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Abstract

Is it better to perform tennis training in a pristine indoor envi-
ronment or a noisy outdoor one? To model this problem, here
we investigate whether shifts in the transition probabilities be-
tween the training and testing environments in reinforcement
learning problems can lead to better performance under cer-
tain conditions. We generate new Markov Decision Processes
(MDPs) starting from a given MDP, by adding quantifiable,
parametric noise into the transition function. We refer to this
process as Noise Injection and the resulting environments as J-
environments. This process allows us to create variations of the
same environment with quantitative control over noise serving
as a metric of distance between environments. Conventional
wisdom suggests that training and testing on the same MDP
should yield the best results. In stark contrast, we observe
that agents can perform better when trained on the noise-free
environment and tested on the noisy d-environments, com-
pared to training and testing on the same J-environments. We
confirm that this finding extends beyond noise variations: it is
possible to showcase the same phenomenon in ATARI game
variations including varying Ghost behavior in PacMan, and
Paddle behavior in Pong. We demonstrate this intriguing be-
havior in 60 different variations of ATARI games, including
PacMan, Pong, and Breakout. We refer to this phenomenon as
the Indoor-Training Effect. Code to reproduce our experiments
and to implement Noise Injection.

Code — https://github.com/serenabono/Pacman

Introduction

Consider the process of learning how to play tennis. You
might think that the best way to prepare for an outdoor match
is to train under the same outdoor conditions you will face
during the match. However, training in a calm, noise-free
indoor environment instead can help focus on mastering
the fundamentals of tennis without the added challenge of
sources of noise like wind. We refer to this phenomenon
as the Indoor-Training Effect. Here we model this problem
using reinforcement learning (RL) agents. Surprisingly, we
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Figure 1: ATARI games modified with Noise Injection. (a)
Noise Injection allows us to create multiple worlds in the
vicinity of the original Target Environment(M ) by adding
controlled Gaussian noise () to the original Transition Func-
tion (7). When the agent takes the action right in these
d—environments, with a low probability the game may tran-
sition to a state which would not be possible in non-noisy
PacMan. Experiments with noise injection are presented on
three ATARI games—(b) PacMan, (c) Pong, and (d) Break-
out. (¢) We compare two agents with these environments—a
Learnability agent trained and tested on the same target en-
vironment (M), and a Generalization agent trained on a
different MDP (M) and tested on M.

found that under certain conditions, training in a noise-free
environment can lead to better performance when tested in
a noisy environment—just like tennis. This phenomenon
challenges our intuitions about the standard way to train RL
agents where conventional wisdom would suggest that the
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Figure 2: Schematic illustration of variations for Pacman.(a) Game dynamics when the agent picks the action right in a standard,
non-noisy MDP for the v3 grid. (b) Grid variations for Pacman—v2, v3, and v4. These grids vary in size, positions of walls, and
positions of food pellets. (c) Semantic variations whereby there is a meaningful change in the distribution of game elements. (d)
Noise injected MDP generated by adding Gaussian noise to the standard transition function. Alongside states reachable by the
ghost taking a legal move, non-standard transitions now become possible.

best approach to perform well on a target problem is to train
an RL agent on the same test environment.

Environments in RL are usually described using Markov
Decision Process (MDP). An MDP is defined by a State
Space S, an Action Space A, a Transition Function 7, and
a Reward Function R. In practice, these parameters are as-
sumed to be known or approximated with reasonable preci-
sion (Béuerle and Glauner 2022; Goyal and Grand-Clement
2023). A significant challenge in RL is generalizing to envi-
ronments that differ from the training environment (Cobbe
et al. 2019; Kang et al. 2019; Devin et al. 2018). To ad-
dress this, the RL community has focused on training agents
capable of learning policies that perform well in novel, un-
seen environments at deployment time (Kirk et al. 2021;
Moos et al. 2022a; OpenAl et al. 2019; Filos et al. 2020;
Biedenkapp et al. 2020). The complexity of this task has
called for ingenious ways of aligning the policy learned by
the agent in training environments with the testing optimal
policy. Notable approaches include using human feedback
(Rummery and Niranjan 1994), using language (Tellex et al.
2011; Walter et al. 2013; Squire et al. 2015), and using vision
(Guss et al. 2019; Osinski et al. 2020; Gopalan et al. 2017).

