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Abstract

Optimization lies at the core of scientific computing and machine learning, where
algorithms iteratively update parameters using function values and gradient in-
formation. In this work, we investigate whether effective optimization strategies
can be learned from fixed datasets of such trajectories and transferred to new
problem instances without further learning. We formulate numerical optimization
as a Markov Decision Process (MDP), where each state consists of the current
iterate, function value, and gradient information, and actions correspond to update
directions and step sizes. We then adapt the popular planning-based Reinforcement
Learning (RL) paradigm, AlphaGo, to numerical optimization to train policy and
value networks offline using a family of Rosenbrock functions. At deployment,
the learned policy and value functions are kept fixed and used within a Monte
Carlo Tree Search (MCTS) procedure to perform trajectory-level planning. This
enables the method to combine offline-learned optimization priors with test-time
lookahead, allowing decisions that account for long-term effects of updates rather
than relying solely on local heuristics. We evaluate the approach on a diverse suite
of optimization problems beyond the training distribution. Empirical results show
that the learned policy, when coupled with planning, generalizes effectively and
achieves reliable convergence with competitive or improved optimization efficiency.
Our results demonstrate that AlphaGo-style learning, when applied to optimization
provides a promising framework for learning adaptive strategies from offline data.

1 Introduction

Optimization concerns the problem of identifying the best possible solution from a set of feasible
alternatives and forms a foundational component of scientific computing and machine learning
[6}10]. To address the diversity and computational demands of real-world optimization problems,
a wide range of optimization methods have been developed in the literature, spanning classical
gradient-based techniques [2]], Quasi-Newton methods, and their variants [22]. These approaches
have demonstrated strong performance in well-behaved settings, particularly for smooth and convex
objectives [7]. However, their effectiveness often degrades on more challenging landscapes, including
those characterized by non-convexity, noise, ill-conditioning, flat regions, or the presence of multiple
local minima [13} 29, 32]. In such scenarios, optimization procedures based on locally informed
update rules can exhibit slow progress [23] or become sensitive to hyperparameter choices [33].
Motivated by these limitations, we investigate whether an artificial intelligent agent can be trained
to solve numerical optimizatiorﬂ problems in a fundamentally different manner, with the goal of
achieving reliable convergence while reducing the overall time to solution.
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Reinforcement learning (RL) [31] offers this fundamentally different paradigm for developing
sequential decision-making strategies, emphasizing learning from experience rather than relying on
explicit rules. In this framework, an agent interacts with an environment, receives feedback through
rewards, and progressively refines its behavior to optimize long-term outcomes. Such learned decision
strategies have been shown to rival, and in some cases surpass, carefully hand-designed algorithms
across a range of complex domains. In particular, planning-based reinforcement learning systems
such as AlphaGo Zero [28] have demonstrated the effectiveness of combining learned value functions
with explicit look-ahead to master complex board games through long-horizon reasoning. More
recently, similar ideas have been applied beyond games to algorithm discovery, where learning-driven
search has uncovered improved routines for fundamental computational tasks such as sorting [[18]] and
matrix multiplication [12]]. Together, these successes highlight the ability of reinforcement learning
to explore rich spaces of strategies and exploit long-term feedback, establishing it as a powerful and
general framework for sequential decision making.

Motivated by the reinforcement learning framework for learning effective decision-making strategies,
we explore its applicability to numerical optimization. Iterative optimization solutions can be naturally
viewed as a sequential decision-making process, in which each iteration corresponds to a decision
whose consequences extend beyond immediate objective reduction and influence the trajectory of
subsequent updates. Specifically, each step involves two coupled choices: selecting a direction of
movement and determining a step size that controls the magnitude of the update, with the shared
objective of achieving fast and reliable convergence. This perspective motivates us to investigate the
following questions:

» Can a reinforcement learning agent learn to select update directions and step sizes directly
from feedback?

* If so, can such learned decisions lead to improved optimization behavior in practice, particu-
larly in terms of convergence speed?

* Can a learned optimization strategy generalize across objective functions with differing
characteristics, such as non-convexity, noise, or ill-conditioning?

To address these questions, we first model optimization as a sequential decision-making problem.
Under this formulation, the problem of designing an optimizer is recast as the problem of learning
a policy that maps observed optimization progress to update decisions. Building on this MDP
formulation, we propose AlphaGrad, a planning-based reinforcement learning agent that employs
Deep Monte Carlo Tree Search (MCTS) [28]. AlphaGrad explores possible future update sequences
through simulation and selects actions that appear promising under this lookahead over resulting
trajectories. By planning over entire optimization trajectories rather than making purely local
decisions, AlphaGrad explicitly accounts for the long-term consequences of its actions. This enables
the policy to favor updates that may be locally suboptimal; however can lead to faster overall progress
under a fixed evaluation budget.

We first train AlphaGrad on an offline family of Rosenbrock functions and then evaluate on a
suite of challenging benchmark functions. Across these problems, AlphaGrad consistently drives
the iterates toward correct solutions and often matches or improves upon the convergence speed
of classical optimization methods under the same evaluation budget. The learned policy further
demonstrates robustness to variations in objective landscapes, including stochasticity, and strong non-
convexity, indicating that planning-based reinforcement learning can acquire optimization strategies
that generalize across problem instances rather than encoding a single local heuristic.

