theory
ranks as most informative can become actively mis-
leading. This arises in many applications, such as ex-
periments modeled with simplified physics that are in-
accurate under extreme conditions, where BOED often
samples near boundaries without knowing the model
fails there. This raises our central question: what the-
oretical framework can motivate robust experimental
design criteria?

We diagnose the theoretical failure of the classical
framework and build from it a new axiomatic foun-
dation for robust design. We show the breakdown
results from a quantifiable penalty (the misspecifica-
tion gap) between the true information an experi-
ment provides and the value perceived by the practi-
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tioner’s flawed procedure. This gap invalidates Black-
well monotonicity, explaining why a practitioner might
prefer a strictly worse experiment. This failure oc-
curs when the practitioner’s full procedure (statistical
model and inference algorithm) diverges from the true
data-generating process and exact Bayesian update.

After developing this axiomatic foundation, we show
EGIG satisfies these axioms, providing principled jus-
tification for its use in Bayesian OED as the robust
analogue to EIG. We provide examples encompass-
ing structural, model, and inferential misspecification
to demonstrate EGIG’s efficacy across these failure
modes, going beyond simple likelihood misspecifica-
tion for linear dynamical system models considered in
Catanach and Das (2023). Finally, we derive a gen-
eral class of robust information measures distinct from
EGIG that also satisfy the axioms, opening new av-
enues for research into other robust BOED metrics.

2 THE FAILURE OF CLASSICAL
BOED UNDER
MISSPECIFICATION

Classical experimental design assumes a well-specified
model, which enables a rigorous framework for valu-
ing information, but it fails under misspecification. In
this section, we review the classical framework, demon-
strate its failure with an example, and diagnose the
underlying theoretical breakdown. Finally, we review
Expected Generalized Information Gain and demon-
strate why it does not fit into the classical framework.

2.1 The BOED Framework

In Bayesian optimal experimental design (BOED)
(Lindley, 1956), initial uncertainty about unknown pa-
rameters θ is encoded in a prior p(θ). We configure
experiments through a design choice d ∈ D, which in-
fluences the data-generating process via the likelihood
p(y | θ, d). After observing data y, Bayes’ rule updates
our beliefs to the posterior p(θ | y, d). Standard BOED
maximizes the Expected Information Gain (EIG), de-
fined as the expectation over potential data of the KL
divergence between posterior and prior:

EIG(d) = Ep(y|d) [DKL(p(θ | y, d) || p(θ))]

= Ep(y,θ|d)

[
log

p(θ | y, d)
p(θ)

]
.

(1)

BOED seeks the design that maximizes this utility:

d∗ = argmaxd∈D EIG(d). (2)

2.2 The Information in an Experiment

The choice of information-based utilities like EIG is
motivated by Blackwell’s formal framework for com-
paring experiments (Blackwell, 1951, 1953). An exper-
iment d1 is sufficient for (or “more informative than”)
d2 if data from d2 can be simulated by applying a
stochastic transformation to data from d1; that is, if
y2 ∼ K(y2 | y1) for some transition kernel K, where
y1 is from experiment d1. This defines the Blackwell
ordering of experiments by informativeness.

Building on this, Ginebra (2007) proposed that any
valid information measure U(d) must satisfy: (G1)
U(d) is a finite real number; (G2) If Y ⊥ θ, then
U(d) = 0; and (G3) If d1 is sufficient for d2, then
U(d1) ≥ U(d2) (Blackwell monotonicity).

The Blackwell-Sherman-Stein theorem (Ginebra,
2007) connects this abstract ordering to practical
utilities: d1 is sufficient for d2 if and only if, for any
prior p(θ) and convex function φ on the space of
posteriors,

Ep(y1|d1)[φ(p(θ | y1, d1))] ≥ Ep(y2|d2)[φ(p(θ | y2, d2))].
(3)

Thus, more informative experiments generate poste-
riors that are more separated in the sense of convex
ordering (proof in Appendix C.1).

Classical Information Measures. These axioms
motivate a general class of information measures

Iφ(d) = Ep(y|d)[φ(p(θ | y, d))] , (4)

where φ is convex with φ(p(θ)) = 0. EIG corresponds
to φ as the KL divergence. This framework’s suc-
cess assumes the practitioner’s procedure accurately
reflects reality. When this fails, information measures
following these axioms may not provide useful guid-
ance.

2.3 A Practical Example of Failure

Consider inferring the parameters of a forced oscilla-
tor. The true system follows nonlinear dynamics:

ẍ+ µ|ẋ|ẋ+ αx+ βx3 = γ sin(ωt). (5)

However, the practitioner employs a simpler working
model that omits the cubic nonlinear term:

ẍ+ µ|ẋ|ẋ+ αx = γ sin(ωt). (6)

Here x denotes the displacement of the mass as a func-
tion of time, the coefficient β controls the strength of
the cubic restoring force, while γ controls the ampli-
tude of the external forcing. The experimental design
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Figure 1: Failure of classical EIG under model mis-
specification. EIG optimization under the working
model selects ω = 0.06. When data from the true
nonlinear system is analyzed using the working model
at this design point, the resulting posterior (blue con-
tours) is precise but catastrophically biased, entirely
missing the true parameter value (red star). EGIG
optimization selects ω = 13.18. When data from the
true nonlinear system is analyzed using the working
model at this design point, the resulting posterior (or-
ange contours) is less tightly concentrated than that
generated using ωEIG, but it exhibits minimal bias.

problem is to choose the driving frequency d = ω to
best infer the parameters θ = (µ, α).

Following classical BOED, the practitioner maximizes
EIG under their working model. Since the working
model is most sensitive to its parameters at lower fre-
quencies, EIG optimization selects ωEIG = 0.06. Fig-
ure 1 shows the EIG surface and the resulting posterior
when data generated from the true nonlinear model
is analyzed using the working model with ω = ωEIG.
The resulting posterior is unimodal and concentrated,
suggesting the experiment was highly informative, yet
it completely misses the true parameter value. The
classical framework has guided the experimenter to a
design that makes them confidently wrong.