To study this, we explored zero-shot policy transfer where
a policy trained in one environment is tested on a different
environment. We extended past works which focused on un-
certainty in the transition probabilities (Nilim and El Ghaoui
2005; Moos et al. 2022b; Goyal and Grand-Clement 2023),
and propose a novel framework for studying zero-shot policy
transfer in environments with controlled, quantifiable distri-
bution shifts in the transition probabilities.

Our framework introduces these shifts by computing the
transition function of an MDP, and adding small Gaussian
noise to its entries. Starting with an environment (M), noise
is sampled and added to it to obtain a new MDP (M). We
refer to this approach as Noise Injection and the resulting
new MDPs as §-environments as in Fig. 1. Noise injection
introduces several non-standard transitions, which had zero
probability in the original MDP. Multiple such environments
can be created by sampling noise and the noise serves as a
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metric of distance between environments. This approach al-
lows us to create multiple worlds starting from the same MDP,
with quantitative control over the variations in the transition
probabilities. An increase in the standard deviation of the
Gaussian noise results in increasingly perturbed MDPs. We
report experiments with Noise Injection on multiple domains
across three ATARI games—PacMan, Pong, and Breakout.

To study policy transfer we define two agents: a Learnabil-
ity Agent (Ls) which is trained and tested on the same J-
environment (M), and a Generalization Agent (Gr) which
is trained on the original noise-free environment (M)
but tested on the d-environment (M ). Conventional wis-
dom suggests that the Learnability Agent should perform
better as it is trained and tested on the same environment.
However, our study across 60 MDPs built on ATARI games
reveals a surprising finding—there are several cases where the
Generalization Agent outperformed the Learnability Agent.
We confirmed that this finding extends beyond our setup
of noise injection and d-environments and also holds true
for game variations including varying the Ghost behavior in
PacMan, and Paddle behavior in Pong. We refer to these as
semantic variations in MDPs.

In conclusion, to better understand this phenomenon, we
analyzed the exploration patterns of the Learnability and Gen-
eralization Agents, and the corresponding policies learned by
them. Our analyses revealed that L5 agents outperformed G
agents, as expected from the literature, when G agents fail
to explore the same State-Action pairs as the L agents. In
contrast, when there were no large differences in their explo-
ration patterns, the performance of G aligned or exceeded
that of L; agent.

Preliminaries: Reinforcement Learning

Similarly to (Cederborg et al. 2015), our work considers Re-
inforcement Learning (RL) as a group of algorithms designed
to solve problems formulated as Markov Decision Processes
(MDPs). A Markov Decision Process is characterized by the
tuple (S, A, T, R, \), representing the collection of potential
world states (S), space of actions (.A), the transition function



ATARI Game Grid Variations Noise Injected Variations Semantic Variation Total
6 = 0 (No Noise) RandomGhost
PacMan v2,v3, v4 5 ~ N(0,0.1) FollowingGhost (p = 0.3,0.6) | 33
5 ~ N(0,0.5) TeleportingGhost (p = 0.5, 0.2)
6 = 0 (No Noise) RandomPaddle
Pon pl, p2 § ~ N(0,0.1) FollowingPaddle (p = 0.3,0.6) | 18
g § ~ N(0,0.5)
6 = 0 (No Noise)
bl, b2, b3 5 ~ N(0,0.1) - 9
Breakout 5 ~ N(0,0.5)

Table 1: Overview of experimental protocol. Our experiments include multiple variations of three ATARI games—PacMan,
Pong, and Breakout. For each game, we have multiple grid variations. When introducing variations in these grids with noise
injection, we report results for two levels of added noise—a low-noise setting: § ~ AN'(0,0.1), and a high-noise setting:
d ~ N(0,0.5). Furthermore, for each grid we introduce further variations by modifying the distribution of the stochastic game
element (ghost in PacMan, and the computer paddle in Pong). In all, we report results on 60 MDPs across these games.

