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Abstract

Inference-time alignment techniques offer a lightweight alternative or complement to costly
reinforcement learning, while enabling continual adaptation as alignment objectives and re-
ward targets evolve. Existing theoretical analyses justify these methods as approximations
to sampling from distributions optimally tilted toward a given reward model. We extend
these techniques by introducing reference-model temperature adjustment, which leads to fur-
ther generalization of inference-time alignment to ensembles of generative and reward models
combined as a sharpened logarithmic opinion pool (SLOP). To ad- dress reward hacking, we
propose an algorithm for calibrating SLOP weight parameters and experimentally demon-
strate that it improves robustness while preserving alignment performance.
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Abstract

Inference-time alignment techniques offer a
lightweight alternative or complement to costly
reinforcement learning, while enabling continual
adaptation as alignment objectives and reward
targets evolve. Existing theoretical analyses jus-
tify these methods as approximations to sampling
from distributions optimally tilted toward a given
reward model. We extend these techniques by
introducing reference-model temperature adjust-
ment, which leads to further generalization of
inference-time alignment to ensembles of gener-
ative and reward models combined as a sharp-
ened logarithmic opinion pool (SLOP). To ad-
dress reward hacking, we propose an algorithm
for calibrating SLOP weight parameters and ex-
perimentally demonstrate that it improves robust-
ness while preserving alignment performance.

1. Introduction

Reinforcement learning (RL) is widely used to realize effec-
tive and aligned foundation models (Christiano et al., 2017;
Ziegler et al., 2019; Ouyang et al., 2022; Korbak et al.,
2022a; Bai et al., 2022; Rafailov et al., 2023; Shao et al.,
2024). Inference-time alignment methods, such as Best-
of-N (BoN) (Stiennon et al., 2020; Nakano et al., 2021),
provide a lightweight alternative or complement to RL, have
been shown to perform competitively (Gao et al., 2023;
Dubois et al., 2023), and enable flexible continual adapta-
tion to evolving alignment objectives.

Common across many RL approaches is the optimization
of the policy 7 to maximize expected reward, subject to
KL-regularization with respect to a reference policy p, i.e.,
max, E;[r] — AKL(7||p). Korbak et al. (2022b) observed
that, in principle, the optimal policy 7 o pexp(r/A),
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which led to a line of research (Yang et al., 2024b; Mroueh &
Nitsure, 2025; Verdun et al., 2025; Khalaf et al., 2025) that
analyzed how well BoN and related inference-time methods
approximate sampling this optimal policy.

Our work extends upon these inference-time alignment
methods, by introducing reference model temperature ad-
justment, which is closely related to a proposal of Jinnai
et al. (2025), and we further generalize to ensembles of gen-
erative and reward models as a form of logarithmic opinion
pool (Heskes, 1997). We experimentally demonstrate the
effectiveness of calibrating the ensemble weights to mitigate
reward hacking, while preserving alignment performance,
for visual question answering and math reasoning tasks.

2. Formulation and Methodology

Tempered and Tilted Alignment. Let p(y | =) denote
a reference model and let r(z,y) denote a proxy reward
model. We consider the following tempered variant of KL-
regularized reward maximization:

o s | ) = argmng[Ra,g(x,y)] — KL, (7||p), (1)

where the expectation is over y ~ 7(- | ), Ry g(z,y) :=
Br(z,y) + (o — 1)logp(y | =), with a,3 € R, and
KL, (x|]p) := KL(x(- | 2)|[p(- | #)). The standard KL-
regularized objective is recovered when @ = 1, in which
case the solution is the usual reward-tilted distribution (Kor-
bak et al., 2022b). More generally, (1) has the solution

ply | ) exp(Br(z,y))
Caﬁ,m

Ta,s(y | ) = , )

where C 3, is a normalizing constant. Thus, a acts as
an inverse temperature on the reference model, while 3
controls the strength and direction of the reward tilt. In
particular, 8 > 0 favors high-reward outputs, 5 = 0 reduces
to sampling from the tempered reference model, and 8 < 0
allows the proxy reward to be inverted when it is misaligned.