We note that we are not the first to view numerical optimisation through the lens of RL. Prior work
has explored casting numerical optimization as an RL problem [9, [17} 5], notably [17], which learns
reactive update rules mapping gradient histories to optimization steps. In contrast, our approach
adopts a planning-based perspective, using MCTS to reason over future optimization trajectories.
This allows the learned policy and value functions to guide long-horizon decision making.

2 Methodology

In this section, we begin by formulating the problem of finding the global minimum of an objective
function as a Markov Decision Process (MDP) [4], which we then solve using a Deep Monte Carlo
Tree Search (Deep MCTS) [28]] algorithm. Deep MCTS combines Monte Carlo Tree Search [8]



with a neural network that is trained to guide the planning process by providing policy and value
estimates, thereby improving action selection over long planning horizons. Section describes
the MDP formulation, while Section [2.2]briefly describes the proposed algorithm and the training
strategy employed.

2.1 MDP Formulation

We define the optimization process as an MDP by specifying the state space, action space, and
reward function. The state space is a five-dimensional vectoﬂ consisting of the two variables z and
y, the function value f(z,y) and the partial derivatives f, and f,,. This state representation ensures
a fair comparison with traditional first-order based gradient methods, that operate with the same
information [22]. The partial derivatives provide local first-order slope information, while x, y and
f(x,y) serve as absolute references. Integrating these components into the state representation at
time step ¢, denoted by s;, allows the agent to construct an approximate mapping of the underlying
functional landscape:

St = [xtayta f(iﬂt’yt% fx(ﬂfmyt); fy(xt,yt)}- (D

The resulting state space is continuous, with  and y being initialized randomly at the beginning of
each training episode. During an episode, the agent navigates the space within a predefined boundary
for both variables.

The action space is represented as a tuple (a,, a, ), where each component represents the action
chosen for a particular dimension and is expressed as the product of a step size («) and a direction
(d). This independence of actions for each axis allows the agent to execute separate updates, which is
crucial for navigating landscapes where curvature varies significantly across dimensions (e.g., narrow
valleys).

The step sizes are chosen from a predefined set of values, while the direction is restricted to a binary
choice indicating the sign of the update. This formulation explicitly decouples the step magnitude
from the gradient’s norm, preventing the vanishing gradient typically associated with flat regions of
the objective landscape [25, [20]. Consequently, the agent gains a multi-resolution search capability:
it can independently select large steps to traverse flat regions and then switch to smaller steps for
precise convergence, distinct from the local gradient magnitude.

Once an action is taken, the state transition takes place as given below:

Ti1 = Ty + Aqg,
Ye+1 = Yt + Qy,

St41 = [Teg1s Yerts S (@1, Yer1)s fo (i1, yer1), fy(Teg1, yesn)] 2

While the above transition describes a deterministic update, the formulation can naturally extend
to stochastic settings. In the presence of noise or uncertainty in function evaluations or gradient
estimates, the state transition induces a probability distribution over next states rather than a single
deterministic outcome. This is consistent with the general MDP framework, where transitions are
defined by a conditional probability distribution P(sz11 | s¢,ay).

Based on the current state, the action taken by the agent, and the resulting state transition, an
immediate reward is provided as a feedback to the agent. We constuct the reward in a way that
accounts for both correctness and latency. It includes a per-step penalty that encourages the agent to
reach the goal efficiently, along with a term proportional to the change in function value between
consecutive states, defined as Af = f(xs,y:) — f(2t41, ye+1). The second component of the
intermediate reward encourages a decrease in the function value between the current and next states.
Thus, the intermediate reward encourages monotonic reduction in the function value across successive
iterations.

2For simplicity of exposition, we define the MDP for a two-variable optimization problem; the formulation naturally
extends to higher dimensions.



There are three terminal scenarios in our formulation. The first occurs when the agent exhausts
the maximum number of steps allowed for reaching the optimum. The second occurs when the
agent violates the predefined boundary constraints, resulting in a large negative terminal reward and
termination of the episode. This penalty reflects the fact that divergence in any single variable leads to
failure of the optimization process, and thus teaches the agent to avoid unstable trajectories. The final
scenario corresponds to the agent reaching a point within an e-neighborhood of the global minimiser
(z*,y*), upon which a large positive terminal reward is assigned and the episode terminates. Thus,
the reward function is mathematically formulated as:

Ry if |21 — 2" <€ |y —y*| <€
r(se,a) =< R, if max(|zei1), [ye41]) > B , 3)
Rs+c- Af otherwise

where 12, denotes the large positive reward obtained upon reaching the € boundary of the global min-
imiser (z*,y*), R, represents the penalty incurred by the agent upon violating the boundaries of the
search space (B), R, denotes the per-step penalty that encourages faster convergence, A f represents
the reduction in the function value between two consecutive states (f(x¢, y¢) — f (2441, yt+1)) and ¢
denotes a scaling hyper-parameter.

