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ABSTRACT
Numeric planning addresses sequential decision-making in domains

involving both discrete and continuous state variables. While ef-

fective, it requires a model of actions’ preconditions and effects,

which might be unavailable or hard to model manually. Therefore,

prior work developed algorithms that automatically learn numeric

action models from execution traces. However, these approaches as-

sumed that such traces are available, which may not hold in realistic

settings where past interactions are unavailable. In this work, we

introduce NOAM, the first online action model learning algorithm

for numeric planning. NOAM can learn from both successful and

failed observations. It iteratively refines two types of action models:

a safe, risk-averse model and a more optimistic, exploratory action

model. It performs goal-oriented exploration and prioritizes actions

that are expected to be informative. We evaluated NOAM on several

classical numeric benchmark domains and found that the models it

learns enable solving most problems within those domains.
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1 INTRODUCTION
Domain-independent planning is a long-standing goal in Artificial

Intelligence (AI). Most planning algorithms rely on a predefined do-
main model, typically expressed in a language such as the Planning

Domain Definition Language (PDDL) [13, 14]. A domain model

includes an action model specifying the available actions and their

corresponding preconditions and effects. Manually crafting action

models for real-world domains is challenging and error-prone, mo-

tivating research on automated action model learning.

This work is licensed under a Creative Commons Attribution Inter-

national 4.0 License.
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Action model learning approaches are broadly categorized as

offline or online. Offline methods assume that execution traces are

available prior to learning and have been extensively studied [2, 5,

10, 34, 42]. In contrast, online methods do not assume access to prior

traces; instead, the agent interacts with the environment to gather

trace data while learning the model [8, 22, 30, 35]. Existing online

action model learning approaches are limited to domains without

numeric components, which severely restricts their applicability,

as many real-world problems include numeric aspects.

To close this gap, we present Numeric Online Action Model

Learner (NOAM), the first online action model learning algorithm

that returns a numeric action model. NOAM maintains two ac-

tion models: a safe action model, representing knowledge about the

agent’s actions that is certain, and an optimistic action model, which

is riskier but facilitates exploration and enables solving more prob-

lems. In each episode, NOAM attempts to find and execute a plan

using these models. If it fails, NOAM invokes a novel information-

gathering heuristic that guides exploration toward performing ac-

tions that refine the safe and optimistic models. For the safe ac-

tion model, NOAM employs Numeric Safe Action Models Learn-

ing (N-SAM) [27], a previously proposed method that learns safe

numeric action models from successful traces. For the optimistic

model, we propose Support Vector and Regression Action Model

learner (SVRAM), a novel action model learning algorithm capable

of learning from both positive (successful) and negative (unsuccess-

ful) transitions. To utilize the negative transitions, SVRAM relies

on the safe action model learned by N-SAM to isolate the cause

of failed transitions. It learns Boolean preconditions and effects

by starting with an overly permissive model and iteratively refin-

ing it, similar to [3, 35]. To learn numeric preconditions, SVRAM

iteratively uses Support Vector Machines (SVMs) [15] to identify

hyperplanes that separate positive and negative examples, resulting

in a polytope representation of the preconditions.

We empirically evaluated NOAM on nine standard numeric plan-

ning domains, measuring both the correctness of the learnedmodels

and the agent’s ability to solve problems using them. The results

show that after less than 100 episodes, NOAM is able to learn highly

accurate models that enable the agent to solve most test problems

in all the evaluated domains.

2 PRELIMINARIES
We focus on planning problems in domains with deterministic ac-

tion outcomes and fully observable states, represented using a mix

of Boolean and continuous state variables. Such problems can be
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modeled using the common fragment of PDDL2.1 [13]. A domain
is a tuple 𝐷 = ⟨𝐹, 𝑋,𝐴,𝑀⟩, where 𝐹 is a finite set of Boolean vari-

ables (fluents); 𝑋 is a set of numeric variables (functions); 𝐴 is a

set of actions; and 𝑀 is an action model for these actions. A state

𝑠 is an assignment of values to all variables in 𝐹 ∪ 𝑋 . 𝑠 |𝐹 and 𝑠 |𝑋
denote the projection of 𝑠 onto its Boolean and numeric variables,

respectively. For a state variable 𝑣 ∈ 𝐹 ∪ 𝑋 , we denote by 𝑠 (𝑣) the
value assigned to 𝑣 in state 𝑠 . Every action 𝑎 ∈ 𝐴 is defined by a

tuple ⟨name(𝑎), params(𝑎)⟩, representing its name and parameters.

An action model𝑀 is a pair of functions, pre𝑀 and eff𝑀 , that map

actions in 𝐴 to their preconditions and effects, respectively. The

preconditions of action 𝑎, i.e., pre𝑀 (𝑎), consist of assignments over

the Boolean fluents and a set of conditions over the functions, spec-

ifying the states in which 𝑎 can be applied. These conditions are

of the form (𝜉, 𝑅𝑒𝑙, 𝑘), where 𝜉 is an arithmetic expression over

𝑋 , 𝑅𝑒𝑙 ∈ ≤, <,=, >,≥, and 𝑘 is a number. An action 𝑎 is applicable

in a state 𝑠 under action model 𝑀 , denoted 𝑎𝑝𝑝𝑀 (𝑎, 𝑠), if 𝑠 satis-
fies pre𝑀 (𝑎). The effects of action 𝑎, i.e., eff𝑀 (𝑎), are assignments

over 𝐹 and 𝑋 representing how the state changes after applying

𝑎. An assignment over a function 𝑥 ∈ 𝑋 is a tuple of the form

⟨𝑥, 𝑜𝑝, 𝜉⟩, where 𝜉 is a numeric expression over 𝑋 , and 𝑜𝑝 one of

the following operations: increase (“+=”), decrease (“-=”), or assign

(“:=”). Applying 𝑎 in 𝑠 according to the action model𝑀 results in a

state, denoted by 𝑎𝑀 (𝑠), that differs from 𝑠 only according to the

assignments in eff𝑀 (𝑎). The subscript𝑀 is omitted when it is clear

from the context. A planning problem is a tuple ⟨𝐷, 𝑠0,𝐺⟩, where 𝐷
is the domain, 𝑠0 the initial state, and 𝐺 the goal—an assignment

over a subset of the Boolean fluents and a set of conditions over

the numeric functions. A solution to a planning problem is a plan,
i.e., a sequence of actions 𝑎0, 𝑎1, . . . , 𝑎𝑛 such that 𝑎0 is applicable in

𝑠0 and 𝑎𝑛 (𝑎𝑛−1 (. . . 𝑎0 (𝑠0) . . .)) yields a state satisfying 𝐺 .
Planning domains and problems are often defined in a lifted

manner, where actions, fluents, and functions are parameterized

and may have types. Grounded actions, fluents, and functions are

pairs of the form ⟨𝜈, 𝑏𝜈 ⟩, where 𝜈 is an action, fluent, or function,

and 𝑏𝜈 maps the parameters of 𝜈 to concrete objects of compatible

types. A literal is a fluent or its negation. The notions of binding,
lifting, and grounding for fluents extend naturally to literals. A state

is an assignment of values to all grounded literals and functions.

