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Abstract
This work presents a logic-driven framework to eval-1

uate the performance of reinforcement learning (RL)2

algorithms in their ability to generalize to unseen3

tasks. Our framework defines a family of inductive4

reach-avoid tasks, characterized by structural sim-5

ilarities in task dynamics, enabling evaluation of6

generalization capabilities. We introduce a neural7

certificate function that validates trajectories gen-8

erated by RL algorithms by enforcing key condi-9

tions, thereby serving as a litmus test for RL gener-10

alization. We empirically demonstrate our method’s11

capability in certifying generalization for several12

state-of-the-art generalizable RL algorithms on chal-13

lenging continuous environments. Our results show14

that a lower percentage of certificate function viola-15

tions correlates with a higher number of test tasks16

successfully solved, highlighting the effectiveness17

of our framework in evaluating and distinguishing18

generalization capabilities of RL algorithms. This19

work provides a principled approach for benchmark-20

ing RL generalization.21

1 Introduction22

The generalization problem in reinforcement learning (RL)23

addresses how agents can learn policies that effectively trans-24

fer to new, unseen situations beyond their training experience.25

Successful generalization enables agents to maintain perfor-26

mance across environmental variations and unfamiliar states27

without requiring explicit training for every scenario. The28

importance of learning RL policies with good generalization29

properties is widely recognized within the RL community [Ma-30

lik et al., 2021; Kirk et al., 2023; Korkmaz, 2024]. Various31

approaches of zero-shot generalization, i.e., generalization32

without any retraining have been studied in the literature [Beck33

et al., 2023; Kirk et al., 2023]. While these works present sig-34

nificant advances in training generalizable RL agents, the35

problem of evaluating the ability of RL agents to generalize36

to unseen environments and tasks has received little attention.37

To the best of our knowledge, no principled approach to38

the problem of evaluating and comparing generalization prop-39

erties of different RL agents has been proposed. Currently,40

the best that one can do is to test different RL agents on a41

large number of unseen environments and tasks. However, 42

the lack of a more principled comparison leads to two signifi- 43

cant challenges. First, we need to perform testing on a large 44

number of new environments in order to be able to make an 45

informed decision on which RL agent exhibits best generaliza- 46

tion properties. Second, for RL agents that do not exhibit good 47

generalization properties, current methods provide no means 48

of identifying behaviours that lead to bad generalization. Ide- 49

ally, we would like to be able to flag state-action pairs that 50

lead to incorrect generalization, hence enhancing explainabil- 51

ity of where RL generealization failed. Our goal is to address 52

these challenges and to propose a principled framework for 53

comparing generalization properties of RL agents. 54

In this work, we propose a novel framework for evaluating 55

and comparing generalization properties of RL agents. Our 56

framework considers generalization with respect to inductive 57

reach-avoid tasks [Subramanian et al., 2024]. An inductive 58

reach-avoid task is a sequence of reach-avoid tasks that are 59

structurally similar but differ in low-level details. The goal of 60

each reach-avoid task in the sequence is to reach some goal 61

region while avoiding some unsafe region, with subsequent 62

reach-avoid task building upon the previous tasks inductively. 63

Figure 1a illustrates an inductive reach-avoid task where each 64

dotted line represents the reach-avoid task to navigate from an 65

initial location (the lower location) to a goal location (the upper 66

location) while avoiding the obstacle. Each task is related to 67

the task on its right as both the initial and the goal location 68

move to the left by one unit. 69

Inductive tasks are suitable to evaluate generalizability as 70

the structural similarity of reach-avoid tasks in this inductive 71

sequence intuitively means that their policies should also be 72

similar. In particular, if a good generalizable RL agent is 73

trained on few of the reach-avoid tasks in an inductive task, 74

then the RL agent should be able to capture the essence of the 75

task to generalize to the unseen tasks in the inductive family. 76

The challenge lies in formalizing the essence of the task. 77

To this end, we introduce certificates of correct generaliza- 78

tion. A certificate of correct generalization is defined with 79

respect to a set of task-trajectory pairs, which serve as demon- 80

strations of what a trajectory that satisfies a reach-avoid task 81

should look like. Formally, it is a function C which to each 82

MDP state and reach-avoid task assigns a real value, which 83

is required to be (1) non-negative at all safe states along the 84

demonstration trajectories, (2) strictly decreasing along each 85



(a) Inductive task (b) Certificate function values (c) Loss graph for learning the certificate

Figure 1. Car - Moving Initial Point and Goal Point with obstacle: The task is navigate the car from Initial to its respective Goal.