2.4 Expected Generalized Information Gain

To address such failures, Catanach and Das (2023)
proposed Expected Generalized Information Gain
(EGIG) based on the ideas of information as ratio-
nal belief presented in Duersch and Catanach (2020).
Rather than using the working model’s expected data
distribution, EGIG takes expectation with respect to
M⋆:

EGIG(d) = EpM⋆ (θ,y|d)

[
log

pM(θ | y, d)
p(θ)

]
(7)

where p⋆M(θ, y | d) represents the true joint distribu-
tion and pM(θ | y, d) is the working posterior.

EGIG evaluates the working posterior against data
that will actually be generated, revealing when designs
produce confident but incorrect inferences. Catanach
and Das (2023) demonstrated that EGIG-based de-
signs avoid the pathological behavior seen in our spring
example, maintaining posteriors closer to truth under
misspecification.

The computation of EGIG requires sampling from the
true data-generating process M⋆. For the spring-mass
problem, we assume the true nonlinear dynamics are
known for design selection. This situation often occurs
when surrogate or reduced-order models are used for
inference but a high-fidelity model is available. When
sampling from M⋆ is not feasible, a natural extension
is to marginalize over plausible candidate models.

Using EGIG instead of EIG to select the optimal de-
sign yields ωEGIG = 13.18. Figure 1 displays the
posterior from analyzing data sampled from the true
model (with forcing amplitude γ = 0.1 and cubic coef-
ficient β drawn from its prior) using the working model
with ω = ωEGIG. This posterior is less concentrated
than the EIG-based design but centered near the true
θ value. Thus, EGIG finds designs yielding reasonably
accurate posteriors despite misspecification.

Despite its empirical success, EGIG is incompatible
with the Ginebra framework. First, classical measures
(Equation 4) are guaranteed non-negative, whereas
EGIG, as an expectation over the true data-generating
process, can be negative. This is a key feature: a nega-
tive value signals an experiment is actively misleading,
where the prior is more accurate than the inferred pos-
terior.

Moreover, EGIG can violate axiom (G3), Blackwell
monotonicity, which requires that a more informative
experiment always have higher utility. Under misspec-
ification, EGIG may prefer a less informative experi-
ment because more precise data from a sufficient one
can cause a flawed procedure to become overconfident
in the wrong parameter region. EGIG thus correctly
penalizes designs that amplify bias, reducing it at the
cost of a less concentrated posterior (Figure 1). There-
fore, while empirically successful, EGIG’s theoretical
foundations lie outside classical experimental design
theory.
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3 A MORE GENERAL
FRAMEWORK FOR ROBUST
BOED

The classical framework is unsuitable for misspeci-
fied settings because it cannot describe the necessary
trade-off between information gain and the risk of am-
plifying bias. A robust theory for BOED thus requires
a new axiomatic foundation to manage this trade-off,
which we propose here. We begin by diagnosing the
precise mechanism of the classical framework’s failure,
which will then motivate a new set of axioms and a
general class of robust utilities.

3.1 Theoretical Diagnosis: The
Misspecification Gap

EGIG’s success stems from using the true data-
generating process in its expectation, a natural prin-
ciple since experimental outcomes depend on this
true process, not the working model. We investigate
whether importing this principle into the classical mea-
sures from Equation (4) can remedy the pathological
behavior.

We distinguish the true data-generating process M⋆,
which yields the true posterior pM⋆(θ | y, d) via exact
Bayesian inference, from the practitioner’s full proce-
dure: a working model M (which may have incor-
rect likelihood or prior) combined with an inference
algorithm (which may be approximate, e.g., varia-
tional inference). This produces the working posterior
pM(θ | y, d), potentially misspecified due to model er-
ror, inferential error, or both.

We define a misspecified version of the general util-
ity from Equation 4, termed the misspecified φ-
information:

Imis
φ (d) := EpM⋆ (y|d)[φ(pM(θ | y, d))] . (8)

While seemingly sensible, this breaks the classical
framework. The following proposition reveals it de-
composes into true information value and a penalty
term.

Proposition 3.1 (Misspecification Gap Decomposi-
tion). Let φ be convex on the space of probability den-
sities over Θ with φ(p(θ)) = 0. For an experiment
where data is generated by M∗ but inference assumes
M, the misspecified φ-information decomposes as

Imis
φ (d) = Itrueφ (d)−∆φ(d), (9)

where

Itrueφ (d) = EpM⋆ (y|d)[φ(pM⋆(θ | y, d))] , (10)

and

∆φ(d)=EpM⋆ (y|d)[φ(pM⋆(θ | y,d))−φ(pM(θ | y,d))]
(11)

is the misspecification gap.

Proof. The result follows directly from the def-
inition of Imis

φ (d) by adding and subtracting
EpM⋆ (y|d)[φ(pM⋆(θ | y, d))].

This decomposition shows the perceived utility splits
into true information Itrueφ (d) (depending only on the
true process) and a penalty ∆φ(d) (quantifying distor-
tion from the working model). When M = M∗, the
gap vanishes and Equation (4) is recovered.

3.1.1 Consequences for the Ginebra Axioms

This decomposition reveals why classical axioms fail.
(G2) is violated: for a truly non-informative experi-
ment where Y ⊥ θ under M⋆, true information is zero
but a misspecified procedure may still update on noise,
yielding Imis

φ (d0) = −∆φ(d0) < 0.

This breaks (G3): a practitioner may prefer the non-
informative d0 over a more informative d1. This oc-
curs when the weak signal in d1 misleads the procedure
into a confident but wrong posterior, creating a large
penalty ∆φ(d1) that exceeds its true information gain,
making the useless experiment appear superior. Ap-
pendix B.1 provides a concrete example.

3.2 Desiderata for Robust Information
Measures

We propose that any robust information measure U(d)
for experimental design under misspecification should
satisfy the following criteria.

(R1) Real-Valued: U(d) ∈ R is finite ∀d ∈ D.

(R2) Non-Informative: If Y ⊥ θ under the true
model M∗, then U(d) ≤ 0, with equality if and
only if the working posterior equals the prior al-
most everywhere.

(R3) Information-Penalty Structure: The util-
ity admits a decomposition

U(d) = U true(d)−∆U (d)

where U true(d) ≥ 0 measures true classical infor-
mation gain satisfying the axioms (G1)–(G3), and
∆U (d) ≥ 0 quantifies a misspecification penalty.
This decomposition implies the utility is bounded
by its components:

−∆U (d) ≤ U(d) ≤ U true(d).
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(R4) Bounded Contraction Under Sufficiency:
Suppose design d1 is sufficient for design d2 (i.e.,
the outcome under d2 comes from applying a
transition kernel to the outcome under d1). Then:

• True information contracts under sufficiency:

U true(d2) ≤ U true(d1).