Sharpened Logarithmic Opinion Pooling. Equation (2)
can be viewed as a logarithmic opinion pool (Heskes, 1997)
between the reference model and the reward-induced align-
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ment distribution ¢, (y | ) o exp(r(z,y)):
Tas(y | @) < ply | 2)%a(y | 2)° 3)
ocexp (alogp(y [ x) + fr(z,y)). (4

This perspective naturally generalizes to an ensemble of
generative and reward models. Let s;(x, y) denote the score
contributed by expert ¢, where s; = log p; for a generative
model and s; = r; for a reward model. For weights w € R™,
we define the sharpened logarithmic opinion pool (SLOP),

exp (30, wisi(z,y))
Cw,:z:

Unlike classical logarithmic opinion pools, we do not con-
strain the weights to be nonnegative or to sum to one. This
allows SLOP to sharpen reliable experts, suppress weak
ones, and even invert anti-aligned reward models through
negative weights.

mo(y | ) = : )

Inference-Time Approximation. Directly sampling
from (5) is generally intractable over long sequences. We
approximate SLOP with the following extension of Soft
Best-of-N (SBoN) (Verdun et al., 2025): given a prompt z,

. iid
sample n candidates y1, ..., y, ~ p1(- | x), evaluate expert
scores s;(z, y;), and select one candidate according to

Twn(yj | ) o< exp (Z w;si(z,y;) — sl(x,yj)> , (6)
i=1
where s1(x,y) = logpi(y | x) is subtracted to effectively
adjust the first expert weight to (w; — 1), which accounts for
the candidates being already sampled from the first expert.
In the special case of one reference model and one reward
model, this approximates tempered-and-tilted sampling with
likelihoods proportional to exp ((a — 1)logp(y; | =) +
Br(z,y;)), where (a, B) correspond to (wy,ws).

Calibrating SLOP Weights to Mitigate Reward Hacking.
Proxy rewards may be misaligned with the desired objective,
so increasing their weights may amplify reward hacking.
We calibrate w using a small set of prompts with access
to the gold or verifiable reward g. For prompts 1, . .
we sample candidates from p;, compute expert scores and
gold rewards, and choose w to maximize the empirical gold
reward induced by the candidate-level SLOP distribution:

<y Lk

kK n
Tw) = 3 S5 Ry | 20)9(i,ig) — Alwll?, ()
i=1j=1

where A\ > 0 is optionally used to regularize the weights and
avoid fully sharpening to hard outputs. After calibration, the
learned weights are fixed and used for inference-time SLOP
sampling without further access to g. Thus, calibration pro-
vides a lightweight continual-adaptation mechanism: when
reward targets or failure modes shift, only the inference-time
pooling weights need to be updated.

Algorithm 1 Calibrating SLOP Weights

Require: reference model p;; expert models s1, ..., Sy,
where s1(z,y) = logpi(y | z); calibration prompts
x1,...,Tk; candidates per prompt n; gold reward g; steps
T'; learning rate 7; weight decay parameter \;
fori=1tok do

for j = 1tondo
Sample candidates y;; ~ p1(- | 2;)
Evaluate gold rewards g;; < g(, yi;)

Score samples sg;; < s¢(4,yi5), ford=1,....m
end for
end for
Initialize w(©® « (1,...,1)

fort =0to T — 1do
fori =1tokdo
Compute candidate logits

m
(t) :
ajj < E wy 'Spij — 8145, forj=1,....,n
=1

Compute candidate weights

exp(a;;)

Y e exp(aig)”

forj=1,...,n
end for
Compute objective estimate

k n
~ 1
T(w) 7 Z Zﬂijgij — A2
i=1 j=1
Update w(+Y) « w® 4+ 9V, J(w®)
end for

return (T

3. Experimental Results and Discussion
3.1. Reward-Guided Visual Question Answering

This experiment considers the task of multiple-choice, vi-
sual question answering, evaluated with the ScienceQA
(SQA) (Lu et al., 2022) benchmark dataset. The gold re-
ward is one for the correct answer and zero otherwise. Thus,
the objective is to maximize accuracy. To investigate the im-
pact of imprecise reward models, we take a pretrained VLM
as the generative reference model and pair it with a synthetic
proxy reward model that may instead reward incorrect an-
swers, at some given error rate. Since SQA multiple-choice
questions contain only two to five answer options, we con-
strain VLM generation to single-token decoding over the
small response set Y = {A,B,C,D,E}. This simplifica-
tion allows for exact sampling of the tempered-and-tilted
(two-expert SLOP) distribution and focuses this controlled
experiment on weight optimization for inaccurate proxy re-
ward models. The («, 3) weights are optimized with 200
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Figure 1. SLOP with LLaVA-1.5-7B paired with synthetic proxy reward with varying accuracy, evaluated on SQA.
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Figure 2. Optimized (two-expert) SLOP weights for SQA.

