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ABSTRACT

Inference-time alignment, the approach of adapting pre-trained models to rewards
through reinforcement learning, has proven highly effective in enhancing the per-
formance of language models. Despite its practical success, theoretical analysis
remains underdeveloped, and in particular, only a limited number of studies ad-
dress the practical setting where neural networks are employed as reward mod-
els. In this paper, we investigate the advantages of neural networks in inference-
time alignment. Assuming that the true reward function lies in anisotropic Besov
spaces, we derive upper bounds on the regret with respect to the number of oracle
queries when using a neural network as a reward estimator. We further investigate
the limitations of linear reward estimators, and show that neural networks are su-
perior owing to their ability to adapt to the smoothness of functions. Finally, we
demonstrate that, with an algorithm that iteratively and actively learns the reward
model from the responses of the trained model, smaller regret can be achieved, as
neural networks adapt to local structures.

1 INTRODUCTION

Inference-time compute (Brown et al.,2024;|Snell et al.,|2024; Wu et al., 2024b; OpenAl, 2024; |Guo
et al.,[2025) has been attracting attention as a new paradigm for further enhancing the performance of
pre-trained language models (LMs). By effectively leveraging the computational budget available
at inference time, one can enhance the quality of model outputs without being restricted to pre-
constructed datasets. A variety of techniques are included in this paradigm, e.g, long chains of
thought (Wei et al., 2022} L1 et al., [2024), self-evaluation and revision of own outputs (Zheng et al.,
2023 |Wu et al.| 2024a), and exploration of improved responses (Yao et al., 2023; Zhang et al.,
2024). Among these approaches, inference-time alignment, a framework to sample responses for
LMs to maximize the reward via reinforcement learning, has been shown to offer a simple yet highly
effective means of improving performance.

The methods for inference-time alignment has been widely studied from theoretical perspectives.
For example, [Yang et al.| (2024); Beirami et al.| (2025); Mroueh & Nitsure| (2025) analyzed the
performance of Best-of-/V alignment, which is the most basic method for inference-time alignment.
Moreover, [Huang et al.| (2025a) pointed out the limitations of Best-of-N alignment, proposed a
new method based on y2-divergence regularization. While these studies give insights on how each
method is effective, their analysis mainly under the fixed reward model and do not incorporate the
process of training the reward model. [Foster et al.|(2025) has analyze the training of reward models
and show the advantage of multi-turn exploration method. However, their analysis focuses on the
setting where the reward model is a linear estimator, which is far from practical settings where neural
networks are used. This raises the following question:

What advantages do neural networks offer for inference-time alignment,
and how can we unlock their full potential?

More concretely, our question is how feature learning ability of neural networks can help the perfor-
mance of inference-time alignment. Actually, to minimize the regret, we need to make our model’s
distribution concentrate around the optimal location. However, the optimal response can be located
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on just a single point in a high dimension space, which makes deep learning more advantageous due
to its feature learning ability. For that purpose, we consider an anisotropic Besov space (Nikol’skii}
1975; |Vybiral, 2006; [Triebel, 2011) as the model of the true reward, and see how neural network is
effective to maximize the reward. Especially, we theoretically compare the performance of neural
networks with that of linear estimators which is a class of estimators that cannot perform feature
learning. Moreover, we consider a multi-step update of inference alignment in which we iteratively
update our reward and policy models by observing reward oracles at each round. Then, we see how
the regret will be improved by this multiple-update approach.

Contributions. Our contributions are summarized as follows:

1. Regret bound for neural network reward estimator. We derive an upper bound of the regret
for inference-time alignment when the reward function lies in anisotropic Besov spaces. The
anisotropic Besov space is a general function class that has different smoothness toward different
directions. In addition to that, a function in the class has non-uniform smoothness over the
input domain, which requires our estimator to perform feature learning to achieve the optimal
estimation error rate (Suzuki & Nitanda,[2021)). We utilize a regret bound by|Huang et al.|(2025a)
that characterizes the regret bound by the squared loss error and the coverage which represents
how large the pretrained generative model has mass around the maximum reward point (Jin et al.,
2021} [Xie et al., 2021; |Zhu et al.,|2023; |Zhan et al.|[2024; |L1 et al., |2023}; Xiong et al., 2024).

2. Superiority of neural networks against linear estimators. We demonstrate that neural net-
works can adapt to local smoothness of the true reward function and generate responses with
higher rewards compared to any linear estimator for approximating the reward model. We show
sub-optimality of alignment methods based on a reward model estimated by a linear estimator by
leveraging the fact that linear estimators cannot achieve optimal rate to estimate the reward func-
tion, while deep learning achieves faster rate. This highlights the advantage of feature learning
ability by neural networks in reward maximization.

3. Improved analysis of regret by multiple-step update. We also analyze an algorithm that
iteratively and actively learns the reward model from the responses of the trained model, and
show that it achieves a smaller regret. Since our theoretical analysis requires boundedness of the
coverage throughout the algorithm, we utilize a novel Gaussian perturbation technique. With the
help of this method, we show that the regret is improved by multiple-step updates.

1.1 OTHER RELATED WORKS

Capabilities of Neural Networks in Regression. Theoretical analysis of neural networks and its
superiority over other models has extensively studied in the context of regression problems. For
example, Schmidt-Hieber| (2020) and |Suzuki| (2018)) showed that neural networks can achieve mini-
max optimal rates for estimating functions in Holder spaces and Besov spaces, respectively. |Suzuki
& Nitandal (2021)) extended the analysis to the case of anisotropic Besov spaces. They also showed
the lower bounds on the estimation error for linear estimators, demonstrating the superiority of neu-
ral networks over linear estimators. Hayakawa & Suzuki| (2020) also analyzed the upper bounds
for neural networks and lower bounds for linear estimators, and showed that neural networks are
superior to linear estimators for function classes with sparsity. Furthermore, [Petersen & Voigtlaen-
der| (2018)) and [Imaizumi & Fukumizu| (2019) analyzed the estimation error of neural networks for
complicated functions with piecewise smoothness. Unlike these studies, our analysis focuses on
the setting of inference-time alignment, which aims to find the response that maximizes the reward
function, rather than minimizing the estimation error.

Theoretical Analysis on Maximization of Black-box Functions. Our study is highly related to
the literature of black-box optimization. In particular, previous studies such as Minsker (2012),
Minsker| (2013)), (Grill et al.| (2015), [Wang et al.| (2018)) and |Singh! (2021)) consider the setting where
the objective function lies in RKHS, Holder or Besov spaces, sometimes with additional assumptions
on the structure of the function. While some of the techniques from these studies can be applied to
our analysis, this paper differentiates itself in two aspects: (i) our analysis considers the setting
of inference-time alignment, where the function to maximize is conditioned by a prompt; (ii) we
assume some additional structure on the reward function, and demonstrate how the advantage of
neural networks and multi-step training emerge.
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1.2 NOTATIONS

Let dx,dy € Z( be the dimensions of prompts and responses, respectively, and d = dx + dy.
Let Qx = [0,1]%x,9Q, = [0,1]%,Q = [0, 1]%. Let A be the Lebesgue measure on . For a function

1/
FrQ=Rlet|fl, = fllLoq = (ol fIPde) " for 0 <p < oo, and || fll o = || £ll g =
sup,cq | f(z)|. For ¢ > 0, aset S, a metric p, let B(z, ¢; p) be the p-ball with center x and radius ¢,
and M(1; S, p) be the t-covering number of S C R with respect to p.

2 PROBLEM SETTINGS

2.1 INFERENCE-TIME ALIGNMENT

Inference-time alignment is a problem of generating a response y € {2y with high response for a
given prompt € x. More formally, let Px be a distribution on 2x and 7.(y | ) be a base
policy, which is typically a pre-trained language model. Let r° : Q — [—R, R] (R > 0) be a reward
function that evaluates the quality of the response y for the prompt 2. We can only access the reward
function via an oracle defined as

rt=r(z,y) +€ €~ N(0,0%), (1)
which returns a noisy observation of the reward for a given pair of prompt and response. Since the

observation of reward is expensive (e.g., it requires human evaluation), we can only access a limited
number of samples from the oracle.

The theoretical evaluation of inference-time alignment is based on regret defined as
I (1) := Eanpy [17(2) = By (1) [r° (2, 9)]]

where r*(x) := maxycq, r°(,y) is the maximum reward for the prompt x. The goal of inference-
time alignment is to find a policy 7 that minimizes the regret J(7) for a fixed oracle size n.

As a technical assumption, we assume that it holds that 7,,i;, < Tyer(y | ) < Tmax forall z € Qx
and y € Qy, where min, Tmax > 0 are universal constants.

