On the Rejection Criterion for Proxy-based Test-time Alignment

Ayoub Hammal'

Pierre Zweigenbaum!

Caio Corro?

"Université Paris-Saclay, CNRS, LISN
2INSA Rennes, IRISA, CNRS, Université de Rennes

{ayoub.hammal,pz}@lisn.fr

Abstract

Recent work proposed test-time alignment
methods that rely on a small aligned model
as a proxy that guides the generation of a larger
base (unaligned) model. The implicit reward
approach skews the large model’s distribution
(Mitchell et al., 2024), whereas the nudging
approach defers the generation of the next to-
ken to the small aligned model when the large
base model is unconfident about its outcome
(Fei et al., 2025; Hammal et al., 2026). In this
work, we first show that both approaches can
be reduced to sampling from similar graphi-
cal models, differing only in the definition of
a rejection criterion (or distribution). More-
over, we argue that the confidence criterion is
ill-motivated due to linguistic phenomena like
ambiguous phrasing. We propose a novel re-
jection criterion based on a conservative confi-
dence bet. Experimentally, our novel approach
outperforms previous work on several datasets.

1 Introduction

Recently, large language models (LLMs) have been
the main focus of the natural language processing
research community. Training an LL.M is a costly
and difficult process, which can be summarized
into the following three phases:

1. pretraining, where the language model is
trained on a large collection of texts;

2. supervised fine-tuning (SFT), where the
model is trained on selected input/output pairs,
for example to learn to follow instructions;

3. preference learning, which encompasses a
diverse set of extra learning steps includ-
ing reinforcement learning from human feed-
back (RLHF), direct preference optimization
(DPO), and reinforcement learning from veri-
fiable rewards (RLVR).

caio.corro@irisa.fr

Phases 2 and 3, which are often referred to as align-
ment phases, are essential to bias LLMs so that they
follow expected (human) preferences, formatting or
instructions, and more generally any downstream
task requirements. Unfortunately, this procedure is
costly and scales poorly with the model size (Lam-
bert et al., 2025).

As such, test-time alignment has been proposed
as an alternative to the alignment phases. In this
setting, the distribution of a base model is biased
directly during the generation process. A first ap-
proach is to rely on an explicit reward. If the reward
is partial (or unidirectional, i.e., it can be applied
on unfinished generations), it is then possible to
directly select next token candidates by using the
LLM and the reward in a pipeline (Deng and Raf-
fel, 2023; Cao et al., 2023; Khanov et al., 2024,
inter alia). However, depending on the reward ar-
chitecture, partial rewards can be costly to use as
they require one forward pass per next token can-
didate (Deng and Raffel, 2023) or are of limited
expressivity (Troshin et al., 2025), and they are dif-
ficult to train (Rashid et al., 2025). Otherwise, for
rewards defined on finished generations only, previ-
ous work proposed to rely on generation reranking
(Gao et al., 2023; Li et al., 2023) and Markov-chain
Monte Carlo sampling (Faria and Smith, 2025). An
important downside of these methods is that they
require drawing many samples from the base LLM,
which means the generation process is very slow.

A second approach is to bias a large base LLM
with a small aligned LLM, which we call proxy-
based test-time alignment in the following. A popu-
lar approach is to extract an implicit partial reward
from the small aligned model, and use it to “emu-
late” the distribution of the (unknown) large aligned
LLM from its base version (Mitchell et al., 2024;
Liu et al., 2024; Li et al., 2025). However, building
the implicit reward requires access to both the base
and aligned versions of the small model. Recently,
Fei et al. (2025) proposed the nudging method: at
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Figure 1: Probabilistic graphical model of the distribu-
tion 7 for proxy-based test-time alignment.

each generation step, they either generate the next
token from the base large model if it has a low
min-entropy, or otherwise from the aligned small
model. Hammal et al. (2026) extended nudging to
token-specific decision, i.e., they propose a frame-
work in which the decision to defer generation to
the aligned small model depends on the token sam-
pled from the large one. However, their approach is
based on the same intuition: the generation should
be deferred to the aligned model when the base
model is unconfident about its outcome.