calibration samples from the SQA test split, while the re-
maining 4041 samples of the SQA test split are held-out
for evaluation. See Appendix B for further details and addi-
tional results with other VLMs, which yield similar findings.

Figure 1 plots the results for the LLaVA-1.5-7B (Liu et al.,
2023; 2024) VLM paired with a synthetic proxy reward
model at varying accuracies. The “optimized” curve is the
result of freely optimizing «, 8 € R, while the “ablation”
curves constrain with & = 1 and/or 8 > 0. Two baselines
ignore the proxy reward model (5 = 0): sampling the
“reference” model (o = 1, 63.4% accuracy) and “greedy”
token selection (« = oo, 66.1% accuracy). On the other
hand, ignoring the reference model and purely following the
“proxy” reward (« = 0, § = o0) yields the proxy reward

accuracy, which works well for accurate proxies, but quickly
degrades (along the slope-one line, falling off the plot) for
inaccurate proxies, which depicts the effect of hacking with
a faulty reward model.

The SLOP curves generally dominate the performance of
the individual reference and proxy models, by effectively
combining the two. For the ablations with § > 0, per-
formance gracefully degrades back to the baselines as the
proxy reward model becomes more unreliable. The op-
timized and ablation curves, with unconstrained /3, yield
increased performance for low proxy reward accuracies,
since below 40% accuracy (which is roughly the random
guessing accuracy for SQA), the inaccurate proxy more
reliably indicates an incorrect answer, providing a useful
signal that can be exploited with weight 5 < 0. This can be
seen in Figure 2, which plots the optimized («, ) weights
across varying proxy reward accuracies, showing how the
confidence weight for each model correspondingly varies.
At high proxy accuracies, the optimal « is close to zero, as
following the proxy suffices. However, at middling proxy
accuracies, the value of « is larger, showing more reliance
on the confidence of the reference model. For comparison,
it also plots the optimal 3 for the ablation (with fixed & = 1
and 8 > 0), which simply falls back to 0 at 40% proxy
reward accuracy or below. We note that the ablation with
fixed« = 1 and 8 > 0 is essentially the HedgeTune method
proposed by Khalaf et al. (2025).
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Figure 3. SLOP (with 4 LLMs) evaluated on GSM8K, with different LLMs as the reference model (indicated by the subfigure titles).

3.2. Math Reasoning with Generative Model Pooling

This experiment explores the task of math reasoning, evalu-
ated on the GSM8K (Cobbe et al., 2021) benchmark, with a
SLOP that ensembles four LLMs: Gemma-3-1B (Gemma
Team et al., 2025), Qwen2-1.5B (Yang et al., 2024a),
Qwen3-0.6B (Yang et al., 2025), and Phi-3.5-mini (Ab-
din et al., 2024). In this task, the input prompt is a grade
school math word problem, and responses with the correct
numerical solution receive a gold reward of one, and zero
otherwise. Thus, the objective is to maximize accuracy.

We apply the approximate SLOP sampling method of (5),
with one of the LLMs serving as the reference model to
sample up to 200 responses, and the expert scores given
by the token-averaged log-likelihoods of each LLM, i.e.,
si(z,y) = (1/Ly)logp;(y | ), where L, is the number of
tokens in the response y and is introduced to avoid length
bias. We apply Algorithm 1 to calibrate the SLOP weights
using 200 calibration examples from the GSMS8K test split,
with the remaining 1119 samples held-out for evaluation.