trajectory until they reach a goal state, (3) decreasing across86

task instances, and (4) negative at all unsafe states. These87

conditions together allow the certificates to capture monotonic88

invariant behaviour that RL agents with good generalizability89

properties should satisfy, in order to generalize well to new90

reach-avoid tasks. In particular, the certificate value provides91

a quantitative measure of progress along a trajectory towards92

satisfying its reach-avoid task.93

Our framework for evaluating generalization properties of94

RL agents assumes that it is provided with a set of task-95

trajectory demonstrations, and uses them to compute a certifi-96

cates of correct generalization. It then runs each RL agent on97

a set of new and unseen tasks from the inductive reach-avoid98

task family, and uses the certificate to quantify and compare99

the generalization capabilities of each RL agent. In particular,100

RL agents that lead to a lower percentage of certificate function101

violation (i.e. a smaller number of states along their trajecto-102

ries that violate conditions (1)-(4) above) are concluded to103

have better generalization properties.104

Finally, in order to compute our certificates, we design a105

training procedure for learning neural network certificates of106

correct generalization from given demonstration task trajec-107

tories, where a loss function is designed to enforce certificate108

conditions (1)-(4) above at states along the demonstration task109

trajectories. The certificate function for the inductive task in110

Figure 1a is shown in Figure 1b.111

We implemented and experimentally evaluated our method112

across a diverse set of RL environments. For each environment,113

we first trained a neural network certificate from a number of114

demonstration task trajectories. Then, we used our trained115

certificate to evaluate generalizability properties of different116

RL algorithms collected from the generalizable RL literature.117

Our results consistently show that a smaller number of certifi-118

cate condition violations correlates with better generalizability119

properties of RL algorithms.120

Related Work. The field of generalizable RL aims to de-121

velop agents capable of adapting to unseen tasks with minimal122

retraining. A key approach in this area is meta-learning, where123

the agent learns to generalize across a distribution of tasks by124

acquiring task-specific policies or representations. Works such125

as MAML [Finn et al., 2017] and its variant [Nagabandi et al.,126

2019] focus on gradient-based meta-learning for rapid adapta- 127

tion to new tasks. These methods have inspired zero-shot RL 128

approaches, where agents generalize to unseen tasks without 129

additional training. VariBAD [Zintgraf et al., 2021] leverages 130

variational inference for task embeddings to achieve zero-shot 131

generalization. PSMP [Inala et al., 2020] and GenRL [Sub- 132

ramanian et al., 2024] propose inductive structure for task 133

families to enhance knowledge transferability. 134

Certificates (or certificate functions) provide a tool for rea- 135

soning about the correctness of control policies that has re- 136

cently gained prominence within the AI and control theory 137

communities [Dawson et al., 2023]. In order to show that an 138

agent satisfies some specification, existing methods compute 139

a certificate which acts as a proof that the specification is sat- 140

isfies. The problem of learning neural network certificates for 141

proving properties of neural controllers has been studied in the 142

context of reachability, safety and stability tasks in determin- 143

istic [Chang et al., 2019; Abate et al., 2021; Edwards et al., 144

2024; Zhang et al., 2023] and stochastic [Lechner et al., 2022; 145

Zikelic et al., 2023; Mathiesen et al., 2023; Chatterjee et al., 146

2023] environments. However, all these methods consider the 147

problem of ensuring property satisfaction with respect to a sin- 148

gle control policy and task. To the best of our knowledge, no 149

prior work has considered the use of certificates for reasoning 150

about and evaluating RL generalizability. 151

2 Preliminaries 152

Markov Decision Process. RL environments are formally 153

modeled via Markov decision processes. A Markov decision 154

process (MDP) M is a tuple (S,A, P ), where S is a set of 155

states, A is a set of actions, and P : S × A× S → R≥0 is a 156

probabilistic transition function. We use P (· | s, a) to denote 157

the probability distribution of the successor state after taking 158

action a in state s. In this work, we restrict our attention to 159

deterministic MDPs, meaning that each P (· | s, a) is a Dirac 160

distribution assigning probability mass 1 to a single state s′ 161

and probability mass 0 to every other state. By a slight abuse 162

of notation, we write s′ = P (s, a). 163

A trajectory ζ in an MDP is an infinite sequence (st, at)∞t=0 164

of state-action pairs. A finite trajectory is a finite prefix of 165

a trajectory. A (pure positional) policy in an MDP is a map 166



π : S → A, which to each state assigns an action to be taken.167

For simplicity, we denote the trajectory obtained by a pure168

positional policy π by (st)
∞
t=0 where sj+1 = P (sj , π(sj)).169

Reach-Avoid Tasks. This work focuses on reach-avoid170

tasks. Given an MDP with states S, a reach-avoid task is171

defined by the tuple (G, η,Xu) comprising of goal states172

G ⊆ S, initial state distribution η over MDP states S, and173

unsafe states Xu ⊆ S \ supp(η) where supp(η) is the support174

of the initial state distribution. The objective of a reach-avoid175

task is to reach the goal states from the initial states while176

avoiding all unsafe states along the trajectory. Formally, a tra-177

jectory ζ = (st, at)
∞
t=0 satisfies a reach-avoid task (G, η,Xu),178

denoted ζ |= (G, η,Xu), if exists T ≥ 0 such that s0 ∼ η,179

sT ∈ G, and sj ∈ S \Xu for all 0 ≤ j ≤ T . For simplicity,180

we use the notation Xs = S \Xu to denote the safe states.181

Assumption. We assume that all states in the set of unsafe182

states Xu are sink states. This means that once a trajectory183