Note that Eq. [3]requires the knowledge of optima. During offline training, knowledge of the optimal
solution (z*, y*) is used to define terminal rewards, providing a strong learning signal. During the
inference, however, the MCTS tree is guided exclusively by the intermediate reward, i.e, the third
term in Eq. [3|and does not make use of the other two terms (does not assume the knowledge of

(@, y7)).
2.2 Proposed Algorithm

Having formulated the optimization problem as an MDP, we introduce AlphaGrad, an agent designed
to find the global minimiser of an objective function, inspired by the superhuman performance of
AlphaGo Zero [28]. AlphaGrad combines a deep neural network with Monte Carlo Tree Search
(MCTS) [8] to guide action selection. The neural network outputs policy distributions over actions
along each dimension and a value estimate, which serve as priors for the MCTS search. Using the
PUCT formulation, the search explores future trajectories and refines actions based on simulated
outcomes, enabling reasoning over long-term optimization behavior. The refined policy is used to
sample actions and generate trajectories, which are used to train the network via a combined value and
policy loss under a temporal difference framework. The network parameters are optimized iteratively
to improve both policy and value estimates. The complete proposed methodology, including the Deep
MCTS algorithm and training procedure, is presented in the Appendix [A]section.

3 Experiments

We benchmark our proposed AlphaGrad algorithm against established optimization algorithms,
including Barzilai-Borwein (variants 1 and 2) [2], Steepest Descent [[7]], Quasi-Newton [22]], and
Adam [I6]. Section [3.1] outlines the experimental setup used for training and evaluation and in
Section we analyze performance on deterministic benchmark functions to address the research
questions posed in the Introduction Section [I]

3.1 Experimental Setup

Training: We train AlphaGrad in a custom optimization environment implemented using the Ope-
nAl Gym framework, based on a subset of the two-variable Rosenbrock family of functions [26],
parametrised by constants a and b that determine the location and curvature of the global minimum,
defined as f(z,y) = (a — x)? + b(y — 22)2. The Rosenbrock function, characterized by an ill-
conditioned Hessian and a long, narrow parabolic valley, is a standard benchmark for optimization,
where gradient-based methods often exhibit slow convergence. We evaluate the learned policy on
four challenging benchmark functions [30]]: Beale [3]], Ackley [[1], Bukin N.6 [15]], and Three-Hump
Camel [15] functions and an overview of these evaluation functions is provided in Table



The agent is trained for 3000 episodes, with a maximum of 200 steps per episode. In each episode,
a function is randomly sampled from the Rosenbrock family [26], with parameters a € [—1.5,1.5]
and b € [0.1,1.5], yielding a global minimiser at (a,a?) and promoting generalization across
objectives. At each step, actions are selected from 20 equally spaced step sizes in [0.001, 0.999]
along each coordinate, combined with a binary update direction. Episodes terminate upon reaching
the target region, violating state-space bounds, or exhausting 200 steps. The state variables = and y
are initialized uniformly in [—15, 15] and constrained within [—20, 20], with violations incurring a
penalty of —100. A terminal reward of +100 is assigned upon reaching the e-neighborhood (¢ = 0.2)
of the global minimiser (z*, y*), while non-terminal transitions receive an intermediate reward of
—1+ aAf, and o = 0.3 is a scaling hyperparameter selected empirically. To balance exploration
and exploitation, we use 20 MCTS simulations per step for the first 2000 episodes and 50 for the
final 1000. Additionally, Dirichlet noise (o = 0.3, € = 0.25) is incorporated at the root of the MCTS
tree [28] to encourage exploration and mitigate early policy bias.

Evaluation: To evaluate the generalization capability of AlphaGrad, we construct custom OpenAl
Gym environments for four benchmark optimization functions and their stochastic variants. Table|[T]
summarizes their functional forms, evaluation intervals, and global minimisers. During evaluation,
the neural network weights are frozen, and adaptation occurs solely through the MCTS look-ahead
mechanism using only intermediate rewards and a per-step penalty, preventing any leakage of the
true optimum (z*, y*) or search boundaries. The agent operates within the same action space as in
training, selecting from 20 discrete step sizes and binary directions. The benchmark functions exhibit
diverse challenges, including multiple local minima, ill-conditioning, non-differentiability, and sharp
landscapes. AlphaGrad performs 50 MCTS simulations per step with a maximum of 200 steps, and
this corresponds to a total of 10,000 function evaluations per episode. Accordingly, to ensure fair
comparison, the number of steps per evaluation episode is fixed to 10,000 for Barzilai-Borwein
variants 1 and 2 [2], Quasi-Newton [22], and Adam [[16]]. For Steepest Descent [7]], which uses
variable evaluations due to line search, the step count is adjusted per function to match the same
evaluation budget.

For consistent comparison, step counts for traditional methods are scaled to the Deep MCTS time
scale. The success rate is defined as the percentage of 1000 evaluation episodes in which the agent
reaches the e-boundary (¢ = 0.2) of (x*,y*). Failure occurs upon exhausting the step limit or
breaching the search boundary, defined as [—20, 20] for all functions except Ackley [[I]], where the
range is [—35, 35].