2.2  DEFINITION OF ANISOTROPIC BESOV SPACE

In this paper, we assume that the reward function 7° lies in an anisotropic Besov space. Roughly
speaking, the anisotropic Besov space has a function class that has a different smoothness toward
different directions. Feature learning ability plays essential role to estimate a function in this class
because it is required to capture this anisotropic smoothness adaptively from data to achieve the
optimal rate (Suzuki & Nitanda, [2021)). We provide its formal definition here.

For a function f : R — R, we define the r-th difference of f in the direction h € R% as
ALD(@) = AT )@ +h) — Ay ()(), AY(f)() = f(a),
for z € Q with z + rh € Q, otherwise, let A} (f)(z) = 0.
Definition 1 (Modulus of Smoothness). For a function f € LP(Q2) where p € (0, 0], the r-th modu-

lus of smoothness of f is defined by w;.,(f,t) = suppera;jn; <t I1AL(H)llp, t = (L1, ta), ti >
0. B

In short, the modulus of smoothness is the LP-norm of the r-th order finite derivative. With this
modulus of smoothness, we define the anisotropic Besov space B;’q(ﬂ) for s = (s1,..., sd)—r €

RY  as follows.
Definition 2 (Anisotropic Besov Space B, (©2)). For 0 < p,q < 00, s = (s1,- .- ,8q)| € RL,
7 :=max; [s;] + 1, let the seminorm | - |ps = be

1/q
o o ] (S Ry (@b 2 b)) (g <o),
P SUPy>0 2kw,. , (f, (27F/s1 L 2_k/sd)), (g = 00).
The anisotropic Besov space B, ,(Q2) is defined as By ,(€2) = {f eLP() | | fllps, < oo}.

where the norm ||~HB;(I(Q) is defined by Hf”Bg,q =fll, +1flBs,-
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Intuitively, the parameter s represents the smoothness of each coordinate of the function. If s; is
large, then the function is smooth in the ¢-th coordinate. When s; = - -- = s4 = s, the anisotropic
Besov space B, (£2) matches with the Besov space B, ,(£2) (DeVore & Popov,|1988; DeVore et al.,
1993). Moreover, p = q = oo, then B, (€2) coincides with the Holder space C*(2) (Triebel, 2011).
The parameter p represents uniformity of the smoothness over the input space (2. We see that, when
p is small, the smoothness of functions in the class is guaranteed only in a average sense over the
domain €2, hence the function can have a bumpy shape around some input point x. The feature

learning ability plays a crucial role to detect such a bumpy point to achieve the optimal rate (Suzuki,
2018).

-1
Throughout this paper, for the smoothness parameter s € Rio, let 5 := (Z?Zl 1 /Sj) ,
5 := max;=1,.45;, and s := minj—; __ 45;. We can regard s as the “total smoothness” that
summarizes the smoothness toward all directions. Moreover, let ps, (p € [1,00)) be the met-

. d d 0\ 8/ (P9) J
ric on R defined by ps ,(z,y) = (Zj:l lz; — yj|ps_;/§) for z,y € R% We also define

e\ S/3 s d
Ps,0(@,y) i= (maxj_1,. qlz; — ?JJ'|SJ/§)S = max;_y, . q|z; — y;|*/° forz,y € R

3  SUPERIORITY OF NEURAL NETWORKS OVER LINEAR ESTIMATORS

In this section, we consider a single-step update method for inference-time alignment. For the align-
ment, we use the InferenceTimePessimism(Huang et al.|[2025a) in which we generate responses
following an updated distribution which is constructed so that it has higher probability for responses
with higher estimated rewards. Here, we utilize the neural network to estimate the reward function,
and we freeze the reward function once it is estimated. In that sense, we say it is single-step update.
To find higher reward responses, we need to estimate the reward function as accurate as possible.
Indeed, we show that neural networks can achieve a smaller regret compared to linear estimators
because the neural network achieves higher accuracy in estimating the reward, in which the non-
uniformity of the smoothness of the anisotropic Besov space plays the essential role. Here, a linear
estimator is a class of estimators that cannot perform nonlinear feature learning depending on the
output ()7

For the analysis, we put the following assumption.

Assumption 3. For a reward function r° € B3 () (p,q € [1,00], s € R%(,5 > 1/p), we define

Se(@) == {y | *(x) —r°(@.y) < ¢} and S, = {(2.y) | () ~1°(2.y) = €. Lety € 0, =)
and ey > 0 be constants. Then, we assume that it holds \(S.(x)) 2 €7 for all e € (0, €| and
z € Qx.

Assumption [3] assumes that the super-level set has a sufficiently large volume. Technically, this
assumption guarantees that there exists a comparator policy with small coverage (See Lemma|[T9]for
details). We will prove that neural networks can capture the large super-level set, thereby achieving
a small regret (Theorem E]) while linear models cannot (Theorem E])

3.1 UPPER BOUND OF REGRET FOR NEURAL NETWORK REWARD ESTIMATORS

We first present the upper bound of the regret that can be achieved by neural networks. Due to the
feature learning ability of neural networks, we obtain better estimation of the reward so that we can
achieve better regret.

Class of Neural Networks. To obtain the regret bound for neural network estimators of the reward,
we formally define the class of neural networks used in this paper. Let 7 := max{0, -} be the ReLU
activation function. Then, a neural network with depth L and width W is defined as

f(@) = (ALn() +br) o---o (Aan(-) + b2) o (A1 + b)),

where A; € Rdi‘*lxd"',bi e R%+1 fori € [L] with dy = d, dL+1 = 1, and max; d; < W. Then,
we define the class ®(L, W, S, B) of neural networks with depth L, width W, sparsity .S and norm

"The map ps,p, (p € [1, 00]) is indeed a metric. See Lemmafor the proof.
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Algorithm 1 Inference-Time Pessimism (InferenceTimePessimism(x, 7,7, N, 1))

Input: Prompt x, policy m, reward model 7, sample size NV, regularization .
Draw i.i.d. samples y1,...,yn ~ 7(- | z).
Compute normalization constant §(z) such that +; Zfil [F(z,y;) — 0(z)]4 = p.

Set M := p~'(R — 8(x)) and and w(y | z) := p~ ' [F(z,y) — O(x)]4.
Sample y as y ~ RejectionSamplingy 1/ (w; mrer, 7).
return: response .

AN

bound B as
L
(I)/(L7VV>S7B) = {f ‘ m?“X{”AlHom [b:llc } < B, Z(”AZHO + [[billo) < 5}7
i=1

where || - || is the maximum absolute value of the entries (£°°-norm as a vector) and and || -
|lo is the number of non-zero elements (¢°-norm as a vector). The ¢°-norm constraint imposes
sparsity of the model that controls the complexity of the model appropriately. Due to the technical
convenience to analyze the estimation error, we consider the class of clipped neural networks defined
as ®(L, W, S, B) := {min{max{f,—R},R} | f € ®'(L,W, S, B)}. Since the clipping function
can be realized by ReLU units, this setting is not far from practical scenarios.

Algorithm and Theoretical Guarantee. Here, we present how to generate the responses with
higher reward through the reward estimation. First, we generate n input-prompts 1, ..., z, i.i.d.
from Px, and for each i € [n], we generate the responses y; ~ Tyef(- | 2;) from our pretrained
reference model. Then, we observe noisy reward oracles as 1"3 = 71°(xy,y:) + & asin @ where
& ~ N(0,0?) is the observation noise. Then, we fir the neural network model to the observed
reward by empirical risk minimization:

n

r:= argmin Z(TJ — T(miayi))Qv
re®(L,W,S,B) i=1

where L, W, S, B will be set appropriately depending on the smoothness of the true regret and the
data size. Here, we denote by D" = {(z;,y;)},. Using the estimated reward 7, we update the
generative model in accordance to the reward. For ;¢ > 0 (which can be dependent on ), we define
mx by
mx( | @) = argmax By [f(z,y)] = o X3 (7 || met(- | 7)),
7r:density on Qy

where x2(+||-) is the x?-square divergence defined as x?(y||v) := 1E, [(3& — 1)2] Then, we can
write 7% in a closed form as

7rff(y | 2) = meet (y | ) [N_l(?(xay) - 9#)]_,_7

where 6, is the normalizing constant such that [7X(y | x)dy = 1
InferenceTimePessimism (Algorithm | is a practical algorithm to get samples from ”;Pf?v
that approximates 7, where N € Zs is a function that determines the number of samples to be

drawn from e (- | ).
Then, the response ynn () for a prompt x is generated by ynn (x) ~ 772‘715\,(- | z).