(T : SxA — P(S)), the reward function (R : S x A — R),
and a discount factor (0 < v < 1). The objective is to iden-
tify policies (7 : & x A — R) that maximize cumulative
rewards.

Q-learning (Watkins and Dayan 1992) and SARSA (Kael-
bling, Littman, and Moore 1996) are two algorithms to learn
such policies. Both Q-Learning and SARSA algorithms up-
date the Q-values of state-action pairs, but they differ in their
approaches. Q-Learning focuses on the maximum expected
future rewards, and updates Q-values using the formula:

Qs,0)  Q(s,0) +a [+ ymax Q(s',a') — Q(s,a)
)]

where « is the learning rate, y is the discount factor, and
s,s',a,a’,r represent the current state, next state, current
action, next action, and immediate reward, respectively.

On the other hand, SARSA updates Q-values based on the
actual policy’s actions with the formula:

Q(s,a) « Q(s,a) + a[r +9Q(s",a) = Q(s,a)] ()

Here the update incorporates both immediate rewards and the
Q-value of the actual next action taken.

Agents must balance two critical aspects: exploration and
exploitation. Exploration involves trying potentially less opti-
mal actions to understand the environment better. Conversely,
exploitation means choosing actions known to yield high re-
wards. We report results with the Boltzmann and the e-greedy
exploration strategies. Boltzmann exploration determines the
probability of selecting an action as follows:

eQ(s,a)/7
Za’ eQ(S»a/)/T

The constant 7 is referred to as the temperature. On the
other hand, the e-greedy strategy is simpler and more direct—

the agent selects a random action with probability €, and the
action with the highest Q-value with probability 1 — e.

Pry(a) = 3)

Related Works

Generalization benchmarks in RL involve training and test-
ing across different subsets of tasks, levels, or environments.
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Recent years have seen several generalization benchmarks,
which include variations in the state space (Hafner 2021),
dynamics (Dulac-Arnold, Mankowitz, and Hester 2019), ob-
servation (Zhu et al. 2020), reward function (Bapst et al.
2019), and new game levels (Justesen et al. 2018), among
others. There has also been recent work investigating gener-
alization in Deep Reinforcement Learning (Zhu et al. 2023;
Packer et al. 2018; Cobbe et al. 2019; Lyle et al. 2022). Com-
bined, these tasks require explicit modeling of variations to
effectively assess generalization, highlighting the need for
robust evaluation protocols.

Contextual Markov Decision Processes (CMDP) provide
a formal structure for this, where environments are sampled
from a class of contexts, with agents trained on a subset
and tested on a disjoint subset. These contexts are generated
through two primary methods: Procedural Content Genera-
tion (PCG), which relies on a seed value for environment gen-
eration, and Controllable Environments (CE), which allow
for manipulation of individual components. The integration
of a suitable evaluation protocol with these contexts helps de-
fine the relationship between training and testing sets, which
can range from interpolation to full extrapolation. Some ex-
amples of benchmarks using these frameworks include the
OpenAlI Procgen benchmark (Cobbe et al. 2020) and the Dis-
tracting Control Suite (Stone et al. 2021) for PCG (Ahmed
et al. 2020) and RWRL (Dulac-Arnold, Mankowitz, and Hes-
ter 2019) for controllable environments. A major drawback
in these benchmarks is the lack of a clearly defined metric
for measuring how the distance between different contexts
affects agent performance.

To solve this issue we draw inspiration from work study-
ing generalization under controlled, quantifiable distribution
shifts in computer vision. These studies include shifts in
3D rotation (Mondal, Dulberg, and Cohen 2022; Madan
et al. 2023), category-viewpoint combinations (Madan et al.
2022a), incongruent scene context (Bomatter et al. 2021),
novel light and viewpoint combinations (Sakai et al. 2022),
object materials (Madan et al. 2022b) and texturess (Geirhos
et al. 2018; Michaelis et al. 2019), and non-canonical view-
points (Barbu et al. 2019), among others.



Generating MDPs for Investigating
Generalization

We created 60 different MDPs across three ATARI games
(PacMan, Pong, and Breakout) by varying grid layouts, distri-
butions defining the stochasticity of different game elements,
and modifying transition probabilities using Noise Injection
(Fig. 2 and Table. 1). Here we outline these variations.