A plan is a sequence of grounded actions. The preconditions and
effects of an action in a lifted domain contain parameter-bound
literals (pb-literals) and functions (pb-functions). A pb-literal for

a lifted action 𝛼 is a pair

〈
ℓ, 𝑏ℓ,𝛼

〉
, where ℓ is a lifted literal and

𝑏ℓ,𝛼 maps each parameter of ℓ to a parameter of 𝛼 . pb-functions

are similarly defined. For a pb-literal 𝑝𝑏 =
〈
ℓ, 𝑏ℓ,𝛼

〉
and an action

𝑎 = ⟨𝛼,𝑏𝛼 ⟩, we denote by 𝑝𝑏 (𝑎) the grounded literal obtained by

matching the parameters of 𝑝𝑏 and 𝑎, i.e., 𝑝𝑏 (𝑎) =
〈
ℓ, 𝑏ℓ,𝛼 ◦ 𝑏𝛼

〉
.

We similarly denote 𝑝𝑓 (𝑎) for numeric functions. We denote by

𝐿(𝛼) and Σ(𝛼) the sets of pb-literals and pb-functions, respectively,
that can be bound to 𝛼 , i.e., all pb-literals and pb-functions whose

parameters match those of 𝛼 .

2.1 Action Model Learning Algorithms
A labeled state transition is a tuple ⟨⟨𝑠, 𝑎, 𝑠′⟩ , 𝑙𝑎𝑏𝑒𝑙⟩, where 𝑠 is the
state before executing 𝑎, and 𝑠′ is the result of applying 𝑎 in 𝑠 , i.e.,

𝑠′ = 𝑎(𝑠). The states 𝑠 and 𝑠′ are referred to as the pre-state and

post-state, respectively. The label indicates whether the transition
was successful, i.e., whether 𝑎 is applicable in 𝑠 . A trajectory is a

sequence of labeled state transitions. Offline action-model learning
algorithms receive a set of trajectories and output an action model.

Some offline action-model learning algorithms, such as LOCM [10]

and LOCM2 [11], analyze observed plan sequences rather than

state transitions. SLAF [5] learns action models from partially ob-

servable state transitions. FAMA [2] frames action-model learning

as a planning problem, ensuring consistency with the provided

observations. NOLAM [23] learns action models from noisy trajec-

tories. LatPlan [6] and ROSAME-I [41] learn propositional action

models from visual inputs. None of these algorithms guarantees

execution soundness—that plans based on the learned model are

applicable in the real environment. The Safe Action Model Learn-

ing (SAM) framework [19, 20, 24, 28, 36] addresses this by ensuring

safety: plans generated with the learned model are guaranteed to

execute successfully and produce the predicted states. The offline

action-model learning algorithms discussed above assume the state

variables are only Boolean fluents. To the best of our knowledge,

PlanMiner [34] and N-SAM [27] are the only approaches that sup-

port learning numeric action models. PlanMiner uses symbolic

regression and classification methods to learn preconditions and

effects from partially known and noisy plan traces. N-SAM extends

the SAM framework to learning numeric preconditions and effects

while maintaining the aforementioned safety guarantee.

Several algorithms have been proposed for learning planning

action models online—that is, without access to pre-collected tra-
jectories. An online action-model learning algorithm must interact

with the environment to gather transitions while simultaneously

learning the action model [8, 9, 18, 21, 22, 30, 35, 40]. However, to

the best of our knowledge, no existing online action-model learning

algorithm supports numeric planning.

2.2 Problem Setting
We consider a standard online action-model learning setting. An

agent operates in a planning domain; it knows the state represen-

tation and actions but not the domain’s action model. The agent

receives and handles a sequence of planning problems, possibly

starting in different states, one at a time. For each problem, it starts

in the initial state and performs actions until either a predefined

action limit is reached or the problem is solved. The agent may

attempt an inapplicable action, resulting in an action failure. For
simplicity, we assume that if 𝑎 is inapplicable in 𝑠 , then 𝑎(𝑠) = 𝑠 .

The agent has full observability of the state before and after each

action. Also, it detects action failures—if action 𝑎 in state 𝑠 failed,

then the agent observes the labeled transition ⟨⟨𝑠, 𝑎, 𝑠⟩ , 𝑓 𝑎𝑖𝑙𝑢𝑟𝑒⟩.
In this work, the agent operates in a numeric planning domain.

Action preconditions are conjunctions of Boolean literals and linear

inequalities, and effects are conjunctions of Boolean literals and

linear equations. The agent’s objective is to learn an action model

that enables it to solve problems in the domain, as in [19, 27, 35].

3 THE NOAM ALGORITHM
In this section, we present theNumeric OnlineActionModel (NOAM)

learning algorithm. For each lifted action 𝛼 , NOAM maintains two

sets, 𝐷𝐵+ (𝛼) and 𝐷𝐵− (𝛼), initially empty and populated over time
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Figure 1: The pipeline of NOAM.

with successful and failed transitions, respectively. Based on these

sets, it maintains two actionmodels:𝑀safe and𝑀op.𝑀safe is a safe ac-

tion model that allows the agent to execute only actions guaranteed

to succeed. 𝑀op, the optimistic action model, is less conservative,

allowing actions that may fail, thereby encouraging exploration

and enabling the solution of more problems.

Figure 1 provides a high-level view of NOAM. Each iteration of

NOAM, referred to as an episode, begins with a new input problem

𝜋 . NOAM first attempts to solve 𝜋 using 𝑀safe. If successful, the

resulting plan is executed and the episode terminates. Otherwise,

NOAM attempts to solve 𝜋 using𝑀op. If a plan is found, the agent

attempts to execute it. Since𝑀op is not safe, some planned actions

may be inapplicable, and the plan may fail to reach the goal. If

the agent reaches the goal, the episode ends. Otherwise, or if no

plan is found, NOAM performs a fixed number of exploration steps,

selecting actions expected to provide new information about the

action model and updating the learned models accordingly. The

trajectory executed in each episode is stored in𝐷𝐵+ (𝛼) and𝐷𝐵− (𝛼)
and used to update𝑀safe and𝑀op. Next, we describe the components

of NOAM.

3.1 Learning the Safe Action Model
NOAM updates𝑀safe by running N-SAM [27], the only algorithm

to date that returns a safe action model for numeric planning.
1

N-SAM learns Boolean preconditions and effects using SAM [19].

To learn numeric preconditions, N-SAM computes convex hulls

over observed numeric variable values; for numeric effects, it per-

forms linear regression. For details, see [27].