Theorem 4. Suppose that we set the parameters of the network as L = O(logN),W =
O(NlogN),S = O(Nlog? N),log B = O(log N) for N = R sufficiently large. Then, under
Assumption 3] the estimator yxn satisfies

23

* o ~ .25 . _2
T (@) ~mtesy [17(2) = 70 (2, U (2))]]] S 7 E

EDn [Em,\,PX [E

“Huang et al.| (2025b) showed that y?-divergence provides more robust estimate to over-optimization and
then better regret than the usual KL-divergence regularization. Hence, we also employ y2-divergence in this

paper.
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25
It is known that n~ Z5+1 is the minimax optimal rate (Suzuki & Nitanda) [2021) in terms of L?-norm
to estimate a function in the anisotropic Besov space. The regret bound is slower than this rate up

2
to O(n=+ ). This difference is a cost to convey the L?-norm error to the error to find the maximum
of the true reward. However, due to the volume condition of the upper level set (Assumption [3), the
L2-norm estimate can be converted to L°-norm type bound locally around the global optimal point.

The key of the proof of this theorem is the regret bound given by (Huang et al., 2025a)) that charac-
terizes the balance between the reward estimation error and the coverage of the reference measure.
Let eay(2) := Eyor,.o(o)[(F(2,y) — °(x, y))?] be the L*-estimation error of our reward estimator
7. For two policies, we define the coverage between them as

m (y\w)} )

m2(y|x)

C((L’; 1, ’/TQ) = Ey,\,ﬂ.lum) |:
Then, for any comparator policy 7*, it holds that InferenceTimePessimism satisfies

Ey,\,ﬂ.* [7‘0 (x, y)} — Eywwza’sN(~\ac) [7’0 (l’, y)]

S Caym*, meer) + 107 (@) + 17" - ean(2) exp <01<l1t~zjim> @

for any p > 0 (Huang et al.l[2025a)). From this relationship, we see trade-off between the estimation
error eﬁM and the coverage. To obtain a better regret, the reference model m..¢ should “cover” a
region around the maximum reward point and the reward function should be estimated accurately.
As we will see in the next section, deep neural network attains better estimate than the linear model

that gives advantage to neural network for achieving smaller regret.

3.2 LIMITATION OF LINEAR ESTIMATORS

Next, we compare the bound obtained in the last section with that of the linear estimators. The linear
estimator is a class of estimators that can be written as

(@) = > yigi(z; X,
i=1

where X" := (x1,...,x,), and ¢;(-; X™) are measurable functions that depend on x and X"
but not on y1, ..., y,. This estimator includes wide range of estimators such as k-NN regression,
kernel ridge regression with a fixed kernel function, and sieve estimators. The linear estimator
cannot calculate nonlinear effect from the output and thus cannot conduct nonlinear feature learning
depending on the output y (while it is allowed to conduct feature learning merely depending on input
as performed in PCA). This difference induces the following sub-optimal rate.

Theorem 5 (Limitation of Linear Estimators). For any § > 0, there exists a set Fs of reward
functions that is a subset of reward functions satisfying Assumption[3|such that the following holds.

2

o T ro = s — .
(i) inf 70 SUPfoer, Ep, [Hf —f L’-’(PX):| > n~ 715, where v = 2(1/p — 1/2);

(ii) There exists a function g € L*(Q2) such that ||g — f||12(q) = 6 forall f € Fs;

(iii) maxyeq, r°(z,y) — g(z,y) = 574

The item (i) implies that this lower bound of estimation rate matches the lower bound for B; , shown
in|Suzuki & Nitanda|(2021). This indicates that the assumption of the volume of super-level set does
not help improve the estimation rate of linear estimators. Moreover, item (ii) and (iii) imply that it
is possible that the estimator with L? error less than § cannot distinguish the functions in s, and

the regret can be as worse as 5§/ 2+ n particular, if § is the estimation error of linear estimators,

i.e., 0 ~ rf% the regret can be n_ﬁ%ﬁ in the worst case, which is slower than the
rate of neural networks. This particularly due to the fact that the linear estimators cannot perform
future learning. The sub-optimality appears especially when p is small, that is, the target function
has a bumpy shape around some point x. The linear estimator is not as good as neural networks
to adaptively find such a bumpy location due to lack of feature learning ability, which leads to the
sub-optimal rate as shown above.
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Algorithm 2 Multi-step Training for the Reward Model (MultiStepAlignment(myef, 7))
Input: Base policy 7.¢, size of oracle queries n.
1: Set 70 := 7p, T := [logn], ng := |n/T].
2: forr=1,...,Tdo
3: Set the hyperparameters N(7), p(7) (7).

4: Draw ng samples {xt}trg?r—mnoﬂ ~ Px.

5: Foreacht = (1 — 1)ng + 1,...,7ng, draw y; ~ 77D (- | z;).

6: Observe the reward {TZ}Z?T%)HOH for {(z, yt)};;’?Tfl)nOH using the oracle (T).
7: Get the set of indices 7 :={t | (T — D)ng + 1 <t < 7ng,y: € Ay }.

8 Train the reward model 7") := arg min, c g1, w.5.3) 2 1c7 (7(@, ye) — rHz2.

9: Set 7(7) < g Pes[p(7=1) (1) N(T) (1) 5 (7] #7%5 + N(0, (67)2 gy, )
10: end for

11: return: policy =(7).

4 INFERENCE-TIME ALIGNMENT WITH NEURAL NETWORKS

In this section, we propose a multi-step algorithm for inference-time alignment while we considered
a single-step method in the previous section. By extending the algorithm to multi-step, we can make
use of a stronger assumption on the regret so that we obtain a better regret bound. We also provide
a theoretical guarantee of the regret bound for the proposed algorithm with respect to the size of
oracle queries n.

4.1 ALGORITHM: MULTI-STEP TRAINING FOR THE REWARD MODEL

The concrete procedure of our proposed algorithm is described in Algorithm[2] We also provide an
illustrative explanation in the right part of Figure[I] Basically, it repeats the alignment method in the
previous section multiple times. However, as we have seen in (2)), our policy should have a small
coverage C(x; ™, mef). When we update our policy multiple-times, it is expected that our policy
will “concentrates” around the maximum reward point. To achieve this, we iteratively update the
reward function and sampling.

In each step 7, we generate ng query points {(:ct7yt)}2‘(3771)n0 4, from our current generative

model (7~ 1);

0 (yle) = 7D (yla) |7 (2, ) - 00 /]

for the reward estimate 7(") at 7-th round, where ;(7) is set appropriately. However, we only
have L2-norm guarantee of our reward estimate ?(T), which is not sufficient to bound the coverage
C(x;m*,7(7)). For that purpose, we mollify the density 7(™) of our policy by adding the Gaussian
noise NV(0, (¢(7))21,, ) to each generated point so that the distribution of our generated points can
cover the maximum reward point with non-vanishing probability. (The resulting distribution is re-
ferred to as 7S in Algorithm ) This guarantees a bound on the coverage and then we obtain
1 25 1—u”
a proper convergence of regret as shown below. The noise scale is set to (™) ~ n; Fhy e e
where u > 0 is a constant defined in Theorem([7} This choice trades off exploitation of the current re-
ward model against sufficient coverage: if (™) is too small, sampling becomes overly concentrated
around potentially biased maximizers and misses regions of high true reward; if it is too large, sam-
ples become nearly independent of the learned model and fail to leverage the information gathered
so far.

)
+

4.2 THEORETICAL GUARANTEE

Now, we give the regret bound for the multi-step algorithm (Algorithm [2). Since we need a bound
on the coverage during the update, we put the following assumption.

Assumption 6. For a reward function r° € By (Q) (p,q € [1,00],5 > 1/p), we define S. :=
{(z,y) | r*(x) — r°(x,y) > €}. We use the following assumptions.
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Figure 1: Conceptual illustrations of our assumption and algorithm. (Left) In Assumption [6} we
impose assumptions on the local landscape of the reward around the maximum point. Specifically,
we assume that, for all ¢ € (0, €], the super-level set S, (z) satisfies B(y*(z),€?/4) C S (z) C
B(y*(x), /). We remark that, when p is small, our assumption allows locally bumpy shapes of
the reward function (as in the figure), since the anisotropic Besov space B; , includes such functions.

