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ABSTRACT

Reinforcement learning (RL) has enabled major advances in fields
such as robotics and natural language processing. A key challenge
in RL is measuring task complexity, which is essential for creating
meaningful benchmarks and designing effective curricula. While
there are numerous well-established metrics for assessing task com-
plexity in tabular settings, relatively few exist in non-tabular do-
mains. These include (i) Statistical analysis of the performance
of random policies via Random Weight Guessing (RWG), and (ii)
information-theoretic metrics Policy Information Capacity (PIC)
and Policy-Optimal Information Capacity (POIC), which are reliant
on RWG. In this paper, we evaluate these methods using progres-
sively difficult robotic manipulation setups, with known relative
complexity, with both dense and sparse reward formulations. Our
empirical results reveal that measuring complexity is still nuanced.
Specifically, under the same reward formulation, PIC suggests that
a two-link robotic arm setup is easier than a single-link setup —
which contradicts the robotic control and empirical RL perspective
whereby the two-link setup is inherently more complex. Likewise,
for the same setup, POIC estimates that tasks with sparse rewards
are easier than those with dense rewards. Thus, we show that both
PIC and POIC contradict typical understanding and empirical re-
sults from RL. These findings highlight the need to move beyond
RWG-based metrics towards better metrics that can more reliably
capture task complexity in non-tabular RL with our task framework
as a starting point.
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1 INTRODUCTION

Reinforcement Learning (RL) is a framework formulated to tackle
sequential decision-making problems, which are at the heart of
autonomous agents [42]. It has demonstrated remarkable success
in constructing decision-making agents across various domains,
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including games [29, 52], robotics [28, 57] and energy systems [47,
61], amongst others. Novel RL algorithms are continually being
developed to tackle increasingly complex real-world problems.

To evaluate progress, researchers employ a variety of RL bench-
marks [6, 44, 56] — collections of tasks designed with varying levels
of difficulty — to assess and compare algorithms [43]. When propos-
ing a new method, it is standard practice to use such benchmarks
to characterise its capabilities relative to existing approaches by
measuring performance across tasks and examining how results
scale with increasing difficulty. In addition, researchers also often
leverage curriculum learning, where agents are trained on a se-
quence of progressively more difficult tasks to enable intermediate
learning and gradual skills acquisition [40]. This approach has been
shown to improve both learning and generalisability [12, 30, 46],
with agents trained using curricula typically outperforming those
trained directly on the most difficult tasks [7, 30, 40].

Measuring task difficulty is essential in both benchmarks and
curriculum learning. In benchmarks, it ensures that tasks span a
broad spectrum of challenges, providing comprehensive coverage
that avoids sets that are uniformly trivial or overly difficult and
thereby enables a more rigorous evaluation of algorithms’ capa-
bilities [21, 46]. In curriculum learning, by contrast, task difficulty
supports the structured ranking of tasks, allowing agents to en-
counter them in a progression that reflects their true hardness [39].

RL tasks are commonly divided into tabular and non-tabular
settings. Tabular RL assumes small, finite state-action spaces that
can be explicitly enumerated, as in grid-world or bandit problems.
Non-tabular RL, by contrast, involves large or continuous state-
action spaces, typical of robotics control, autonomous driving, or en-
ergy management [22, 25, 33, 47]. While there are well-established
metrics of task difficulty in tabular settings [1, 13], a unified task
complexity framework for non-tabular tasks is lacking [13], largely
since existing approaches rely on heuristics, make restrictive as-
sumptions, or are computationally intractable [13, 14].

Nevertheless, two notable approaches have been proposed to
broadly analyse task complexity in non-tabular domains. Both are
based on the Random Weight Guessing (RWG) [48] process, in
which untrained policies — initialised with random weights — are
executed within tasks and their cumulative rewards (returns) are
measured [43]. The first approach employs statistical analysis of
the resulting return distributions to assess task difficulty [43]. The
second approach adopts an information-theoretic perspective [36],
introducing two metrics: Policy Information Capacity (PIC) and
Policy-Optimal Information Capacity (POIC) [25].