Figure 3 plots performance, while varying the number of
candidate samples n, for each LLM selected as the refer-
ence model to generate candidates. The BoN baselines
select from the candidates using the individual LLM expert
scores or the simple sum of the expert scores as the proxy
reward. SLOP sampling tends to outperform the baselines,

with more stable, monotonic improvement as the number
of samples increases. We also evaluate “hard selection” of
the candidate with the highest weighted SLOP score, which
further improves performance over SLOP sampling. An
exceptional case occurs when the strongest LLM (Phi-3.5)
is the reference model, where all methods yield only slight
improvement and fall within a few percentage points of
each other. Table 1 lists the optimized SLOP weights and
baseline model performance. See Appendix C for further
details.

Table 1. Reference model baseline sampling accuracy on GSM8K
and corresponding optimized SLOP weights.

Model (Acc %) wWGemma-3
Gemma-3 (43.7)

WQwen2 We-35

—0.038 255 10.2 33.9
Qwen2 (44.1) —9.44 —236 1.94 35.0
Qwen3 (63.6) —355 127 17.0 171
Phi-3.5 (81.5) 465  6.81 6.12 8.82

WQwen3

3.3. Concluding Remarks and Future Directions

We provide a generalization of inference-time alignment
methods that flexibly ensembles multiple generative and/or
reward models. Future work will broaden experiments be-
yond this proof-of-concept, and investigate the impact of
correlation or diversity within the ensemble.
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Impact Statement

We develop inference-time alignment methods intended to
improve robustness to reward hacking and to better combine
signals from multiple generative or reward models. Poten-
tial positive impacts include more effective deployment of
foundational models, especially when proxy rewards are
imperfect. Potential negative impacts include misuse of
inference-time methods to make models better at satisfying
flawed, biased or harmful objectives, or amplification of
undesirable model behaviors when the calibration signal is
misaligned. Misuse risks are challenging to fully mitigate;
however, we emphasize the importance of calibration with
gold or verifiable rewards.
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A. Detailed Exposition of Formulation and Methodology
A.1. Tempered Reward Maximization

We consider a generalization of the KL-regularized reward maximization problem, given by
o s | z) = arg m;LXEyNW(.m [Br(x,y) + (a—1)logp(y | x)] — KL(ﬂ'(' | z)|lp(- | x)), 8

where r : X x Y — Riis a given (proxy) reward model, p(y | x) is a given reference model, and parameters «, 5 € R
control the regularization. Typically, 5 > 0 is used, but we allow for S < 0 to consider situations where the proxy reward
model may be severely misaligned with the ideal reward.

The standard KL-regularized reward maximization problem is the special case of (8) with « = 1, where the reference model
log-likelihood term disappears from the expectation, and the optimal solution is shown by Korbak et al. (2022b) to be

7 5y | ) =ply | z) exp(Br(z,y))/Cpa, )

where Cj , := [ p(y | ) exp(Br(x,y)) dy is a normalizing constant." The filted distribution solution of (9) is also known
in classical information theory literature (Kullback & Khairat, 1966; Csiszar, 1975). Note that as 5 — oo, the optimal policy
is plain reward maximization over y in the support of the reference model, while for 8 = 0, the optimum is just the reference
model, i.e., 7r>f’0 = p, due to regularization. Sweeping the value of f3, these tilted distributions achieve the optimal reward
maximization versus KL divergence (from the reference model) trade-off, which is the target for many RL training methods.

Characterizing the general problem of (8) follows as a corollary of the special case of a = 1.

Corollary A.1. The problem given above in (8) is equivalently written and solved as

Tas(Y | 2) = argmax By r (o) [Br(z,y)] = KL(7(- | 2)[p(- | 2)*/Cla.) (10)
_ ply | )" exp(Br(z,y))
= Co b ; (11)

where Co, o := [ p(y | 2)* dy and Co g, := [ p(y | ©)* exp(Br(x,y)) dy are normalizing constants.