(Right) Our multi-step algorithm (Algorithm[2)) mainly consists of two procedure% first, we estimate
the reward model 7 by 7(") using samples from 7("~1). Then, we obtain the updated density 7(7),

which prioritizes responses y with high estimated rewards. Hence, in the next step 7 + 1, the
estimation of the reward is more accurate around the maximum point, which results in a higher
expected reward of the responses generated from (71,

(A1) There exists constants ¢ > 0 and f,y with 0 < g < v < § — 1/p such that
B(y*(z),e4) C Sc(z) C B(y*(x),é*d) for all ¢ € (0,¢)] and x € Qx, where
y*(z) = argmax, cq, r°(7,y).

(A2) There exist constants co, Cy > 0 such that M(5; S, ps2) < Co (1 + )“f((;;)) forall e d €
(0, co), where Vy(8) ~ 6°/% is the volume of ps,2-ball with radius ¢.

Remark. (A1) requires that the super-level set be concentrated around the maximizer, with both
lower and upper bounds imposed on the distance from the maximizer. The lower bound on this
distance is necessary for the algorithm to capture the rough location of the super-level set, while
the upper bound is required to narrow down the position of y*(z) within the super-level set. A
simple example is the case where r°(z, -) is locally strongly convex around y*(z). In this case, the
assumption holds with 8 = v = d/2. (A2) is an assumption brought from, which
is a literature on the oracle complexity for optimization of Holder smooth functions. This imposes
a regularity condition of the set Sc. This assumption is satisfied, for example, when S, is a finite
union of p o-balls. See also the left part of Figurem

Then, we have the following regret bound for our algorithm.

Theorem 7. Let r° € B, () be the reward function, and assume that s € R4, p,q € [1,00],
s > 1/p. Moreover, we assume that v* € By (Qx), v > 2and p € [0,1/2(s — 1/p)). Ad-
ditionally, assume that it holds, for any = and step 7, it holds E, (7" (z,y) — r°(z,y))?] <
CE,p.E, [(7’“\(7) (z,y) — r°(x,y))?] for some constant C > 0. Then, under (Al) and (A2), the
output 1) of AlgorithmElsatisﬁes

1
. . log n'\ 7
oy 1°(0) = By (0] 5 (257 ) poly loz(n)

where u = 22 2B( +

51 d ) ¢ € (0,5—1/p) and a := min(1,5 — 1/p) are constants.

2s+1

This theorem implies that by learnin g the reward estimator using multi- step as shown in Algorithm[2]
the regret with respect to the oracle size n is improved by a factor of — ( 1). This factor depends
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on 3, which represents the smallness of the super-level set of the reward 7°(z, -). As J increases,
the regret rate also improves. From this observation, it follows that through multi-step training, the
neural-network-based reward estimator is able to capture the super-level set effectively.

4.3 PROOF SKETCH

The key factor of proof of Theorem [7)is to show that neural networks can adapt to the small super-
level set of 7°. The following lemma indeed demonstrates this fact.

Lemma 8 (Estimation Error under Large Expected Reward). Assume that the reward function r° €
By () and the distribution Px satisfy the same conditions as in Theorem [7] Moreover, suppose
that 7 is a policy satisfying By py [r*(2) — Eyr(.|2)[r° (2, y)]] < R. Let Dy, = {(x4, i, 7“3)}1”:1
be a dataset where x; ~ Px, y; ~ 7(- | 2;), and rj = r°(z4,y5) + & with & ~ N(0,02). Then,
T)Q

i

under (A1)~(A4), the estimator 7" of ° defined as 7 := arg min, c g (1 w,s,5) 2ie1 (7(%i, Y1) =7
satisfies

Ep, [

where Ep  is the expectation with respect to the dataset D,,.

. 28c _ 23
|T — rOHig(PX@ﬂ)} 5 R2§+§1 .n TorT 10g4(n)7

When 3 = 0, the above lemma matches the existing results on the convergence rate of regression
by neural networks for anisotropic Besov space (Suzuki & Nitandal, [2021) (up to log-factors). We
can see that if S becomes larger and the super-level set of r° becomes smaller, the estimation error
rate improves. By using this lemma, we can prove that during multi-step training, at each step, both
the improvement of the regret /X and the improvement of the reward estimation rate are repeated.
Ultimately, after log n steps, the rate in the Theorem [7]is achieved.

5 CONCLUSION

This paper gives a convergence analysis of neural networks for test-time alignment problem; re-
ward maximization. We consider a setting where the true reward is in an anisotropic Besov space
where a function in the function class has non-uniform smoothness over the input space and to-
ward different directions. Due to the feature learning ability of neural networks, it was shown
that InferenceTimePessimism with neural networks can outperform a linear estimator based ap-
proach in terms of regret when the uniformity of the smoothness p is small. In addition to that, we
proposed a multiple-step update method for test-time alignment, and analyzed the regret bound for
this method. Under an assumption that the super-level set of the reward is concentrated around the
maximizer, we showed that the multiple-step method can improve the regret by refining the estimate
of the location of the reward maximizer.

Limitation and Future Work. Although we showed improvement of regret by the multiple-
step update in Theorem [7, we imposed a rather strong condition E, [(F(7)(z,y) — r°(z,y))?] <
CE,~pE, [(?‘(T) (z,y) — r°(x,y))?]. This condition was used to covey a expected squared loss to
a uniform bound to uniformly upper-bound the coverage. An interesting future work is to relax this
condition or propose a new method to overcome this difficulty.

LLM USAGE STATEMENT

LLM were used solely for editing and refining the writing, including correcting grammar and im-
proving sentence structure. They were not used to generate any original content or ideas, nor deriv-
ing the proofs.

ETHICS AND REPRODUCIBILITY STATEMENTS

This work is purely theoretical and has no ethical concerns. For reproducibility, we stated all as-
sumptions in the main text and provided all proofs in the appendix.
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—— Appendix —

A ADDITIONAL NOTATIONS

For s € R, let |s| := Z?Zl |s;|? and 8" = [s}]9_, := [s/s;]9_,. For s € R%, and k € Z, let
d
Ikllg = Zj:l U%’;J
Let € : R — Rand K,,, : R — R be functions defined as
1 ifzx €][0,1]
’C — ) ’
(z) {O otherwise,
Km(z)=(*---xK)(z),
m + 1 times

where f x g(z) := [ f(x — t)g(t)dt is the convolution of functions f and g. The function K,,

is called the cardinal B-spline of order m. Then, for k € Nyg and j = (j1,...,5q) € Z9, let
My ;- R? — R be the function defined as

d
M (z) = H’Cm(QLkSiJCBi — Ji)s

i=1
Intuitively, the integer k controls the spacial resolution, and j controls the location of the function.
We also remark that the support of M, ,g{ ; 1s the hyper-rectangle written by

d
Supp(M,ij) = H [2—Lksiin72_LksiJ(ji +m+1)|.
i=1

Moreover, let J (k) be the set of j € Z¢ such that supp(M,ij) NQ#0,ie.,
J(k) == Ji(k) x - x Ju(k),

where , /
Ji(k) == {=m,—m+1,... 2ksi) 1 olksily

B PROOF OF THEOREM

We first introduce the following proposition, which is convenient to analyze the limitation of linear
estimators.

Proposition 9 (Theorem 3.3 in Hayakawa & Suzuki| (2020)). Let F be a class of functions on (),
and conv(F) be the convex hull of F defined as

conv(F) := {Zaif,; |meN, feF,a ZO,Z%‘: 1}.

i=1 i=1
Then, it holds that

F-r

F-r

2
} = inf sup EDH{

L2(Px) Filinear foEconv(F)

2
_inf sup ]Epn[ ep J.
X

f:linear feeF

This proposition states that the excess risk of estimating the function in F by linear estimators
coincides with that in the convex hull of F. Therefore, if the function class F is not convex, linear
estimators tend to perform poorly since they have to estimate a larger class of functions conv(F).

Next, we prove the following lemma.

Lemma 10. Letn) > O and~y € (0,5—1/p). Suppose that R := {Rx, ..., Ry} is a family of disjoint
hyper-rectangles in Q with volume A(R;) ~ n" (I € [L]). Then, there is a family of functions ¥
satisfying the following three conditions:

13
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(A) Forally € U, mingeq ¥ (z) = 0 and max,cq ¥(x) = n;

(B) There is a one-to-one correspondence 1) > R, between ¥ and R such that supp(¢)) C R,
for the corresponding R,,;

(C) It holds ||Y|| L2(q) ~ n*T7 forall ¥ € ¥;
(D) Foralle € (0,n) andp € U, it holds \N({x | n — (x) < €}) 2 €7;
(E) It holds ¥ C B; ,(S2).