Domains We implemented all three ATARI games from
scratch, building on the Berkeley PacMan Projects (DeNero,
Klein, and Abbeel 2014). PacMan was modelled as an MDP
characterized by the tuple (S, A, T, R, ).
State (s) and State Space (S): We represented a grid of
size M x N as a matrix of the same shape with the entries
corresponding to the game element occupying the position
in the grid—p (PacMan), g (Ghost), f (Food), w (Wall), or
e (Empty). The state space S refers to the set of all possible
states.
Action Space (A(s)): Set of legal actions PacMan could take
in state s. PacMan can move Left, Right, Up, or Down but not
enter walls. Thus, when the PacMan is at the top left position
the set of legal actions was only {Right, Down}.
Transition Matrix (7 (s;, a, s;)): Probability of moving to
state s; if the agent took action a at state s; (Fig. 2a).
Reward Function (R (s)): PacMan received +20 for eating
a food pellet, -1 for every time step, -200 when it was killed,
and +500 for finishing the game. (Cederborg et al. 2015).
Game Stochasticity: The motion of PacMan is
deterministic—a left action (if legal) will ensure that
PacMan moves left. However, ghosts move stochastically
according to a prefixed distribution. For instance, a Ran-
domGhost moves in all directions with equal probability
(accounting for walls). Thus, the game is nondeterministic.
MDPs for Pong and Breakout are defined analogously. For
additional details, please refer to Supplementary Section Do-
mains.

Noise Injection Variation: Generating New
Controlled Environments

We generate controlled variations of an original MDP by
explicitly computing its Transition Function and then adding
sampled noise to it.

Explicit enumeration of all states: States are defined by
the position of the game elements. The probability of transi-
tioning from one state to another is computed by multiplying
the probability that each game element is able to reach the
final configuration independently. Therefore, we visualize the
game as a tree, each state is a node, and the edges represent
the transition probabilities of the game elements indepen-
dently reaching their final configuration. By rolling out all
possible moves by each game elements at each step, we enu-
merate all possible reachable states.

Explicit computation of Transition Function: Once we
have all possible states, we can calculate the transition func-
tion, denoted as 7 (s;, a, s;). This function is determined by
calculating the probability of each game character moving
from one state to another independently.

Creating 0 —environments: We introduce variations in the
game environment by modifying the transition function to
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Ts = T + 6. Here, 6 is a variable that follows a normal
distribution, randomly chosen before each game to add un-
predictability (Fig. 2¢). The modified transition function, 7,
is then adjusted to make sure the total probability of moving
from any state s; using action a to any other state s; sums to
1.

_ |SIpij + i,
S|+ 325 6i5

|S| denotes the number of states, and guarantees the probabil-
ity of legal successors does not approach 0 as the state space
grows. We investigated two settings—(i) Low-Noise with
§ ~ N(0,0.1), where some non-standard transitions previ-
ously impossible without noise are now possible with a low
probability. (i) High-Noise with § ~ A/(0,0.5), where non-
standard transitions are possible with higher probability. We
further analyze minimum N(0, 0), and maximum A/(0, 1)
perturbation settings in the Supplement Sec. Perturbation
Bounds.

7:5(53'7@,51') (4)

Experimental Details

We compared the mean reward curve of Learnability and
Generalization agents. An agent G is said to generalize well
with respect to Mg, if its mean reward is as good as the
corresponding Learnability agent L.

Agents are trained with both tabular Q-Learning (Watkins
and Dayan 1992) and SARSA Q-learning (Kaelbling,
Littman, and Moore 1996), using Boltzmann or e-greedy
exploration strategies. In particular, we trained agents for
1,000 episodes and averaged results over 500 trained agents.
After every 10 training episodes, agents were evaluated us-
ing 10 testing episodes. We report the mean reward curves
at convergence. Hyperparameters were inherited from past
work (Cederborg et al. 2015) and are available in the Supple-
ment in Sec. Training Parameters. We extended the analysis
to DQN (Cobbe et al. 2019) and reported the results in the
Supplement in Sec. DQN. The experiments were conducted
on a system with an Intel(R) Xeon(R) CPU E5-2683 v4 @
2.10GHz.