enters any state s ∈ Xu, it cannot leave, i.e., P (s, a) = s184

for all s ∈ Xu and a ∈ A. This assumption reflects scenar-185

ios where entering an unsafe state represents an irreversible186

failure, such as collisions in robotic navigation. As a result,187

any trajectory that enters Xu is immediately terminated and188

considered invalid for the reach-avoid task.189

3 Evaluation of RL Generalizability190

This section presents our framework for evaluating and com-191

paring generalization properties of RL agents. Our framework192

evaluates generalization of RL algorithms based on their abil-193

ity to extrapolate to similar but different tasks.194

To achieve this, we consider generalization with respect to195

inductive tasks ([Subramanian et al., 2024]), which are a fam-196

ily of tasks that are structurally similar but differ inductively in197

the low-level details. We consider inductive reach-avoid tasks.198

We are guided by the intuition that these tasks are so similar199

that their policies should also be similar, making them a good200

fit for evaluating RL generalizability. Inductive reach-avoid201

tasks are formally defined in Section 3.1.202

In order to evaluate generalization properties of RL algo-203

rithms, our framework assumes that it is provided with a set204

of task-trajectory pairs which serve as demonstrations of what205

a trajectory that satisfies some reach-avoid task looks like.206

It then uses these demonstrations to extract a quantitative207

measure of progress along demonstration trajectories towards208

satisfying their reach-avoid tasks. This progress measure is209

formally captured via certificates of correct generalization, a210

notion that we introduce in Section 3.2.211

Finally, our framework is presented in Section 3.3. Our212

framework first trains a certificate of correct generalization213

from a given set of task-trajectory demonstration pairs. It then214

runs each RL agent on a set of new and unseen tasks, and215

uses the certificate to quantify and compare the generalization216

capabilities of each RL agent.217

3.1 Inductive Reach-Avoid Tasks218

An inductive reach-avoid task is a sequence of reach-avoid219

tasks over the same MDP, such that the subsequent reach-avoid220

task builds upon the previous one by progressively updating221

the goal region, the initial state distribution, or both. We222

assume that the set of unsafe states is the same for all tasks in 223

the sequence, as these correspond to e.g. physical obstacles or 224

collisions. For a set S, denote by P(S) the set of all subsets of 225

S and by D(S) the set of all probability distributions over S. 226

Definition 1 (Inductive reach-avoid task). Consider an MDP 227

with a set of states S. An inductive reach-avoid task is 228

given by a tuple T = (T0, update_goal, update_init), where 229

(1) T0 = (G0, η0, Xu) is the base task with initial goal states 230

G0 ⊆ S, initial state distribution η0 and unsafe states Xu, 231

(2) update_goal : P(S) 7→ P(S) is the goal update func- 232

tion, and (3) update_init : D(S) 7→ D(S) is the initial 233

distribution update function. Then, the inductive task T de- 234

notes the sequence of reach-avoid tasks Ti = (Gi, ηi, Xu) 235

for each i ∈ N0, where T0 is defined as above and Ti+1 = 236

(update_goal(Gi), update_init(ηi), Xu) for i ∈ N0. 237

For each task to be satisfiable, we assume that the goal 238

region and the support of the initial distribution of each task 239

are contained within the of safe sets Xs, i.e. that Gi ⊆ Xs and 240

supp(ηi) ⊆ Xs hold for all i ∈ N0. 241

3.2 Certificates of Correct Generalization 242

We now define our certificates for validating generalizability 243

in inductive reach-avoid tasks. Consider an inductive reach- 244

avoid task T giving rise to a sequence of reach-avoid tasks 245

T0, T1, . . .. Our certificate is defined with respect to a set 246

ξ = {(T0, ζ0), (T1, ζ1), . . .} of task-trajectory pairs, where 247

each ζi is a finite (possibly empty) set of MDP trajectories. 248

These trajectories serve as demonstrations of what a trajectory 249

that satisfies the reach-avoid task Ti should look like. 250

Before defining the certificate, we fix some additional no- 251

tation. For each task index i ∈ N0, let ζi = {ζ1i , . . . , ζ
Ki
i } be 252

the set of demonstration trajectories for task Ti with Ki ∈ N0 253

and each ζki = (ski,j)
∞
j=0 being an MDP trajectory. We use 254

TGi
(ζki ) = inf{j ∈ N0 | ski,j ∈ Gi} to denote the index of 255

the first state along trajectory ζki that is in the goal region of 256

the task Ti, with Ti = ∞ if the goal region is not reached. 257

Formally, a certificate of correct generalization is a function 258

C : S×N0 → R assigning a real value to each MDP state and 259

task index pair. The certificate value is required to be (1) non- 260

negative at all safe states along the demonstration trajectories, 261

(2) strictly decreasing along each demonstrations trajectory 262

until they reach a goal state, (3) decreasing across subsequent 263

tasks, and (4) negative at all unsafe states. 264

Definition 2 (Certificates of correct generalization). Con- 265

sider an inductive reach-avoid task T and a set ξ = 266

{(T0, ζ0), (T1, ζ1), . . .} of task-trajectory pairs defined as 267

above. A certificate of correct generalization for the set of 268

demonstration trajectories ξ is a function C : S × N0 → R, 269

such that the following conditions hold: 270

1. (Non-Negativity at Safe States) For each task index i ∈ 271

N0, trajectory ζki and safe state ski,j ∈ Xs along the 272

trajectory ζki , we have C(ski,j , i) ≥ 0. 273

2. (Strict Decrease Within a Task Until the Goal) For each 274

task index i ∈ N0, there exists εi > 0 such that for each 275

trajectory ζki and safe state ski,j ∈ Xs along the trajec- 276

tory ζki with 0 ≤ j < T (ζki ), we have C(ski,j+1, i) ≥ 0 277

and C(ski,j , i) > C(ski,j+1, i) + εi. 278



3. (Decrease Across Subsequent Tasks) For each task index279

i ∈ N0, the certificate value at the goal state of every280

trajectory for task Ti is greater than the value at the281

initial state of every trajectory for task Ti+1, i.e.282

min
1≤k≤Ki
T (ζk

i
)<∞

C(ski,T (ζk
i )
, i) > max

1≤k≤Ki+1

T (ζk
i+1

)<∞

C(ski+1,T (ζk
i+1)

, i+1)

