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Abstract—Roboticists are, in some sense, gamblers: every sim-

to-real deployment is a wager that simulation-implied perfor-

mance will carry over to real-world hardware. If one is gambling

anyway, one might as well do it as “professionals”. Among the

many sim-to-real bets one could place in the robotics context (e.g.,

policy training), this paper focuses on performance evaluation:

how to obtain accurate and efficient estimates of real-world

robot behavior from limited real-world trials. We formalize

this as a sequential betting problem and show that the bet-

weighted estimator induced by Kelly-optimal stakes provably

outperforms Monte Carlo whenever a bank of simulators carries

predictive advantage. The optimal bet, we prove, requires only

the one-dimensional payoff distribution rather than a generative

model of the real system, in contrast to state-of-the-art sim-

to-real evaluation methods that hinge on simulator-to-reality

fidelity. We translate this principle into a practical algorithm

that maintains a bank of randomized simulators reweighted

via Cover’s universal portfolio principle, and we prove that

wealth growth itself serves as a runtime diagnostic for whether

such bets are working. We demonstrate the effectiveness of the

proposed methods using both synthetic examples and cross-

fidelity computational simulators. Most strikingly, on a SO-

ARM101 manipulator it estimates real-world placement accuracy

more accurately than Monte Carlo on hardware data, using only

synthetic distributions with no kinematic or task-level relation

to the robot, a seemingly unconventional sim-to-real transfer

that becomes natural and feasible under the proposed betting

perspective. Programs for reproducing empirical results are

available at https://github.com/ISUSAIL/Bet4Sim2Real.

DISCLAIMER
In this paper, terms such as “gambler”, “gambling”, “bet-

ting”, and “bets” are used strictly as theoretical metaphors
within the context of robot testing and performance evalua-
tion. They refer only to abstract mathematical constructs for
sequential decision-making and uncertainty modeling. Under
no circumstances does this work involve, promote, or relate to
real-world financial gambling, monetary transactions, or any
form of betting activity, within or outside the robotics context.

I. INTRODUCTION

Although rarely stated explicitly, roboticists often behave
much like “gamblers” [1], at least occasionally, and in a con-
structive sense. One develops theory-inspired or data-driven al-
gorithms, controllers, software pipelines, and hardware stacks
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largely within simulators or synthetic computational-aided
environments, and then deploys them on real machines with
the hope, though rarely with a formal guarantee, that perfor-
mance will carry over. This transfer is guided by an implicit
and continually updated notion of confidence: as real-world
data accumulate, our trust in the simulator’s predictions is
revised, reinforced, or corrected. To the best of the authors’
knowledge, this paper represents the first attempt to formalize
and theorize this longstanding practice of “betting” within sim-
to-real workflows in robotics.

A. The sim-to-real performance evaluation problem

We focus on a specific yet fundamental aspect of sim-to-real
transfer: performance evaluation [2, 3, 4, 5, 6]. Given a fixed
policy, controller, or robotic system, whether model-based,
learning-based, or hybrid, as it stands, one seeks to efficiently
obtain an accurate estimate of its expected performance under
a certain real-world environment. This challenge arises in
almost every corner of robotics: benchmarking learning algo-
rithms [7, 8, 9], evaluating safety-critical behaviors [10, 11],
validating controllers [12, 13], comparing algorithmic or pol-
icy variants [14, 15], or supporting certification and regulatory
processes [6, 13, 16, 17, 18].

Formally speaking, consider a probability distribution P
over the measurable space (X ,F). Let us further assume,
albeit somewhat unrealistically in general but quite common
in robotics, that P represents an expensive real-world data-
generating distribution of various states concerning the robot
being tested as well as environmental factors.

Given a bounded performance scoring function ω : X →
M ↑ R, consider the performance evaluation target of
inference as the scalar mean

µ ↭ Ex→P [ω(x)]. (1)

When ω is a Boolean indicator of failure versus non-failure,
µ reduces to the risk (i.e., the failure probability) [2, 6, 11].
In practice, many other performance measures fall within
the same expectation-based formulation, such as normalized
rewards [19, 20], bounded stability scores [10, 21], or clipped
cost signals. W.l.o.g., we take M = [0, 1] (via an affine rescal-
ing/normalization of ω if necessary [22]) for the remainder of
the analysis.
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In general, to estimate the mean µ, we have the Monte Carlo
inference [23, 24, 25] as

µ̂MC =
1

n

n∑

1

ω(xi), xi ↓ P i.i.d. (2)

Despite the theoretical completeness of Monte Carlo estima-
tion (e.g., limn↑↓ µ̂MC = µ almost surely [24, 26]), plain
Monte Carlo is often not a practically “efficient” evaluation
method, especially when extreme-performance outcomes oc-
cur with very small probability under P (the well-known long-
tail or “curse of rarity” phenomenon [27]). This inefficiency
becomes particularly pronounced when P denotes the distri-
bution of states induced by real-world trials on real robots,
where tests are costly, time-consuming, safety-constrained, and
often subject to hardware wear, environmental variability, or
operational risk [5, 11, 28, 29].

Simulators, therefore, could play a crucial role. They offer
abundant, inexpensive, and controlled observations that can
supplement or guide real-world testing. Consider a parameter-
ized simulator as a family of other distributions {Qω : ε ↔!}
over the same measurable space mentioned above. By config-
uring ε differently, one can have different distributions of Q.
Contrary to the real-world distribution P , let’s further assume
Qω corresponds to a family of relatively “cheaper” distribu-
tions from which we can affordably draw large numbers of
samples. This setup motivates our central question: can we
leverage the low cost and flexible configurability of Qω to
perform accurate and efficient inference on P with theoretical
guarantees?

B. Literature review

We note that this paper is not the first attempt to address
the above research question. A substantial body of prior work
has explored related directions, generally falling into two
complementary perspectives [30]: (i) variance reduction, and
(ii) bias correction.