Proof. This can be shown as a corollary of the & = 1 special case considered by (Korbak et al., 2022b). However, for
completeness, we give the straightforward derivation, starting from (8),

wzyﬁ(- | z) = argmf&rxxEyNﬂ(im [5r(x7y) + (a—=1)logp(y | x)] — KL(’]T(' | 2)|lp(- | ac)) (12)
(03
= argmax By x(|q) [ﬁr(w,y) + log c%} +log Co z (13)
p(y | 2)* exp(Br(z,y )}
=argmaxE, (. |lo +logCo (14)
g Ak Ly~ (-|x) |: g Ca,ﬂ,aﬂr(' [ 2) g B
0 Coc,,@,;ﬂ
where (13) is equivalent to (10), and the final KL. minimization is achieved by (11). O

Corollary A.1 states that augmenting the reward with an additional reference model log-likelihood term in (8) is equivalent
to adjusting the temperature of the reference model in (10). These equivalent problems are both solved by (11), which we
call the tempered and tilted distribution, as « is essentially an inverse temperature applied to the reference model, while
[ controls the exponential tilting towards the reward model. Note that as « — oo, with a fixed, finite S, the solution
approaches the maximum likelihood output of the reference model, whereas o = 0 makes the reference model uniform and
removes its impact, and values of o < 0 inverts the reference model, amplifying less likely outputs.

'For discrete )V, the normalizing constants throughout the paper are instead defined via summation.

8
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A.2. Approximate Inference-Time Alignment Techniques

While the tilted (and tempered) distributions of (9) and (11), in principle, express closed-form solutions for the regularized
reward maximization problems given by (8) and (10), handling these formulations directly is often computationally
intractable. Even with finite sets, where the integration for determining the normalizing constants are replaced with
summation, these calculations become infeasible due to the enormous size of the output space (e.g., all token sequences up
to a max length). Hence, this subsection reviews some practical inference-time methods that approximate sampling the tilted
distribution of (9), i.e., for the special case of o = 1, while requiring only the ability to draw independent samples of the
reference model and to evaluate the reward model on those samples.

Best-of-N (BoN) is a widely adopted heuristic (see (Stiennon et al., 2020) and (Nakano et al., 2021) for early influential
examples) to augment or replace RL training. It simply consists of generating n independent samples, y1, . . . , ¥y, from the
reference model p(y | x), evaluating each with the reward model, and outputting the sample that maximizes the reward,
i.e., argmax,, r(z,y;). Under certain simplifying assumptions, Yang et al. (2024b) established that BoN asymptotically
approaches the optimal tilted distribution. However, in more general finite regimes, which are characterized by Mroueh &
Nitsure (2025), BoN does not necessarily approximate the tilted distribution. Best-of-Poisson (BoP) (Khalaf et al., 2025) is
an extension of BoN, where, instead of a fixed n, the number of samples is drawn from a Poisson distribution, which results
in a close approximation of the tilted distribution, under the assumption of uniformly distributed rewards.

Soft Best-of-N (SBoN) (Verdun et al., 2025) similarly generates n independent samples and evaluates the reward, r; =
r(z,y;), for each sample. However, instead of selecting the maximizer, SBoN randomly selects sample y; with probability
exp(Bri)/ 3_; exp(Br;), i.e., the distribution over the n samples formed by the softmax of their rewards, with inverse
temperature (3. Verdun et al. (2025) characterize the accuracy of SBoN, which includes establishing that KL(77 4|7 5,.) =
O(1/n), where 7, denotes the distribution sampled by SBoN. Reward Augmented Decoding (RAD) (Deng & Raffel,
2023) employs a similar concept, but, instead of selecting among entire response candidates, RAD utilizes the reward model
to augment the sampling of each token, within the iterative process of auto-regressive generation.

Jinnai et al. (2025) propose methods to augment the reward model for regularizing BoN to mitigate reward-hacking. Their
main proposal, inspired by minimum Bayes risk decoding, involves a proximity regularizer that aims to minimize the
Wasserstein distance with respect to the reference policy. As an ablation, Jinnai et al. (2025) also consider what they call
KL-regularized BoN, which essentially augments the reward with the reference model log-likelihood, and is analogous to
the (o« — 1) log p(y | ) term in the tempered reward maximization of (8).