4. (Strict Negativity at Unsafe States) For all unsafe states283

s ∈ Xu and task indices i ∈ N0, we have C(s, i) < 0.284

The intuition behind our certificate is that it captures and285

quantifies progress along demonstration trajectories towards286

satisfying their reach-avoid tasks. This is because the certifi-287

cate value is required to be non-negative at safe states and to288

strictly decrease along a demonstration trajectory while keep-289

ing the certificate value non-negative, until the goal region is290

reached (conditions 1 and 2). Hence, the trajectory must even-291

tually reach the goal region, and so the certificate value mea-292

sures progress towards the goal. Moreover, as the certificate293

value is negative at unsafe states (condition 4), the trajectory294

must avoid unsafe states until the goal is reached, and so the295

reach-avoid task is satisfied. Finally, the certificate further-296

more captures the inductive relation between subsequent task297

instances in the inductive reach-avoid task (condition 3).298

The following theorem formalizes this intuition, and shows299

that if a certificate of correct generalization exists, then300

all demonstration trajectories satisfy their reach-avoid tasks.301

Hence, our certificate indeed captures and quantifies progress302

along demonstration trajectories towards satisfying their reach-303

avoid tasks. This will allow us to utilize our certificates to304

evaluate generalization properties of RL algorithms, by check-305

ing whether they preserve this progress behaviour along the306

trajectories generated for new and unseen tasks.307

Theorem 3. Let T be an inductive reach-avoid task giving308

rise to a sequence of reach-avoid tasks T0, T1, · · · , and let309

ξ = {(T0, ζ0), (T1, ζ1), . . .} be a set of task-trajectory pairs.310

Then a certificate of correct generalization for the set of demon-311

stration trajectories ξ exists then ζki |= Ti for all task indices312

i ∈ N0 and trajectory indices 1 ≤ k ≤ Ki.313

Proof. Suppose that C is a certificate of correct generalization314

for ξ. We need to show that, for each task index i ∈ N0315

and trajectory index 1 ≤ k ≤ Ki, we have ζki |= Ti. That316

is, if ζki = (ski,j)
∞
j=0 is an MDP trajectory, we need to show317

that there exists an index T ∈ N0 such that ski,T ∈ Gi and318

ski,j ̸∈ Xu for 0 ≤ j < T .319

The existence of an index T ∈ N0 such that ski,T ∈ Gi fol-320

lows by conditions 1 and 2 in Definition 2. This is because the321

support of the initial state distribution ηi of task Ti is assumed322

to be contained within the safe set Xs (see Section 3.1). Hence,323

by condition 1, we have C(ski,0, i) ≥ 0. On the other hand, by324

condition 2, it follows that until a state in Gi is reached, we325

will have C(ski,j , i) ≥ C(ski,j+1, i) + εi and C(ski,j+1, i) ≥ 0.326

Hence, a state in Gi is reached in at most T ≤ ⌈C(ski,0, i)/εi⌉327

steps. Moreover, since C(ski,j , i) ≥ 0 holds for 0 ≤ j ≤ T , it328

follows by condition 4 that ski,j ̸∈ Xu for 0 ≤ j < T . This329

concludes the proof that ζki |= Ti.330

331

3.3 Evaluating RL Generalizability via Certificates 332

We now show how our certificates of correct generalization can 333

serve as a tool for evaluating and comparing the generalization 334

capabilities of different RL algorithms π1, . . . , πn. 335

First, our framework learns a certificate of correct gener- 336

alization for a given set of demonstration trajectories ξ = 337

{(T0, ζ0), (T1, ζ1), . . .}. The training procedure for learning 338

certificates and the details on how demonstration trajectories 339

are collected are presented in Section 4. 340

Second, a finite number of test reach-avoid tasks Φtest ⊆ 341

T are chosen to assess generalizability of given RL agents 342

π1, . . . , πn. We require that demonstration trajectories for 343

test reach-avoid tasks were not used in the certificate training 344

procedure. That is, a reach-avoid task Ti can be used as a test 345

task only if the set of demonstration trajectories ζi is empty. 346

Finally, for each RL agent πi and for each test reach-avoid 347

task ϕ ∈ Φtest, we use πi to generate a trajectory ξϕπi
for the 348

test task ϕ. We then count the total number of violations of the 349

certificate conditions along ξϕπi
. That is, for each condition 1- 350

4 in Definition 2, we count at how many states along the 351

trajectory ξϕπi
the condition is violated. In reach-avoid tasks, 352

all steps beyond the first unsafe state (denoted as "OC") are 353

treated as violations. We denote by Nϕ
πi

the total number of 354

certificate violations for task ϕ, and define 355

Nπi =
∑

ϕ∈Φtest

Nϕ
πi

to be the total number of certificate violations of the RL agent 356

πi across all test tasks in Φtest. The percentage of certificate 357

violations is computed using the ratio of the number of certifi- 358

cate violations vs. the total number of states in the trajectory. 359

We then compare the percentages of certificate violations for 360

different RL agents π1, . . . , πn, and conclude that RL agents 361

πi with the lower percentages of certificate violations have 362

better generalizability properties. 363

This framework provides a principled method to evaluate 364

generalization properties of RL agents on unseen tasks, by 365

using certificates of correct generalization from given demon- 366

strations as a validation tool. By comparing the percentages 367

of certificate violations across different RL algorithms, we 368

gain insights into their ability to generalize to new tasks and 369

preserve the progress behaviour captured by the certificate. 370

4 Learning Certificates 371

This section describes the training procedure for learning a 372

certificate of correct generalization. Consider an inductive 373

reach-avoid task T giving rise to a sequence of reach-avoid 374

tasks T0, T1, . . .. Given a set of demonstration trajectories 375

ξ = {(T0, ζ0), (T1, ζ1), . . .} defined as in the previous section, 376

our objective is to train a neural network to approximate the 377

certificate function C : S × N0 → R defined in Definition 2. 378

Training Data. We start by describing how our training 379

data, i.e. the demonstration trajectories used to train a neural 380

network certificate, are collected. We train the certificate on 381

finite-length prefixes of trajectories for tasks T0, · · · Tn−1, i.e., 382

the first n tasks in the inductive reach-avoid task T , where 383

n ∈ N is an algorithm parameter. We use finite-length prefixes 384



because one cannot obtain infinite-length trajectories in prac-385

tice. We refer to tasks T0, · · · Tn−1 as the training tasks and386

tasks Tn, Tn+1 · · · as the testing tasks. Hence, demonstration387

trajectories will be finite-length trajectories in the sets ζi for388

0 ≤ i ≤ n− 1, whereas ζi = ∅ for i ≥ n.389

For each training task Ti with 0 ≤ i ≤ n − 1, the set of390

demonstration trajectories ζi comprises of (1) positive exam-391

ples, i.e. trajectories that satisfy the reach-avoid task Ti, and392

(2) negative examples, i.e. trajectories that violate Ti. Positive393

examples are needed in order to capture progress behaviour in394

trajectories that satisfy the reach-avoid task with respect to con-395

ditions 1-3 in Definition 2. Among the negative examples, all396

trajectories are of the kind that reach an unsafe state and thus397

violate the avoidance objective, which are needed to capture398

condition 4 in Definition 2. We do not consider finite-length399

trajectories that do not violate safety but violate reachability,400

since one cannot ascertain whether such a trajectory could401

have satisfied the specification if it were longer.402

These training trajectories are collected using an Oracle that403

generates trajectories of positive and negative examples in the404

environment for the given reach-avoid task. Positive and nega-405

tive trajectories are obtained by sampling many trajectories in406

the environment using a planner, and assigning them positive407

or negative depending on whether the trajectory satisfies the408

reach-avoid task.409

Training Procedure. Our training procedure is formulated410

as a learning task, where the goal is to minimize a loss function411

which is designed to enforce conditions 1-4 in Definition 2412

along demonstration trajectories. In particular, our loss func-413

tion is a sum of four loss terms, each corresponding to one414

condition in Definition 2, where the outer sum is taken over415

all training tasks and all demonstration trajectories:416

Loss =
n−1∑
i=0

∑
(si,j)lj=0∈ζi

(

+ λsafe

l∑
j=0

max{0,−C(si,j , i)} · 1si,j∈Xs︸ ︷︷ ︸
Penalizes to enforce condition (1)