Proof. Let x,, the center of R,,. Let ¢ : Q — [0, 1] be a function in C°° such that
=1+1/2% — pgo(z,0)* if ps2(z,0) <1/2,
P(x)¢ =0 if ps2(x,0) > 1,
€(0,1) otherwise,

where o := %g Let ¢y(z) == A -¢((x — z;)/n). We prove that U := {¢1,...,9r} satisfies
the desired conditions. Conditions (A) and (B) are obviously satisfied. As for (C), the necessary
condition to hold A — ¢;(z) < €is ps2((x — 21)/n,0)* < €/A. Therefore, we have

Az | A=u(@) < e}) 2 n™*(e/A) ) = /3 (efA) 2 &,
which implies (C). Finally, we prove (D). Since 1) is in C*°, it holds ¢ € Bf;,q(Q). O

Finally, we prove Theorem 3}

Proof of Theorem[D] Let U = {41, ...,1} be the function class given in the above lemma. Let
{0, 00), - Ly, lf,(k))} be the set of pairs of [L] satisfying the following conditions:

(@) m; # 1} foralli € [J(k)];
®) @) [ (V) e PI=1}~{W@T) | (L) € PU =1} ~ J(k)/M;
(c) Ry, Nsupp M,‘ij = ng N supp M,f’j = Qforall j € [J(k)].

Then, let us define the finite function class JF as follows:

Fo:=F1UF,
where

Fro=A{M{; + ¢, =y |j €[TR}, For=A{M{; =y, + vy | j € TR}
Then, for any f1, fo € Fo, it holds
1 = Foll 2y < Ifill 2oy + Ifoll 2oy S 0247
Moreover, we define F := conv(Fy). Since it holds
SO+, =) + S (M =, + ) = MY,

we have

F2o{M, | jez supp(M{;)NQ+#0}=G.
Suzuki & Nitanda| (2021) proved in Theorem 5 that it holds

F-r

> n 25+i—v ,

2 25w
_inf sup EDH{ Lep J pe
X

f:linear fo€g
where v := 2(1/p — 1/2).. Therefore, using Proposition[9] we have
~ 2 ~ 2
inf sup EDn“f—fO ] = inf sup EDTL“f—fO ]
f:linear foeF L2(Px) f:linear f°€conv(F) L2(Px)

2 inf sup Ep, {Hf— f°
f:linear fe€g

2
L2(PX):|

25—v

Z n- ZEHi-v,

which completes the proof. O

14
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C PROOF OF LEMMA [§]

In this section, we consider a general regression problem for anisotropic Besov spaces. Specifically,

1 S 1 [e]
we consider f € By , and let f be an estimator of f° defined as

n

f:: arg min Z(yi—f(xq;))Q, 3)

FE(LW,5,B) =1

where x1,...,x, are i.i.d. samples from a distribution Py, and y; = f°(z;) + & with & ~
N(0,0%). We denote D,, := {(z;,y;)},—, as the dataset.

Lemmal|g]is directly derived from the following theorem by setting g(z) = r*(z) — r°(z, y).

Theorem 11 (Localized Estimation Error for Anisotropic Besov Spaces). Let f,g € B;q(ﬂ) with

p,q € (0,00, s € RS, and 5 > 1/p, suppose that f(x) € [—F, F) and g(x) € [0,T) for all z € Q
with some F,T > 0. Let Q; := {x € Q| g(x) <t} fort € [0,T] with some T > 0. Assume that

the following three conditions hold for some constants Cy, co, R > 0, and 3 € [O, 72@_11 75 ) :
(i) Forall . € (0,co) and t € [0,T), it holds M(1;Q4, ps2) < Co(1+ )‘(Qt)L_E/g).
(ii) Forallt € [0,T), it holds \(€;) < 9.
(iii) It holds B .py [g(X)] < R.

Let < be a constant such that ¢ € (0,8 — 1/p) for p < oo, and < = S for p = co. Moreover, let
€ ®(L,W, S, B) be a estimator defined as @B)) with

L<logN, W<N, S<NlogN, logB <logN,

where N = nT i R#4T, [FR-Y5 < N, it holds

-

F-r

2 28 25
:| < R2§f1 e 10g4(n)7
L?(Px)

where Ep, is the expectation with respect to the dataset D,,.

In the rest of this section, we prove Theorem [T}

C.1 APPROXIMATION ERROR ON A SMALL SET

We first prove the following theorem, which gives the approximation error bound for a fixed small
set Q' C Q.

Theorem 12 (Approximation Error for Anisotropic Besov Spaces). Let Q' C Q be a measurable set
satisfying M(1;9, ps2) < Co(1+ ANQ)e™5/%) for all v € (0, co] with some constants Cy, co >
0. Assume that f € BS (Q) with p,q € (0,00, s € R%, and 5 > 8o, where &y := (1/p —
1/r)+. Moreover, suppose that m € N satisfies 0 < s < min{m,m — 1+ 1/p}. Letv €
(0, ng“ ), and N € Nsq be a sufficiently large integer. We define N' := \(QV)T> N and € :=
N3+ H(1/p=3)+ log™ " N. Then, there exists an FNN f € W(L, W, S, B) with

L=Lo, WENW,, SZ(L-LWIN'+N, B=0oW /s

such that || f — f°|| -y S N 7%, where

dvm

Lo:=3+2 {logQ < ) + 5} [logy(d Vv m)], Wy = 6dm(m + 2) + 2d.

€Cd,m

and cq ., is a constant depending only on d and m.

We use the following lemma for the proof of Theorem[12]

15



Under review as a conference paper at ICLR 2026

Lemma 13 (Lemma 2 of |Suzuki & Nitanda (2021)). Suppose the function f € B, ,(2) and the
constants m € N, b, v satisfy the same conditions as in Theorem[I2] For an integer K € N, let

N = [2”K lls —‘ Moreover, we define € as the same way as in Theorem Then, there exists fn

such that || f = fnllpr o) < N—% ”f”Bs ,and fn can be written as

In(z) = Z O‘k,Jng Z Z akJMkj Z Zakythkj7

(k.j)eEN k=0 jeJ(k) k=K+1 i=1
where K* = [K(1 4 M’ ne = Mmus/—u(ukns/—nKus/)] (k= K+1,...,K"), (i), C
J(k), and the coefficients (cu, ;). satisfies maxy, jyepy |an,;| S 287/ A/p=9+,

We also employ the following lemma to provide the upper-bounds the required number of terms in
the decomposition of fp for approximating on the small set €',

Lemma 14. Let 1 > 0, s = [s1,...,84] € R:; and A C R be a compact set. Moreover, let
Q1,-.., QN C Qbe ps oo-balls with radius . Suppose that Q);’s are pairwise disjoint, and each Q);
intersects with A. Then, there exists a constant C1 > 0 such that N < Cy - M(1; A, ps.2), where Cq
is a constant that only depends on d and s.

Proof. From the definition of the covering number, we can take the cover { B(z;, ¢; ps, 2)};":1 of A
with m = M(s; A, ps2) and z4,..., 2, € A. Moreover, since ();’s are ps oo-balls with radius

o\ 8/3 ) _
L, for any x,y € @Q;, we have (maxje[d} |$j _ yj‘s]/é) <y, i.e., |xj — yj|S]/§ < (/% for all
Jj € [d].

Since each @; have intersection with A, there exists j(i) € [m] such that Q; N\ B(z;(;), t; ps2) # 0.
This implies that we can take z € Q; N B(2(;), t; ps,2), and thus for any y € Q;, we have

Ps.2(Ys Tji(iy) < ps2(y, 2) + ps2(2, Tj(iy)
2 2 s/28
S((ylle) St (ya — 2a) Sd/é) T
_,\8/28 —
< (szs/é) +1=(1+d¥%)..
Therefore, it holds Q; € B(z;(;), (1 + d*/*)s; ps »). Taking the union of i = 1,..., N, we have

U Qi C U B(wj, (1+d**)1; ps2) U Blaj, (14 d*/%)i; pa2).
= i=1

The volume of the left-most and right-most sets can be evaluated as follows:
3 3 1
A(U Ql> =N . L§/S1 o Lg/sd _ NLSZi L
i=1

U B, (1+d%)i5p52) | < M(154,p52) - M(Blaj, (14> )15 ps )
j=1

SM( A, paa) - 520
Comparing the two volumes, we have N < M (1; A, ps.2), which completes the proof. O

Now, we prove Theorem 12}

Proof of Theorem[I2] Let fn = 3 ey akﬁngJ be the approximation of f given
in Lemma Then, we have [f — fnllzr S N‘§||f||B§q. Let Ef :=

{(k.7) € Ex | (k,j) € B, (supp M) 0 £ 0}, and
Bl i={j €N| (hj) € By} = {j €N| (k. j) € By, (supp ML) N6 0},
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for k € [K*]. Then, we define f}; as

-
! d d
fv= >0 e ME; =" ag MY

(k,j)EEY k=0jeE) ,
By the definition of Ey, we have fx(z) = fj (z) forany z € .
Next, we evaluate the number of terms in the decomposition of fj, i.e., |[E|. The support of
M, ,gl, ; 1s the hyperrectangle obtained by, for each coordinate, scaling the support [0, m + 1] of the
one-dimensional B-spline N,,, by 2lksi] and translating it by j;. The ¢-th edge length e; this hyper-

rectangle is (m + 1)27 s < 2(m 4 1)27%%i = 2(m + 1)27#3/5:_ Therefore, for any x, y in the
support of M, ,‘ci’ ;» we have

Prco(w,y) € maxc oy — T < max (2m o+ 1)27R0)T = 2(m 4 1)k,

)

Therefore, using Lemmawith t=2(m+ 1)§/ $9-ks/5 e have we have
|E | S M(2(m + 1)%2275/5,0  p, o)
_ _ -1 -
5 /\(Q/) [(2—1@/5)5/5} _ )\(Q/)Zké/s.