Note that N-SAM takes as input the successful transitions (𝐷𝐵+)
and ignores the failed transitions (𝐷𝐵−), as failed transitions do not
provide useful information for constructing a safe action model.

Mordoch et al. [27] showed that, for action models with halfspace

preconditions, the optimal safe preconditions are the convex hull of

the pre-states, which correspond to positive examples in our setting.

Theorem 1 extends this result and shows that, for conjunctions of

linear inequalities, the optimal preconditions remain the convex

1
Technically, we use N-SAM

∗
, a more advanced version of N-SAM [29].

hull of the positive examples, even when negative examples are

available. Thus, negative examples do not contribute to learning

safe numeric preconditions in this case.

Theorem 1. For the class of action models with numeric precon-
ditions defined by conjunctions of linear inequalities, the indicator
for the convex hull of the set of positive examples 𝐷𝐵+ (𝛼) is a safe
precondition for action 𝛼 , and moreover, if any safe precondition for
𝛼 is satisfied on a state 𝑠 , the convex hull of 𝐷𝐵+ (𝛼) contains 𝑠 .

Proof. We first observe that the optimal safe precondition for

action 𝛼 is given by

⋂
ℎ∈H∗ ℎ for the set H ∗ =

⋃
H′∈H

⋃
ℎ∈H′ ℎ

where

H =

{
sets of halfspacesH ′ : ∀ℎ ∈ H ′𝐷𝐵+ (𝛼) ⊆ ℎ and

∀𝑠 ∈ 𝐷𝐵𝑁
− (𝛼)∃ℎ ∈ H ′𝑠 ∉ ℎ

}
i.e., the intersection of all halfspaces contained in any conjunction of

halfspaces that are consistent with the observations. First, observe

that for any 𝑠 ∉
⋂

ℎ∈H∗ ℎ, there must exist someH ′ such that 𝑠 ∉⋂
ℎ∈H′ ℎ. Then since

⋂
ℎ∈H′ ℎ is consistent with the observations,

these observations could have been generated by an action model

where

⋂
ℎ∈H′ ℎ is the precondition of 𝛼 , and thus any action model

that allows 𝛼 in state 𝑠 is not safe. Hence, any safe action model

must have a precondition that is a subset of

⋂
ℎ∈H∗ ℎ. At the same

time,

⋂
ℎ∈H∗ ℎ is safe since whatever the true set of inequalitiesH ′

is,H ′ ∈ H and henceH ′ ⊆ H ∗. So if 𝑠 ∈ ⋂ℎ∈H∗ ℎ, 𝑠 ∈
⋂

ℎ∈H′ ℎ as

well, i.e., 𝛼 is allowed in 𝑠 in the real environment.

We next observe that

⋂
ℎ∈H∗ ℎ is precisely the convex hull of

𝐷𝐵+ (𝛼). For any set 𝑃 defined by a conjunction of linear inequali-

ties, 𝑃 is convex. For any convex 𝑃 , if 𝐷𝐵+ (𝛼) ⊆ 𝑃 , then the convex

hull of 𝐷𝐵+ (𝛼) is also contained in 𝑃 . Therefore,
⋂

ℎ∈H∗ ℎ contains

the convex hull of 𝐷𝐵+ (𝛼). In particular, also note that since we

are given that the real environment has preconditions defined by a

conjunction of linear inequalities, the convex hull of 𝐷𝐵+ (𝛼) can-
not contain any 𝑠 ∈ 𝐷𝐵𝑁

− (𝛼). The convex hull of 𝐷𝐵+ (𝛼) is itself
defined by a set of halfspacesH ′, so⋂

ℎ∈H∗ ℎ is also contained in

the convex hull of 𝐷𝐵+ (𝛼). Hence, the sets are equal. □

3.2 Learning the Optimistic Action Model
To learn the optimistic action model (𝑀op), we introduce a novel

algorithm, the Support Vector and Regression Action Model learner

(SVRAM). SVRAM learns a numeric action model from both suc-

cessful and failed transitions. The optimistic model it produces

may include actions that are inapplicable in the environment. How-

ever, since exploration is essential for learning the action model,

executing potentially unsafe actions is unavoidable.

As a prerequisite, SVRAM uses the safe model𝑀safe to classify

failed transitions according to the root cause of failure.

Classifying failed transitions. A transition may fail due to a vi-

olated (1) Boolean precondition, (2) numeric precondition, or (3)

both. To capture these cases, SVRAM maintains two sets of failed

transitions for each lifted action 𝛼 : 𝐷𝐵𝐵
− (𝛼), for failures attributed

to Boolean preconditions, and 𝐷𝐵𝑁
− (𝛼), for failures attributed to

numeric preconditions. SVRAM uses 𝑀safe to classify each failed

transition ⟨𝑠, 𝑎, 𝑠′⟩ into one or both sets. If a transition fails due to

both types of preconditions, it appears in both sets. The classifi-

cation is performed as follows. If 𝑠 does not violate any Boolean
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Algorithm 1 Boolean Model Refinement Algorithm

1: Input: 𝐷 = ⟨𝐹,𝐴⟩ , 𝐷𝐵+, 𝐷𝐵𝐵
− , 𝐿

2: Output: refined Boolean model for every action in 𝐴

3: for 𝛼 ∈ 𝐴 do
4: 𝑝𝑟𝑒⊥ (𝛼 ), 𝑝𝑟𝑒⊤ (𝛼 ), 𝑒 𝑓 𝑓⊥ (𝛼 ) ← ∅
5: for ⟨𝑠, 𝑎, 𝑠′ ⟩ ∈ 𝐷𝐵+ do
6: for 𝑝𝑏 ∈ 𝐿 (𝛼 ) do
7: Add 𝑝𝑏 to pre⊥ (𝛼 ) if 𝑝𝑏 (𝑎) ∉ 𝑠 |𝐹
8: Add 𝑝𝑏 to eff⊥ (𝛼 ) if 𝑝𝑏 (𝑎) ∉ 𝑠′ |𝐹
9: for𝐶 ∈ 𝑝𝑟𝑒⊤ (𝛼 ) do
10: 𝐶 ← 𝐶 \ 𝑝𝑟𝑒⊥ (𝛼 )
11: for ⟨𝑠, 𝑎, 𝑠′ ⟩ ∈ 𝐷𝐵𝐵

− do
12: 𝐶 ← {𝑝𝑏 | 𝑝𝑏 ∈ 𝐿 (𝛼 ), 𝑝𝑏 (𝑎) ∉ 𝑠 |𝐹 }
13: Add {𝐶 \ 𝑝𝑟𝑒⊥ (𝛼 ) } to 𝑝𝑟𝑒⊤ (𝛼 )
14: ApplyUnitPropagation(𝑝𝑟𝑒⊤ (𝛼 ))
15: for 𝛼 ∈ 𝐴 do
16: pre𝑏𝑜𝑜𝑙 (𝛼 ) ←