Contributions. In this work, we introduce a new
graphical model for proxy-based test-time align-
ment that can be parametrized through a rejection
criterion (or distribution). We show that both im-
plicit reward and nudging approaches can be mod-
eled in this framework, showing that they are re-
lated, although very different at first glance. More-
over, we argue that the confidence criterion of
nudging is ill-motivated due to linguistic phenom-
ena like ambiguous phrasing. We propose instead
a novel rejection criterion based on a conserva-
tive confidence bet. Experimentally, our novel
approach outperforms previous work on several
datasets. Code to reproduce experiments is pub-
licly available.!

Notations. We write p and ¢ the large and small
language models, respectively. We will distinguish
the aligned version of each model as p* and ¢*. The
token vocabulary is the set V = {1,...,|V]}. To
simplify notation, we drop dependence on the gen-
eration context, and we note the next token prob-
ability vector with bold letters such as p, indexed
by the vocabulary, that is the probability of token
v € V is written p,. Note that p € A(|V]) where
A(k) is the (k—1)-dimensional simplex. Finally,
we write Iverson brackets as [-], which evaluates
to 1 if the inner condition is true and 0 otherwise.

2 Rejection-based Test-time Alignment

In this section, we show that previous work on
proxy-based test-time alignment can be modeled

1https ://github.com/ayoubhammal/
knapsack-approximation-deferral

as sampling from a probabilistic graphical model
(PGM), where a rejection criterion decides whether
a sample from the base large model p should be
used as the next token or not.

Graphical model. Let 7 be a PGM on the fol-
lowing random variables (RV):

* X, a latent RV on the vocabulary;

* 1, a latent binary RV whose samples indicate
whether the X sample should be rejected (r =
1) or not (r = 0);

* X, the observed RV over the vocabulary (i.e.,
the generated token) .

The generative story is defined as follows:
1. Sample a draft token w from 7(X);

2. Sample a decision from the rejection distribu-
tion given the token w sampled before, i.e.,
r~w(r| X =w);

3. Sample a final token v ~ 7(X | r = 7, X = w),
where we either copy the draft token if r = 0
or sample a new token otherwise.

This PGM is depicted in Figure 1, and the resulting
distribution has the following form:

T(x=v) = Z m(Xx=w) 7(r=0|x=w)
wev xm(x=v|r=0,X=w)
+> w(x=w) w(r=1]x=w)

weV xm(x=v|r=1,x=w).

The latent token distribution is set to the large base
model distribution:

T(X = w) = pu,

and we sample from the aligned small model if the
draft sample is rejected, that is:

= ifr =0,
Tx=v|r=rX=w)= o= w] ifr .
a otherwise.

As such, we are left with only defining the rejection
distribution 7(r | X), that is, defining the Bernoulli

parameters j,, € [0, 1]:

Tr=1]X=0v)= .
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Nudging and dual KAD. On the one hand, the
nudging method of Fei et al. (2025) corresponds to
using the following rejection distribution:

m(r=1|Xx=wv) = [max p, < \],

where A € [0, 1] is a thresholding hyperparameter
on the distribution confidence. Interestingly, this
rejection criterion does not depend on the initial
draft token v, that is:

mr=1|x=v)=n(r=1).

This means the rejection decision is a distribution-
level decision in this case, i.e., we reject the sam-
pling distribution p, not the exact sampled token.
On the other hand, the dual version of knapsack
approximate deferral (KAD, Hammal et al., 2026)
corresponds to using the following distribution:

mr=1[X=v)=[p, < A].

In this case, the token v is rejected if p is not confi-
dent enough in the probability of v.

Note, however, that both of these rejection crite-
ria are deterministic, that is:

mr=1|x=v)€{0,1}, YveV.

Implicit reward. Implicit reward alignment
(Mitchell et al., 2024; Liu et al., 2024; Li et al.,
2025) relies on extracting a token-level reward
component as the ratio ¢* /g, which represents the
knowledge learned by ¢* during alignment. This
partial reward is then used to bias p with the ex-
tracted alignment information, constructing a new
aligned distribution s defined as follows:

ES
4y
Sy = Pv I

: Qo
with Z = D=,

qu

where Z is for normalization, i.e., to ensure that
s € A(|V]). Although this approach seems dif-
ferent from the nudging and KAD, the following
proposition shows it can also be reduced to defining
a rejection criterion in our PGM.