Moreover, for k > K, we have ‘Eg\,k‘ < ny < 2Kl vkl =11Kll) - Hence, for any K° > K,
we have

K° K*
AR (1 n A(Q/)Qkyz) + 30 2l KlemrEl = E L,
k=0 k=K°+1

Let us dermine K ° to make the right-hand side the minimum. Since 1+ \(£2')2 is increasing, and
20 Kller =ikl =IIK12r) is decreasing with respect to k, for the best choice of K°, we have

A(Q)25°/3 o ol KLy = (KL= KL)

9Ks/5—v(K°s/5—

The right-hand side equals to Ks/9) up to a constant factor. Therefore, we have

9~ (LH)(K°—K)s/5 o (),

which implies 2(K°—K)5/5 ~ QY )7$ For K° satisfying this condition, we have
2K%s/s o |
EL < AN _ 2(K—V(K —K))-s/s _
| N‘N ( )1_2§/S+ 1_27u§/s
M) - 2Ks/3\ ()T 4 2KsS\ ()T
M) 2Kl = ()T - N,

S
S

The remaining part of the proof is adapted from the proof of Proposition 2 of |Suzuki & Nitanda
(2021). Specifically, from Lemma 1 of [Suzuki (2018), for all k£ and j, there exists an FNN M, ;

such that HM\’?J — ng” &) <€ and M\gj = 0inx ¢ [0,m + 1]¢. Using these networks, we
; I oo (m ;
can construct f € (L, W, S, B) with L, W, S, B as in the statement of the theorem such that
f@)y="> ;M ().
(k,J)EEY

Then, we have

V@) - f@)| < v s - | M () = M ()

N — k.j k,j k,j

(k.J)EEY

<e Z |ak,j| : ]lsupp M,‘ij ({E)
(k.j)EEY

17
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For each = € (, the number of (k, j) such that z € supp My ; is at most (m + 1)4(1 + K*).
Combining with the upper-bound max j)e my, |ovk,;| given in Lemmal[13] Therefore, we have

fa(@) = f@)| <e max o[- (m+1)%(1+K")
(k,j)EEY
< €2K*~(§/5’)~(1/p—5ﬁ+(1 + K*).

Since it holds
9K (5/3) ~ 9K(s/3)-(14+v™") o 22?=1LK§/51J'(1+V’1) — olIKllar- (v o gl

we have
(@) — f(@)] S eNOH DW=t 1og N < N5,

Moreover, the absolute values of parameters used in M ; is at most 2K™ < NAA+vTH(1/p=8)4
which completes the proof. O

C.2 LOCALIZED APPROXIMATION ERROR BOUND

Next, we prove the following theorem, which considers the family of sublevel sets of g as in Theo-

rem[T1]

Theorem 15 (Localized Approximation Error for Anisotropic Besov Spaces). Suppose that the
functions f, g, the family of sets {$ }1c[0,1), and the constants Cy, co, R, 3, < satisfy the same con-
ditions as in Theorem Moreover, suppose that m € N satisfies 0 < 5§ < min{m, m — 1+ 1/p}.
Let N € Ry be a sufficiently large real number. Then, there exists an FNN f € V(L, W, S, B)
with

L<logN +1logR~!, W< NlogR'+R™YS,

S < NlogNlogR™ '+ R Y logR™", logB <logR™*,

such that || f — f°|| 2y S NTSRAG-1/P),
Proof. Applying Theorem (12| with » = oo, we have that, for all ¢ € [0, T, there exists an FNN
flew (L, W/, S;, B') with

L' Slog(e™!) log(NglogN> <log N’ +logt™!,

W, < N'Wy <N,

S; < N'logN + N’ < N'(log N' 4 logt™ 1),

B 51,

such that

vs

TS (V)T

Sup [fi(@) = fo(@) S NF S (V)57

Leta_; = 0and a; = 2R fori = 0,...,I with I := [log,(2F/R)]. Then, fori = 0,...,I and
any N € R, we can construct an FNN f; € ¥(L;, W;, S;, B;) with

L; <logN 4+1logR™Y, W; <N, S;<N(logN +1logR™Y), B; <1,
such that o
sup |fi(z) = f°(2)] S N5 (2'R)P.
xre a;

Moreover, applying Theorem for g with N « R~/ and R < T, we have an FNN § €
U(L, W, S,, By) with

L, <logR™Y, W, <RYS, 8, <R VPlogR™Y, logB, SlogR™L,
such that sup,.cq, |g(z) — g(z)| S R/S.

18
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Fori = 0,...,I, we can construct an FNN ¢; € ®(L,W, S, B) with L, W, S < 1 and log B <

log R ! such that
(x <a;-1 —R/4),

x—ai—1+n)/2n) (a;i-1 —R/4<z<a,—1—R/3),
(
(

_ O

pi(x) = ai—1+1n<z<a; — R/,
a; —R/4A <z <a;—R/8),

(a; — R/8 < x).

—~

a; +n —x)/(2n)

o

Then, we have Zf:o ¢i(x) = 1 for all z € [0,2F]. Moreover, since ¢;(z) > 0 only if x €
[ai—1 — R/4,a; — R /8], the necessary condition to ¢;(g(x)) > 0is g(x) € [a;—1 — 3R/8, a;].

Now, we define f as
I
f@) =" 0u(G(x)) filx).
i=0

Let us consider z € € such that g(x) € [a;—1,a;] for some ¢ € [0,I]. Then, we have g(z) €
[a;—1 — 3R /8, a;], which implies then ¢;(g(x)) = 0 for j # i,7 — 1. Therefore, we have

|f(x) = fo(2)] < di(@(@)| filz) — £2(@)] + di1(§(@))| far, (@) — £ ()]
< max{|fi(x) = O (@)], [ fais (x) — F(2)]}
S NT2'R)Ps.
Moreover, for z ~ Px, the probability of 2 € [a;_1, a;] can be bounded as

; Eqn (i
Brrlg() € i 1,0] < Penpy [o(r) > 2] < 20O pmion)

Therefore, we have
2

17 = 102 ) = Bamers [ (@) — £2(@)])
S ZI:NJ:;(TR)QBCPwa l9(z) € [ai-1,a;]
i=02~ 23 ! 2Bs—1\1
< N—257266 —1yi
<SN™ZR ;(2 )
5 N72§R2B§.

Finally, since ¢(g(z)) and f;(x) are bounded by constants for all z € €2, Lemma [23|implies that
there exists an FNN f € U (L, W, S, B) with

L<logN +1logR~!, W< NlogR '+RY3,
S < NlogNlogR™ '+ R Y logR™", logB <logR™*,
such that || f — f||ec < NSRS, Then, we have
If = follreee) S NF = Flleeexy + I1F = follpzcpy) S N—RPe,

which completes the proof. O

C.3 PROOF OF THEOREM [I1]

Finally, we prove Theorem|[T1]

We utilize the following proposition for the proof.

Proposition 16 (Schmidt-Hieber| (2020); Hayakawa & Suzuki| (2020)). Let F be a set of functions.
Let f be the least-squares estimator in F:

fi= argminZ(yi — f(x:))?,

fer 54
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Assume that || f°||cc < F and ||f||lcc < F forall f € F. If § > 0 satisfies M(5; F, || - [|) = 3,
then it holds that

o |- log M(3: 7. - )

n

+O(F +0)|,

2
. o112 2 2
| SC LIS = 1y + (P 4 )

where C > 0 is a universal constant.