• If d2 is sufficient for d1 under both the working
and true models via a common transition kernel
K(y2 | y1), then the penalty also contracts:

∆U (d2) ≤ ∆U (d1).

These criteria adapt the classical Ginebra axioms to
address the failures demonstrated in Section 2.

Axiom (R2) directly addresses the failure of non-
informativeness. Since a misspecified model may still
update its beliefs on uninformative data, the allowance
for a negative utility reflects that this apparent infor-
mation is an artifact of misspecification.

The decomposition (R3) requires that any robust util-
ity be the difference between a classical information
measure (U true) and a misspecification penalty (∆U ).
This structure allows the cost of misspecification to be
explicitly quantified and mandates that any compliant
utility must implicitly balance the pursuit of classical
information against the risk of amplifying error.

Axiom (R4) replaces Blackwell monotonicity with a
contraction principle. Under misspecification, finer ex-
periments can amplify bias in the working inferential
procedure, as in Section 2.3, so monotonicity cannot
hold. Contraction instead means that moving to a
coarser (less sufficient) experiment reduces both the
true information and, under mild assumptions, the
misspecification penalty. The admissible utility range
[−∆U , U

true] therefore shrinks toward zero. This en-
sures that while coarser experiments are less informa-
tive, they are also less risky, as they cannot amplify
bias to inflict a large penalty.

4 MEASURES OF ROBUST
INFORMATION

We now consider several measures of information that
satisfy (R1)–(R4). We begin with our primary focus,
Expected Generalized Information Gain, and show
that it is a natural consequence of our framework.

4.1 Expected Generalized Information Gain

We first formally state that EGIG is a valid measure
within our framework.

Proposition 4.1. Expected Generalized Information
Gain (EGIG) satisfies the robust axioms (R1–R4), and
admits a decomposition

EGIG(d) = EIGtrue(d)−∆EGIG(d),

where EIGtrue(d) is the EIG computed with the true
model and

∆EGIG(d) =

EpM⋆ (y|d) [DKL(pM⋆(θ | y, d) || pM(θ | y, d))] .
(12)

Proof. See Appendix C.2.

The justification for EGIG’s form comes from correct-
ing the failure of simpler approaches identified in Sec-
tion 2. The naive misspecified φ-information (Imis

φ )
fails axiom (R2) because it scores the working poste-
rior in isolation, rewarding spurious learning. EGIG
corrects this by instead evaluating the practitioner’s
belief update from the perspective of the true pos-
terior, which motivates its form as defined in Equa-
tion (7). The non-negative penalty ∆EGIG(d) is the
expected KL divergence between the true and working
posteriors, so EGIG is therefore fundamentally con-
cerned with the quality of the final inference, reward-
ing designs that produce an accurate final answer.

4.2 Other Robust Information Measures

While EGIG motivates our framework, it is interesting
to consider other valid robust information measures.
We construct a general class of utilities using the fam-
ily of f-divergences (Ali and Silvey, 1966), defined as

Df (p || q) =
∫

q(x)f(p(x)/q(x))dx (13)

for a convex function f with f(1) = 0. Different f
recover familiar divergences, such as the KL divergence
(f(t) = t log t) or the χ2-divergence (f(t) = (t− 1)2).

This leads to the following definition, which constructs
a robust utility by starting with a measure of true in-
formation (the f -mutual information) and subtracting
a penalty for misspecification.

Definition 4.2 (Robust f -Information Measure). Let
f be a convex function with f(1) = 0. The Robust
f -Information Measure (RFIM) is

I⋆f (d) := Df (pM⋆(θ, y | d) || p(θ)pM⋆(y | d))
−Df (pM⋆(θ, y | d) || pM(θ, y | d)).

(14)

By construction, this satisfies (R1)–(R4):

Proposition 4.3 (Properties of Robust
f -Information). Let f : [0,∞) → R be convex
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and non-affine, with f(1) = 0. Then the Robust
f -Information Measure satisfies (R1)–(R4) with

I⋆f (d) = Itruef (d)−∆f (d),

where

Itruef (d) = Df (pM⋆(θ, y | d) || p(θ)pM⋆(y | d)), (15)

∆f (d) = Df (pM⋆(θ, y | d) || pM(θ, y | d)). (16)

Proof Sketch. Properties (R1)–(R3) follow directly
from the definition and properties of f -divergences.
For (R4), the bounds contract via the data process-
ing inequality. See Appendix C.3 for a full proof.

If we instantiate the RFIM with the Kullback-Leibler
divergence (i.e., f = x log x), the penalty term be-
comes the KL divergence between the joint distribu-
tions and it can be interpreted by decomposing the
penalty with respect to θ:

∆KL(d) = DKL(pM⋆(θ, y | d) || pM(θ, y | d))
= Ep(θ) [DKL(pM⋆(y | θ, d) || pM(y | θ, d))] .

(17)

This views the penalty as the expected divergence
between the true and working likelihoods (assuming
pM⋆(θ) = pM(θ); otherwise, a prior-mismatch term
DKL(pM⋆(θ) || pM(θ)) is added). It focuses on the er-
ror in the model’s generative components, averaged
over the prior. Therefore, I⋆KL becomes

I⋆KL(d) = EIGtrue(d)

− Ep(θ) [DKL(pM⋆(y | θ, d) || pM(y | θ, d))] .
(18)

I⋆KL(d) highlights penalizing the model’s components
(the likelihoods, as in I⋆KL) versus penalizing the final
inferential product (i.e., the posteriors, as in the EGIG
penalty ∆EGIG). For our experimental evaluation, we
focus on EGIG, as its penalty on the final posterior
aligns most directly with the practitioner’s ultimate
goal of achieving an accurate final answer. The rigor-
ous comparison of these different philosophies is a rich
area for future work.

We note that there is a strict ordering between EGIG
and I⋆KL.