The variance-reduction perspective typically relies on
weighted sampling, with importance sampling (IS) as a canon-
ical example [31, 32, 33]:

µ̂IS =
1

n

n∑

i=1

ω(xi)
p(xi)

p↔(xi)
, xi ↓ P ↔ i.i.d. (3)

Here, the auxiliary distribution P ↔ is chosen to oversample
regions that contribute most to µ. Under standard regularity
conditions [32, 34], IS yields unbiased estimators with reduced
variance relative to vanilla Monte Carlo (2). In robotics,
however, both P and P ↔ typically correspond to real-world
data collection, with the simulator Qω serving mainly to guide
the construction of a better P ↔ [2, 10, 12, 35]. Consequently,
the most effective simulator under this view is one that closely
matches P , since tighter alignment enables more accurate
variance reduction.

Bias-correction approaches instead seek to implicitly [36]
or explicitly [3] model and correct the discrepancy between
the real distribution P and a simulator Qω. These methods

interpret the bias EP [ω] ↗ EQω [ω] as a structured, sample-
dependent quantity that can be learned or parameterized.
Concretely, one estimates a correction function bω(x), for
example via paired real–sim or predictor–real evaluations as
in prediction-powered inference (PPI) [37, 38], or via learned
correlators or control variates [39, 40]. The correction is then
used to construct a bias-adjusted estimator, either by evaluating
corrected simulator samples or by calibrating predictor-based
estimates using real data, yielding an estimator of the generic
form

µ̂BC =
1

n

n∑

i=1

(
ω(xi) + bω(xi)

)
, xi ↓ Qω i.i.d., (4)

where this expression represents a canonical simulator-centric
bias-correction form; predictor-based variants such as PPI can
be written in an equivalent correction-based form. Although
conceptually distinct from IS, bias-correction methods share a
similar implication: their theoretical optimum favors Qω = P ,
in which the correction term bω vanishes and the estimator
becomes an unbiased Monte-Carlo estimator under P .

Note neither approach mentioned above fundamentally ex-
ploits the scalability of modern robotic simulation: simulated
data grows cheaply and rapidly, while real-world data remains
scarce, preventing simulation abundance from translating into
proportional gains in reliable real-world performance estima-
tion [11, 29, 32, 37]. Moreover, from a theoretical standpoint,
these lines of work suggest a common conclusion: for per-
formance evaluation, a “good” simulator is one that closely
approximates reality. Yet this conclusion contrasts sharply with
another highly successful paradigm in sim-to-real robotics. In
policy transfer, where the policy is continually learned and
adapted in the hope of achieving high performance in the real
world, “wrong” but diverged simulators have enabled dramatic
progress by deliberately embracing mismatch. Techniques like
domain randomization [20, 41, 42, 43, 44, 45, 46], adversarial
perturbations [10, 47], and robustness-oriented training inject
structured variability to promote generalization across the
reality gap, despite limited theoretical understanding [3, 43].

What if the very ingredients that drive the success of
robust sim-to-real policy transfer, its deliberate distributional
mismatch, structured variability, and controlled uncertainty,
are in fact beneficial for performance evaluation as well,
and in certain regimes even preferable to perfect simulator
alignment? Such a possibility appears incompatible with clas-
sical variance-reduction or bias-correction viewpoints, which
rely on minimizing or compensating for simulator–reality
discrepancies. The betting perspective introduced in this paper
suggests a different interpretation. Within a betting frame-
work, predictive advantage, rather than perfect fidelity, is
what matters. A simulator that is “wrong but informative”,
because it induces directional predictive signals or structured
uncertainty, may provide a stronger edge than one that attempts
to mimic reality exactly but carries no exploitable variance.
This re-framing opens the door to a unified viewpoint in which
tools traditionally associated with policy transfer (e.g., domain
randomization) may also play a principled and theoretically



grounded role towards (provably) accurate and efficient sim-
to-real performance evaluation.

C. Main contributions
To the best of the authors’ knowledge, this paper makes

the first attempt at formulating the sim-to-real performance
evaluation problem as a betting problem.
• We first introduce a sequential betting formalism (Algo-

rithm 1) for sim-to-real performance inference, in which
simulator-informed bets induce a bet-weighted estimator of
the target performance measure (1).

• We then show that, under this mechanism, the classical
Kelly framework for optimal betting approximately coin-
cides with the statistically optimal strategy for efficient
estimation (Theorems 1 and 2). That is, the strategy that
maximizes wealth growth through betting is exactly the one
that achieves the best sampling efficiency and estimation
accuracy for the robot’s real-world performance under our
proposed framework.

• We translate these theoretical insights into a practically
executable sim-to-real testing algorithm inspired by Cover’s
universal portfolio principle (Algorithm 2). By maintaining
and adaptively reweighting a bank of randomized simulators
using proper scoring rules, the proposed method systemati-
cally approximates the classical Kelly betting strategy.

• We further prove that wealth growth itself provides a diag-
nostic signal for assessing the quality of this approximation
(Theorem 3), thereby endowing the practical algorithm with
theoretical performance guarantees in real settings.

• Finally, we demonstrate the effectiveness and robustness
of the proposed framework through a series of examples,
ranging from controlled synthetic experiments to real robotic
applications in legged locomotion and manipulation across
both simulated and physical environments.

The proposed framework fundamentally leverages the scal-
ability of modern simulation in robotics and offers a new
theoretical perspective on understanding the role of domain
randomization and simulation variance in real-world perfor-
mance evaluation.

D. Terminology from betting and finance
Throughout this paper we adopt a few standard terms from

the literature on sequential betting and finance. For clarity, we
summarize them here in plain language.
• Bet: In finance and gambling, a bet is a stake placed on an

uncertain outcome (e.g., wagering $10 on a stock going up),
with the size of the stake expressing how confident the bettor
is. In this paper, we keep the confidence interpretation but
drop the money: a bet is a quantitative expression of how
strongly to rely on a single prediction at a given round, with
no monetary stakes.