Hardware: All experiments, including both training and evaluation, were conducted using the
standard CPU runtime provided by Google Colab.

Function Name Expression Evaluation Interval Global Minimum
flz,y) =(1.5 —x + xy)
Beale +(2.25 — x4+ ay?)? z,y € [—4.5,4.5] Oat (z,y) = (3,0.5)

+(2.625 — @ + 2y°)?

fz,y) = — 20exp (—0.2\/m>

Ackley z,y € | Oat(z,y) = (0,0)
— exp (0.5[cos(27x) + cos(27y)])
ol [—32.768, 32.768)
Bukin N.6 f(z,y) = 100y/]y — 0.0122] + 0.0L |z + 10| | z € [-15,~5]andy € | 0 at (z,y) =
-3,3 (-10,1)
3 Hump Camel fz,y) = 222 — 1.052* + % +ay +y? z,y € [—5,5] Oat (z,y) = (0,0)

Table 1: Benchmark functions used for evaluation.

3.2 Results and Discussion

We now analyze the empirical results obtained from the evaluation procedure described in Section [3.1]

3.2.1 Ackley Function without Stochasticity

The Ackley function [[1] in two-dimensional space consists of an outer region characterized by shallow
sinusoidal variations and a deep, narrow hole at the center containing the global minimum. Despite
this challenging landscape, AlphaGrad achieves a 97.7% success rate with an average of 62.09 +
47.07 steps per episode in navigating these innumerable local optima to locate global minimiser



(Table[2). A key observation is the smoothness of the agent’s trajectory (Figure [Ta), which cuts
directly past thousands of local optima regions. This indicates that the agent’s actions are not myopic,
but instead reflect long-horizon planning enabled by the MCTS look-ahead mechanism. In contrast,
none of the traditional methods (Figure [Ib) successfully cross the outer region to reach the center.
The flat, sinusoidal nature of the landscape causes these methods to stagnate in local optima, resulting
in success rates below 5% across all baseline optimizers considered.

(a) AlphaGrad (ours): Successful optimization. (b) Steepest Descent: Failed optimization.

Start: (8.65, —21.10), Final: (—0.08, 0.14) Start: (8.65, —21.10), Final: (10.00, —20.00)
Optimum: (0.00, 0.00), Distance: (0.08, 0.14) Optimum: (0.00, 0.00), Distance:
Steps: 30, Success: True (10.00, 20.00)

Steps: 1254, Success: False

Figure 1: Optimization results on the Ackley function starting from the same initial point.
AlphaGrad reaches the global minimum in only 30 steps, whereas Steepest Descent [7] fails to do so.

Table 2: Ackley Function Without Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 97.7 62.09 4 47.07 58.84 4 42.54
BB2 0.2 199.60 £ 8.92 0.35 £ 0.07
BBI1 0.0 200.00 £ 0.00 0.00 £0.00
Steepest Descent (Armijo Conditions) 1.3 197.55 £ 22.57 0.86 £ 0.32
Quasi Newton 0.8 198.40 £ 17.79 0.26 £0.19
Adam 0.0 0.00 £+ 0.00 0.00 £0.00

3.2.2 Beale Function without Stochasticity

The performance of AlphaGrad on the Beale function [3]], as shown in Table [3] highlights its ability
to locate the global minimiser despite the presence of local minima, sharp spikes, and extended flat
valleys, conditions under which traditional optimization methods often struggle. AlphaGrad achieves
a 96% success rate, while the second-best performing method, Steepest Descent [[7]], lags significantly
behind with a success rate of only 55.6%. As illustrated in Figure AlphaGrad adopts a distinct
zig-zag trajectory, most pronounced at the beginning and near the end of the search. Even within the
flat region, the agent actively explores different directions. This strategy is effective in such regions,
where many actions yield similar rewards, allowing the agent to broadly sample the state space while
still making steady progress towards the target, and ultimately converging to the optimum.

In contrast, the Steepest Descent [7] algorithm shown in Figure [2b] initially takes a large step but
subsequently stagnates in the function’s flat region. This limitation arises from the fundamental
update equation governing traditional optimizers:

Tnew = Lold — & f/(xold)-

Here, the gradient vector f’(x.q) determines the descent direction, while « controls the step size or
learning rate. Traditional methods primarily differ in how « is computed: Quasi-Newton methods
approximate curvature information via the inverse Hessian, Barzilai-Borwein methods [2] derive



« from differences between successive iterates, Adam [[16] incorporates gradient moment estimates,
and Steepest Descent [7] selects « using a line search. However, as these optimizers approach
the optimum, the gradient magnitude f’(z) tends toward zero, leading to increasingly conservative
updates. A key novelty of our approach lies in decoupling the gradient magnitude from the update
step by incorporating gradient information directly into the state representation. In AlphaGrad,
this decoupling allows the update direction to be chosen discretely from {—1, +1} along each axis,
enabling the agent to maintain meaningful step sizes even near the minimum.