A.3. Sharpened Logarithmic Opinion Pooling

The proxy reward model 7 implicitly defines the alignment distribution, given by

q(y | z) == exp(r(z,y))/Rae, (16)

where R, := [exp(r(z,y)) dy is a normalizing constant. The tempered and tilted distribution, given in (11), can be
rewritten as

. __plyl o)y |2)”
s WD) = o Taeate [0 &2 o

=: softmax (alog p(y | ) + Blogq(y | z)), (18)

where softmax(-) denotes exponentiation and normalization, such that we have valid distributions over y € ), for each
x € X. This form makes it clear that the tempered and tilted distribution is essentially a logarithmic opinion pool
(LOP) (Genest & Zidek, 1986; Heskes, 1997), which is also related to the concept of product of experts (Hinton, 2002).
However, unlike literature that typically considers LOP with non-negative weights that sum to one, we instead employ
arbitrary o, 8 € R, which allows for concentrating probability mass on the most confident outputs (e.g., converging towards
proxy reward maximization as 5 — oco) or even inverting the contribution of anti-aligned models (e.g., if the negated proxy
reward is closer to the gold reward, then 5 < 0 may be more effective). We emphasize this aspect by calling this form of
model as a Sharpened LOP (SLOP).?

Inspired by this logarithmic pooling perspective, we can also generalize to a pool of m experts (i.e., generative and/or proxy
reward models), denoted by s1, . .., s,,, representing the score contributed by each expert, where s;(z,y) = log p;(y | «)

?Admittedly, also for the sake of utilizing a memorable and ironic acronym.
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for a generative model and s;(z,y) = 7;(x,y) = log ¢;(y | ) for a reward model.® These experts are combined, with
weights w := (w1, ..., wm) € R™, to form the SLOP given by

7 (y | ) = softmax (Z wisi(x,y)> x le(y | 2)“7, (19)
i=1

=1

where, for notational convenience, each p; denotes either a generative model or the corresponding alignment distribution g;
of a reward model.

Directly sampling the SLOP distribution from (19) is often intractable, when the output space ) is very large. However, (19)
can also be interpreted as the solution of a regularized reward maximization problem, where the proxy reward is a weighted
ensemble of expert scores, which allows us to approximately sample from the SLOP via the following extension of
SBoN (Verdun et al., 2025). By convention, we set the generative reference model as the first expert p;. For a given prompt

x, we sample n candidates y1, ..., Yy, i p1(- | x), evaluate candidate rewards as function of expert scores, as given by,
m
v (2,y;) = (w1 — Dlogpi(y; | ) + Y wisi(x,y5), (20)
i=2

and select one candidate according to

Twn(yj | ©) = softmax(r'(z,y;)) x exp (Z wisi(x,y;) — s1(z, yj)> , @21

i=1

where softmax(-) denotes exponentiation and normalization over the set of n candidates. Note that the first expert weight is
set to (wy — 1), which accounts for the candidates being already sampled from the first expert.

Corollary A.2. Let 7, ,, denote the distribution realized via the above extension of SBoN, by selecting from n sampled

candidates y1,...,Yn £ p1(- | x), according to (21). This approximates sampling the SLOP distribution 7, given in (19),
with KL(7} | Tw.n) = O(1/n).

Proof. This corollary follows immediately from Theorem 1 of (Verdun et al., 2025), which shows that KL(7||7,, ) =
O(1/n), for the distribution 7 o p; exp(r’), since 7, ,, is produced by essentially applying SBoN with the reference model
p1 and the reward model  given by (20). Expanding 7/, we have p; exp(r’) = [];~, exp(w;s;), and thus T = 7}5. O

In the special case of one reference model and one reward model, this approximates tempered-and-tilted sampling, with
candidate likelihoods proportional to exp ((a — 1) log p(y; | ) + Br(z,y;)), where (a, 3) correspond to (w1, ws).

A 4. Reward Hacking Mitigation via Calibrated Model Pooling

The motivation for considering regularized reward maximization is that neither the reference model p nor the (proxy) reward
model r is perfect. The ultimate objective is to attain a policy that maximizes a gold reward or closely approximates an ideal
distribution, neither of which may be readily available or precisely known. Intuitively, optimizing toward an inaccurate proxy
reward model r may be misleading and counter-productive to the ultimate objective. This is a well-known phenomenon
commonly referred to as reward hacking (Pan et al., 2022), for which the recent works of (Mroueh & Nitsure, 2025; Huang
et al., 2025; Aminian et al., 2025; Khalaf et al., 2025) have provided theoretical characterizations and related mitigation
strategies. In particular, our approach extends upon the HedgeTune concept of (Khalaf et al., 2025) by utilizing a small
amount of calibration samples to optimize the SLOP weights w.