Lemma 4.4 (Ordering of Robust Information Mea-
sures). For any design d ∈ D, let EGIG(d) be the
Expected Generalized Information Gain and I⋆KL(d) be
the Robust f -Information Measure instantiated with
the Kullback-Leibler divergence. These measures sat-
isfy the following relationship:

EGIG(d) =I⋆KL(d)

+ EpM∗ (y|d) [DKL(pM∗(y|d) ∥ pM(y|d))] .
(19)

Consequently, EGIG(d) ≥ I⋆KL(d), with equality if and
only if the working marginal data distribution matches
the true marginal distribution almost everywhere.

Proof. See Appendix C.4. This relationship implies
that I⋆KL is a strictly more risk-averse criterion than
EGIG, as it requires the model to be accurate not just
in its marginals, but in its full joint distribution.

5 RELATED WORK

Modern scalable BOED relies on approximations that
introduce misspecification, including variational meth-
ods (Foster et al., 2020; Dong et al., 2025), amor-
tized policies (Foster et al., 2021), neural estima-
tors (Kleinegesse and Gutmann, 2020), and surro-
gate models (Lei et al., 2021). Such approximate
inference can cause BOED to fail (Rainforth et al.,
2023; Kennedy and O’Hagan, 2001; Brynjarsdóttir and
O’Hagan, 2014), a problem amplified by active learn-
ing’s sampling bias (Sloman et al., 2022) that has mo-
tivated stability analysis of error propagation (Duong
et al., 2023). A related decision-theoretic approach
(Overstall and McGree, 2022) distinguishes a “Fitted
Model” (M) from a “Designer Model” (M⋆) to eval-
uate an “External Expected Loss”:

L(d) = EpM⋆(θ,y|d) [λ(pM(θ | y, d))], (20)

for a loss function λ chosen to encode the experimental
aim. While similar to our framework in using separate
true and working models, this loss is not measured
against a baseline like the prior’s utility. Thus, it can
compare experiments, but its value does not admit a
meaningful interpretation on its own. Hence, L(d)
quantifies expected loss but cannot detect actively
harmful experiments where posteriors are worse than
priors, which yield negative information in our frame-
work. Although their formulation can be adapted to
recover EGIG When λ = log, it cannot express all
robust measures such as I⋆KL.

Alternative approaches augment models with non-
parametric terms (e.g., Gaussian Processes) to capture
structural discrepancy (Feng, 2015; Tsirpitzi et al.,
2023; Petsagkourakis and Galvanin, 2021); frame the
issue as covariate shiftand apply importance-weighted
estimators (Sugiyama, 2005; Tang et al., 2025; Ali
et al., 2014); or use BOED to actively detect mis-
specification (Catanach and Das, 2023; Forster et al.,
2025). Minimax frameworks address model uncer-
tainty by optimizing designs against a worst-case “am-
biguity set” of plausible model components, stabilizing
criteria or posterior covariance (Go and Isaac, 2022;
Attia et al., 2025).

6 EXPERIMENTAL EVALUATION

The following examples demonstrate how EGIG han-
dles various forms of misspecification. Prior work
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(Catanach and Das, 2023) focused on perturbed lin-
ear dynamical systems; here we extend validation to
inference errors, surrogate-model approximations, and
incorrect non-linear dynamics. Our examples assume
the ability to sample from the true data-generating
model M⋆, which is practical in settings where a high-
fidelity simulator provides M⋆ or when exact infer-
ence is intractable but sampling remains feasible. In
EGIG, the high-fidelity model simulates data, while
the tractable working model is used for analysis. While
we use a single known M⋆, the framework naturally
extends to model uncertainty by averaging utility over
candidate models or seeking minimax designs.

6.1 Spring–Mass Dynamics

Figure 2 shows utility curves for EIG, EGIG, and I⋆KL

for the misspecified spring-mass model (Section 2.3),
explaining why the EIG-optimal design yields a biased
posterior while the EGIG-optimal design is accurate
(Figure 1). Curves were estimated via Nested Monte
Carlo (Ryan, 2003) (Appendix A).

EIG peaks at low frequency (ωEIG = 0.06), a region the
robust criteria penalize due to severe model mismatch.
Both EGIG and I⋆KL find optimal designs at higher fre-
quency (ωEGIG = ωI⋆

KL
= 13.18), though the shared

optimum may reflect design space discretization. As
expected, I⋆KL is consistently lower than EGIG be-
cause it penalizes likelihood rather than posterior dis-
crepancies. This demonstrates how robust criteria
trade perceived information for robustness, avoiding
designs that amplify model bias.
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Figure 2: Utility curves for EIG, EGIG, and I⋆KL as a
function of design frequency ω. Classical EIG (blue),
computed under the misspecified model, peaks at low
frequency. Both robust criteria, evaluated against the
true model, penalize this region and find a more ro-
bust, higher-frequency optimum.

6.2 Procedural Misspecification with
Variational Inference

We next handle procedural misspecification, where the
model is correct but inference is approximate. The
goal is to infer the D = 6 weights θ of a Bayesian
polynomial regression model by choosing n = 4 data
locations d = {d1, . . . , d4} ∈ [−1, 1]4. The true for-
ward model is y = Φ(d)θ+ ϵ, where Φ(d) is the n×D
Vandermonde matrix, θ ∼ N (0, σ2

pI) with σp = 1,
and ϵ ∼ N (0, σ2

yI) with σy = 0.1. The practitioner
knows this true model M⋆, which yields a Gaussian
posterior with dense covariance, but is constrained to
use amortized mean-field variational inference (VI) for
analysis. This involves offline training of a neural net-
work mapping any dataset to a factorized Gaussian
posterior qϕ(θ | y, d) =

∏D
i=1 N (θi | µi(y, d), σ

2
i (y, d)),

used for rapid online inference. The factorized qϕ can-
not capture the true posterior’s correlations, providing
the misspecification.

We compare two strategies: the classical approach op-
timizes true EIG to find dEIG, ignoring the known
inferential limitations; the robust approach optimizes
EGIG using qϕ as the working posterior to find dEGIG.

6.2.1 Design Optimization for Amortized VI

To find the robust design, we maximize the EGIG ob-
jective depending on the amortized VI output:

U(d) = EpM⋆ (θ,y|d) [log q(θ | y, d)− log p(θ)] .