(a) AlphaGrad (ours): Successful optimization. (b) Steepest Descent: Failed optimization.
Start: (—2.98, —1.52), Final: (3.18, 0.63) Start: (—2.98, —1.52), Final: (—3.44, 1.23)
Optimum: (3.00, 0.50), Distance: (0.18, 0.13) Optimum: (3, 0.5), Distance: (5.43, 0.81)
Steps: 24, Success: True Steps: 1453, Success: False

Figure 2: Optimization trajectories on the Beale function [3] starting from the same initial point.
AlphaGrad converges successfully to the optimum in 24 steps, whereas Steepest Descent [[7] fails to
do so.

Table 3: Beale Function Without Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 96.0 28.11 £ 35.60 21.57 £+ 15.03
BB2 243 151.49 £+ 85.61 0.38+0.16
BB1 253 150.88 4 86.82 0.30 £ 0.12
Steepest Descent (Armijo Conditions) 55.6 92.98 £ 96.60 7.45£17.50
Quasi Newton 1.3 197.40 £+ 22.63 0.26 +0.16
Adam 43.1 143.53 4+ 74.69 68.99 + 58.19

3.2.3 3-Hump Camel Function without Stochasticity

AlphaGrad demonstrates robust performance on the 3-Hump Camel function [[13], a multimodal
landscape characterized by three local minima. As we observe in Table ] the agent achieves a
100% success rate, converging in an average of 7.84 + 3.79 steps per episode. In contrast, the next
best-performing method, Steepest Descent [[7], lags significantly behind, attaining only a 60.5%
success rate and requiring 80.24 £ 96.96 steps on average. This substantial disparity highlights
AlphaGrad’s superior convergence efficiency in a setting where the presence of an xy interaction
term complicates independent variable optimization (Table[d). Notably, since AlphaGrad is trained
exclusively on a unimodal objective, this result underscores the agent’s ability to generalize effectively
to previously unseen multimodal landscapes with different structural characteristics.

3.2.4 Bukin N.6 Function without Stochasticity

The Bukin N.6 function [13] is the only non-differentiable landscape among the evaluated bench-
marks. It features a sharp, valley-shaped ridge containing multiple local optima, with the global
minimum lying directly along this non-differentiable seam. As shown in Table[5] this structure proves
challenging for all optimization methods. Nevertheless, AlphaGrad achieves a success rate of 46.3%,
outperforming most classical optimizers, with Barzilai-Borwein 2 [2]] being the closest competitor



Table 4: 3 Hump Camel Function Without Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 100 7.84 £+ 3.79 7.84 + 3.79
Barzilai Borwein 2 (BB2) 40.7 118.65 + 98.19 0.13 £ 0.06
Barzilai Borwein 1 (BB1) 33.7 132.65 + 94.48 0.12 4+ 0.07
Steepest Descent (Armijo Conditions) 60.5 80.24 + 96.96 1.92 4+ 0.64
Quasi Newton 19.5 161.03 £ 79.19 0.13 +0.07
Adam 19.8 162.03 + 76.46 8.22 +5.73

at 43.2%. As illustrated in Figure AlphaGrad is able to navigate local minima and points of
discontinuity, in contrast to the Steepest Descent method [7] shown in Figure[3b] Notably, the agent’s
trajectory is consistently non-monotonic, reflecting substantial exploration of the search space. While
AlphaGrad often identifies the correct descent direction early in the episode, the absence of smooth
gradient feedback limits its ability to transition effectively from exploration to exploitation. As a
result, the agent frequently changes course and terminates away from the global minimum within the
evaluation budget.

g/// g’//

(a) AlphaGrad (ours): Failed optimization. (b) Steepest Descent: Failed optimization.

Start: (—7.30, 0.01), Final: (6.66, 0.01) Start: (—7.30, 0.01), Final: (—7.22, 0.52)
Optimum: (—10.00, 1.00), Distance: Optimum: (—10.00, 1.00), Distance:
(16.66, 0.99) (2.78, 0.48)

Steps: 200, Success: False Steps: 133, Success: False

Figure 3: Optimization results on the Bukin N.6 function from a common initial point. Both
AlphaGrad and Steepest Descent [[7] fail to converge. AlphaGrad deviates substantially from the
optimum, while Steepest Descent remains closer but still unsuccessful.

Table 5: Bukin N.6 Function Without Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 46.3 113.31 £93.61 12.77 +10.03
BB2 43.2 121.18 £ 90.83 17.55 £ 13.78
BBI1 0.8 198.40 + 17.81 0.03 +0.01
Steepest Descent (Armijo Conditions) 53 189.95 4+ 44.21 3.07£1.81
Quasi Newton 0.4 199.54 4+ 7.68 84.50 £ 38.12
Adam 0.9 182.97 4+ 55.03 10.80 £+ 32.77

3.3 Discussion

Based on the empirical results in Section [3.2] we interpret AlphaGrad’s performance through the
lens of reinforcement learning and contrast it with classical optimization methods. Across diverse
benchmark functions, AlphaGrad demonstrates strong performance, particularly on challenging



landscapes where traditional methods struggle. This behavior reflects a core reinforcement learning
principle: prioritizing long-term gains over greedy, short-term improvements.