To upper bound the covering number of the function class of FNNs, we use the following result.

Lemma 17 (Lemma 6 of|Suzuki & Nitanda|(2021)). The covering number of (L, W, S, B) can be
bounded as

log M(6; ®(L, W, S, B), ||| .) < 2SLlog((B + 1)(W +1)) + Slog (67 'L),
Now, we prove Theorem [T}

Proof of Theorem[I1] The proof is basically the same as that of Theorem 2 of [Suzuki & Nitanda
(2021)). The difference is that our proof explicitly provides the dependency on ‘R.

In the following, we assume that N > R~Y/5. Then, the configuration of L, W, S| B in Theorem
can be simplified as

L<logN, W <NlogN, S<Nlog’?N, logB <logN.
Let F := ®(L, W, S, B). Then, the covering number of the function class F can be bounded as
log NV (8, F, ||-l.) < Nlog® N(log N + loglog N) + N log® N(log(67") +loglog N)
< Nlog® N(log® N + log(dfl)),

Using Proposition |1 6{and setting 6 := 1/n, estimation error can be bounded as

~ R ~ 2 Nlog? N(log? N +log(671)) 1
B |7 £ | S 171 + ( 7)), 1
L2(Px) Le=(supp(Px)) n n
2 2
< N-BR 4 N log N(loi N +logn) n %

1 28¢ . -
Let us set N = nZ=rI R3+1, Then, if N > R~1/3, we have
2

Ep, {Hf? f°

_ 2§ 28
<n” 2T RT log*(n),
L?(Px)

which completes the proof. O

D PROOF OF THE REGRET BOUND

For the convenience of the discussion below, we define C(z; 71, ) and C(7, 72) for two policies
1,2 as

m(y | =)
ma(y | )

The value C(x; 71, 72) is referred to as the coverage in|[Huang et al.| (20254). This value is known
to play an important role in the regret analysis of inference-time alignment. Specifically, this value
quantifies how well the policy m,cr induced by the pre-trained model captures the comparator policy

*

™.

C(a;mi,m2) = Eyor, () { }, C(m1,ma) := By py [C2; 71, m2)].

D.1 PREPARATIONS: PROPERTIES OF InferenceTimePessimism
For yi > 0, we define 7 by

mi(-[2) = argmax By [f(@,y)] — p X (7 || mer(- | 2))-
7:density on Qy
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Then, we can write 7r§ in a closed form as

7rff(y | ¥) = meet (y | 7) [Nil(?(xay) - 9#)]_,_7

where 6,, is the normalizing constant such that [ 7X(y | #) dy = 1. InferenceTimePessimism is
a practical algorithm to get samples from wzelsv that approximates 7%, where N € Z+ is the number
of samples to be drawn from mye (- | ).

Now, we present the regret bound of InferenceTimePessimism inHuang et al.|(2025a)).

Proposition 18 (Theorem 4.1 in|[Huang et al.| (2025a)). Let 7 be an arbitrary estimator of reward
r°, and we define eqy(x) := Eyr (1) [(F(x,y) — r°(2,y))?]. Moreover, let T* be a comparator
policy, Then, InferenceTimePessimism satisfies

Eyww* [To (x’ y)] - EyNWi?YSN('lw) [ro (.T, y)]

N
O ) ) - s )+ (o) - el e (),

for some constant C; > 0. Setting p ~ - CON P ﬁ( C(””;iz’;*ef)) it holds

C(w;m™ et ) ar(

By [1°(, )] — Bynten, (1) [°(@,9)] S /L2577, moer) - ().

D.2 ANALYSIS FOR THE FIRST STEP
In this section, we analyze the regret of InferenceTimePessimism when the reward function r°
belongs to the anisotropic Besov space B (£2).

We first prove the following lemma, which is important to connect (A1) of Assumption [6|and Propo-
sition[T8]

Lemma 19. Suppose that r° € By (S2) satisfies (A1) ofAssumptiOn@ Then, for any € € (0, o],
there exists a comparator policy 77 satisfying the following two conditions:

(l) ]Ezwpx [’I”* ($> - Eywﬂ':(m) [ro (3373/)]} S €, (”) C(ﬂ—:aﬂ-ref) S e 7.
Proof. If we set the policy 7} as
Ts, @) (y)
Tyl @) = oy
A(Se(@))

then the two conditions are satisfied. Indeed, the condition (i) is satisfied since

Exnpy [1°(2) = Eyors (o) [1° (@ 9)]] = Ean by [Byrorz (o) [ (@) = 7°(2, )]
<Ezupy [6' m : A(Se(ff))}

267

and the condition (ii) is satisfied since

C(ms Meet) = By [Eyw:(-z) [MH = B [/ e dy}

Teet (Y | @ Teet (Y | )

< Epmpy [/Wdy} SJEJCNPX[

Tmin

] Se .

_
A(Se(x))

This completes the proof. O

In this subsection, the reward model 7 is trained with n samples drawn from Px ® 7yef(- | ). The
true reward value are queried from the oracle, thus we obtain n samples {(z;, y;, 7°(x;, yi)) }iq-
Using these samples, we can construct an estimator 7 € ®(L, W, S| B) of r° satisfying

1/2

<n” 5T .

€RM ‘= (Ewax [€RM(9U)2]) = |r— 7"0||L2(px®7rmf) ~
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Theorem 20. Let r° € B, () with s € RY o, p,q € [1,00], § > 1/p. Suppose that n oracles can
be used during training. Under Assumption@ Wiflsv achieves

Epopy [ (@) = Bynter (1) )]) S 7 S 0™ 77557,
Sor p =~ n~ w5 gnd N pe nEr s log(n).

Proof. Let 7} is the policy satisfying the conditions of Lemma (19| for an arbitrary € > 0. Then,
Proposition[I8]implies that

Ey~7r;* [TO (:L'7 y)] - EyNWZfSN(~|m) [ro (37, y)]

N
S Clas iy, o) Pemn() + - Clayml met) + 7 - equ() + 17" - enu() exp <_01(/1L%+;L)>

Taking the expectation over x ~ Px and using Cauthy-Schwarz inequality, we have

EJCNPX EZINTFZ [TO (.L“, y)] - EyNW/P;YSN('l"E) [TO (Z‘, y)]:|
* 172 *
,S (EwNPX [C(l‘, Tes 7Tlref)])l/z . (Eszx [GI%M('T)]) / + - EINPX [C(l‘v Tes 71'ref)]

+ 17" Banry [6u(@)] + 17 Bony lean(w)] - GXP(‘ % )

S CE )2 - (B [Ey(2)])

1 2 -1 2 N
By [(@)] + 4 -(wa[emwﬂ)”'exp(‘cl&%w)‘

+ - C(ﬂ':vﬂref)

If we set

* — 1/2 _
e Oty Teer) ™2 (B [2(@)]) 2, N 2 log(Bympy [€24())

then we have
o o * 1/2
Eomop |[Eymrs [1°(2,9)] = By, (1o [°(@,9)]]| S (COrE o) - (B [hu(@)])

Using the property of 7 in Lemrna (ii) and the error bound of (E,~ p, [eay(2)]) 1/2, we have

ol 3
2 . 2541,

EzNPx |:Ey~7r: [To (ZL’, y)] - Eyw-rr‘:ffN('\z) [ro (LE, y)]} S/ €

Combining this and the property of 77 in Lemma@ (i), we have

Eenpy [T*(:C) - Eyw'frff,sN(‘\z)[TO(x7 y)]:|
< ExNPX [T*(-T) - Ey’\‘ﬂ: [,,,O (Iv y)H + EINPX [EyNﬂ': [To (1" y)] o ]EyNTrfLe)SN [To ($, y)]

B -
S €4+€e 2 .n T,
The right-hand side is minimized when € ~ n~ 2+7 %+1. Thus, we have

2 ._5
Eunry [1*(@) = Eyurn (1 r°(2.9)]]| S n™ 57 550,

YN

Moreover, we have

5 . __5 __5 .20+y) _5 .200+4v)
2T T B = "y N Z nIEFL T2y ]Og(n)
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D.3 IMPROVED REGRET VIA MULTI-STEP TRAINING

We now analyze the multi-step training algorithm described in Algorithm [2] First, we prove the
following lemma, which corresponds to Lemma [I9]in single-step analysis.