∧{∨{𝑝𝑟𝑒⊤ (𝛼 ) } }
17: eff𝑏𝑜𝑜𝑙 (𝛼 ) ←

∧{𝐿 (𝛼 ) \ 𝑒 𝑓 𝑓⊥ (𝛼 )}
18: return: pre𝑏𝑜𝑜𝑙 , eff𝑏𝑜𝑜𝑙

precondition of 𝑎 according to𝑀safe, we add ⟨𝑠, 𝑎, 𝑠′⟩ to 𝐷𝐵𝑁
− (𝛼). If

𝑠 does not violate any numeric precondition of 𝑎 according to𝑀safe,

we add ⟨𝑠, 𝑎, 𝑠′⟩ to 𝐷𝐵𝐵
− (𝛼). Transitions that violate both Boolean

and numeric preconditions of 𝑎 according to𝑀safe are labeled tem-
porarily unknown and excluded from learning until additional data

allow reclassification into either𝐷𝐵𝐵
− or𝐷𝐵

𝑁
− . Miss-classifying such

transitions may compromise N-SAM’s safety guarantees; therefore,

SVRAM attempts to reclassify them at the end of each episode.

Next, we describe how SVRAM uses 𝐷𝐵+, 𝐷𝐵𝐵
− , and 𝐷𝐵𝑁

− to

learn an action model. Similar to N-SAM, it learns the Boolean and

numeric parts of the action model separately, as follows.

Learning the Boolean action model. To learn the Boolean ac-

tion model, SVRAM follows an approach similar to [3, 35]. These

methods maintain a set of candidate action models and iteratively

prune those inconsistent with the observed trajectories. In con-

trast, SVRAM maintains a single action model that is iteratively

refined using both successful and failed transitions. Specifically, it

constructs a conservative approximation of what cannot be a pre-
condition or an effect. Based on this approximation, preconditions

are represented as disjunctions of literals that may be necessary

for applicability, and effects as a conjunction of all literals that may

result from applying the action. Algorithm 1 describes this process

in detail.

SVRAM receives as input the dataset of successful state transi-

tions 𝐷𝐵+, the dataset of transitions that failed due to Boolean pre-

conditions𝐷𝐵𝐵
− , and background knowledge about the domain—the

set of pb-literals relevant to the actions (𝐿). For each 𝛼 ∈ 𝐴, SVRAM
initializes three sets: 𝑝𝑟𝑒⊥ (𝛼): the set of pb-literals that cannot be
preconditions of 𝛼 , 𝑒 𝑓 𝑓⊥ (𝛼): the set of pb-literals that cannot be
effects of 𝛼 , 𝑝𝑟𝑒⊤ (𝛼): a set of CNF clauses of pb-literals, where each
clause includes at least one pb-literal that is a precondition of 𝛼

(line 4).

The algorithm then iterates over the stored successful state

transitions (line 5) and, for every ground action 𝑎 = ⟨𝛼,𝑏𝛼 ⟩ it up-
dates: (1) pre⊥ (𝛼) to include all pb-literals whose grounding is not
present in 𝑠 |𝐹 (line 7), and (2) eff⊥ (𝛼) to include all pb-literals whose

Algorithm 2 Numeric Preconditions Refinement Algorithm

1: Input: 𝐷 = ⟨𝑋,𝐴⟩, 𝐷𝐵+, 𝐷𝐵𝑁
− , Σ

2: Output: numeric preconditions for every action in 𝐴

3: for 𝛼 ∈ 𝐴 do
4: H ← ∅
5: 𝑃𝑜𝑠 (𝛼 ) ← {𝑠 |𝑋 (𝑝𝑓 (𝑥 ) ) | 𝑥 ∈ Σ(𝛼 ), ⟨𝑠, 𝑎, 𝑠′ ⟩ ∈ 𝐷𝐵+ (𝛼 ) }
6: 𝑁𝑒𝑔 (𝛼 ) ← {𝑠 |𝑋 (𝑝𝑓 (𝑥 ) ) | 𝑥 ∈ Σ(𝛼 ), ⟨𝑠, 𝑎, 𝑠′ ⟩ ∈ 𝐷𝐵𝑁

− (𝛼 ) }
7: while 𝑁𝑒𝑔 (𝛼 ) ≠ ∅ do
8: 𝑣∗ ← argmin𝑣∈𝑁𝑒𝑔 (𝛼 ) dist(𝑣, 𝑃𝑜𝑠 (𝛼 ) )
9: ℎ ← 𝑆𝑉𝑀 (𝑃𝑜𝑠 (𝛼 ), {𝑣∗})
10: 𝑉𝑎𝑙𝑖𝑑𝑛𝑒𝑔 (𝛼 ) ← {𝑣 ∈ 𝑁𝑒𝑔 (𝛼 ) | ℎ (𝑣) < 0}
11: 𝑁𝑒𝑔 (𝛼 ) ← 𝑁𝑒𝑔 (𝛼 ) \𝑉𝑎𝑙𝑖𝑑𝑛𝑒𝑔 (𝛼 )
12: H ← H ∪ {ℎ}
13: for all ℎ𝑖 , ℎ 𝑗 ∈ H, 𝑖 ≠ 𝑗 do
14: if ℎ 𝑗 dominates ℎ𝑖 then
15: H ← H \ {ℎ𝑖 }
16: pre𝑛𝑢𝑚𝑒𝑟𝑖𝑐 (𝛼 ) ← H
17: return: pre𝑛𝑢𝑚𝑒𝑟𝑖𝑐

grounding is not present in 𝑠′ |𝐹 (line 8). It then prunes each clause

𝐶 ∈ pre⊤ (𝛼) by removing pb-literals that appear in 𝑝𝑟𝑒⊥ (𝛼), since
they are known not to be preconditions (line 10). Next, SVRAM

iterates over the failed state transitions in 𝐷𝐵𝐵
− and creates a clause

𝐶 containing all pb-literals whose grounding is not part of 𝑠 |𝐹 . The
algorithm removes from 𝐶 any pb-literals in 𝑝𝑟𝑒⊥ (𝛼) and adds the

resulting clause to 𝑝𝑟𝑒⊤ (𝛼) (line 13). It then applies unit propaga-

tion to 𝑝𝑟𝑒⊥ (𝛼), removing any clause subsumed by a unit clause

(line 14).

Finally, the algorithm constructs and returns the Boolean action

model for each lifted action: the preconditions pre𝑏𝑜𝑜𝑙 (𝛼) are con-
junction of the clauses in 𝑝𝑟𝑒⊤ (𝛼), and the effects eff𝑏𝑜𝑜𝑙 (𝛼) are all
pb-literals in 𝐿(𝛼) that are not in 𝑒 𝑓 𝑓⊥ (𝛼) (lines 16-17).