+

l−1∑
j=0

max{0, C(si,j+1, i) + εi − C(si,j , i)} · 1(si,j ,si,j+1)∈Xs︸ ︷︷ ︸
Penalizes to enforce condition (2)

+
∑

(si+1,j)lj=0∈ζi+1

max{0, C(si+1,0, i+ 1) + εi − C(si,l, i)}

· 1si,l∈Gi︸ ︷︷ ︸
Penalizes to enforce condition (3)

+ λunsafe

l∑
j=0

max{0, C(si,j , i)} · 1si,j∈Xu︸ ︷︷ ︸
Penalizes to enforce condition (4)

)

Here, for each task index i ∈ N0 and for each finite-length417

trajectory in ζi, we use l to denote the index of the first visit to418

either the goal region Gi of Ti (for positive example trajecto- 419

ries) or the unsafe set Xu (for negative example trajectories). 420

The first summation enforces the non-negativity condition (1) 421

at safe states Xs by penalizing violations. The fourth summa- 422

tion enforces the strict negativity condition (4) at unsafe states 423

Xu. The scaling factors λsafe and λunsafe are hyperparameters 424

that control the importance of these penalties. The second 425

summation penalizes violations of monotonic decrease within 426

task trajectories, enforcing the certificate function to decrease 427

as the trajectory progresses. The third summation penalizes 428

violations of monotonic decrease across tasks, ensuring the 429

certificate values at the goal states of task Ti are greater than 430

those of the start states of Ti+1. 431

We use the Long Short-Term Memory [Hochreiter, 1997] 432

(LSTM) architecture to train the certificate function. The 433

LSTM acts as a function C(s, i) taking as input a state s and a 434

task index i, and outputs a real number representing the cer- 435

tificate value. The LSTM is trained on the set of all sequences 436

of concatenated trajectories of the form (ζk0
0 , ζk1

1 , . . . , ζ
kn−1

n−1 ), 437

where ζki
i ∈ ζi is a demonstration trajectory for task Ti (gen- 438

erated by the oracle). We generate and use multiple batches 439

of ξ for effective training We choose LSTMs since they are 440

well-suited to capture sequential dependencies in data. Tra- 441

jectories represent ordered sequences of states, where the pro- 442

gression along each trajectory encodes information about task 443

dynamics, safety, and proximity to the target state. Further- 444

more, concatenated trajectories ensure that dynamics across 445

subsequent tasks are encoded. Since LSTMs are designed to 446

maintain memory and capture long-term dependencies, we 447

expect the LSTMs to capture these intra- and inter-trajectory 448

dependencies while respecting safety conditions. 449

5 Experimental Evaluation 450

The purpose of the empirical evaluation is to demonstrate 451

that our certification procedure can serve as a litmus test to 452

examine generalizability of RL algorithms. 453

Our codebase is available at 454

https://anonymous.4open.science/r/certificates-B6D7. 455

5.1 Experimental Set-up 456

Objective and Procedure. Our objective is to demonstrate 457

that a lower percentage of certificate violations indicates better 458

generalizability of an RL algorithm. We do so by comparing 459

the results of our certificate-based evaluation to a ground truth. 460

Given an RL algorithm A and an inductive task T , we learn 461

a (generalizable) policy using the first n tasks T0, T1, · · · Tn−1 462

of the inductive task. Then, we evaluate the following two 463

metrics to assess generalizability of the learned policy: 464

• (Ground Truth) We compute the number of unseen tasks 465

solved by the learned policy. That is, we consider how 466

many tasks starting from Tn, Tn+1, · · · the policy can 467

accomplish. Larger the number of unseen tasks the policy 468

can solve, the better its generalizability. 469

• (Certificate-Guided) We use our framework in Section 3.3 470

to compute the percentage of certificate violations. The 471

lower the percentage, the better its generalizability. 472

https://anonymous.4open.science/r/certificates-B6D7


(a) Moving initial location
and stationary goal position
with obstacle

(b) Stationary initial location
and moving goal position
with obstacle

Figure 2. Illustrations of inductive tasks in Car Environment

By demonstrating a strong correlation between the two met-473

rics, we will confirm the effectiveness of our framework in474

assessing generalization.475

To ensure fairness, we train all RL algorithms on the same476

set of tasks from the family of inductive task. In the ground477

truth evaluation, all RL algorithms are tested on the same set of478

unseen tasks. For each inductive task, we train the certificate479

once and use the same certificate to evaluate all RL algorithms.480

RL Algorithms. We evaluate a diverse set of state-of-481

the-art generalizable RL algorithms that have the ability to482

generalize to similar but different tasks:483

• Standard (Non-Generalizable) RL Algorithms, such as ARS484

and its variants (ARS + Reward Aggregation and ARS +485

Goal Conditioning) and PPO [Schulman et al., 2017], which486

serve as strong baselines despite lacking explicit generaliza-487

tion mechanisms.488

• Generalizable RL algorithms across three categories:489

– Inductive Generalization algorithms PSMP [Inala et490

al., 2020] and GenRL-ARS [Subramanian et al., 2024],491

which leverage inductive structures between tasks;492

– Meta-Learning algorithms MAML-Reinforce [Finn et al.,493

2017] and VariBAD-A2C [Zintgraf et al., 2021], enabling494

rapid adaptation through task-specific representations;495

– Goal-Conditioned algorithms C-Learning [Naderian et496

al., 2021] and HER-DDPG [Andrychowicz et al., 2017],497

which specialize in goal-conditioned generalization.498