Results

We report findings from the Generalization and Learnability
agents trained with the multiple variations of PacMan, Pong,
and Breakout as described in Sec. Generating MDPs for
investigating generalization and Table 1.

Generalization Agents Can Outperform
Learnability Agents in Several Instances of the
Indoor-Training Effect

The mean reward increased with training, as expected,
(Fig. 3a), both for the Generalization agent (red) and for
the Learnability agent (green). Also, as intuitively expected,
both agents performed better under low-noise conditions
(solid lines) compared to high-noise conditions (lines with
’—> markers). Less intuitive was the relationship between
Generalization and Learnability agents. Intriguingly, the Gen-
eralization agent consistently outperformed the Learnability
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Figure 3: Generalization agents can outperform Learnability
agents. Results for PacMan v4 grid with a RandomGhost
reporting mean reward as a function of episode number. (a)
SARSA agent trained with a Boltzmann exploration strategy
for Target MDPs generated with both high (solid line) and
low (line with ‘x’ markers) level noise injection. The Gen-
eralization Agent (red) beats the Learnability Agent (green)
(two-sided t-test, p<0.001). (b) The same result holds for a
SARSA agent trained with the e—greedy exploration strategy.
This finding also holds for Q-Learning agents trained with (c)
Boltzmann and (d) e—greedy exploration strategies. Standard
deviation across the 500 agents is reported as the error bar in
all figures. However, the standard deviation is too small for
these error bars to be visible.

agent (two-sided t-test, p<<0.001). This gap continued until
convergence at 1,000 episodes, was observed both across
low and high noise levels (solid lines versus -’ lines), when
using a Boltzmann strategy (Fig. 3a, c) or an e—greedy strat-
egy (Fig. 3b, d), and when using SARSA agents (Fig. 3a, b)
or Q-Learning agents (Fig. 3¢, d). Another metric commonly
used to assess performance is the Area Under the Curve
(AUC). We compute the ratio between the learnability and
generalization agents’ AUC and normalize it using regret.
(see Supp. Sec. Regret Normalization).

To assess whether this observation was dependent on the
target MDP, we replicated these findings on multiple PacMan
grids and noise variations (Fig. 4). In Fig. 4, the Generaliza-
tion agents beat the Learnability agents, for both low and
high levels of noise (see Supp. Sec. Additional Graphs
Non-Semantic Variations: Figs. Sup3- Sup5 for Boltzmann
strategy and Q-learning results).

We also extended these findings to two additional ATARI
games, Pong Fig. Supl and Breakout Fig. Sup2, to assess
their applicability across different games (Fig. 5). Consistent
with the results described for Pacman, the Generalization
agent was on par with or better than the Learnability agent
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Figure 4: Generalization can outperform Learnability across
multiple variations of PacMan. Format and conventions as in
Fig. 3. Agents trained on v2, v3 and v4 with a Directional-
Ghost with p = 0.3 and p = 0.6. All experiments are shown
for SARSA agents trained with the e—greedy exploration
strategy. Generalization agents consistently beat Learnability
Agents (two-sided t-test, p<0.001).

in Pong Fig. 5a,b) and Breakout Fig. 5c,d) (two-sided t-test,
p<0.001; see Figs. Sup6- Sup12 for results with Q-Learning,
Sarsa and different sampling strategies).

In sum, there exist several MDPs where it is better to train
on a different MDP than the target. These results provide
novel intriguing evidence suggesting that training on a dif-
ferent MDP can enable more efficient policy learning than
training on the target environment.

Instances of the Indoor-Training Effect in Semantic
Variations of ATARI Games

The results presented so far focused on altered MDPs gen-
erated by noise injection. Next, we evaluated semantic vari-
ations, where the changes are more meaningful and inter-
pretable. Specifically, we modified the transition probabili-
ties of Pacman so that ghosts could teleport to new locations,
and Pong so that the paddle could follow the ball. We refer
to these alternate semantic environments as M (semantic
noise), in contrast to M used for noise injection.