Generally, this requires jointly optimizing design d
and network parameters ϕ using the reparameteriza-
tion trick (Kingma and Welling, 2013) with stochastic
gradient ascent. For our Bayesian linear regression,
however, the optimal mean-field posterior can be com-
puted analytically via moment matching. We use this
analytical solution to represent perfectly trained amor-
tized VI, isolating the design choice’s impact on mean-
field approximation quality, separate from numerical
optimization artifacts.

This objective equals the variational lower bound on
EIG, Lpost, from Foster et al. (2020). While they frame
this as a tractable approximation to classical EIG, our
framework provides a new interpretation: this is the
exact utility for robust design under procedural mis-
specification. One is not approximating an ideal prob-
lem but solving the practical problem where amortized
VI is the known misspecification source.

6.2.2 Results

The classical dEIG design creates a worst-case scenario
for mean-field VI, as shown in Figure 3. While the
approximate posterior mean is unbiased, its credible
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interval is severely overestimated, failing to capture
the true posterior’s precision. The robust dEGIG design
yields a VI posterior that nearly perfectly matches the
true posterior with well-calibrated uncertainty.

Figure 4, which shows marginal distributions for two
of the six regression parameters, reveals the underly-
ing cause. For the EIG design (left), the true poste-
rior is highly correlated, which the axis-aligned MF-
VI approximation fundamentally cannot capture. The
EGIG design (right) yields a less dependent posterior
that MF-VI captures accurately. The complete set of
all fifteen 2D marginal posteriors is provided in Ap-
pendix B.2.

The misspecification gap confirms this: ∆KL(dEIG) =
1779.71 nats versus ∆KL(dEGIG) = 3.05 nats, quanti-
fying the substantial improvement.

We additionally optimized the design vector using the
I⋆KL criterion. The resulting optimal designs are nearly
identical: dEGIG = [−0.4170,−0.1569, 0.1572, 0.4171]
and dI⋆

KL
= [−0.4174,−0.1557, 0.1557, 0.4174]. To un-

derstand why these criteria converge here, consider the
decomposition from Lemma 4.4. In this experiment,
the working model uses the true generative parame-
ters but employs an approximate mean-field inference
method. Because the generative process is perfectly
specified, the marginal data distributions match ex-
actly (pM(y|d) = pM∗(y|d)), causing the marginal KL
divergence penalty to vanish.

Thus, in settings with purely inferential error, EGIG
and I⋆KL are mathematically equivalent, and both sim-
plify to the true EIG minus the expected posterior KL
divergence. Consequently, both metrics penalize de-
signs that create strong posterior correlations, as these
correlations represent the exact information lost by the
mean-field approximation.
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Figure 3: Posterior predictive distributions. (Left) For
the EIG design, MF-VI (orange) correctly captures
the mean but severely overestimates uncertainty ver-
sus the true posterior (blue). (Right) For the EGIG
design, the approximation is nearly perfect. Design
points are designated by black crosses.
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Figure 4: Representative 2D marginal posterior.
(Left) The EIG design produces a strongly correlated
true posterior that axis-aligned MF-VI fails to cap-
ture. (Right) The EGIG design produces a posterior
well-approximated by MF-VI.

6.3 Neural Network Surrogate for a Coupled
Spring–Mass System

We examine misspecification from a neural network
surrogate for Bayesian calibration. True data are gen-
erated from a coupled spring-mass system with six
parameters (m1,m2, b1, b2, k1, k2) having independent
log-normal priors (µ = 0, σ = 1). The dynamics are

x′
1 = v1, x′

2 = v2

v′1 =
−b1v1 − (k1 + k2)x1 + k2x2

m1
,

v′2 =
−b2v2 + k2(x1 − x2) + f(γ, t)

m2
,

(21)

with forcing f(γ, t) = 5 sin(γt) exp(−t/5). We observe
position x1 at 100 time points with Gaussian noise
(σ = 0.025). To infer parameters, we replace the
costly true dynamics with a trained neural network
surrogate, inducing posterior misspecification.

The design problem is selecting the working model
noise variance σ2

noise for different dataset sizes, cre-
ating a trade-off: lower noise increases sensitivity to
data features but also to surrogate error.

Figure 5 shows the three criteria offer conflicting
advice. From the working model’s perspective,
lower noise always appears more informative, so EIG
(solid lines, circles) always prefers the smallest noise
(σnoise = 0.1) regardless of surrogate fidelity. Both
EGIG (dashed lines, squares) and I⋆KL (dotted lines,
triangles) correctly diagnose the issue: with an inaccu-
rate surrogate (small training set), the lowest-noise de-
signs yield negative utility, signaling they are harmful
and will create bias-dominated posteriors. As estab-
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Figure 5: Comparison of EIG, EGIG, and I⋆KL on the neural network surrogate experiment. The left panel shows
a full comparison of information measures, while the right panel shows just EIG and EGIG for easier parsing.
EIG (solid lines, circles) monotonically increases, consistently favoring the most aggressive noise model. EGIG
(dashed lines, squares) reveals this design is initially harmful with negative utility and only becomes optimal as
the surrogate improves. The most conservative criterion is I⋆KL (dotted lines, triangles), requiring much higher
surrogate fidelity than EGIG before yielding positive utility.

lished in Lemma 4.4, I⋆KL is a strictly more conserva-
tive criterion than EGIG. This is empirically observed
at σnoise = 0.1 with 1,000 training samples, where
EGIG is positive (2.18 nats) but I⋆KL remains signifi-
cantly negative (-4.46 nats). Because the gap between
these metrics is exactly the error in the marginal data
distribution, this large discrepancy indicates that the
marginal pM(y|d) is highly misspecified. This suggests
the surrogate learns the relative sensitivities needed for
posterior inference much faster than it learns to ac-
curately predict the absolute data distribution; while
EGIG rewards the former, I⋆KL strictly penalizes the
latter. As surrogate fidelity improves, both robust
measures increase for all designs, eventually favoring
the lowest noise.

Negative utility values signal the misspecified posterior
is less reliable than the prior. The zero-crossing de-
termines minimum surrogate fidelity (training dataset
size) required for a design to be useful. For exam-
ple, σnoise = 0.1 needs over 1,000 training samples
for positive information gain under EGIG, while more
conservative designs are useful sooner. This offers a
principled criterion for deciding if a surrogate is “good
enough”.