Environments and Inductive Tasks. In the interest of space,499

we discuss our results on two environments: 1) Car environ-500

ment [Inala et al., 2020] involves moving a rectangular car501

from an initial to goal location in a continuous 2D plane, and502

2) Fetch-Reach environment [Brockman et al., 2016] involves503

a 7-DOF robotic arm moving its end effector from an initial504

position to a goal position in a continuous 3D space.505

Illustrations of inductive reach-avoid tasks for the Car Envi-506

ronment are given in Figure 1a and Figure 2. The inductive507

reach-avoid task for the Fetch-Reach environment is to navi-508

gate from a moving initial location to a stationary goal location,509

similar to Figure 2a. We also consider the reachability variant510

of all these tasks where the obstacle is absent.511

Full descriptions of environments, tasks, and results on512

more environments are presented in the Appendix.513

5.2 Observations 514

The results are presented using plots that display the percent- 515

age of certificate violations and the number of successfully 516

solved tasks for various RL algorithms (see Figure 3). Each 517

marker shows the mean percentage of violations over 10 runs 518

with error bars indicating the variance. The number of solved 519

tasks (eg. 2/15) is annotated alongside the markers, providing 520

ground truth evidence for the correctness of the certificate. 521

This means that the algorithm generalized to 2 out of 15 un- 522

seen tasks. High violations correspond to poor generalization 523

guaranteed by low number of solved tasks while low violations 524

indicate better generalizability guaranteed by high number of 525

solved tasks. For reach-avoid tasks, "OC" (Obstacle Collision) 526

is used to indicate when a trajectory fails by colliding with an 527

obstacle, with all steps after the collision treated as violations. 528

Certificate violations are a good measure of generalizabil- 529

ity. All our experiments show that a lower percentage of cer- 530

tificate violations correlates to a higher number of successfully 531

solved unseen tasks, hence indicating better generalizability 532

properties of RL algorithms. Similarly, higher percentage of 533

certificate violations correlates to a lower number of success- 534

fully solved unseen tasks. Our evaluation results also align 535

with priors one may have w.r.t. algorithm performance. For 536

instance, standard (non-generalizable) RL approaches ARS 537

and PPO perform poorly in all experiments. 538

Reach-avoid tasks are hard generalization benchmarks. 539

Most RL algorithms performed poorly on reach-avoid tasks, 540

as shown by high certificate violations and low solved task 541

counts. In the high dimensional obstacle environments such 542

as Car and Fetch, even generalizable RL algorithms struggled, 543

with some runs showing over 90% violations. This illustrates 544

that obstacles create a significant challenge for RL general- 545

ization. To analyze further, we tested in low-dimensional 546

obstacle environments, such as Car2D, and observed similarly 547

poor performance (Results in Appendix 5). This highlights 548

that obstacles are inherently difficult constraints, even in sim- 549

pler settings, underscoring their role as a strict-constraint for 550

generalization in locomotion-based navigation tasks. 551

But, in contrast to reach-avoid tasks (tasks with obstacles), 552

RL algorithms in environments without obstacles demon- 553

strated better performance. Generalizable algorithms, such as 554

GenRL and VariBAD, consistently achieved low violations. 555

This underscores the relative simplicity of reachability tasks 556

compared to reach-avoid tasks, where obstacle avoidance is 557

not a factor and algorithms without explicit generalization 558

capabilities perform poorly regardless of the task. 559

6 Conclusion 560

This work presents a novel framework for evaluating and com- 561

paring the generalization capabilities of RL agents. Our frame- 562

work is based on the novel notion of certificates of correct 563

generalization, which we use to provide a method for assess- 564

ing RL agents’ performance on unseen tasks. Our results 565

demonstrate that minimizing certificate violations strongly 566

correlates with better generalization, making this approach 567

a reliable litmus test for evaluating RL generalizability. The 568

experiments also confirm the effectiveness of our framework. 569



(a) Car: Moving Initial Point (Without Obstacle) (b) Car: Moving Initial Point (With Obstacle)

(c) Car: Moving Goal Point (Without Obstacle) (d) Car: Moving Goal Point (With Obstacle)

(e) Car: Moving Initial and Goal Point (Without Obstacle) (f) Car: Moving Initial and Goal Point (With Obstacle)

(g) Fetch-Reach (Without Obstacle) (h) Fetch-Reach (With Obstacle)

Figure 3. Performance evaluation of tasks across different environments. (a)-(h) present the evaluation results, showing the
percentage of certificate violations and the number of successfully solved tasks for various RL algorithms. Each marker represents
the mean percentage of violations over 10 runs, with error bars indicating the range (minimum to maximum). The numbers
annotated next to each marker (e.g., 0/15) denote the number of successfully solved tasks out of the total test tasks. Higher
violations correspond to poor generalization, while a lower percentage of violations indicates better generalization.
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Appendix668