Classical optimization methods largely operate in a myopic manner. Steepest Descent [7] is inherently
greedy, selecting updates that maximize immediate reduction in function value. Similarly, methods
such as Barzilai-Borwein [2], Quasi-Newton [22], and Adam [16] incorporate historical gradient
information to refine updates, but remain focused on improving the immediate step rather than
explicitly reasoning over future trajectories. As a result, these approaches are fundamentally local,
optimizing short-horizon objectives without planning over the long-term evolution of the optimization
process.

In contrast, AlphaGrad selects actions through explicit look-ahead. At each step, it performs multiple
MCTS simulations to explore alternative update sequences and evaluate their expected outcomes
using the learned value function. These simulations yield a refined policy that guides action selection.
This trajectory-level planning discourages locally optimal but globally suboptimal updates, while the
stochastic policy promotes sustained exploration of the search space.

Overall, these results indicate that AlphaGrad learns a generalized optimization strategy that
adapts across diverse landscapes. Importantly, this behavior emerges from offline training, demon-
strating that AlphaGo-style learning can effectively acquire transferable optimization strategies
from offline data. We also train and evaluate our model on stochastic variants of the bench-
mark functions, where stochasticity is introduced by adding Gaussian noise with zero mean
and a standard deviation of 0.01 to each element of the input state vector independently. De-
tailed results for these variants are presented in the Appendix [B| section, and the implementa-
tion code for both deterministic and stochastic settings is available in the anonymous repository:
https://anonymous.4open.science/r/RL-Optimization-A8C7/

4 Related Works

Traditional Methods: Early work in optimization focused on hand-crafted gradient-based methods
[7]]. Techniques such as Barzilai-Borwein introduced adaptive step sizes, while Nesterov’s Accel-
erated Gradient [21]] achieved faster convergence rates of O(1/k?). With the rise of deep learning,
challenges such as saddle points and hyperparameter tuning became prominent, leading to optimizers
such as Momentum [24]], AdaGrad [[11], RMSprop [27], and Adam [16], which incorporate gradi-
ent averaging and per-parameter adaptation. Despite these advances, such methods rely on fixed,
hand-crafted update rules that may struggle to dynamically adapt to complex, non-convex landscapes.

Reinforcement Learning Methods: Reinforcement learning (RL) [31] offers an alternative paradigm
by learning optimization strategies directly. Its success in large search spaces, demonstrated by Deep
Q-Networks [[19] and AlphaGo Zero [28], has inspired applications to algorithm discovery, including
AlphaDev [18] and AlphaTensor [12]. Prior work has formulated optimization as an RL problem
[9} 14} 17, 5], with approaches such as [17] learning reactive update rules from past information.
However, these methods remain retrospective, lacking explicit reasoning over future trajectories.
More recent approaches such as Prompted Policy Search (ProPS) [134] incorporate large language
models but still require advances for effective deep RL representations. In contrast, our work adopts
a planning-based approach, using MCTS-driven look-ahead to learn optimization strategies that
account for long-term effects, bridging reactive and planning-based paradigms.

5 Conclusion

Optimization lies at the core of scientific computing and machine learning, yet classical methods
often struggle on complex, non-convex landscapes. In this work, we formulated numerical opti-
mization as a Markov Decision Process and proposed AlphaGrad, a planning-based reinforcement
learning approach that combines learned policies with Monte Carlo Tree Search. Across diverse
benchmark functions, AlphaGrad achieves reliable convergence under fixed evaluation budgets and
often outperforms strong classical baselines, particularly on challenging landscapes. These results
highlight the benefits of trajectory-level planning in prioritizing long-term progress over greedy
updates. Overall, our findings demonstrate that planning-based reinforcement learning can learn
transferable optimization strategies, and that AlphaGo-style learning provides a promising framework
for developing adaptive optimizers from offline data.


https://anonymous.4open.science/r/RL-Optimization-A8C7/
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Appendix

A Proposed Algorithm

We introduce AlphaGrad, an agent designed to find the global minimiser of an objective function,
inspired by the superhuman performance of AlphaGo Zero [28] in games such as Go and Chess. The
core idea of Monte Carlo Tree Search is to enable an agent to explicitly look ahead by simulating the
future consequences of its actions and selecting those that provide the greatest long-term benefit. In
the context of numerical optimization, this paradigm allows the agent to reason over the downstream
effects of step-size and direction choices, evaluating entire optimization trajectories rather than
isolated updates. As a result, the agent can favor decisions that may be locally suboptimal but lead to
faster and more reliable global convergence.

AlphaGrad consists of two components: a deep neural network and a Monte Carlo Tree Search [8]]
that work in tandem to choose the best action for a given state (as shown in Fig. f). The neural
network takes the state vector s as input and outputs a policy over a, a policy over a,, and a value
estimate, V for the state. These policies 7, and 7, act as strong priors for the MCTS tree, which
explores through multiple simulations the different possible actions that can be taken from s. The tree
is expanded using the PUCT formula [28] in Equationd] which accounts for both the state—action
value (s, a) and the number of times a node is visited. The search outputs a refined policy based on
visit counts, which is then used by AlphaGrad to select an action in the real environment. Algorithms
[[]and 2] describe the complete AlphaGrad algorithm and the MCTS procedure, respectively.