For PacMan, Learnability agents were trained and tested
using TeleportingGhosts (M), while the Generalization
agents were trained with PacMan with RandomGhosts (M)
and then tested on TeleportingGhosts (M) (Fig. 6a, b, Supp.
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Figure 5: Generalization agents outperform Learnability
agents on Pong and Breakout as well. Format and conven-
tions as in Fig. 3. Performance of SARSA agents trained with
an e—greedy exploration strategy on (a) Pong pl grid, (b)
Pong p2 grid, (c) Breakout b1 grid, and (d) Breakout b2 grid.
The Generalization Agent consistently beats the Learnability
Agent (two-sided t-test, p<0.001).

Sec. Additional Graphs Non-Semantic Variations). Even
under these semantic noise conditions, Generalization agents
outperformed Learnability agents (two-sided t-test, p<<0.001;
see Figs. Sup13-Supl5 for results with Q-Learning, Sarsa
and different sampling strategies). In the case of Pong, we
report analogous results with M- set to FollowingPaddle,
and M set to RandomPaddle. Generalization agents also
outperformed Learnability agents (by a smaller margin) in
both the pl and p2 grids (Fig. 6¢,d). Analogous results for
Pong with Q-Learning and other exploration strategies are
reported in Figs. Sup16- Sup23.

The Exploration Patterns of State-Action Pairs Can
Predict Differences Between Generalization and
Learning Agents

To better understand how Generalization agents could out-
perform Learnability agents, we investigated the exploration
patterns for L5 and Gr. We enumerated all State (S)-Action
(A) Pairs, and divided them into three groups—(i) Percentage
of §-A pairs explored by both agents (Pr¢), (ii) Percentage
of pairs explored only by the Learnability agent (Pr), and
(iii) Percentage of pairs explored only by the Generaliza-
tion agent (Pg). Thus, Pr¢ + Pr, + Pg = 100. We defined
Dre = P, + Pg, the divergence in the exploration patterns
between these two agents.

In Fig. 7 we visualize Dy for grids where G outper-
formed L5 agents and compare it to cases where it did not.
Fig. 7a shows an agent trained with Q-Learning and Boltz-
mann exploration strategy for the Pacman v3 grid with Ran-
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Figure 6: Generalization agents outperform Learnability
agents on semantic variations of PacMan and Pong as well.
Format and conventions as in Fig. 3. (a) Given the target Pac-
Man MDP with the v2 grid and TeleportingGhost, the Gen-
eralization trained on the RandomGhost outperformed the
Learnability agent that was trained and tested on the same Tar-
get MDP (TeleportingGhost) (two-sided t-test, p<<0.001). (b)
This finding extends to TeleportingGhost and RandomGhost
MDPs with the PacMan v3 Grid as well. (c) For the Pong p1
grid, Generalization agents trained on an MDP with Direc-
tionalPaddle performed better on the RandomPaddle MDP
during testing, as compared to the Learnability Agent trained
and tested on the RandomPaddle MDP. (d) The same finding
extends to the p2 grid as well.

domGhost stochasticity, where G beat the L5 agent. The
corresponding panel Fig. 7b depicts D, —each entry of this
grid represents an S-A pair. We refer to this plot as the explo-
ration grid for these agents. The exploration grid shows that
most S-A pairs were explored by both agents, with almost
no pairs explored only by one type of agent and therefore no
significant differences in their exploration patterns. In con-
trast, Fig. 7c, d report S-A pairs for PacMan v2, here the G
agent performs worse than the L5 agent. The exploration grid
reveals that there is a high fraction of S-A pairs explored
either by one or the other agent but not both.