1 Training Details669

The experimental setup includes the following details:670

• Number of Training Tasks: 5 tasks for Car and Car2D671

environments, and 4 tasks for Reacher and Fetch environ-672

ments.673

• Number of Unseen Tasks: 15 tasks for Car and Car2D674

environments, and 6 tasks for Reacher and Fetch environ-675

ments.676

• Number of Repetitions of the Experiments: 10.677

• Training Compute: SLURM cluster running Intel Xeon678

Gold 6226 CPUs, operating at 2.7 GHz with 24 cores per679

node. Each node is equipped with 192GB of RAM.680

Learning hyperparameters for our framework is given in681

Table 1 and 2.682

2 Experimental Setup683

Our approach is evaluated across several environments, in-684

cluding the Car, Car2D, Reacher Two-Arm Robot, and Fetch685

Reach settings, which feature diverse tasks and specifications.686

All tasks involve moving from an initial state to a target state687

where reachability is the main objective, with the environment688

subject to different dynamics and state spaces.689

The Car environment has a 4-dimensional state space, in-690

cluding x and y positions, orientation, and velocity, with 2691

actions: velocity and steering direction. The Car2D environ-692

ment is a simplified 2-dimensional state space and observation693

space, consisting of the x and y coordinates of the agent, with694

2 actions: velocity and direction. The OpenAI Fetch-Reach695

environment involves a robotic arm with an 8-dimensional696

state space, including the x, y, z positions of the end effector,697

state of the left and right gripper, and the x, y, z velocities of698

the end effector, with 3 actions: displacement along the x, y,699

and z axes. The Reacher Two-Arm Robot environment uses700

a 2-dimensional state space representing the x and y coordi-701

nates of the end effector, with 2 actions controlling the angles702

of the two joints.703

The inductive tasks in these environments are systemati-704

cally defined by updating the initial distributions and target705

goals according to the functions update_init and update_goal,706

respectively:707

• Car & Car2D Environment (Fig. 1):708

– Setting 1 the initial distribution is updated by shift-709

ing the initial position along the x-axis by a fixed710

value C, i.e.,711

ηi+1(s) = ηi(s+ (C, 0)).
712

Gi+1 = Gi + (0, 0).

– Setting 2: the goal is updated by shifting the target713

position along the x-axis by C, i.e.,714

ηi+1(s) = ηi(s+ (0, 0)).
715

Gi+1 = Gi + (C, 0).

– Setting 3: both the initial and target positions along 716

the x-axis by C, combining both updates. 717

ηi+1(s) = ηi(s+ (C, 0)).
718

Gi+1 = Gi + (C, 0).

• Reacher two arm robot environment (Fig. 4a): The 719

goal is to move a box from height H − C in the Source 720

stack to height C + 1 in the Target stack where H is the 721

initial height of the source tower. 722

ηi+1(s) = ηi(s+ (0, H − C)).
723

Gi+1 = Gi + (0, C + 1).

• Fetch Reach Environment : In this environment, the 724

inductive tasks are defined by moving the target position 725

along the y-axis by a fixed increment C, i.e., 726

ηi+1(s) = ηi(s+ (0, 0, 0)).
727

Gi+1 = Gi + (0, C, 0),

while keeping the initial distribution ηi fixed. 728

3 Algorithms and Hyperparameters 729

The evaluated algorithms are categorized as follows: 730

• Standard RL Algorithms: ARS, ARS+GC, ARS+RA, 731

and PPO are baseline reinforcement learning methods 732

known for their effectiveness in diverse tasks. These algo- 733

rithms lack explicit mechanisms for generalization, focus- 734

ing instead on optimizing performance in specific tasks. 735

• Inductive Generalization Algorithms: PSMP and 736

GenRL leverage inductive biases to generalize across 737

tasks with structural similarities. These methods enhance 738

transferability by exploiting shared properties within task 739

families. 740

• Meta-Learning Algorithms: MAML and Varibad are 741

designed for rapid adaptation to new tasks with minimal 742

training. MAML employs gradient-based meta-learning, 743

while Varibad uses variational inference for task embed- 744

dings, enabling zero-shot generalization. 745

• Goal-Conditioned RL Algorithms: C-Learning and 746

HER explicitly incorporate goals into policy learning, op- 747

timizing for tasks requiring specific goal states. These 748

algorithms are well-suited for environments with dynamic 749

or goal-driven objectives. 750

Hyperparameters used for these algorithms are given from 751

Table 3 to 10 752



Algorithm 1 Learning Reach-Avoid Certificates
Input: Inductive task family {Ti}Ni=0 with goal sets {Gi} and initial state distributions {ηi}.
Training tasks: Ti for i = 0, . . . , n− 1.
Testing tasks: Ti for i = n, . . . , N .
Output: Trained certificate function C(s, i).

1: Generate oracle trajectories ζi = (si,0, si,1, . . . , si,li) for training tasks Ti (i = 0, . . . , n) to solve their respective goal sets
Gi.

2: Initialize LSTM model C(s, i) with random weights.
3: while the model has not converged do
4: Compute the loss:

Loss =
n−1∑
i=0

∑
(si,j)lj=0∈ζi

(

+ λsafe

l∑
j=0

max{0,−C(si,j , i)} · 1si,j∈Xs︸ ︷︷ ︸
Penalizes to enforce condition (1)

+

l−1∑
j=0

max{0, C(si,j+1, i) + εi − C(si,j , i)} · 1(si,j ,si,j+1)∈Xs︸ ︷︷ ︸
Penalizes to enforce condition (2)

+
∑

(si+1,j)lj=0∈ζi+1

max{0, C(si+1,0, i+ 1) + εi − C(si,l, i)}

· 1si,l∈Gi︸ ︷︷ ︸
Penalizes to enforce condition (3)

+ λunsafe

l∑
j=0

max{0, C(si,j , i)} · 1si,j∈Xu︸ ︷︷ ︸
Penalizes to enforce condition (4)

)

5: Perform backpropagation and update the weights of C(s, i).
6: return Trained certificate function C(s, i).



Hyperparameter Car-Parking Reacher Fetch-Reach
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 128
Sequence Length 20 20 50
Dropout Rate 0.2 0.2 0.2
Optimizer Adam Adam Adam
Gradient Clipping ±0.5 ±0.5 ±0.5

Network Architecture 2 hidden LSTM
layers, 32 nodes
(tanh);

2 hidden LSTM
layers, 32 nodes
(tanh);

3 hidden LSTM
layers, 64 nodes
(tanh);

output layer (relu) output layer (relu) output layer (relu)

Table 1. Hyperparameters for the LSTM-based Reachability Certificate Function

Hyperparameter Car-Parking Reacher Fetch-Reach
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 128
Sequence Length 20 20 50
Dropout Rate 0.2 0.2 0.2
Optimizer Adam Adam Adam
Gradient Clipping ±0.5 ±0.5 ±0.5

Network Architecture 2 hidden LSTM
layers, 32 nodes
(tanh);

2 hidden LSTM
layers, 32 nodes
(tanh);

3 hidden LSTM
layers, 64 nodes
(tanh);

output layer output layer output layer
(no activation) (no activation) (no activation)

Table 2. Hyperparameters for the LSTM-based Reach-Avoid Certificate Function

Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Number of Directions
Sampled