Learning the Numeric Action Model. The numeric learning com-

ponent of SVRAM consists of two parts: precondition learning and

effects learning. Numeric preconditions approximate the true nu-

meric preconditions of the action, when they exist, whereas numeric

effects correspond to the actual effects inferred from successful ap-

plications.

Numeric effects are learned using linear regression, as in N-SAM,

since effects can be inferred only from successful transitions. In con-

trast, precondition learning benefits from both positive (𝐷𝐵+) and
negative (𝐷𝐵𝑁

− ) examples. For each lifted action, SVRAM constructs

a set of hyperplanes whose induced convex polytope separates the
numeric pre-states of positive examples from those of negative

examples. This is achieved by iteratively generating hyperplanes

using the Support Vector Machine (SVM) algorithm [15], as shown

in Algorithm 2.

The input to this procedure consists of the dataset of successful

state transitions 𝐷𝐵+, failed numeric transitions 𝐷𝐵𝑁
− , and the set

of pb-functions (Σ). For each 𝛼 ∈ 𝐴, SVRAM initializes the set

𝑃𝑜𝑠 (𝛼) with the numeric vectors corresponding to the values of pb-

functions with grounding in pre-states of all successful transitions

in 𝐷𝐵+ (𝛼) (line 5). Similarly, it initializes 𝑁𝑒𝑔(𝛼) with the numeric

vectors to the values of pb-functions with grounding in pre-states

of all failed transitions attributed to failed numeric preconditions

𝐷𝐵𝑁
− (𝛼) (line 6). SVRAM then iteratively selects the vector 𝑣∗ ∈

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

1494



𝑁𝑒𝑔(𝛼) with minimal Euclidean distance to the vectors in 𝑃𝑜𝑠 (𝛼)
(line 8), constructs a hyperplane ℎ that separates it from 𝑃𝑜𝑠 (𝛼)
(line 9), and removes all correctly classified negative vectors from

𝑁𝑒𝑔(𝛼) (lines 10–11). To compute ℎ, we use the hard-margin SVM,

whose objective function ensures complete separation between

classes. In our case, it finds a hyperplane that separates 𝑣∗ from all

points in 𝑃𝑜𝑠 (𝛼). This process repeats until 𝑁𝑒𝑔(𝛼) is empty. As a

post-processing step, SVRAM removes all dominated hyperplanes

fromH . Specifically, it removes any hyperplane ℎ𝑖 for which there

exists a hyperplane ℎ 𝑗 that correctly classifies all negative examples

classified by ℎ𝑖 (and possibly additional ones; line 13). The numeric

preconditions are defined by the remaining set of hyperplanes.

Example 1. Figure 2 illustrates the hyperplanes generated by the
algorithm in a 2-D plane. In the example, the positive examples (cir-
cles) are vectors satisfying −10 ≤ 𝑥 ≤ 10 and −10 ≤ 𝑦 ≤ 10. The
negative examples, marked with ’X’, are the rest of the vectors. The
SVRAM algorithm generates four hyperplanes that correctly separate
the positive and negative examples.

Figure 2: Visual example of the hyperplane separation using
the SVM algorithm in a 2-D plane.

Theorem 2 (Runtime Complexity). The runtime complexity of
the numeric preconditions learning process is 𝑂 ( |𝐴| · ( |𝐷𝐵+ (𝛼) | ·
|𝐷𝐵𝑁

− (𝛼) | · |Σ(𝛼) | + |𝐷𝐵𝑁
− (𝛼) |2)).

Proof. Initializing the datasets 𝑃𝑜𝑠 (𝛼) and 𝑁𝑒𝑔(𝛼) requires
time linear in 𝑂 ( |𝐷𝐵+ (𝛼) |) and 𝑂 ( |𝐷𝐵𝑁

− (𝛼) |), respectively. Identi-
fying 𝑣∗ has time complexity𝑂 ( |𝐷𝐵+ (𝛼) | · |𝐷𝐵𝑁

− (𝛼) | · |Σ(𝛼) |). Run-
ning the SVM algorithm is performed using the efficient liblinear

implementation [12], with complexity𝑂 ( |𝐷𝐵+ (𝛼) | · |Σ(𝛼) |). Classi-
fying𝑉𝑎𝑙𝑖𝑑𝑛𝑒𝑔 (𝛼), filtering the set𝑁𝑒𝑔(𝛼), and adding the resulting
hyperplane to the setH requires𝑂 ( |Σ(𝛼) | · |𝐷𝐵𝑁

− (𝛼) |). The number

of hyperplane generation iterations is bounded by 𝑂 ( |𝐷𝐵𝑁
− (𝛼) |),

since in the worst case, only one vector is correctly classified in each

iteration. Dominance assertion between vectors requires comparing

all correctly classified negative examples of the two hyperplanes,

resulting in a worst-case complexity of 𝑂 (|𝐷𝐵𝑁
− (𝛼) |2). The entire

process is then repeated for every lifted action 𝛼 ∈ 𝐴. Therefore, the
overall runtime complexity of the numeric precondition learning

process is: 𝑂
(
|𝐴| ·

(
|𝐷𝐵+ (𝛼) | · |𝐷𝐵𝑁

− (𝛼) | · |Σ(𝛼) | + |𝐷𝐵𝑁
− (𝛼) |2

) )
.

□

3.3 Informative Action Selection
NOAM is goal-oriented, in the sense that it first attempts to find a

plan using𝑀safe or𝑀op and execute it. If no plan is foundwith either

model, or if execution fails due to an inapplicable action, NOAM

switches to exploration. Although random exploration is possible,

it has drawbacks. In most states, many actions are inapplicable, so

random exploration may waste time attempting actions already

known to be inapplicable. Moreover, many applicable actions are

already known to succeed and thus provide limited learning value.

Therefore, NOAM prioritizes actions expected to yield new infor-

mation and thus, improve the learned models. Below, we describe

a heuristic for selecting such informative actions.

Definition 1 (Informative Action). Given a planning state 𝑠
and an action 𝑎 = ⟨𝛼,𝑏𝛼 ⟩, we say that an action is non-informative if
one of the following conditions holds: (1) 𝑎 is applicable in 𝑠 according
to 𝑀safe, (2) 𝑎 is not applicable in 𝑠 |𝐹 according to 𝑀op, and (3) the
convex hull induced by augmenting the vector 𝑣𝑠 = {𝑠 |𝑋 (𝑝 𝑓 (𝑥)) |
𝑥 ∈ Σ(𝛼)} includes a known negative example from 𝐷𝐵𝑁

− (𝛼).