• Payoff: In finance, a payoff is the return a bettor receives
once the outcome is realized — positive if the bet was
correct (e.g., $30 back from a $10 bet at 3:1 odds), negative
otherwise. We preserve the sign convention: the round’s
payoff is positive when the prediction pointed in the correct

direction and negative when it did not, with magnitude re-
flecting how large the prediction error was (see Algorithm 1
later).

• Edge: In finance, a strategy has edge when, on average,
its expected return is strictly positive (e.g., a trading model
whose predictions are right more often than chance has edge
over a coin-flip strategy). We keep this meaning unchanged:
a strategy has edge when its expected payoff conditioned
on the past is strictly positive. “No edge” means no useful
predictive signal beyond chance.

• Predictive Advantage: This is essentially the same as edge
above. But in this specific paper, when stated more gener-
ally: a simulator has predictive advantage when its output
gives us useful information about real-world performance.
This is different from how simulators are usually treated in
variance reduction or bias-correction as mentioned above.
Theorem 1 makes this precise.

• Wealth. In a typical betting process, wealth is a running
total of capital that compounds when bets pay off and
depletes when they don’t (e.g., start with $100, win three
1:1 bets in a row, end with $800). In this paper, we
preserve the accumulation mechanism but not the monetary
interpretation: wealth here is a bookkeeping diagnostic that
summarizes how informative the strategy has been so far.
It is not a weight on simulators; rather, sustained wealth
growth provides statistical evidence against the absence of
edge (see Theorem 3 later).

Notations. The set of real numbers is denoted by R. Z denotes
the set of positive integers and Zk = {1, . . . , k} for some
k ↔ Z. |S| denotes the cardinality of a set S. a↘b = min(a, b)
for some a, b ↔ R.

II. MAIN METHOD

Section II-D
Algorithm 2

Section II-B
Theorem 1

Section II-C
Theorem 2

Section II-A
Algorithm 1

Section II-E
Theorem 3

How to bet,
approximately?

W
he

n
do

es
be

tti
ng

he
lp

,t
he

or
et

ic
al

ly
?

How to bet, theoretically?

When does betting

help, approximately?

Fig. 1: A roadmap of Section II. Theoretical results (Theorems 1-3) establish
when and how betting improves estimation; algorithms translate these insights
into practice. Arrows show logical dependencies.

Proofs of all Theorems in this section can be found in the
supplementary material.

A. An abstract sequential betting algorithm
An abstract version of the proposed sequential betting

algorithm for sim-to-real performance inference is given in
Algorithm 1. It places a standard betting mechanism at its core.
At each round t, before observing the real sample but after
drawing auxiliary information from the accumulated simulator



samples, a bet bt is chosen as a fraction of the (future)
payoff, reflecting the algorithm’s belief about the correctness
of a forthcoming prediction (lines 5–8). If the prediction
is subsequently verified by the real outcome, the gambler’s
wealth increases by the corresponding payoff Yt; if not, the
wealth decreases proportionally (lines 12–13). If bt = 0 for
all t, the bet-weighted estimator is undefined; setting bt = 1
for all t recovers the Monte Carlo estimator. It is important to
point out that this betting setup does reflect common practices
in robotic sim-to-real workflows, in some conceptual respects.
Practitioners routinely decide whether real-world tests are
worthwhile based on simulation confidence [3, 43, 48]. As
real-world samples accumulate, they also jointly affects the
utilization of the simulator and the resultant bet.

On the other hand, the algorithm also departs from standard
betting practice and robot performance evaluation in two
important ways. The first atypical component is the double bet-
ting mechanism (lines 5-8) (conceptually close to [49]), which
determines a “directional” bet on the correlation between the
upcoming real-world sample and the running bet-weighted
mean of the previously observed real-world measurements.
This mechanism is intentionally introduced to align the betting
procedure with the performance–estimation objectives of this
paper. Moreover, for the same reason, the algorithm outputs a
bet-weighted estimate (line 15) in place of the more traditional
equally weighted estimator such as the Monte Carlo mean
in (2).

Finally, Algorithm 1 is not immediately executable as stated,
since critical implementation details remain unspecified. The
determination of bet sizes bt is described only conceptually
as being “based on St and D” without concrete formulas.
Despite these gaps (which shall all be detailed in Section II-D
later), we first seek to address a more fundamental question:
under what conditions does the sequential betting framework,
as abstractly described in Algorithm 1, outperform the Monte
Carlo estimator? Our approach is to impose assumptions
directly on the properties of the betting sequence rather than

Algorithm 1 Abstract Betting
1: Given: P , Qω, ω : X → M, T ↔ Z
2: Initialize: D=≃, ϑ0 ↔ M, Wealth W = 1, S0 = ≃
3: For t = 1, 2, . . . , T :
4: Sample S̃t ↓ Qω, St ⇐ St↗1 ⇒ S̃t

5: Based on St and D:
6: compute bet b↘

t
↔ [0, 1] on ω(xt) > ϑt↗1

7: compute bet b≃
t
↔ [0, 1] on ω(xt) < ϑt↗1

8: bt = max{b↘
t
, b≃

t
}

9: If bt > 0:
10: Sample xt ↓ P
11: D.append((xt, bt))

12: Yt =

{
|ω(xt)↗ ϑt↗1|, if the bet is correct,

↗|ω(xt)↗ ϑt↗1|, otherwise.
13: W ⇐ W (1 + btYt)
14: ϑt =

∑
(x,b)⇐D b · ω(x)/

∑
(x,b)⇐D b

15: Output: µ̂BW = ϑt

prescribing specific mechanisms for generating these bets.
This separates the question of (i) when betting helps (a

statistical question about bet properties) from (ii) how to
generate good bets (an algorithmic design question).