30 30 30

Number of Top Sam-
ples Used

8 8 8

Network Architecture 2 hidden layers, 32
nodes (ReLU),

2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)

Table 3. Hyperparameters for ARS, ARS + GC, ARS + RA



Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 256
Discount Factor 0.99 0.99 0.99
GAE Parameter 0.95 0.95 0.95
Clipping Parameter 0.2 0.2 0.2
Value Loss Coeffi-
cient

0.5 0.5 0.5

Entropy Coefficient 0.01 0.01 0.01
Replay Buffer Size 104 104 104

Network Architecture 2 hidden layers, 32
nodes (ReLU),

2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)

Table 4. Hyperparameters for PPO

Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 256
Maximum Number of
Modes

2 2 2

λ 100 100 100
Student Action Func-
tion Grammar

Proportional Proportional Proportional

Switching Condition
Grammar

Boolean tree (depth 1
or 2)

Boolean tree (depth 1
or 2)

Boolean tree (depth 1
or 2)

Sampling for Teacher
Initialization

10 top trajectories
(CEM)

10 top trajectories
(CEM)

10 top trajectories
(CEM)

Network Architecture 2 hidden layers, 32
nodes (ReLU),

2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)

Table 5. Hyperparameters for PSMP

Hyperparameter Car & Car2D Reacher Fetch-Reach
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Number of Directions
Sampled

30 30 30

Number of Top Sam-
ples Used

8 8 8

Reward Aggregation
Scheme

softmin softmin softmin

Batch Size 64 64 256
Network Architecture 2 hidden layers, 32

nodes (ReLU),
2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)

Table 6. Hyperparameters for GenRL - ARS



Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 256
Number of Meta-
Tasks

4 5 5

Number of Inner
Loop Steps

0 0 0

Discount Factor 0.99 0.99 0.99
Entropy Coefficient 0.01 0.01 0.01
Policy Network Ar-
chitecture

2 hidden layers, 32
nodes (ReLU),

2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)
Optimizer Adam Adam Adam
Gradient Clipping ±0.5 ±0.5 ±0.5

KL-Divergence Regu-
larization

Enabled, coefficient =
0.1

Enabled, coefficient =
0.1

Enabled, coefficient =
0.1

Trajectory Length 200 steps 200 steps 200 steps
Meta-Batch Size 4 tasks 5 tasks 5 tasks

Table 7. Hyperparameters for MAML-Reinforce

Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 256
Epsilon 1× 10−5 1× 10−5 1× 10−5

Discount Factor 0.95 0.95 0.95
Max Gradient Norm 0.5 0.5 0.5
Value Loss Coeffi-
cient

0.5 0.5 0.5

Entropy Coefficient 0.01 0.01 0.01
GAE Parameter 0.95 0.95 0.95
ELBO Loss Coeffi-
cient

1.0 1.0 1.0

Task Embedding Size 5 5 5
Network Architecture 2 hidden layers, 32

nodes (ReLU),
2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)
Encoder Architecture Fully connected (40

nodes), GRU (hidden
size 64),

Fully connected (40
nodes), GRU (hidden
size 64),

Fully connected (40
nodes), GRU (hidden
size 64),

output layer (10 out-
puts, ReLU)

output layer (10 out-
puts, ReLU)

output layer (10 out-
puts, ReLU)

Reward Decoder Ar-
chitecture

2 hidden layers, 32
nodes (ReLU),

2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)
Decoder Loss Func-
tion

Binary Cross Entropy Binary Cross Entropy Binary Cross Entropy

Table 8. Hyperparameters for Varibad - A2C



Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Batch Size 64 64 256
Gradient Steps per
Episode

64 64 64

Network Architecture 2 hidden layers, 32
nodes (ReLU),

2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)
Target Network Up-
date Frequency

Every 10 steps Every 10 steps Every 10 steps

Discount Factor 0.9 0.9 0.9
κ 3 3 3

Table 9. Hyperparameters for C-Learning

Hyperparameter Car & Car2D Reacher Fetch-Reach
Epsiode Length 30 30 100
Learning Rate 1× 10−4 1× 10−4 1× 10−4

Critic Learning Rate 1× 10−3 1× 10−3 1× 10−3

Batch Size 64 64 256
Discount Factor 0.98 0.98 0.98
Replay Buffer Size 104 104 104

Policy Noise 0.2 0.2 0.2
Target Network Up-
date Rate

0.005 0.005 0.005

Hindsight Strategy Future strategy (rela-
bel goals)

Future strategy (rela-
bel goals)

Future strategy (rela-
bel goals)

Hindsight Fraction 0.8 0.8 0.8
Network Architecture 2 hidden layers, 32

nodes (ReLU),
2 hidden layers, 32
nodes (ReLU),

3 hidden layers, 64
nodes (ReLU),

output layer (tanh) output layer (tanh) output layer (tanh)

Table 10. Hyperparameters for HER-DDPG

Figure 4. Performance evaluation of tasks on the Reacher 2 Arm robot environment. (a) provides the illustration of the task (b)
presents the evaluation results, showing the percentage of certificate violations and the number of successfully solved tasks for
various RL algorithms. Each marker represents the mean percentage of violations over 10 runs, with error bars indicating the
range (minimum to maximum). The numbers annotated next to each marker (e.g., 0/6) denote the number of successfully solved
tasks out of the total test tasks. Higher violations correspond to poor generalization, while a lower percentage of violations
indicates better generalization.



(a) Car2D: Moving Initial Point with obstacle (b) Car2D: Moving Goal Point with obstacle

(c) Car2D: Moving Initial and Goal Point with obstacle

Figure 5. Performance evaluation of tasks on the Simpler Car2D environment. (a)-(c) presents the evaluation results, showing
the percentage of certificate violations and the number of successfully solved tasks for various RL algorithms. Each marker
represents the mean percentage of violations over 10 runs, with error bars indicating the range (minimum to maximum). The
numbers annotated next to each marker (e.g., 0/15) denote the number of successfully solved tasks out of the total test tasks.
Higher violations correspond to poor generalization, while a lower percentage of violations indicates better generalization.
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