7 CONCLUSION

In this work we develop a general framework for ex-
perimental design under model misspecification by ex-
tending the classical Ginebra criteria. This provides a
theoretical foundation for robust utilities that account
for model error, from which Expected Generalized In-

formation Gain (EGIG) emerges as a natural special
case. Our framework unifies robust design and can
motivate other robust criteria beyond EGIG, tailored
to different modeling and computational contexts.

Our experiments show that EGIG provides reliable
guidance where classical criteria fail. It successfully
navigated structural model error in a spring-mass sys-
tem, managed the trade-off between surrogate accu-
racy and likelihood noise for a neural network emu-
lator, and avoided pathological designs for approxi-
mate variational inference. In each case, EGIG made
robust design choices that were inaccessible to tradi-
tional methods.
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A NESTED MONTE CARLO

The utility curves in Figure 2 were estimated using Nested Monte Carlo (NMC) procedures.

The EGIG objective is an expectation over the true joint distribution. We estimate it by drawing N outer-loop
samples (θi, yi) from the true joint distribution pM⋆ and using anM -sample inner loop to estimate the intractable
marginal likelihood pM(yi | d) for each sample. The estimator is given by:

ÊGIG(d) =
1

N

N∑
i=1

log pM(yi | θi, d)−
1

N

N∑
i=1

log

 1

M

M∑
j=1

pM(yi | θj , d)

 (22)

where (θi, yi) ∼ pM⋆(y | θ, d)p(θ) and θj ∼ p(θ).

The I⋆KL utility was also estimated via NMC. From its definition, I⋆KL can be simplified to the expectation
I⋆KL(d) = EpM⋆ (θ,y|d) [log pM(y | θ, d)− log pM⋆(y | d)]. We approximate this by drawing N outer-loop samples
(θi, yi) ∼ pM⋆(θ, y | d). For each sample, we compute the working likelihood term log pM(yi | θi, d) directly. The
true marginal likelihood, pM⋆(yi | d), is intractable and is estimated with an M-sample inner Monte Carlo loop:

pM⋆(yi | d) ≈ 1
M

∑M
j=1 pM⋆(yi | θj , d), where θj ∼ p(θ).

All experiments were conducted in a Jupyter Notebook environment. The computations were performed on a
node of a high-performance computing cluster. For the experiments requiring significant computation, a single
NVIDIA A100 40GB GPU was utilized, allocated from a node with 32 CPU cores and 512GB of RAM.

B MORE EXAMPLES

B.1 Blackwell Monotonicity Violation: A Concrete Example

We construct a discrete example where a more informative experiment has lower misspecified utility than a less
informative one.

Setup: Consider a binary parameter θ ∈ {A,B} with uniform prior p(θ = A) = p(θ = B) = 0.5, and binary
data Y ∈ {y1, y2}.

The true model M⋆ for each design is

pM⋆(y1|θ, d0) =

{
0.6 θ = A

0.4 θ = B
(weakly informative),

pM⋆(y1|θ, d1) =

{
0.9 θ = A

0.1 θ = B
(strongly informative).

(23)

Clearly d1 is sufficient for d0 under M⋆, so d1 is more informative.

The working model M is defined for each design as:

pM(y1|θ, d0) =

{
0.6 θ = A

0.4 θ = B
(correctly specified),

pM(y1|θ, d1) =

{
0.5 θ = A

0.5 θ = B
(believes Y ⊥ θ).

(24)

Computing misspecified utilities (with φ = DKL(·∥p(θ))):

For d0, both models agree, so the working and true posteriors coincide:

Itrueφ (d0) = Ey∼pM⋆ (y|d0)[DKL(pM⋆(θ|y, d0)∥p(θ))]
= 0.5[0.6 ln(1.2) + 0.4 ln(0.8)] + 0.5[0.4 ln(0.8) + 0.6 ln(1.2)]

= 0.6 ln(1.2) + 0.4 ln(0.8) ≈ 0.020 nats
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Since models agree: ∆φ(d0) = 0, thus Imis
φ (d0) = 0.020 nats.

For d1, the true model provides substantial information:

Itrueφ (d1) = 0.9 ln(1.8) + 0.1 ln(0.2) ≈ 0.368 nats

However, the working model believes Y ⊥ θ, so its posterior equals the prior for all y, giving φ(pM(θ|y, d1)) = 0.
The penalty is:

∆φ(d1) = Ey[φ(pM⋆(θ|y, d1))− φ(pM(θ|y, d1))]
= Ey[0.368− 0] = 0.368 nats

This yields Imis
φ (d1) = 0.368− 0.368 = 0 nats.

Therefore, we have Imis
φ (d1) = 0 < 0.020 = Imis

φ (d0), even though d1 is sufficient for (more informative than) d0
under the true model. The misspecified utility violates Blackwell monotonicity, preferring the less informative
experiment because the working model’s complete failure to recognize the signal in d1 incurs a penalty equal to
the true information gain.

B.2 Amortized Variational Inference

Figure 6 displays all fifteen 2D marginal posterior distributions for the six-parameter Bayesian polynomial regres-
sion problem. For both the EIG-optimal and EGIG-optimal designs, we show the true posterior (computed via
exact Bayesian inference) and the mean-field variational approximation. The EIG design consistently induces
strong correlations in the true posterior across parameter pairs, which the axis-aligned mean-field approxi-
mation cannot capture. In contrast, the EGIG design produces posteriors with weaker correlations that are
well-approximated by the factorized variational posterior.

C PROOFS

C.1 Proof of the Blackwell-Sherman-Stein Theorem

The proof of the Blackwell-Sherman-Stein Theorem (which corresponds to Proposition 3.2 in Ginebra (2007))
relies on showing its equivalence to the original formulation of the theorem (Proposition 3.1 in Ginebra (2007)).
This first proposition is stated in terms of the likelihood-ratio statistic Tp(y).

Proposition C.1 (Blackwell-Sherman-Stein, Prop. 3.1 in Ginebra (2007)). Experiment d1 is sufficient for
experiment d2 if and only if for some strictly positive prior density p(θ),

Ep(y1)[ϕ(Tp(y1))] ≥ Ep(y2)[ϕ(Tp(y2))]

for every convex functional ϕ(·).