B. When does betting help, theoretically?
Regardless of how the sequence of bets is generated, the

following theorem establishes a universal performance guaran-
tee concerning bet-weighted performance estimate. It precisely
characterizes when the bet-weighted estimator (line 15 of
Algorithm 1) achieves higher efficiency, and therefore greater
accuracy, than the standard Monte Carlo estimator (2).

Theorem 1 (Bet-weighted inference V.S. Monte Carlo effi-
ciency). Consider the abstract sequential betting algorithm
(Algorithm 1) with the bet-weighted estimator µ̂BW =∑

T

t=1 wtω(xt) where wt = bt/
∑

j
bj . Correspondingly, the

Monte Carlo estimator µ̂MC is defined as in (2) and the target
mean µ in (1). For a fixed sample budget n from P , the
bet-weighted estimator achieves lower expected squared error
E[(µ̂BW ↗ µ)2] < E[(µ̂MC ↗ µ)2] if and only if:

ϖ2

n
↗

n∑

t=1

w2
t
ϖ2
t

︸ ︷︷ ︸
Variance Reduction

>

[
n∑

t=1

wtϱ(wt)

]2

︸ ︷︷ ︸
Bias Penalty

, (5)

where ϖ2
t

= Var(ω(xt)|wt) is the conditional variance
given the weight, ϱ(w) = E[ω(xt)|wt = w] ↗ µ is the
weight–outcome dependence term, and ϖ2 = Varx→P [ω(x)]
is the variance of the measure function from the distribution
P .

To this end, the central question becomes how to design
sequential double–betting procedures that realize the vari-
ance–reduction guarantees established in Theorem 1. Con-
cretely, this requires instantiating the bet-generation compo-
nents left unspecified in Algorithm 1.

C. How to make good bets, theoretically?
If the discussion were purely about betting rather than

robotics, the answer would be straightforward: use the classical
Kelly principle [50, 51]. Kelly betting, originally developed
in information theory [50] and later adopted in finance and
gambling [51, 52], addresses a simple yet fundamental ques-
tion: “When repeatedly placing bets that are slightly favorable,
what fraction of my wealth should I wager each time so that my
wealth grows as quickly as possible while controlling risk?”

The central insight is that one should wager more when
the perceived advantage is high and less when the outcome
uncertainty is large. In its most compact form, the Kelly
rule prescribes bet size ⇑ advantage/uncertainty (variance),
which is precisely an inverse-variance scaling [52, 53].

A slightly more formal and sequential view of the Kelly
principle comes from a small-stakes (Taylor-expanded) and
small-edge approximation applied conditionally on past in-
formation [50, 54, 55]. Consider a betting process similar to
Algorithm 1 in which, at round t, a fraction bt ↔ [0, 1] is



wagered and a random payoff Yt ↔ R is received. Conditioned
on the past history Ft↗1, the log-wealth increment admits the
second-order Taylor expansion

log(1 + btYt) = btYt ↗
1

2
b2
t
Y 2
t
+O(|btYt|3), (6)

which is accurate when the small-stakes condition |btYt| ⇓ 1
holds. Taking conditional expectations and retaining the lead-
ing terms yields the approximate conditional log-growth

bt E[Yt | Ft↗1] ↗ 1

2
b2
t
E[Y 2

t
| Ft↗1]. (7)

Differentiating and setting the derivative to zero gives

b⇒
t

⇔ E[Yt | Ft↗1]

E[Y 2
t
| Ft↗1]

=
µt

ϖ2
t
+ µ2

t

⇔ µt

ϖ2
t

, (8)

where the final approximation follows under the small-edge
condition µ2

t
⇓ ϖ2

t
[55]. Note the small-stake and small-

edge assumptions are classical in the information-theoretic
and financial settings where the Kelly criterion was originally
developed [50, 54]. In the robotics performance-evaluation
setting considered here, these conditions are even easier to
satisfy, since the “wagers” are not real monetary stakes but
mathematical constructs that can be scaled arbitrarily without
affecting the underlying performance measure.

The remainder of this section will show that this same
principle underlies the optimal variance-reduction strategy in
our setting. In fact, we will see that the Kelly-optimal betting
rule approximately coincides with the choice of weights that
minimizes the estimation error of the bet-weighted mean,
thereby connecting successful wealth growth to improved
statistical efficiency of Algorithm 1.

Theorem 2 (Kelly-style betting induces optimal bet-weighted
inference). Let µ̂BW =

∑
T

t=1 wt ω(xt) be the bet-weighted
estimator of Theorem 1, where wt = bt/

∑
T

j=1 bj and ϖ2
t
=

Var(ω(xt) | Ft↗1). Suppose that at each round t the bet size
bt is chosen according to the Taylor-expanded Kelly rule (8),
so that bt is proportional to E[Yt | Ft↗1]/Var(Yt | Ft↗1),
which we denote by ςt↗1/ϖ2

t
with ςt↗1 := E[Yt | Ft↗1].

Then the induced normalized weights satisfy wt ⇑ ςt↗1/ϖ2
t
.

Moreover, if the predictive edge is (approximately) constant,
i.e., ςt↗1 ⇔ ς for all t, then the induced weights reduce
(approximately) to inverse-variance weighting, wt ⇑ 1/ϖ2

t
,

hence they (approximately) maximize the variance-reduction
term ϖ2/T ↗

∑
T

t=1 w
2
t
ϖ2
t

in (5).