Proposition 1. Let p, q and q* be probability dis-

tributions over the vocabulary such that there exists
a € [0, 1] with

YveV:

or, alternatively,

VweV: ga<s,<p,+qgoa (1)

o.a-M |
||

0.4

0.2

0.4

0.2

OAG{II—p‘ =
1

Figure 2: Two examples of implicit reward mixture
distributions. The upper row shows an example of p,
q and g* that produce a mixture s for which an « as
defined in Proposition 1 exists. The lower row shows an
example of the opposite case, where no such « exists.
Note that both cases differ only in distribution p, which
is “unaligned”, i.e., the most probable token in p is
different from the most probable token in g*.

Then, the rejection distribution defined as

| 2y = Pt g

YoeV: w(r=
Po

9

gives the following PGM distribution:

YVoeV: w(X=0v)=s,.
Proof is given in Appendix A. Proposition 1 gives
a sufficient condition on p, q and g* so that the
implicit reward distribution s can be cast in our
PGM, which reduces to the “enclosing” constraint
in Equation 1. Note that this proposition suggests
that, in some cases, our PGM cannot represent the
distribution s.

Figure 2 shows distributions that either satisfy
or do not satisfy the condition.

3 What is a Good Rejection Criterion?

Nudging and KAD rely only on p to take the rejec-
tion decision. This is based on the assumption that
the fallback distribution is an expert distribution
whose error can be ignored (Chow, 1970). How-
ever, in practice, ¢* can underperform p. Consider-
ing information from ¢* can yield a richer rejection
decision.

Moreover, relying on the absolute confidence of
p alone is a bad criterion to assess the quality of
a generation (Dinh and Niehues, 2025). In many
cases, probability mass can be split across several
correct tokens, which reduces the overall probabil-
ity assigned to each of them. Although this appears

549



GMSSK MATH SVAMP ARC CSQA Avg.
OLMo 2 (1B and 13B)

GMSSK MATH SVAMP ARC CSQA Avg.
Qwen 3 (1.7B and 14B)

Building blocks

D 54.5 09.4 57.6 296 194 34.1 75.5 51.8 80.0 86.6 76.9 T4.1
q" 62.5 16.4 70.3 43.8 484 48.2 75.3 53.0 86.6 82.9 68.7 73.3
Previous works

Imp. reward  58.4 18.2 73.0 63.3 55. 53.7 80.7 60.6 89.0 88.9 781 794
— Nudging (Fei et al., 2025)

A=0.3 60.3 13.8 67.3 53.7 334 45.7 78.1 52.8 85.0 88.8 785 T76.6
A=0.4 61.9 18.8 66.6 57.8 46.3 50.2 79.5 57.8 87.3 89.6 79.3 T78.7
— Dual KAD (Hammal et al., 2026)

A=0.3 69.5 22.8 76.6 61.6 52.3 56.5 81.3 59.6 89.0 914 81.3 80.5
A=04 72.3 23.4 75.3 61.9 55.6 57.7 81.7 60.6 87.3 91.5 80.7 80.3
Our work: confidence bet

A=0 71.1 21.4 77.6 56.6 53.4 56.0 78.3 61.8 90.3 87.3 74.7 784
A=0.1 70.5 24.0 79.3 59.5 58.7 58.4 82.4 59.8 89.0 89.5 79.2 79.9
A=0.2 71.7 26.4 79.0 62.6 549 58.9 82.1 61.6 89.3 90.5 79.3 80.5
For reference

p* 84.3 39.6 87.6 825 76.9 T4.1 82.4 64.0 88.3 93.8 83.1 82.3
q 14.4 01.0 176 19.6 15.8 13.6 21.9 12.2 25.3  47.1 295 27.2

Table 1: Accuracies given by different models and methods. Best results on each column are in bold, second best

are underlined.

to indicate the model is unconfident, it actually
shows ambiguous phrasing and related linguistic
phenomena. A naive example can be seen in split-
ting the model probability mass between “like”
and “such”, which are both valid introductions
of examples (“frameworks like Pytorch” vs
“frameworks such as Pytorch”). As both those
continuations are valid, a uniform probability split
would result in < 0.5 probability mass for each of
these options, e.g., pihat = 0.35, prike = 0.35 and
the rest of the mass is spread on other tokens, all
of them having very low probabilities. This case
corresponds to natural ambiguity in the language,
and not to a lack of confidence of the model per se.
As such, we argue that confidence-based rejection
criteria are ill-motivated.