The ultimate objective (in principle) of our reward hacking mitigation approach is to maximize the expected gold reward,
over the choice of SLOP weight parameters, as given by

sup Eme,ywﬂ-;(y\z) [g(xa y)]7 (22)

where the expectation is over both sampling  from some input distribution D, and sampling y from the SLOP 7. We
remark that this optimization problem does not always have a maximizer with finite weights. To illustrate, consider the

3Due to later normalization via softmax, the normalizing constant of the alignment distribution may be omitted.
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following simple binary example, where X = Y = {0, 1}, with g(x,y) = 2|y — z|, input distribution D = Bernoulli(0.5),

and a single expert (m = 1) SLOP,

* pi(y | ) )
7r ) = softmax(w; lo z)) =p|wilog———"—F— |, 23
oyl ) (wilogpi(y | @) p<1 S (23)
where p(z) := 1/(1 + exp(—=z)) is the sigmoid function, and we assume that p; (y | ) € (0, 1) for all z,y € {0, 1}. For
this example, the expected reward is given by

1]0 01

By ymrs (yle) [9(2,y)] = p (Wl log m> +p (Wl log m> : (24)
as a function of two log-likelihood ratios. If both ratios are zero, then the expected reward equals one for any w;. If one
ratio is strictly positive and the other is strictly negative, then a unique maximum exists for some finite w;. However, if
both ratios have the same sign, or if only one of the ratios is zero, then the supremum of the expected reward (which equals
two, if they are both non-zero, or 1.5, if one ratio is zero) is only approached as wy — oo (if the ratios are non-negative) or
w1 — —oo (if the ratios are non-positive). We can interpret these latter cases as the model p; being universally aligned or
anti-aligned (across all inputs « € {0, 1}), and divergence of the weight w; to 00 has the effect of sharpening the model
towards a hard (deterministic) output.

In practice, we generally cannot arbitrarily evaluate the gold reward, which limits us to empirically estimate the objective
in (22) via a small number of calibration samples. We assume that we are given k input samples, x1, . . ., ), drawn iid from
the input distribution D, and that for each z;, we can query the gold reward for up to n samples. In practice, for situations
with a verifiable reward, instead of querying the gold model up to kn times, this assumption may instead be realized by
just having the gold reference responses corresponding to the %k input samples (e.g., for math problems, responses can be
checked against reference solutions to assign a correctness reward). Algorithm 1 uses these calibration samples to calculate
the following empirical estimate of the objective in (22), upon which it performs gradient ascent, as given by

k n
~ 1

Jw) =+ SO Fonis | w)g(@i,vi) — Mwll?, (25)

i=1 j=1

where A > 0 is optionally used to regularize weight optimization and avoid divergence towards fully sharpened hard
outputs. Given calibrated weights w, we can either approximately sample the SLOP distribution via the method given
by (21), or instead employ a hard selection that simply picks the candidate y; that maximizes the weighted SLOP score

> wisi(w,y5) — s1(x,y5).

B. Visual Question Answering Experiment Details and Additional Results

Figures 4 and 5 plot additional performance results for Gemma-3-4B (Gemma Team et al., 2025) and Qwen3-VL-4B (Bai
et al., 2025), while Figure 6 plots their corresponding optimized SLOP weights.

The VLM is prompted with image and question text pairs from the SQA dataset, preceded by the following system prompt:

A chat between a curious user and an artificial intelligence assistant.
The assistant gives helpful answers to the user’s multiple-choice questions,
responding with the letter of the correct choice only.

Weight optimization is performed for 7" = 500 steps, with learning rate = 0.05 and weight decay parameter A = 0, and
by using Adam (Kingma & Ba, 2014), with 8; = 0.9 and 52 = 0.999.

For this experiment, we restrict sampling to only decoding a single-token over the small subset of possible answers, which
allows for exactly sampling the corresponding SLOP (instead of approximate sampling via SBoN). This simplifies the
calibration objective in (7) to

k
T =23 3 softmax(alogp(y | zi) + frlan,))glei,v), 6)

=1 yeY(xr)

where each inner summation and softmax is only over V(z;) C ), which denotes the subset of possible answers provided
by each multiple-choice question x;.
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Gemma 34B IT
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Figure 4. SLOP with Gemma-3-4B paired with synthetic proxy reward with varying accuracy, evaluated on SQA.