Policy Head x
Policy Head y

Value Head

Monte CarloTree Search

Figure 4: Deep MCTS Pipeline

To begin with, we parameterize the policy and value functions using a simple fully connected neural
network with three output heads. One head outputs the policy for z, the second outputs the policy for
1y, and the third outputs the value of the state.
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Algorithm 1 The AlphaGrad Algorithm

1:

Input: Family of functions f(x,y; a, b), learning rate «, discount factor v, MCTS simulations
M, batch size N

2: Initialization:

s w

® W

o

11:
12:

13:

15:
16:
17:
18:
19:
20:
21:

22:
23:

24:
25:
26:
27:
28:

29:
30:
31:
32:

Initialize neural network fy with random weights 6
Initialize empty replay buffer 5

for episode <— 1 to MaxEpisodes do
Sample function parameters a and b
Initialize starting coordinates (xg, yo)
Compute initial state s; < [z, Yo, f(Z0, Y0), fz, fy]
for t < 1 to MaxSteps do
(e, 7y, V) <= fo(ste)
(11, IL)) < Algorithm2(s;, 7, 7, M)
Sample action (a, a,) from refined policy (II,,IL,)

Execute action: @1 < x4 + Gz, Yi41 < Y + ay
Get reward 7(s¢, a) from Eq. (3) and termination flag done,
Compute next state s;1
Store transition (sy, IT;, I1,, r¢, S¢41, doney) in replay buffer B
St < St+1
if done; is True then
break
end if
end for

if |[B| > N then
Sample minibatch {(s;, I, IT,, r;, s, done; )}, from B

(72(80)s Ty (81), Virea(s4)) < fo(si)

V;arget(si) —r+ 'Y(l - donei)%red(sé)

Use Viarget(s:) and Vipeq(s;) to compute value loss Lyge through Eq. (8)
Use (73 (si), my(8:), 115, I1,,) to compute policy loss Lyolicy through Eq. (6)

Compute total 108 Ligtat <= Lpolicy + Lyalue
Update network weights 0 < 6 — oV Lol
Clear replay buffer B
end if
end for
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Algorithm 2 MCTS Search Procedure

1: procedure MCTS(s,00t, Tz, Ty, M)

2:
3:

AN A

26:
27:
28:
29:

30:

31:
32:

33:

34

Initialize tree T" with root state S,.,o¢
Initialize edge visit counts N(s,a) - 0 and cumulative value sums V (s,a) < 0 for all

(s,a)

Initialize temperature parameter 7
for simulation <— 1 to M do
8 <= Sroot
path < [] > Stores state—action pairs
> 1. Selection
while s is fully expanded and non-terminal do
Select action a with the highest PUCT score at state s using Eq. (@)
Append (s, a) to path
s < next state after applying a
end while
> 2. Expansion
if s is not fully expanded and non-terminal then
Select an untried action a using priors 7, m,
Expand the tree with edge (s, a) and next state s’ as a new node
Append (s, a) to path
s+ ¢
end if
> 3. Evaluation
if s is terminal (boundary violation) then
r <« R,
else if s is terminal (goal reached) then
r < Ry
else
r < Rg + c.Af (intermediate reward)
end if
> 4. Backpropagation
VT > Scalar return from simulation rollout
for each (s, a) edge in reversed(path) do
N(s,a) + N(s,a)+1

V(s,a) < V(s,a) +v > Same rollout value propagated to all edges
1%
Q(s,a) < (5, ) > Monte Carlo action-value estimate
N(s,a)
end for
end for

Generate refined policies IT; (Syoot, @z ), Iy (Sroot, ay) from root visit counts.
For each action a,: IT,(Sroot; @z) X N (Sroot; @)/ ™
For each action a,: IL,(Sroot, @y) ¢ N (Sroot, ay)l/T
Normalize 11, and II, to form probability distributions

return (II,, IT,)

35: end procedure

We now describe the Monte Carlo Tree Search [8]] procedure used by AlphaGrad. The tree search
consists of four phases: selection, expansion, evaluation, and back propagation. In the selection
phase, the agent traverses the tree from the root node, which corresponds to the current state in the
real environment. In this tree formulation, each node represents a state s, while statistics such as
the action-value (s, a), prior probability P(s, a), and visit count N (s, b) are maintained on edges
corresponding to state-action pairs. Starting from the root, the agent repeatedly selects the child node
associated with the action that maximizes the PUCT [28]] score until a leaf node is reached. The
PUCT score is given by:
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Zb N(S’ b)

U(s,a) = Q(s, a) + cpuer - P(s,a) - "1+ N(s,a)

“

where ¢y 1s an exploration constant. Once a leaf node is selected, the search proceeds to the
expansion phase. If the selected node is non-terminal and not fully expanded, the tree is expanded by
adding a new child node corresponding to a previously unexplored action. This expansion is guided
by the prior policy obtained from the neural network. And in the evaluation phase, a value is assigned
to the newly expanded node of the tree. If the simulation reaches a terminal state, either due to a
boundary violation or due to entry within the target’s e-neighborhood, large negative and large positive
rewards are assigned, respectively. If the node corresponds to a non-terminal state, an intermediate
reward as defined in Section [2.1]is assigned. The evaluated values are then back-propagated from the
leaf node to the root, where they are added to the cumulative value of each node along the path and
averaged across visits to update the state-action value (s, a), while simultaneously incrementing
the visit counts. After the MCTS simulations are complete, these visit counts are used to generate a
refined probability distribution. These counts are raised to the power of a temperature hyper-parameter
to control exploration and then normalized to form a probability distribution, from which an action is
sampled.