Instead of using fixed thresholds, as in nudging
and KAD’s dual rule, we can intuitively compare
the initial draft from p to the best possible guess
from ¢*. In other words, we introduce a baseline to
which we compare the confidence of the prediction
from p, and we additionally avoid rejecting the
initial draft from p if we have guarantees that g*
cannot improve it.

Conservative confidence bet. A rational actor
drawing an initial draft v from p would compare
the confidence of this draft p, to the best confi-
dence that ¢* can produce, that is, to max,, ¢;,. A

decision to keep this draft can be taken safely if its
confidence p,, is larger than that of the best possible
sample from g¢*. In the opposite case, a decision to
defer is taken instead. This results in a deferral rule
that we call conservative confidence bet, which is
defined as follows:

m(r=1]|x=v) = [p, < maxgq,, — A],
w

where A € [0, 1] is a margin hyperparameter. Note
that this rule mimics deferral rules previously pro-
posed for cascading (Narasimhan et al., 2025).

4 Experiments

Datasets and models. We use the same experi-
mental setup as Hammal et al. (2026). We select
three math reasoning datasets, GSM8K (Cobbe
etal.,2021), MATHS500 (Lightman et al., 2023) and
SVAMP (Patel et al., 2021), and two commonsense
reasoning datasets, ARC-Challenge (Clark et al.,
2018), CommonsenseQA (Talmor et al., 2019) for
our evaluation.”> Examples of prompts are given in
Appendix B.

We evaluate our deferral rule on two LLM fam-
ilies: OLMo 2 (OLMo et al., 2025) and Qwen 3

2Although previous works also evaluate on Truthful QA
(Lin et al., 2022), we did not include this dataset as the gold
answer is always A in the dataset, see https://huggingface.
co/datasets/truthfulga/truthful_ga.
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(Yang et al., 2025), which are open and closed
source, respectively. These families provide differ-
ent model sizes and checkpoints from which we
select two contrasting sizes for our experiments.

We use a temperature of 0.7 as recommended to
isolate the benefits of our method. As in previous
work, to select the margin hyperparameter A\ for
our new rule, we evaluate a range of values on a
small data subset. We finally select {0,0.1,0.2}
for our final evaluation.

4.1 Results Discussion

Results are presented in Table 1. Our conservative
confidence bet rule produces results within the ex-
pected interval, that is, improving the performance
of both building blocks p and ¢* and just under
the performance level of the target aligned large
model p*, and this holds across all models and
tasks. Compared to KAD’s dual approximation
rules, our rule with A = 0.2 improves the mixture
accuracy on the majority of tasks for OLMo 2, with
large improvements in the case of the MATHS500
task, reaching, on average, higher accuracy than
the other baselines.

For Qwen 3, although our rule achieves higher
accuracy on mathematical reasoning tasks, it falls
short of KAD’s dual approximation rules on com-
monsense reasoning tasks. This mitigated perfor-
mance improvement results in comparable average
performance scores with our baselines. This is
mainly because the performance of the Qwen 3
base model on the selected tasks is close to that
of its aligned version: 71.4 compared to 80.2,
whereas OLMo 2 has a 37.4 average accuracy-point
gap between p and p*.

5 Conclusion

In this work, we introduced a new probabilistic
graphical model for the proxy-based test-time align-
ment problem. This enables a better understanding
of previous work and allows us to derive a new re-
jection criterion that leverages additional informa-
tion from the proxy model to assess the confidence
of the large base model.
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Limitations

As per previous work, hyperparameter selection
requires tuning on a separate development set. We
show however that even the absence of our margin
hyperparameter (¢ = 0) can lead to very competi-
tive performances.
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A Proof of Proposition 1

Proof. Let o € [0,1] such that the condition in
Equation 1 holds. For all v € V', we write:

| tga—s,
Pv
=t @)