Theorem 2 applies to a broad class of Kelly-style updates
with ςt↗1 as an Ft↗1-measurable “edge” factor and ϖ2

t
as the

conditional outcome variance. The constant-edge approxima-
tion ςt↗1 ⇔ ς holds most accurately in early-to-mid rounds
when |ϑt ↗ µ| remains large; as ϑt → µ, the edge diminishes
and Kelly betting naturally reduces stakes, transitioning the
estimator toward stability rather than aggressive weighting. In
the specific case arising in Algorithm 1, the payoff is defined
as Yt = Bt (ω(xt) ↗ ϑt↗1), where Bt ↔ {+1,↗1} encodes
whether the algorithm bets “up” or “down”. Under this regres-
sion-style payoff, Var(Yt | Ft↗1) = Var(ω(xt) | Ft↗1) = ϖ2

t
,

so the Kelly denominator coincides exactly with the variance
term used in Theorem 1. The Kelly “edge” then becomes

ςt↗1 = Bt

(
E[ω(xt) | Ft↗1]↗ ϑt↗1

)
= Bt(µ↗ ϑt↗1). (9)

A practical formulation of Kelly betting is expressed as

bt = φ
ςt↗1

ϖ2
t

. (10)

φ ↔ (0, 1] is known as the Kelly fraction, controlling the level
of risk exposure [56]. The choice φ = 1 corresponds to the
full Kelly strategy, which maximizes asymptotic log-wealth
growth [52], while φ = 0.5 is often referred to as the half-Kelly
strategy, offering more conservative behavior with reduced
variance and improved robustness in finite-sample settings.

Remark 1. It may be tempting to interpret the ideal Kelly
update (10) as implicitly selecting the “true” real-world
simulator, since the optimal bet (10) uses the real distribution.
This interpretation is incorrect. Kelly betting requires only the
payoff distribution of ω(xt)↗ϑt↗1, specifically its conditional
mean and variance, and does not depend on any generative
or dynamical model of the real system. Thus, even in the ideal
case, the object that Kelly optimizes against is not a simulator
of reality, but the one-dimensional payoff law.

From a practical standpoint, however, the “ideal” Kelly
rule (10) is not directly implementable, since neither the
true predictive advantage nor the conditional variances ϖ2

t

are known a priori. More ironically, this creates a circular
dependency: constructing an accurate estimate of µ would
itself require prior knowledge of µ. This limitation was already
implicit in Kelly’s original formulation [50], which assumes
that the gambler knows the true odds or outcome probabilities,
an assumption rarely satisfied in practice. In the sim-to-real
performance evaluation problem studied in this paper, this is
precisely where the simulator re-enters the picture.

D. How to make good bets, approximately?
In the attempt to approximate the “ideal” Kelly condi-

tions, our main proposal is, again, inspired by classical ideas
in finance and gambling, most notably Cover’s universal
portfolio principle [57, 58]. By maintaining and updating
a bank of experts, each representing a distinct simulator
or predictive hypothesis, the algorithm adaptively reweights
these experts according to their observed betting performance.
This universal-portfolio–style aggregation admits a classical
guarantee [59, 60, 61]: its cumulative performance is within
logarithmic regret of the best expert in the bank [60], despite
that expert being unknown a priori (formal adaptation to our
setting is left to future work).

Specifically, consider a bank of simulator instances
{Qω(k)}K

k=1 with K “expert” betting strategies. The k-th expert
can be instantiated by any lightweight simulator configuration
or update rule, for example, a domain-randomized parameter
setting, an adversarially stressed model instance, or any other
plausible (or even not necessarily plausible) hypothesis about
the real-world dynamics. Each expert proposes a predictive



distribution for the performance measure, summarized by
µ(k) := EQ

ω(k)
[ω(x)] and (ϖ(k))2 := VarQ

ω(k)
(ω(x)). The uni-

versal portfolio idea then maintains a score-weighted mixture
over all experts, allowing the algorithm to asymptotically
compete with the best simulator in hindsight without know-
ing in advance which simulator is informative. Consistent
with both Cover’s construction and classical gambling theory,
each simulator is assigned a nonnegative weight ↼(k)

t
with∑

k
↼(k)
t

= 1. A weighted simulator mixture is then used as
an approximation of the ideal Kelly as

mt=
K∑

k=1

↼(k)
t
µ(k),vt=

K∑

k=1

↼(k)
t
(ϖ(k))2, bt=

φ|mt↗ϑt↗1|
vt

↘1,

(11)
with betting direction Bt = sign(mt ↗ ϑt↗1). Here φ ↔ (0, 1]
is the Kelly fraction. This produces a single combined bet at
each round, exactly as in Algorithm 1.

After observing the real-world outcome yt = ω(xt), for
each simulator instance k, we maintain a cumulative log-score
s(k)
t

updated as

s(k)
t

= s(k)
t↗1 ↗ ↽ ⇀

(
yt;µ

(k), (ϖ(k))2
)
, (12)

where ↽ > 0 is a positive learning-rate (inverse-temperature)
parameter that controls how aggressively evidence from real-
world outcomes is accumulated, analogous to the learning-
rate or risk-sensitivity parameters in classical exponential-
weights algorithms and betting-based sequential decision
frameworks [54, 61, 62]. ⇀(·) is the Gaussian log-score
⇀(y;µ,ϖ2) = 1

2

[
log(2↼ϖ2) + (y↗µ)2

ε2

]
, i.e., the negative log-

likelihood of y under the normal model N (µ,ϖ2). Note the
Gaussian log-score is standard in universal portfolios [57];
alternative scores (Beta, Brier [63]) are left to future work.
The normalized trust weights are then obtained via softmax
normalization,

↼(k)
t

=
exp(s(k)

t
)

∑
K

j=1 exp(s
(j)
t

)
. (13)

Importantly, this update does not seek to identify a simulator
that matches the real world; rather, it maintains a distribution
over simulators that are most informative for predicting real-
world outcomes, even when all simulators are misspecified.