An action satisfying condition (1) is guaranteed to be applicable

in 𝑠 , due to the safety of𝑀safe. Similarly, an action satisfying condi-

tion (2) is guaranteed to be inapplicable in 𝑠 . The third condition

in Def. 1 also implies that 𝑎 is inapplicable in 𝑠 , since numeric pre-

conditions in the real domain are convex. Thus, if 𝑎 is informative,
its applicability in 𝑠 is unknown without executing it. Therefore,

executing it provides new relevant information. NOAM prioritizes

informative actions during exploration. If it reaches a state where

all actions are non-informative, it selects a random action. Impor-

tantly, NOAM updates both𝑀safe and𝑀op after each transition, as

incorporating new data improves the identification of informative

actions in subsequent steps.

Table 1: General statistics of the domains.

Domain |𝐴| |𝐹 | |𝑋 | avg( |𝑎 |) max( |𝑎 |)
Counters 4 0 3 30 80

Depot 5 6 4 1,278 2,718

Driverlog 6 6 4 11,964 89,144

Farmland 2 1 2 280 800

Pogo 7 5 5 1,442 1,442

Sword 5 4 3 1,370 1,370

Satellite 5 8 6 505 1,734

Sailing 8 1 3 229 375

Rovers 10 26 2 3,168 10,800

4 EXPERIMENTAL RESULTS
We empirically evaluated the performance of NOAM on numeric

planning domains satisfying two conditions: (1) the domains in-

clude only actions with linear preconditions and effects, and (2)

a problem generator exists for each domain. Specifically, we used

the domains Depot, Driverlog, Rovers, and Satellite from the

3rd International Planning Competition (IPC3) [25]; Farmland and

Sailing from [31]; the extended version of Counters from IPC

2023 [32, 38]; and two Minecraft crafting tasks, Wooden-Sword

and Pogo-Stick (referred to later as Sword and Pogo, respectively),
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from [7]. Table 1 details general statistics about these domains. The

columns “|𝐴|”, “|𝐹 |”, and “|𝑋 |” denote the number of lifted actions,

lifted fluents, and numeric functions, respectively, and the columns

“avg( |𝑎 |)” and “max( |𝑎 |)” report the average andmaximum number

of grounded actions per problem, respectively. Train and test prob-

lem instances were generated for each domain using [1]. To ensure

efficient evaluation, we filtered out problem instances unsolvable

by both ENHSP [31] and Metric-FF [16] planners using the ground

truth action model in each domain, denoted𝑀∗.
As our focus is on solving the problems successfully rather than

optimally, both planners were configured for satisfying planning.

ENHSP was run with Greedy Best-First Search, the MRP heuristic,

helpful actions, and helpful transitions (“sat-hmrphj” configuration).

Metric-FF used its default configuration: Enforced Hill Climbing

followed by Breadth-First Search. Plan applicability was validated

using VAL [17]. All tools, including VAL, used a numeric threshold

of 0.1. To construct the trajectory dataset, we used ENHSP and

Metric-FF to solve the generated training problems with a five-

minute time limit per problem, retaining only solved instances.

The dataset comprises 100 problems per domain, split 80:20 be-

tween online model learning and test validation. This procedure

was repeated using five-fold cross-validation, and results are av-

eraged across folds. If NOAM fails to solve a planning problem

using both planners, the agent is switched to an exploration mode

until it completes 100 successful steps or reaches 50,000 failed at-

tempts. Experiments were conducted on a 92-machine cluster, each

equipped with an AMD EPYC 7763 CPU (256 hyperthreads) and

1000GB of RAM. Each domain ran on a single thread with a 50GB

memory limit. We set the random seed of all experiments to be 42

for reproducibility purposes.

As this is the first work on online learning of numeric actionmod-

els, no natural baseline exists. We therefore focus on comparing the

safe and optimistic models returned by NOAM and on evaluating

its overall behavior. Comparison with offline learning algorithms

is not appropriate, as they provide no mechanism for action se-

lection.
2
The code of the NOAM algorithm and the dataset used

in the experiments are available in the Github repository: https:

//github.com/SPL-BGU/numeric-online-action-model-learning.

4.1 Model Correctness Results
To evaluate the correctness of the learned models, we created two

types of evaluation trajectories. First, we solved the test-set prob-

lems using the ground-truth domain and generated trajectories

from the resulting plans. Since these trajectories may not cover all

actions, we also generated additional trajectories by performing

500 random actions for each test problem. To assess correctness in

inapplicable states, 40% of the random actions were inapplicable

under the ground-truth model (𝑀∗). This increased proportion of

inapplicable actions creates states in which some actions in 𝑀op

may appear applicable, although they are not under𝑀∗, as most ac-

tions are inapplicable under both models. We denote the combined

set of trajectories by 𝑇 .

Let 𝑀̂ be the learned action model, i.e.,𝑀safe or𝑀op. For every

lifted action 𝛼 and given a state transition ⟨𝑠, 𝑎, 𝑠′⟩, if 𝑠 is applicable

2
In the ablation study in Table 3, we compare NOAMwith N-SAM, an offline algorithm,

using trajectories generated by random walks.

under 𝑀̂ , it is added to𝑎𝑝𝑝𝑀̂ (𝛼, 𝑠); if applicable under𝑀∗, it is added
to 𝑎𝑝𝑝𝑀∗ (𝛼, 𝑠). We evaluate the correctness of the learned action

model using three metrics, following the action model learning

evaluation framework defined in [37] and [29]: (i) the preconditions’

precision and recall, (ii) the Boolean effects’ precision and recall and

(iii) the numeric effects’ Mean Squared Error (MSE). We measure

the preconditions precision and recall using the True Positive (TP),

False Positive (FP), and False Negative (FN) values as follows:

• TPpre (𝛼) :=
∑
⟨𝑠,𝑎,𝑠′ ⟩ 𝑎𝑝𝑝𝑀∗ (𝑎, 𝑠) ∧ 𝑎𝑝𝑝𝑀̂ (𝑎, 𝑠)

• FPpre (𝛼) :=
∑
⟨𝑠,𝑎,𝑠′ ⟩ ¬𝑎𝑝𝑝𝑀∗ (𝑎, 𝑠) ∧ 𝑎𝑝𝑝𝑀̂ (𝑎, 𝑠)

• FNpre (𝛼) :=
∑
⟨𝑠,𝑎,𝑠′ ⟩ 𝑎𝑝𝑝𝑀∗ (𝑎, 𝑠) ∧ ¬𝑎𝑝𝑝𝑀̂ (𝑎, 𝑠)

Using TP, FP, and FN we compute the precision and recall:

𝑃pre (𝛼 ) =
𝑇𝑃pre (𝛼 )

𝑇𝑃pre (𝛼 ) + 𝐹𝑃pre (𝛼 )
(1)

𝑅pre (𝛼 ) =
𝑇𝑃pre (𝛼 )

𝑇𝑃pre (𝛼 ) + 𝐹𝑁pre (𝛼 )
(2)