Tr=1[x=v

We must first prove that 7(r | X) is a valid distribu-

tion, that is y, € [0, 1], Vv € V.
First, we have
Py + q;kOé — Sv <1
Po

— Pt o — 8y < py
Sy

<~ (0% S =
qy

which is true based on our assumptions on «. Sec-
ond, we have

pv+q:a75v >0
Do
= P+ qua— 8y >0
<= azw,
qy

which is also true based on our assumptions on .
We can now compute the resulting PGM distri-
bution. By definition, we have:

m(x =) = po(l = o) + 45 Y Pubtuw-

w

Developing the rejection probability pu, as per
Equation 2, we obtain:

_ (1_pv+q:}<a—3v>
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= Sy,

which ends the proof. O

B Dataset examples

Following previous work, we rely on regular ex-
pressions to extract the final response form the
LLM generation. In the case of GSM8K and
SVAMP, we extract the last number in the model’s
response. In the case of MATHS500, we extract the
last \boxed{} number in the model’s response. In
the multiple-choice question tasks, we extract the
last capital letter from A to J in the response.

The models are evaluated on the question
prompts alone, with no additional few-shot exam-
ples. For each task, we use the extracted answer’s
accuracy to evaluate the model’s performance. We
also evaluate the generation throughput as the aver-
age number of tokens generated by the model each

second.
The following system prompt was used in all
tasks:

Answer the question by walking through
the reasoning step by step.

MATHS00. Here is an example of a question/an-
swer from MATHS00 dataset:

{

"role": "user”,
"content”: "Convert the point $(0,3)$ in
rectangular coordinates to polar coordinates.
Enter your answer in the form $(r,\\theta),$
where $r > 0% and $0 \\le \\theta < 2 \\pi.$
\n\nPresent the answer in LaTex format:
\\boxed{Your answer}"

}’

{
"role": "assistant”,
"content”: "We have that $r = \\sqrt{0"2
+ 372} = 3.% Also, if we draw the line
connecting the origin and $(0,3),$%$ this line
makes an angle of $\\frac{\\pi}{2}$ with the
positive $x$-axis.\n\n[asyl\nunitsize(@.8 cm);
\n\ndraw((-0.5,0)--(3.5,0));\ndraw((0,-0.5)
--(0,3.5)); \ndraw(arc((0,9),3,0,90),red,
Arrow(6));\n\ndot((@,3), red);\nlabel(\"$(0,3)$
\", (@,3), W);\ndot((3,0), red); \n[/asy]
\n\nTherefore, the polar coordinates are
$\\boxed{\\1left( 3, \\frac{\\pi}{2} \\right)}.$"

3

The following instruction is appended at the end
of the user’s query :

\n\nPresent the answer in LaTex format:
\\boxed{{Your answer}?}

GSMBS8K. Here is an example of a question/an-
swer from GSMS8K dataset:

{
"role": "user",
"content”: "Janet\u2019s ducks lay 16 eggs per day.
She eats three for breakfast every morning and
bakes muffins for her friends every day with four.
She sells the remainder at the farmers' market
daily for $2 per fresh duck egg. How much in
dollars does she make every day at the farmers'
market?”

Y
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{
"role"”: "assistant”,
"content"”: "How many eggs does Janet sell? ** Janet
sells 16 - 3 - 4 = <<16-3-4=9>>9 duck eggs a day.
\nHow much does Janet make at the farmers' market?
*%* She makes 9 * 2 = $<<9x2=18>>18 every day at the
farmer\u2019s market.
\n#t# 18"

}

ARC. Here is an example of a question/answer
from ARC dataset:

{
"role": "user",
"content”: "Choose the correct answer to the
following multiple-choice question.
\n\nQuestion: An astronomer observes that a
planet rotates faster after a meteorite impact.
Which is the most likely effect of this increase
in rotation?\n\nA). Planetary density will
decrease.\nB). Planetary years will become longer.
\nC). Planetary days will become shorter.
\nD). Planetary gravity will become stronger.
\n\nProvide your reasoning about the answer and
finish your answer with the letter corresponding
to the correct option (e.g., A, B, C, or D).\n\n"

}!
{
"role": "assistant”,
"content”: "\nAnswer: C\n\n"
3

The following prefix is prepended to the user’s
query
Choose the correct answer to the following
multiple-choice question.\n\n

The following suffix is appended to the user’s
query
\nProvide your reasoning about the answer and finish

your answer with the letter corresponding to the
correct option (e.g., A, B, C, or D).\n\n
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