Putting the above components together yields Algorithm 2,
an explicitly executable instantiation of Algorithm 1. At each
round, simulator experts are updated via a universal score-
weighted mixture, their predictive moments are aggregated
into (mt, vt), a Kelly-style bet bt is computed using (11), and
the real-world payoff is incorporated into the bet-weighted
estimator ϑt. No other changes are made to Algorithm 1
concerning the abstract betting loop, payoff, or estimator; only
the approximation of the Kelly quantities is specified.

Finally, although Algorithm 2 assumes a fixed simulator
bank, an important direction for future work is to adaptively
revise simulators when performance degrades, for instance
when sustained declines in wealth are observed. As in finance,

such behavior may indicate model misspecification, but in sim-
to-real settings the appropriate update mechanism is inherently
application-dependent. This leads to the final challenge ad-
dressed in this section: how do we know, in practice, when
the approximate bet is actually working?

Algorithm 2 Approximated Betting
1: Given: P , {Qω(k)}K

k=1 for some K ↔ Z, ω : X → M,
T ↔ Z, ↽ > 0

2: Initialize: D = ≃, ϑ0 ↔ M, W = 1, S0 = ≃, s(k)0 = 0,
↼(k)
0 , ↖k s.t.

∑
K

k=1 ↼
(k)
0 = 1

3: For t = 1, 2, . . . , T :
4: Sample S̃(k)

t
↓Qω(k) for each k, St⇐St↗1⇒


K

k=1S̃
(k)
t

5: Based on St and D:
6: compute mt, vt, bt by (11)
7: compute bet direction sign(mt ↗ ϑt↗1)
8: If bt > 0:
9: line 10-14 in Algorithm 1

10: Update log-score s(k)
t

by (12) for all k ↔ ZK

11: Update weights ↼(k)
t

by (13) for all k↔ZK

12: Output: µ̂BW = ϑt

E. When does betting help, approximately?
One possible approach is to invoke Theorem 1, provided

that the required variance and bias terms can be estimated with
provable guarantees. While this may be feasible in principle,
we were unable to obtain such estimates in this paper and
will consider it as future work. The answer we provide is
remarkably simple yet deeply characteristic of the betting
perspective: wealth.

Theorem 3 (Growing wealth implies effective estimate, sta-
tistically). Let (Ft)Tt=0 be a filtration and let (Yt)Tt=1 be the
realized payoff of the betting strategy at round t (as defined
in Algorithm 1, line 12), with Yt ↙ ↗1 almost surely. At each
round t, a predictable betting strategy (measurable w.r.t. Ft↗1)
chooses a stake bt ↔ [0, 1], then observes Yt and updates the
wealth via W0 = 1,Wt+1 = Wt

(
1 + btYt

)
, t = 0, . . . , T ↗ 1.

Suppose the following no-advantage (no-edge) null hypothesis
holds:

H0 : E[Yt | Ft↗1] ∝ 0 for all t = 1, . . . , T, (14)

i.e., conditioned on the past, the betting strategy has no
systematic positive expected gain. Then for every ⇁ ↔ (0, 1),

PH0

(
WT ↙ 1/⇁

)
∝ ⇁. (15)

The theorem itself relies only on the no-edge condition (14)
and makes no assumptions about how the bets are gener-
ated [64, 65]. When combined with Theorem 1 and the Kelly
inverse-variance equivalence, this motivates interpreting H0

as the “bad” regime in which the betting strategy has no
predictive advantage and the bet-weighted estimator offers no
improvement over the Monte Carlo estimator.

Remark 2 (Interpreting wealth growth). The guarantee (15)
should not be interpreted as a probability of outperforming



Monte Carlo (i.e., observing wealth w does not imply im-
provement with probability 1↗1/w). Instead, sustained wealth
growth provides increasing evidence that the betting strategy is
extracting predictive signal from the data, indicating operation
in a regime where bet-weighted estimation is expected to
outperform plain Monte Carlo. A more refined probabilistic
interpretation, for example via sequential factorization of
wealth growth, is left to future work.

Remark 3 (Why a diagnostic, not a regret bound). Theorem 3
is a finite-sample, distribution-free statement as (15) holds
for every T under the stated null, with no asymptotic limit
and no assumptions beyond Yt ↙ ↗1. It is also a diagnostic
signal applied after or alongside the execution of the betting.
A natural alternative would be a regret bound for Algorithm 2
via Cover’s universal portfolio framework [57, 58], comparing
the wealth of the score-weighted mixture (11)–(13) to that of
the best single expert in hindsight. Such a bound is achievable
in principle and is left to future work; however, regret bounds,
even when finite-sample, are typically worst-case in nature and
may not be tight at the small sample budgets relevant to real-
robot testing. We therefore present Theorem 3 as a per-trial
empirical signal that is directly actionable.

F. Discussions
The proposed method addresses a different aspect of the

performance-evaluation problem than variance reduction (e.g.,
IS) or bias-correction (e.g., PPI) approaches. IS relies on
likelihood ratios reweighting the sampling process itself, while
bias-correction methods, such as PPI, use real data to calibrate
or debias estimates so that simulator outputs approximate
the real distribution. Our betting framework instead treats
simulators as sources of predictive advantage: simulator bias
is neither estimated nor removed, but explicitly tolerated and
traded against variance when informative edge is present. From
this perspective, betting complements IS and bias-correction
methods by operating in regimes where simulator fidelity
is limited but simulation is abundant. In particular, unlike
existing approaches that are bottlenecked by scarce real-world
data, the proposed framework directly embraces arbitrarily
large, even mismatched, simulator banks and can benefit from
their diversity. The framework also admits natural composition
with IS and PPI; we leave such hybrids to future work.

The method involves only two interpretable hyperparam-
eters: the learning rate ↽ ↔ R⇑0 and the Kelly fraction
φ ↔ (0, 1]. Empirical sensitivity to their choices is examined
in Section III. A more complete theoretical characterization is
of future interest.