The proof of Proposition C.1 can be found in Blackwell (1953). We now show that Equation (3) is an equivalent
formulation.

Proof. We show that Proposition C.1 and the statement in Section 2.2 are mathematically equivalent. The proof
follows from a direct substitution based on the definitions in Ginebra (2007).

First, the likelihood-ratio statistic Tp(y) is the posterior-to-prior ratio function

Tp(y)(θ) =
p(θ | y)
p(θ)

.

Second, the functional φ(·) is defined in relation to ϕ(·). For any convex function ϕ that takes a ratio function
u(θ) as input, there exists an equivalent convex function φ that takes a posterior density function h(θ) as input.
This relationship is given by the change of variables:

ϕ(u) := φ(p · u),
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Figure 6: Complete set of 2D marginal posteriors for the variational inference experiment. Each subplot shows
one pair of parameters (wi, wj) with posteriors from both designs overlaid. Blue: EIG design the solid line is
the true posterior, and the dashed line is the MF-VI approximation. Orange: EGIG design. The solid line is the
true posterior, and the dashed line is the MF-VI approximation. For the EIG design (blue), the true posterior
exhibits strong correlations that the axis-aligned MF-VI approximation fails to capture, resulting in substantial
discrepancies between solid and dashed blue contours. For the EGIG design (orange), the true posterior has
less correlation and the MF-VI approximation matches it closely, with solid and dashed orange contours nearly
coinciding. Black dot: true parameter value. X marks: posterior means.
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where (p · u) is the function defined by the pointwise product (p · u)(θ) = p(θ)u(θ).

By substituting the definition of Tp(y) into this relationship, we see the equivalence. The argument to ϕ is the
function Tp(y), so

ϕ(Tp(y)) = φ(p · Tp(y)).

The argument to φ is the function (p · Tp(y))(θ), which evaluates to

p(θ) · Tp(y)(θ) = p(θ) · p(θ | y)
p(θ)

= p(θ | y).

Thus, the argument to φ is the posterior density function itself, giving the identity

ϕ(Tp(y)) = φ(p(θ | y)).

Therefore, the statement in Proposition C.1 equivalent to the statement in Section 2.2. This completes the
proof.

C.2 Proof of Proposition 4.1

Proof. Decomposition. Recall that the definition of EGIG is

EGIG(d) = EpM⋆ (y,θ|d)

[
log

pM(θ | y, d)
p(θ)

]
.

By adding and subtracting log pM⋆(θ | y, d) inside the logarithm, we get

EGIG(d) = EpM⋆ (θ,y|d)

[
log

pM⋆(θ | y, d)
p(θ)

+ log
pM(θ | y, d)
pM⋆(θ | y, d)

]
= EpM⋆ (θ,y|d)

[
log

pM⋆(θ | y, d)
p(θ)

]
+ EpM⋆ (θ,y|d)

[
− log

pM⋆(θ | y, d)
pM(θ | y, d)

]
= EIGtrue(d)− EpM⋆ (y|d)

[
EpM⋆ (θ|y,d)

[
log

pM⋆(θ | y, d)
pM(θ | y, d)

]]
= EIGtrue(d)− EpM⋆ (y|d) [DKL(pM⋆(θ | y, d) || pM(θ | y, d))]
= EIGtrue(d)−∆EGIG(d).

(R1) Real-Valued. We assume standard regularity conditions such that the expectations and KL divergences
involved are finite, making EGIG(d) a finite real number.

(R2) Non-Informative. If an experiment is non-informative under M⋆, then Y ⊥ θ, which implies pM⋆(θ |
y, d) = p(θ). We can then write EGIG as:

EGIG(d) = EpM⋆ (y|d)

[
EpM⋆ (θ|y,d)

[
log

pM(θ | y, d)
p(θ)

]]
= EpM⋆ (y|d)

[
Ep(θ)

[
log

pM(θ | y, d)
p(θ)

]]
= EpM⋆ (y|d) [−DKL(p(θ) || pM(θ | y, d))] .

Since the KL divergence is always non-negative, its negative is non-positive. The expectation of a non-positive
quantity is non-positive, so EGIG(d) ≤ 0. Equality holds if and only if DKL(p(θ) || pM(θ | y, d)) = 0 for almost
every y, which requires pM(θ | y, d) = p(θ) almost everywhere.

(R3) Information-Penalty Structure. The decomposition proven above, EGIG(d) = EIGtrue(d)−∆EGIG(d),
matches the required structure.

First, U true(d) = EIGtrue(d) is the mutual information IM⋆(θ;Y | d), which is the standard measure of expected
information gain under the true model. It is a known result that mutual information satisfies the classical
Ginebra axioms (G1)–(G3).
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Second, ∆U (d) = ∆EGIG(d) is the expectation of a KL divergence. Since DKL ≥ 0, its expectation is also
non-negative, so ∆EGIG(d) ≥ 0.

(R4) Bounded Contraction Under Sufficiency. Let design d1 be sufficient for design d2. This implies a
Markov chain θ → Y1 → Y2 under the true model, where Y1, Y2 are the data from designs d1, d2 respectively.

True information contracts: By the Data Processing Inequality for mutual information, the Markov chain θ →
Y1 → Y2 implies IM⋆(θ;Y2) ≤ IM⋆(θ;Y1). This is equivalent to EIGtrue(d2) ≤ EIGtrue(d1).

Penalty contracts: If the sufficiency holds via a common kernel for both M⋆ and M, then we have the Markov
chain θ → Y1 → Y2 under both models. The Data Processing Inequality for conditional KL divergence states
that this implies DKL(pM⋆(θ | Y2) || pM(θ | Y2)) ≤ DKL(pM⋆(θ | Y1) || pM(θ | Y1)). Taking the expectation of
both sides with respect to the true data distribution pM⋆(y1, y2 | d1) gives:

EpM⋆ (y2|d2) [DKL(pM⋆(θ | y2) || pM(θ | y2))] ≤ EpM⋆ (y1|d1) [DKL(pM⋆(θ | y1) || pM(θ | y1))]

This is precisely ∆EGIG(d2) ≤ ∆EGIG(d1).

Thus, EGIG satisfies all robust axioms (R1)–(R4).