Note that 𝑃pre and 𝑅pre are computed for the action as a whole,

considering both Boolean and numeric preconditions. To evaluate

the Boolean effects, we compared the predicted post-state 𝑎𝑀̂ (𝑠) |𝐹
with the observed post-state 𝑠′ |𝐹 in each successful transition in 𝑇 ,

as follows:

• TPeff (𝛼, 𝑠) := (𝑎𝑀̂ (𝑠) |𝐹 \ 𝑠 |𝐹 ) ∩ (𝑠′ |𝐹 \ 𝑠 |𝐹 )
• FPeff (𝛼, 𝑠) := (𝑎𝑀̂ (𝑠) |𝐹 \ 𝑠 |𝐹 ) \ (𝑠′ |𝐹 \ 𝑠 |𝐹 )
• FNeff (𝛼, 𝑠) := (𝑠′ |𝐹 \ 𝑠 |𝐹 ) \ ¬(𝑎𝑀̂ (𝑠) |𝐹 \ 𝑠 |𝐹 )

Based on these values, we computed the effect precision (𝑃eff (𝛼))
and recall (𝑅eff (𝛼)). To quantify the correctness of the numeric

effects, we also measured the Mean Squared Error (MSE) between

the expected and observed numeric projection of the post-states.

The 𝑃eff, 𝑅eff and𝑀𝑆𝐸eff values were only measured on transitions

⟨𝑠, 𝑎, 𝑠′⟩ where 𝑎 is applicable in 𝑠 according to both𝑀∗ and 𝑀̂ .

Table 2 presents the results for each domain for the safe (𝑀safe)

and optimistic (𝑀op) models generated by NOAM. 𝑃 eff
, 𝑅eff

were

always one. Thus, we omitted these results from Table 2. All results

are reported for models obtained after completing all 80 episodes

and are averaged across 5 folds. Since𝑀safe is guaranteed to be safe,

𝑃pre
for𝑀safe is consistently 1. In contrast,𝑀op is not safe, resulting

in 𝑃pre < 1 in some domains. This occurs primarily due to inaccu-

rate numeric preconditions. For instance, in the Counters domain,

the action decrement has the true precondition (>= (- (value
?c) (rate_value ?c)) 0). However, 𝑀op learned an approxi-

mate condition: (>= (+(*(value ?c) 0.52) (+(*(rate_value
?c)-0.32) (*(max_int) 0.01))) -0.29), which is imprecise

and may result in the action being applied in invalid states.

In general, increasing the number of observations is expected to

improve the precision of𝑀op. However, there is no fixed number of

observations after which perfect 𝑃pre
is guaranteed, since numeric

state variables have an uncountable set of possible values. It may be

possible to derive PAC-style guarantees, but this requires further

research.

In terms of 𝑅pre
, 𝑀op has significantly higher than 𝑀safe with

a maximal difference of 90% in the Satellite domain. This is ex-

pected, as the preconditions learned by N-SAM are conservative

and prevent actions from being applied in many states where they

could be. Regarding MSE, we observed that the 𝑀𝑆𝐸eff was zero

in all domains except Sword. In general, both𝑀safe and𝑀op learn
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numeric effects using the same method (regression). Thus, the dif-

ference in the Sword domain is intriguing. A deeper investigation

revealed that this difference occurred in the actions craft_stick,
craft_wooden_sword, and break. For craft_stick action, its effects in-

clude (increase (count_stick_in_inventory) 4). In our train-

ing episodes, this action was always executed when the number of

sticks was zero. Therefore, the learned model instead inferred the

effect (assign (count_stick_in_inventory) 4)—replacing the
value rather than incrementing it. This was mitigated by 𝑀safe by

including the precondition (= (count_stick_in_inventory) 0),
preventing the learned assignment from producing incorrect values.

𝑀op does not include this constraint, thus the learned model applies

the assignment in states where it should not. Similar behavior was

observed for the other actions, yielding inaccurate values and a

high𝑀𝑆𝐸eff of 3.77.

Table 2: Semantic evaluation and problems solved.

𝑃pre 𝑅pre
% Problems Solved (S/N/T/I)

Domain 𝑀safe 𝑀op 𝑀safe 𝑀op 𝑀safe 𝑀op
Counters 1.00 0.97 0.79 0.98 97/3/0/0 97/0/0/3
Depots 1.00 1.00 0.24 0.99 71/2/27/0 94/0/5/1
Driverlog 1.00 1.00 0.52 1.00 53/0/47/0 100/0/0/0
Farmland 1.00 0.99 0.41 0.83 95/1/0/0 91/0/0/5

Pogo 1.00 1.00 0.36 0.93 81/17/2/0 24/0/0/76

Rovers 1.00 1.00 0.68 0.99 50/46/4/0 88/0/12/0
Sailing 1.00 1.00 0.73 0.95 71/0/29/0 63/0/20/17

Satellite 1.00 0.99 0.07 0.97 24/15/61/0 71/0/27/2
Sword 1.00 0.99 0.22 0.96 96/4/0/0 93/0/0/7

4.2 Problem-Solving Results
The column “% Problems Solved (S/N/T/I)” in Table 2 reports the

results of solving the test problems with our planner portfolio

using𝑀safe and𝑀op. For each domain and action model, the table

shows the average percentage of test problems that were solved

and validated (S), reported unsolvable (N), timed out (T), or yielded

plans inapplicable in the real domain (I). In five out of the nine

experimented domains,
3 𝑀op had the same or significantly higher

solving rates than 𝑀safe. For example, in Driverlog , using 𝑀op

allowed solving all problems while only 53% were solved when

using 𝑀safe. This was not always the case, however, and in some

domains using𝑀safe was better. A prominent example is the Pogo

domain, where 76% of the problems had inapplicable solutions

when using𝑀op while using𝑀safe allowed solving 81%. In general,

since𝑀safe is safe, it never returns an inapplicable solution. Thus,

while the results are not conclusive, we can say that in most cases

we observed a tradeoff between the higher ability of 𝑀op to solve

problems and the lower reliability of the plan it outputs compared

to those created with 𝑀safe. Note that NOAM can be seen as an

effective hybrid that enjoys both worlds: it first tries to plan with

𝑀safe and then switches to𝑀op if needed.

To gain a deeper insight into the behavior of NOAM, we mea-

sured its ability to solve problems during training. We distinguished

between the following outcomes NOAM may reach in an episode:

3
In Farmland, 4% of the problems resulted in plans where the numeric goal was not

achieved due to numeric imprecision, but as this only occurred in this domain, thus,

these results were omitted.

solved safe, where the goal was reached by following a plan gen-

erated using 𝑀safe; solved, where the goal was reached either by

following the plan generated using 𝑀op or during exploration; in-
applicable, when a plan was found but its execution failed due to

inapplicable actions, and not solved, encompassing instances where

the planner times out and instances where no valid plan could be

generated using the learned model.