Lemma 21. Suppose that v° € B, ,(Q) satisfies (A1) ofAssumption@ Moreover, let T be a policy

satisfying By py By (o) [r*(x) — 7°(2,y)] < R. Additionally, let 7(- | x) is a distribution of
y+ 2 wherey ~ 7(- | x) and z ~ N(0,021). Then, for any € € (0, R), if 02 ~ R?P/4, there exists
a comparator policy ©} satisfying the following two conditions:

(i) Epopy [r*(m) —Eyrs(a) [To(a:,y)]] <, (ii) C(n},7) < e TRE.

Proof. As same as Lemma[T9] we set the policy 7 as

Is () (y)
A(Se(z))

The condition (i) can be confirmed by the totally same calculation as Lemma [T9} To discuss the
condition (ii), we first lower bound the density of 7. For y € S.(x), we have

1 . —2|?
w(y | x) = (27“72)(1/2/77(,2 | x)exp(—”yw> dz

1 / - ly — =II”
> —— 7(z | x)exp| ———=—— | dz.
(2162)8/2 Jg,r (@) 202

Fory € Sc(z),2 € Sacr (), it holds that ||y — z|| < [ly]| + ||z < €*/¢ 4+ (2CR)#/4 by (AD).

Therefore, we have
B/d 4 (9CR)B/4)2
exp(—(6 * )"0 )/ m(z | x)dz
Sacr ()

me(y | ) =

202

1 f/d 4 (20R)P/4)? . ]
= (gmzwe"p<‘( (202 ek ) Py (z) = r°(z,y) < 20R]

o Y2 9RN
~ (2mo?)d/2 P 202 )"

In the third inequality, we used the fact that
Py sz [r™(x) = 7°(2,y) S2CR] =1 = Pyz )" (x) —r°(2,y) > 20R]

By setting 02 = 9R?#/¢/2, we have

Therefore, we have

* i (y |z
Clayml,7) =Eyrs (o) {(')}

which completes the proof. O

23



Under review as a conference paper at ICLR 2026

Proof of Theorem[]} We define ez) = Eyrnr—n (o (P (@) — r°(x,9))%Y? and
1/2
e,(&) = (IEJW Px [51(1»4)( )]) . Moreover, let 7{”) be the policy which is the

pure output of InferenceTimePessimism, i.e., the distribution of samples drawn from
InferenceTimePessimism before adding Gaussian noises. We note that 1 4+ F- - % Puz, =

E 4.
We first upper-bound the probability that there exists a step index 7 € [T

Suppose that (") < 1 for all 7. Later, we indeed choose o(™) to satisfy this. For a € [0,1]¢ and
X ~ N(a,I;), we have

MXeMHﬂ=@Wuﬂamwz(gqu}i)fz;,

Then, we have P, [z € [0,1]%] > ;. Therefore, for all 7 € [T, we have

no no-1/5%-(1—1/2)2 n
< — = -
P[ =3 5d}~eXp< 2 P\ T8 54 Togn )

Hence, we have
no }< _ n 1 < o—VT
~ 2.5d Nexp( 8~5d~10gn> B~ T

Therefore, the regret can be bounded as
E[Eznpy [r*(z) = Byoren [0 (2, )]
SE [Banry (@) — Eyren [ 9)]] | v7 € [T1,

P[\# e [T),|T:

no —Jn
5d} + Re™ V™.

521 2 no forall 7 € [T].
For 7 = 1, Theorem 2 in |Suzuki| (2018) and Theorem@lmphes that

e = Eorpy el (2)2)

The following discussion is under the event that |7, | >

_25
25+1 10g2 no

Rsl) =Eyop, [P (x) — Ey~7r£1)(~|w) [° (2, y)]]

= . 4
254+1 24~ =
S ng logZ+7 ny.

<n0

Next, we derive the relation between RET), R, E&H) and R Y. First, we evaluate the regret
R(7) of the policy 7("). We have

o 1 T ||y_ ZHZ o
Eyrn (o (@,9)] = Ww/ﬂs (2| ﬂf)eXP(—Q(U(T))Q r°(z,y)dydz

1 () ly— 217 .
> (27'((0'(7))2)‘1/2/7(. (Z|33)8Xp<—2(0’(7_)2 r°(x, z) dy dz
|
1

_W/NET)(Z«@")GXP< ly — = >|r (z,y) —r°(x, 2)|dy dz

)
z|
)?
> /WET)(Z | 2)r°(z,2z)dydz — (27(-(0—(7-))2)d/2/ﬂ—£7-)(z | ) exp (—2(£g”)> ly||“ dy dz

:EyNﬂﬁf)(.|$)[T ( )] c- ( (r )a

for some constant C"' > 0, where « := min(s — 1/p, 1). Therefore, we have

2o

RO = Egmpy [r(2) = Eyorto oy 1@ 9)]] SRS + (01,
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Using Theorem|[TT} we have

™) = Eompy Byt (1 (P (2, 9) — 7°(2,9))?)

2B a3
< [+ ] P g

By setting o(7) ~ (R{)28/4, we have
208

RO 5 (RED)

28 2afs  — 25
T2:+fi nO 25+1 10g2(n0).

T+1 T
S (RS
and Lemmaimplies that there exists a comparator policy 77 . satisfying
E.~py [r*(x) — Eywr:,,(-lr) [r°(m,y)]] <, C(ﬂf,T,ﬂ'ET)) < e‘”(R(T))B.
Therefore, the same analysis as Theorem [20]implies that
741 * o

REMY = Epopy [1(@) = B, o ([ (@, 0)]]

< Eonry [1* (@) = Eyns [1°(0,9)]] + Bany [Eymns [°(2,9)] =B, _ oo [°(@,9)]]

Seted (ROYE. LD,

The right-hand side is minimized when € ~ ((R(T))g . e}({;H))ﬁ. Thus, we have

1 Fr i bat) et
R 5 () P e gt )

Letu := %% (% 4 o2 ) Then, we have

ToH1
(T) — o 72 (ut+uT )
Re ' Sng poly log(n)
log n\ T =T
< (n > poly log(n).

—logb™

logn 1 . . .
Fora,b € (0,1), n®? = eam log ™ s convergent to 1 as n — 0o, the component including

(%)a'blog " is bounded by some constant. Thus, we have

1 25 1
1 PRy iy
R@s(f?) poly log(n),

which completes the proof. O

E AUXILIARY LEMMAS

E.1 GUARANTEES FOR THE METRIC pyp 4

In this section, we provide some facts on the map pp, 4.

Lemma 22. Let ¢ € (0,1, p1,...,pa € (0,1/q] be some constants. We define pp , : R?> — Rxg

by pp.q(z,y) = (Zle |z; — yi\pi>q. Then, pp 4 is a metric on R%. Moreover, the volume of the

ball ld?(:c,r; Pp.q) centered at x € R with radius v > 0 is given by \(B(z,7;pp.q)) = Cp.g.d -
1

1 L .
ra ==t vi where Cp 4 4 is a constant that only depends on p, g, d.
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Proof. First, we show that p, , is a metric. The symmetry and the equivalence of pp, , = 0 and
x = y are trivial. We show the triangle inequality. Let p; := |z; — y;|"*? for i € [d]. Since it holds
1/piq > 1, for any x,y, z € R?, we have
. JPS
(i = wa)" + (i — 2)P" ) 77 2 (i — i) + (¥ — 21) = i — 2,

which implies p; (2, y;) + pi(yi, zi) > pi(x;, z;). Therefore, for each i € [d], p; is a metric on R.
Hence, we have

d q d q
Pp.q(T,2) = (Zpi(l‘iazi)l/q> < (Z (pi(xiayi)+pi(yiazi))l/q>

=1 =1

IN

d q d 4
(Z pi(wi, yi)l/q> + < pi(Yis Zi)l/q> = Pp,g(T,Y) + Pp,q(y,2).
1

i=1 i=

Here, in the second inequality, we applied Minkowski’s inequality with 1/¢ > 1. This completes
the proof.

Next, we consider the volume of the ball B(z, 7; pp ). We have

AMB(z,75pp,q)) = / dzy - - - dag

z; >0, mf‘ <rt/a

1/pi—1 2
/ Hui dug ---dzg  (u; :=at?)
u; 20,37 u;<rl/a i

1y 1
~ g Pi

R

which completes the proof. O

E.2 APPROXIMATION POWER OF NEURAL NETWORKS

In this section, we provide an approximation of elementary functions using neural networks.

Lemma 23 (Schmidt-Hieber| (2020)). For any € > 0, there exists a neural network ¢ €
®(L, W, S, B) with

L Slog(l/e), W1, SZSlog(l/e), B,
such that

sup  |o(z,y) —zy| <e.
z,y€[-C,C]
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