The sampled actions generate state transitions and rewards, which are subsequently used to train the
neural network. Given the dense reward structure of the MDP, training is performed in a batch-wise
Temporal Difference (TD) manner. The training loss includes two components: a value loss and a
policy loss. The value loss is the mean squared error between the target value derived from the TD
update and the value predicted by the neural network:

N
1 2
leue == N Z pred 51 V;arget(si)) 3 (5)

where Vigget(s;) is the TD target defined as 7; + 7 - Vprea(s}) - (1 — done;). Here, 7; denotes the
reward for transition 1, V;)red(s;) is the network’s value estimate for the next state s, vy is the discount
factor, and N represents the batch size.

The policy loss is the cross entropy loss between the prior policy predicted by the neural network and
the refined policy obtained from the tree search:

pohcy ~ Z Z H(z) IOg 77 + Z H(Z) 1Og 71—(2)( ) , (6)

where I1( represents the refined MCTS policy distribution (target) derived from visit counts, and
7" is the network’s predicted prior distribution, summed over all discrete actions for both 2 and ¥
axes. The final objective function is obtained by summing these two components:

Etotal = ﬁvalue + Epolicy- @)

The parameters of the neural network are optimized through minimisation of the above objective
function.

B Performance on Stochastic Variants

We evaluate AlphaGrad on stochastic variants of the benchmark functions to assess its robustness
under noisy conditions. The evaluation functions are summarized in Table[T] In this setting, the agent
is exposed to the same functional families used during training and evaluation of its deterministic
variants. Here, stochasticity is introduced by adding Gaussian noise with zero mean and a standard
deviation of 0.01 to each element of the input state vector independently. Across these stochastic
benchmarks, AlphaGrad outperforms all traditional optimization methods on the Ackley [1], Beale
[3]l, and Three-Hump Camel [15]] functions (Tables[6] [7] and [). The exception is the Bukin N.6
function [15] with stochasticity (Table E]) where classical methods retain an advantage.
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Overall, these results indicate that AlphaGrad maintains strong performance under stochastic condi-
tions and that planning-based reinforcement learning can benefit from controlled noise by enhancing
exploration, leading to improved robustness across diverse optimization landscapes.

Table 6: Ackley Function With Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 85.3 76.50 + 59.83 61.11 + 43.34
BB2 0.7 198.60 4+ 16.65 0.33+£0.14
BB1 0.0 200.00 £ 0.00 0.00 £0.00
Steepest Descent (Armijo Conditions) 18.8 173.75 £ 60.37 59.83 £ 58.35
Quasi Newton 4.9 194.95 + 25.35 97.03 £ 55.08
Adam 0.1 199.80 £+ 6.30 29.00 £0.00

Table 7: Beale Function With Stochasticity

Method Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 94.7 21.74 + 22.24 20.17 4+ 14.61
BB2 26.0 148.19 + 87.40 0.74 £0.88
BBI1 70.7 73.87 + 88.12 21.60 £ 40.70
Steepest Descent (Armijo Conditions) 57.7 92.79 £ 94.50 14.04 £ 28.49
Quasi Newton 0.6 198.80 £+ 15.42 0.29 +0.22
Adam 50.3 135.45 £ 76.94 71.66 £ 59.85

Table 8: 3 Hump Camel Function With Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 96.9 7.96 + 4.07 8.02 +4.10
BB2 63.4 82.42 + 92.61 14.54 + 3.61
BBI1 45.9 135.13 £47.49 19.30 £ 47.49
Steepest Descent (Armijo Conditions) 62.9 74.97 £ 96.16 1.12+£0.40
Quasi Newton 96.0 36.58 £+ 50.82 29.77 £ 39.14
Adam 20.2 162.47 4+ 75.55 14.21 4+ 26.67

Table 9: Bukin N.6 Function With Stochasticity

Optimization Algorithm Success Rate (%) Avg Steps Avg Steps (Success)
AlphaGrad (ours) 33.1 135.43 £89.57 11.56 £ 10.04
BB2 54.5 113.24 £ 86.95 40.81 £+ 48.41
BB1 9.0 199.80 £ 6.32 1.00 £ 0.00
Steepest Descent (Armijo Conditions) 8.8 185.66 £ 49.17 39.75 £ 58.88
Quasi Newton 0.1 199.01 £ 12.45 58.74 £40.10
Adam 28.9 157.48 £73.71 42.88 £ 58.40
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