C.3 Proof of Proposition 4.3

Throughout this proof we assume the standard measure-theoretic regularity conditions (absolute continuity and
integrability) that ensure all f -divergences considered are finite.

Proof. (R1) Real-Valuedness: Under standard measurability and integrability conditions, both Df (pM⋆(θ, y |
d) || p(θ)pM⋆(y | d)) and Df (pM⋆(θ, y | d) || pM(θ, y | d)) are finite. Hence I⋆f (d) ∈ R.

(R2) Non-Informative: Suppose Y ⊥ θ under M⋆. Then pM⋆(θ, y | d) = p(θ)pM⋆(y | d), which gives:

I⋆f (d) = Df (p(θ)pM⋆(y | d) || p(θ)pM⋆(y | d)) = 0.

For the penalty, the nonnegativity of f -divergences gives us

∆f (d) = Df (p(θ)pM⋆(y | d) || pM(θ, y | d)) ≥ 0,

with equality if and only if pM(θ, y | d) = p(θ)pM⋆(y | d) almost everywhere.

Therefore,
I⋆f (d) = 0−∆f (d) ≤ 0,

with equality if and only if pM(θ, y | d) = p(θ)pM⋆(y | d), which occurs if and only if pM(θ | y, d) = p(θ) almost
everywhere. This establishes (R2).

(R3) Information-Penalty Structure: By definition:

I⋆f (d) = Itruef (d)−∆f (d). (25)

Both terms are non-negative by properties of f-divergences.

We now verify that Itruef (d) satisfies the classical Ginebra axioms (G1)–(G3).

(G1) Real-Valuedness: Under standard regularity conditions, Df (pM⋆(θ, y | d) || p(θ)pM⋆(y | d)) is a finite real
number.

(G2) Non-Informativeness: If Y ⊥ θ under M⋆, then pM⋆(θ, y | d) = p(θ)pM⋆(y | d), giving

Itruef (d) = Df (p(θ)pM⋆(y | d) || p(θ)pM⋆(y | d)) = 0. (26)

(G3) Blackwell Monotonicity: If d1 is sufficient for d2 then by the data processing inequality for f -divergences,

Itruef (d2) ≤ Itruef (d1).
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Thus Itruef (d) is a valid information measure according to the Ginebra criteria. This establishes (R3).

(R4) Bounded Contraction Under Sufficiency:

Assume d1 is sufficient for d2 via a common transition kernel K(y2 | y1) for both models.

Part (a): True information contracts.

Since d1 is sufficient for d2 via kernel K(y2 | y1) under M⋆, we have that

pM⋆(θ, y2 | d2) =
∫

K(y2 | y1)pM⋆(θ, y1 | d1)dy1 (27)

and

p(θ)pM⋆(y2 | d2) =
∫

K(y2 | y1)p(θ)pM⋆(y1 | d1)dy1. (28)

By the data processing inequality for f-divergences:

Itruef (d2) = Df (pM⋆(θ, y2 | d2) || p(θ)pM⋆(y2 | d2)) ≤ Df (pM⋆(θ, y1 | d1) || p(θ)pM⋆(y1 | d1)) = Itruef (d1). (29)

Part (b): Penalty contracts under common kernel.

Since the kernel K is common to both models, both the true joint and the working joint transform via the same
Markov kernel:

pM⋆(θ, y2 | d2) =
∫

K(y2 | y1)pM⋆(θ, y1 | d1)dy1 (30)

and

pM(θ, y2 | d2) =
∫

K(y2 | y1)pM(θ, y1 | d1)dy1. (31)

By the data processing inequality for f-divergences,

∆f (d2) = Df (pM⋆(θ, y2 | d2) || pM(θ, y2 | d2)) ≤ Df (pM⋆(θ, y1 | d1) || pM(θ, y1 | d1)) = ∆f (d1). (32)

This completes the proof of (R4).

C.4 Proof of Lemma 4.4

Proof. Recall the definition of the Expected Generalized Information Gain (EGIG) from Equation (7):

EGIG(d) = EpM∗ (θ,y|d)

[
log

pM(θ | y, d)
p(θ)

]
(33)

and the Robust f -Information Measure instantiated with the Kullback-Leibler divergence (I⋆KL) from Equation
(3):

I⋆KL(d) = DKL(pM∗(θ, y | d) ∥ p(θ)pM∗(y | d))−DKL(pM∗(θ, y | d) ∥ pM(θ, y | d)). (34)

By the chain rule of KL divergence, the first term in I⋆KL(d) is the true mutual information Itrue(d):

Itrue(d) = EpM∗ (θ,y|d)

[
log

pM∗(θ, y | d)
p(θ)pM∗(y | d)

]
. (35)

The second term is the penalty ∆KL(d):

∆KL(d) = EpM∗ (θ,y|d)

[
log

pM∗(θ, y | d)
pM(θ, y | d)

]
. (36)

Subtracting the penalty from the true information yields:

I⋆KL(d) = EpM∗ (θ,y|d)

[
log

pM∗(θ, y | d)
p(θ)pM∗(y | d)

− log
pM∗(θ, y | d)
pM(θ, y | d)

]
(37)

= EpM∗ (θ,y|d)

[
log

pM(θ, y | d)
p(θ)pM∗(y | d)

]
. (38)
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We now decompose the working joint distribution into pM(θ, y | d) = pM(θ | y, d)pM(y | d):

I⋆KL(d) = EpM∗ (θ,y|d)

[
log

pM(θ | y, d)pM(y | d)
p(θ)pM∗(y | d)

]
(39)

= EpM∗ (θ,y|d)

[
log

pM(θ | y, d)
p(θ)

]
+ EpM∗ (y|d)

[
log

pM(y | d)
pM∗(y | d)

]
. (40)

The first term is exactly the definition of EGIG(d). The second term is the negative KL divergence between the
true and working marginal data distributions:

I⋆KL(d) = EGIG(d)−DKL(pM∗(y | d) ∥ pM(y | d)). (41)

Rearranging gives the desired decomposition:

EGIG(d) = I⋆KL(d) +DKL(pM∗(y | d) ∥ pM(y | d)). (42)

Since the KL divergence is non-negative, EGIG(d) ≥ I⋆KL(d), with equality if and only if pM∗(y | d) = pM(y | d)
almost everywhere.