We grouped all the cases where L5 > Gr ( Fig. 7e, brown)
and all the cases where £; < Gr ( Fig. 7e, gray) and com-
puted Dy . On average, Dy was significantly higher in
MDPs where L5 > Gr (two-sided t-test, p < 0.05). The
same result holds true for Pong MDPs as reported in Fig. 7f.
Exploration grids and additional results for variations of Pac-
Man (Sup25-Sup32), Pong (Sup33-Sup40), and Breakout
(Sup41-Sup44) can be found in the Supplement in Sec. Ad-
ditional Graphs State-Action Pairs. Instead of grouping
MDPs, we also conducted a correlation analysis. We defined
the Reward Gap: Ry = Rg — Rr. The Spearman correla-
tion coefficient between Dy and Ry was 0.43 (p < 0.005)
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Figure 7: The exploration patterns predict the reward gap
between Ls and Gr. (a) Reward for agents trained on Pac-
man v3, where G outperforms Ls (format as in Fig. 3). (b)
Exploration grid visualizing the difference in State-Action
(S-A) pairs explored by these agents (D). The grid shows
Sates on the x-axis and Actions on the y-axis. The black
lines separate the Actions for clarity. Each cell corresponds
to one S-A pair. In this case, a negligible fraction of S-A
pairs were visited only by one agent (pink). (c) Rewards for
agents trained on PacMan v3. Here, G performs worse than
L at the end of training. (d) A large fraction of pairs were
only visited by either one or the other agent but not both
(contrast with part (b)). (e) D¢ averaged over PacMan grids
where G outperformed Lj (gray) and vice-versa (brown)
(f) D averaged over Pong grids. The "*" is for statistical
significance (two-sided t-test, p<0.001).

for PacMan and 0.26 (p < 0.005) for Pong. Combined, these
analyses show that the Indoor-Training Effect is associated
with similar exploration patterns in the training and testing
environments.

Discussion

In this work, our objective is to understand the paradoxical
Indoor-Training Effect - where agents perform better when
trained in a noise-free environment and tested in noisy §-
environments, compared to being trained and tested in the
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same §-environments. Similarly to how training in a quiet,
noise-free indoor environment helps athletes focus on master-
ing the fundamentals of tennis, we explore whether training
in certain environments is more conducive to learning than
training on the same testing environment.

To investigate this, we propose a new methodology to
generate modified MDPs from a given MDP, along with a
metric to quantify the distance between different environ-
ments. We demonstrate the Indoor-Training Effect across
various algorithms and exploration strategies (Fig. 3), grid
layouts and game stochasticity (Fig. 4), and multiple ATARI
games (Fig. 5). We also showed that this phenomenon extends
beyond Noise Injected environments, and can also occur
when semantic changes are introduced in the game elements
(Fig. 6).

To gain deeper insights into these environments, we exam-
ine the exploration patterns of agents under different transi-
tion probabilities. Similarly to a tennis player who has never
encountered a smash serve during their training and develops
an optimal playing style that does not anticipate or respond
to such powerful shots, the suboptimal performance of the
agents could be caused by a divergence in exploration pat-
terns. We show that the performance gap between agents
is indeed correlated with their exploration patterns under
different transition probabilities (Fig. 7).

The Indoor-Training Effect is particularly relevant to
robotics, where robots often operate in complex, dynamic en-
vironments. The Indoor-Training Effect opens new avenues
of research, whereby robotic systems could be trained in sim-
plified, controlled settings to master essential skills without
the interference of noise. This finding could also enhance
their ability to adapt and perform in real-world conditions
where unpredictability and noise are prevalent. Such training
strategies could lead to more robust, adaptable robots capable
of navigating and executing tasks effectively in diverse and
challenging environments.

We note that these findings are reminiscent of results with
biological agents. For example, recent experiments with the C.
Elegans worm have shown that biological agents perform best
when cross-trained on different environments as compared
to being tested on the environments they were trained on (Li,
Kreiman, and Ramanathan 2024).

Despite the evidence provided in this study, we would like
to highlight two main limitations. Firstly, our experiments
were conducted solely in the context of ATARI games. We
hope that future research can extend and examine the findings
in real-world environments. Secondly, it will be interesting
to assess whether the conclusions drawn from classical Rein-
forcement Learning methods extend to deep RL approaches.

These findings raise fundamental questions about our un-
derstanding of RL algorithms. Typically, RL practitioners
have strived to train agents in environments that closely re-
semble their deployment conditions. This approach assumes
that matching the training and testing environments is criti-
cal for optimal performance. However, the Indoor-Training
Effect challenges this assumption by showing that agents
trained in noise-free environments can sometimes outper-
form those trained in more chaotic, realistic settings when
faced with noisy, unpredictable scenarios during testing.
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