Figure 3 shows rolling average results (window size of 5 episodes)

across the evaluated domains as a function of training episodes.

The red, blue, yellow, and green regions indicate the proportion of

episodes not solved, inapplicable, solved, and solved safe, respectively.
As can be seen, in all domains, the average rate of problems that

were either solved safely or solved increases with the number of

episodes. Notably, Driverlog and Farmland reach perfect perfor-

mance within 20 episodes. In most domains, the average rate of

problems solved by 𝑀safe increases over time. However, in some

cases, such as Driverlog, the success rate starts to deteriorate at

some point. This may be due to the increasing complexity of the

safe models, which leads to planner timeouts. The results also show

that NOAM is less effective in the Rovers, Sailing, and Satellite

domains. Indeed, these domains are more difficult to learn than the

other domains. Rovers is more difficult to learn than other domains

because it has significantly more lifted actions (10) and lifted fluents

(26), as shown in Table 1. Sailing is difficult to learn compared to

other domains, mainly due to its large number of lifted actions (8)

and specifically the save_person action, which has relatively more

complex preconditions that require four inequalities. Lastly, the

Satellite domain is harder to learn compared to the other domains

because it has relatively many lifted fluents (8) and functions (6),

which results in learning complex conditions that limit the plan-

ner’s ability to solve planning problems in this domain with the

learned model.

4.3 Ablation Study
Next, we performed an ablation study comparing (i) solving with

N-SAM and exploring randomly on failure; (ii) solvingwith SVRAM

and exploring randomly on failure; (iii) solving with SVRAM and

using the informative action selection on failure; (iv) a pipeline

of N-SAM and SVRAM with random exploration on failure; and

(v) the full NOAM algorithm. We denote these five variants as

N-SAM, SVRAM, SVRAM +Info., N-SAM +SVRAM, and NOAM.

Table 3 presents the average rate of problems solved across all

training episodes and five folds cross-validation, for each domain

and ablation variant of NOAM listed above. As expected, NOAM

achieves the best results in most of the experimented domains,

suggesting that all its components provide value. Using N-SAM

and then performing random exploration yields the worst results

in all the experimented domains. Using SVRAM +Info. resulted

in a high problem-solving rate in domains with challenging goal

actions, e.g., Satellite, Rovers, Pogo , and Sword. Finally, NOAM

outperforms all other versions except in Rovers and Satellite.

In Rovers domain, using a random walk resulted in better explo-

ration of the environment, yielding an 11% increase compared to

using the informative action selection. In both the Rovers and

Satellite domains, the problem-solving rate using SVRAM +Info.

outperforms that of NOAM. Upon investigation, we found that this
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Table 3: Ablation study: avg. rate of the problems solved.

Domain N-SAM SVRAM SVRAM
+ Info.

N-SAM
+ SVRAM NOAM

Counters 0.16 0.91 0.91 0.93 0.94
Depots 0.59 0.93 0.93 0.93 0.94
Driverlog 0.50 0.97 0.97 0.97 0.98
Farmland 0.92 0.96 0.96 0.98 0.98
Pogo 0.03 0.06 0.58 0.24 0.75
Rovers 0.43 0.63 0.66 0.67 0.56

Sailing 0.00 0.15 0.34 0.30 0.67
Satellite 0.03 0.43 0.44 0.28 0.40

Sword 0.78 0.91 0.98 0.89 0.99

difference arises in cases where the same problems were solved

using 𝑀safe in NOAM and using 𝑀op in SVRAM +Info. While ac-

tions in plans generated by𝑀safe are non-informative by definition,

those in plans produced by𝑀op can be informative and can thus be

used to further improve the models. This observation suggests that

solving problems using𝑀op may be beneficial even when𝑀safe is

sufficient, as it trades the risk of failed execution for the potential to

gain additional informative examples that can improve the learned

models. Overall, these results emphasize the significance of each

component in NOAM, namely, using SVRAM, combining it with

N-SAM, and using informative actions to guide exploration.
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Figure 3: Rolling average of the problems solved by NOAM.

5 DISCUSSION
Deep Reinforcement Learning (DRL) algorithms, such as PPO [33]

and DQN [26], learn policies that maximize expected cumulative

reward through repeated interaction with the environment. These

methods are broadly applicable: they do not assume deterministic

action models and can handle stochastic effects (MDPs) and partial

observability (POMDPs). Thus, DRL addresses a fundamentally

different problem thanNOAM,which aims to learn a numeric action

model rather than a policy.

Learning action models offers several benefits. First, an action

model enables solving a domain using any numeric planner, an

area of ongoing research. Second, action models allow validation

of plans generated by external sources, including humans, domain-

specific planners, and RL algorithms. Third, they support solving

multiple problems within the same domain by changing only the

planner’s goal. Finally, the action models learned by NOAM are

lifted, allowing direct application to problems with different num-

bers of objects and enabling generalization from smaller to larger

instances. In fact, our experimental results include problems of

varying sizes (see Table 1).

Nevertheless, an interesting question is how NOAM compares

to RL in terms of problem-solving performance as a function of

training set size. To explore this question, we performed the fol-

lowing experiment comparing NOAM with the PPO [33] algorithm.

PPO, however, requires a fixed network input size. Therefore, we re-

stricted this evaluation to two domains—Sword and Pogo—where

the training and test sets contain the same number of objects.
4

Specifically, we used PPO with action masking [39] from

stable_baselines3,5 tuned with Optuna [4] on 10 validation

maps per domain over 30 trials. For fair comparison with NOAM,

PPO was trained under the same settings using five-fold cross-

validation, evaluated on the 20 hold-out problems, with each episode

limited to 100 successful steps or 50,000 failed attempts. The re-

sults show that PPO achieves success rates of 61% on Sword and

1% on Pogo. In comparison, the two models generated by NOAM

outperform PPO: 𝑀op achieves 93% on Sword and 24% on Pogo,

while𝑀safe reaches 96% and 81% on the same domains. Effectively

applying RL to these problems, as well as the other domains in the

evaluation benchmark, remains an open challenge for future work.

6 CONCLUSION AND FUTUREWORK
In this work, we proposed NOAM, the first online algorithm for

learning numeric action models. We introduced SVRAM, a novel

optimistic numeric action-model learner that uses both positive and

negative examples, showed how it integrates with N-SAM, a safe

numeric action-model learner, and presented a new information-

guided exploration scheme. We evaluated our approach on nine

numeric benchmark domains and demonstrated that NOAMquickly

learns effective action models in most domains. Our results also

show that the model learned by SVRAM is often more effective

than that learned by N-SAM. As future work, we intend to explore

more advanced methods for exploration and to improve the expres-

siveness by adding numeric functions, e.g., sine and cosine.
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