Remark 4. The construction in Algorithm 2 does not require
any expert Qω(k) to match P at the testing environment, task,
or robot level. Theorem 1’s variance-reduction condition is
a property of the induced weights and the conditional payoff
statistics, not of per-test fidelity. Whether a given bank satisfies
it for a given target is an empirical question that Theorem 3
lets us check at runtime. As a result, though counter-intuitive,
the expert bank in Algorithm 2 does not need to simulate the

same robot or policy being tested. This has been theoretically
justified in this section and will be further demonstrated
empirically in Section III (and with Remark 5).

Finally, addressing the four questions posed as titles of
previous subsections, we show that (II-B) betting helps when it
provides predictive advantage that reduces estimator variance;
(II-C) its optimal form (approximately) coincides with the
classical small-stake Kelly criterion; (II-D) practical approx-
imations can be realized via a simulator bank updated with
proper scoring rules inspired by Cover’s universal portfolio
principle; and (II-E) sustained wealth growth approximately
implies effective estimates.

III. CASE STUDIES

The empirical studies illustrate the theoretical insights of
Section II, highlighting both effective and failure regimes.
Accordingly, our comparisons focus primarily on the Monte
Carlo and various proposed betting-based estimators, including
the ideal Kelly strategy described in Section II-C and its
practical approximations implemented in Algorithm 2. Ad-
ditional comparisons with IS and PPI variants are provided
in the supplementary material. As both require case-specific
adaptations and are not applicable to all scenarios, our most
careful fair implementations show consistent advantages for
the proposed method. Programs that allow direct replications
of the presented results can be found in the repository 1.

A. Synthetic examples
This section characterizes the real-world distribution P

and simulators Qω using a diverse family of parameterized
synthetic distributions (e.g., Beta distributions, truncated nor-
mal distributions, Gaussian mixtures, Bernoulli, bimodal, and
uniform-spike distributions (details can be found in the affili-
ated code and supplementary material) adapted from [6]) over
the [0, 1] interval. The performance measure adopted in these
cases is ω(x) = x.

a) Configurations: For the “real-world” distributions,
we consider three collections of synthetic distribution vari-
ants with cardinalities 6, 20, and 40, denoted as Real_6,
Real_20, and Real_40, respectively. Each collection is a
strict subset of the next, constructed incrementally by pro-
gressively enriching the support. For the banks of simulator
experts used in the approximated Kelly betting, we construct
four collections of synthetic distribution variants with sizes
17, 35, 94, and 172, denoted as Sim_17_biased, Sim_35,
Sim_94, and Sim_172. Sim_17_biased is intentionally
skewed and biased toward the left portion of the distributional
support, whereas the other three banks provide increasingly
dense coverage over the entire range with varying resolutions.
Importantly, none of the distribution variants in the Sim banks
overlap with those used in the Real collections. For the
implementation of ideal Kelly variants, we adopt the ground-
truth mean and ground truth variance (which upper bounds the
conditional variance ϖ2

t
).

1https://github.com/ISUSAIL/Bet4Sim2Real

https://github.com/ISUSAIL/Bet4Sim2Real
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Fig. 2: Experiment results for Section III: 2a: win-rate comparison of all methods against the Monte Carlo baseline across different Real synthetic
distributions, learning rates, and numbers of rounds; 2b: average wealth across methods on the Real_6 distributions, providing empirical support for
Theorem 3; 2c: Round-by-round estimates of the placement error for Section III-B across different methods, the (Half) label denotes half Kelly betting
(ω = 0.5); 2d: Round-by-round win rate comparison for Section III-C across different methods. The maximum number of rounds is set to T = 30, reflecting
commonly adopted trial counts in standardized real-world robotic testing, particularly for manipulators [13, 17, 66].

For each evaluated method (Monte Carlo, ideal Kelly with
different Kelly fraction values, and approximated Kelly under
different configurations), and for each task (corresponding to a
specific distribution within one of the Real collections), the
experiment is repeated over 100 independent random seeds.
For each seed, the estimation error is evaluated against the
ground-truth mean, as dictated by the known parameters of the
underlying distribution. A bet-weighted estimate is considered
a “win” if its estimation error is smaller than that of the Monte
Carlo estimator on the same task, using the same random seed
and the same number of rounds T (i.e., the same number of
real-world samples). The overall results of the win rate evalu-
ation are shown in Fig. 2a related to a variety of learning rates
↽ ↔ {0.1, 0.5, 1.0, 2.0, 3.0, 4.0, 5.0, 10.0, 20.0, 50.0, 100.0} for
(12) and different rounds T ↔ {30, 50, 100, 200, 300}. Each
cell in the heatmap of Fig. 2a reports the win rate of a
given method on a specific task, computed over 100 random
seed trials. For the approximated Kelly variants, the win rate
is evaluated for the corresponding choice of ↽ and number
of rounds T . Finally, for the evaluation against Real_6,
the average wealth achieved by each Kelly betting variant,
aggregated over all 100 random seed trials and across different
choices of ↽ and T , is reported in Fig. 2b. The red shaded
region indicates the no-edge null hypothesis dictated by (14)
in Theorem 3.

b) Analysis and Discussions: Overall, the empirical re-
sults support the theoretical claims in Section II from multiple

perspectives. As shown in Fig. 2a, ideal Kelly betting con-
sistently dominates Monte Carlo by a clear margin across all
settings, with performance improving as the number of rounds
T increases due to more stable estimation from additional real-
world samples. This trend aligns with the asymptotic nature
of the theoretical analysis. For the approximated Kelly method
(Algorithm 2), the largest simulator bank, Sim_172, gener-
ally achieves the best performance; however, more experts
do not necessarily imply better results, as Sim_35 often
outperforms Sim_94. The learning rate ↽ also influences per-
formance, though these effects are descriptive for the studied
cases, and a systematic characterization of their roles remains
an important direction for future work. The wealth analysis in
Fig. 2b empirically supports Theorem 3.