C. Math Reasoning Experiment Details

Responses are generated for up to 1024 tokens, with the following system instruction, preceding each GSM8K question
provided as the prompt:

You are a careful math tutor. Solve the user’s grade-school math problem,
show your reasoning, and end with ’Final answer: <number>'.

To check the correctness of a response, the answer is extracted using a regular-expression to find a number prefixed by
“Final answer:”, while falling back to extracting the last number in the response, if the prefix is not found, and then checking
against the reference answer via string matching.

Weight optimization is performed for T = 500 steps, with learning rate 7 = 0.05 and weight decay parameter A = 107>,
and by using Adam, with 8; = 0.9 and 85 = 0.999.

For convenience, Figures 7, 8, 9, and 10 reproduce the earlier Figure 3, but in larger format.

D. Datasets and Models

For the visual question answering experiments in Section 3.1 and Appendix B, we used the following dataset and VLMs:

¢ ScienceQA (Lu et al., 2022):

— License: Creative Commons Attribution Share Alike 4.0 (CC-BY-SA-4.0)
— https://huggingface.co/datasets/derek-thomas/ScienceQA

e LLaVA-1.5-7B (Liu et al., 2023; 2024):

— License: Llama 2 Community License Agreement
— https://huggingface.co/llava-hf/llava-1.5-7b-hf

¢ Gemma-3-4B (Gemma Team et al., 2025):

12
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Qwen3-VL 4B Instruct
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Figure 5. SLOP with Qwen3-VL-4B paired with synthetic proxy reward with varying accuracy, evaluated on SQA.

— License: Gemma Terms of Use
— https://huggingface.co/google/gemma-3-4b-it

¢ Qwen3-VL-4B (Bai et al., 2025):
— License: Apache License 2.0

— https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct

For the math reasoning experiments in Section 3.2 and Appendix C, we used the following dataset and LLMs:

GSMBS8K (Cobbe et al., 2021):

— License: MIT License
— https://huggingface.co/datasets/openai/gsm8k

Gemma-3-1B (Gemma Team et al., 2025):

— License: Gemma Terms of Use
- https://huggingface.co/google/gemma—-3-1b-it

Qwen2-1.5B (Yang et al., 2024a):

— License: Apache License 2.0
— https://huggingface.co/Qwen/Qwen2-1.5B-Instruct

L]

Qwen3-0.6B (Yang et al., 2025):

— License: Apache License 2.0
— https://huggingface.co/Qwen/Qwen3-0.6B

Phi-3.5-mini (Abdin et al., 2024):
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Figure 6. Optimized (two-expert) SLOP weights for SQA.

— License: MIT License
— https://huggingface.co/microsoft/Phi-3.5-mini-instruct

E. Computational Resource Usage

All experiments were run on a single desktop workstation, equipped with an Intel Core i7-13700K CPU, 128 GB of system
RAM, and an Nvidia RTX 4090 GPU with 24 GB of VRAM. The storage footprint for all models, datasets, and results
generated by our experiments is approximately 48 GB.

In total, our experiments used approximately 150 to 200 hours of compute on this machine. The vast majority of this time
was used by the math reasoning experiments, discussed in Section 3.2 and Appendix C, specifically response generation
and scoring. The visual question answering experiments of Section 3.1 and Appendix B consisted of no more than 3 hours
of the total compute, since our approach for these multiple-choice questions required only computing single next-token
likelihoods.
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Figure 7. SLOP (with 4 LLMs) evaluated on GSMS8K, with Gemma-3-1B as the reference model.
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Figure 8. SLOP (with 4 LLMs) evaluated on GSM8K, with Qwen2-1.5B as the reference model.
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Figure 9. SLOP (with 4 LLMs) evaluated on GSMS8K, with Qwen3-0.6B as the reference model.
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Figure 10. SLOP (with 4 LLMs) evaluated on GSMS8K, with Phi-3.5-mini as the reference model.
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