B. From synthetic simulators to real-world pick-and-place

This section evaluates the pick-and-place positioning accu-
racy of an imitation-learning-based policy on a SO-ARM101
manipulator [67] (the policy was trained from tele-operated
trajectories collected on the same physical robot, and therefore
no naturally “matching” simulator exists for this task [68]).

a) Configuration: In each trial, a green bucket is placed
at a fixed location and moved to a target position offset by
102 mm, with a maximum trial duration of 60 s. Positioning
accuracy is measured as the Euclidean distance between the
target center and the bucket center using the OptiTrack mo-
tion capture system with five Primex 22 high-speed cameras



(∝ 0.15 mm accuracy). To enforce an i.i.d. setting, each trial
includes a full power cycle and a cooldown time ↙ 60 s.
The ground-truth error is estimated via Monte Carlo using
119 trials, achieving a relative half-width of 0.13 at a 95%
confidence level. To align the performance measure ω between
the tracking task and the synthetic simulators, the placement
error is expressed in units of 10 cm and normalized (to [0, 1]
interval) by a maximum distance of 30 cm. For the Monte
Carlo baseline, we evaluate 90 trials, each constructed from
a contiguous window of 30 samples spanning the i-th to
the (i + 30)-th samples of the aforementioned ground-truth
process. For each trial, we apply ideal Kelly betting with
full and half Kelly fractions, as well as the approximated
Kelly method using the same synthetic Sim variants as in
the previous example. The estimation error, averaged over all
trials as a function of T , is shown in Fig. 2c.

b) Analysis and Discussion: Overall, ideal Kelly remains
dominant, with half Kelly being more stable in the early
stages, although both variants empirically converge to similar
estimation error levels. Most Sim variants outperform Monte
Carlo, particularly in later rounds as simulator weights adapt
over time. In contrast, Sim_17_biased remains ineffective
due to its pronounced mismatch with the task distribution.

Remark 5. Although synthetic distributions are effective
in both examples, the pick-and-place study in particular
highlights a key property of the bet-weighted estimator: its
effectiveness depends on distributional signal rather than
task-specific or application-level alignment. This observation
should not be interpreted as advocating the replacement of
application-specific simulators with synthetic ones. In practice,
synthetic banks often require broad distributional coverage
and may be less efficient than well-correlated sim-to-real
simulators, a point further illustrated in Section III-C.

C. Sim-to-sim locomotion tracking performance evaluation

In this section, we demonstrate the proposed method by
evaluating the velocity-tracking performance of a Unitree G1
humanoid robot controlled by a reinforcement-learning-based
locomotion policy [69, 70] in the MuJoCo simulator [71].

a) Configuration: : Each test trial lasts 4 s, starting from
a fixed initial pose and executing two sequential velocity
commands of 2 s each, specified by desired planar velocities
(vx, vy) ↔ [↗1, 1]2. The velocity-tracking error is defined as
the mean ⇀2-norm of the difference between measured and
commanded velocities over the 4 s horizon, normalized by a
maximum speed of 1.5 m/s. In this example, the “real-world”
is a fixed MuJoCo environment with specified parameters
(robot mass, damping coefficients, friction, and a fixed random
seed for velocity commands). The simulator side consists of a
domain-randomized bank of 10 experts with varying parame-
ters and random seeds, none matching the real instance. The
experts’ estimate update follows Algorithm 2. We also reuse
the synthetic Sim variants from Section III-A. The ground-
truth tracking error is estimated via sufficient sampling using
552 trials, achieving a relative half-width below 0.02 at a 95%

confidence level. We then evaluate bootstrapped trials using
different betting-based methods. Each method is repeated over
30 independent random seeds. As in Section III-A, a method
is counted as a “win” if its error estimate outperforms Monte
Carlo on the same samples. Results are shown in Fig. 2d, with
learning rate ↽ = 5.0 throughout.

b) Analysis and Discussion: Ideal Kelly betting remains
the dominant method overall. Among the two classes of
approximated Kelly variants, synthetic Sim distributions often
perform better in the early rounds, largely due to noisy
or “lucky” early guesses. In contrast, the bank of domain-
randomized MuJoCo-based simulators may start with less
favorable initial estimates, but converge rapidly and dominate
in later rounds. Comparison on this specific case against a PPI
variant [38] can be found in the supplementary material.

IV. CONCLUSION: LIMITATIONS AND FUTURE WORK

Beyond the theoretical limitations discussed in Remark 2,
the practical betting scheme in Section II-D currently lacks
theoretical guarantees characterizing how well and to what
extent it approximates the ideal Kelly strategy. While such
guarantees appear attainable in principle (e.g., by leveraging
classical regret bounds, mixture optimality results, or asymp-
totic efficiency analyses from Cover’s universal portfolio
framework [58] (see Remark 3)), formal development is left to
future work. Another limitation (also common in robot testing)
is the i.i.d. sampling assumption, which may not naturally
hold in robotic experiments and can require additional effort
to enforce (e.g., Section III-B). Extending the framework to
non-stationary settings with independent but non-identically
distributed samples is an important and plausible [6] direction
for future work. On the empirical side, our demonstrations do
not yet include large-scale, computationally intensive simula-
tors (e.g., those with rich visual sensing or high-dimensional
perception). While our theory applies broadly to scalar mean
performance measures (and thus remains compatible with
dimension-reduced measurements), extending the empirical
evaluation to these settings is an important direction for future
work.

Finally, to the best of the authors’ knowledge, this work
is the first to explicitly connect betting with sim-to-real
robotics. While the present study focuses on expectation-based
performance evaluation for a fixed system, the underlying
mechanisms and insights extend beyond mean estimation and
may facilitate policy training, sim-to-real transfer, and online
adaptation. In particular, the betting perspective provides a
principled way to exploit predictive advantage and structured
simulator variability beyond pure evaluation.
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