PIC quantifies the mutual information between the policy weights
(parameters) and the returns. In contrast, POIC measures the mu-
tual information between the policy parameters and an optimality
variable, which indicates whether the agent behaves optimally
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throughout the episode [25]. A higher PIC value reflects a stronger
dependence of returns on the random policy parameters, suggesting
that the policy exerts a greater influence on performance and that
the task is therefore easier. Similarly, high POIC values indicate that
finding an optimal policy is relatively straightforward. Conversely,
lower PIC and POIC values are associated with more difficult tasks.

While the statistical approach provides a relative measure of task
complexity — indicating, for instance, that one task is more difficult
than another based on the return statistics of randomly sampled
policies — it does not quantify how much harder one task is com-
pared to another. This limitation is addressed by the information-
theoretic approach through the PIC and POIC metrics, which offer
quantitative measures of relative task complexity.

In this work, we demonstrate that, despite the information-
theoretic approach providing a more quantitative characterisation
of relative task complexity, the resulting measures can be mislead-
ing in certain cases. Using tasks with known relative complexity
relationships, we show that PIC and POIC can incorrectly capture
task hardness. These tasks consist of simple robotic manipulation
environments, 1-link and 2-link manipulators with one and two
degrees of freedom (DoF) respectively — where the objective is
to control a robotic arm to reach specified target positions. Two
reward formulations are considered: a dense formulation, which
provides incremental rewards as the arm approaches the target,
and a sparse formulation, which provides a non-negative reward
only upon reaching the target. In our experiments, both PIC and
POIC produced results that contradict expectations — indicating,
for instance, that the 2-link manipulator task is easier than the
I-link manipulator task under the same reward formulation, or that
it is easier to find optimal policies in a sparse-reward setting than
in a dense-reward one. These outcomes suggest that the PIC and
POIC metrics may not be reliable indicators of task complexity, and
that the question of reliable metrics remains open. We speculate
that the inconsistencies of these metrics could be attributed to their
reliance on the RWG process, which is known to be ineffective
for tasks with sparse solution regions in the weight (parameter)
space [48]. Our contributions are threefold:

e We propose a framework for assessing task complexity metrics,
achieved by using environments and reward formulations of
known relative complexity. Specifically, we employ structurally
comparable robotic manipulation environments evaluated under
different reward formulations.

Using this framework, we show that PIC and POIC yield results
that contradict these known complexity relationships, suggesting
that these metrics do not remain valid in certain task settings.

e We highlight the need for continued research into developing

more reliable and interpretable measures of task complexity.

The remainder of this paper is organised as follows. We briefly
outline the methods used to assess task complexity — i.e. statistical
analysis of return distributions of random policies, and PIC and
POIC — in Section 2. Following this, we explicate the complexity
of manipulation tasks in Section 3. Then, we present the results
of task complexity analysis using the aforementioned methods on
manipulation tasks in Section 4. Finally, we discuss the limitations
of these task complexity metrics in Section 5.
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2 TASK COMPLEXITY QUANTIFICATION
FRAMEWORKS

In this section, we review the process used to determine the return
statistics of random policies obtained through RWG, and the PIC
and POIC task complexity metrics. Henceforth, we use the term
return interchangeably with performance.

2.1 RWG and Statistical Analysis

The use of RWG, along with statistical analysis of performance, for
analysing RL task complexity was introduced in [43]. In this method,
a policy model is represented by a neural network architecture.
The model’s parameters are randomly sampled at the beginning
of each run and remain fixed thereafter. The untrained policy is
then executed within the environment, and the resulting episodic
rewards are recorded — as outlined in Algorithm 1.

Algorithm 1: Task Evaluation with RWG
Input: Prior distribution of parameters p(6) = N(0,1),
Number of samples N, Number of episodes M.
Output: episodic cumulative reward S, .
1 Initialize environment;

2 Create array S, . of size N X M;
3 forn=1,2...,Ndo

4 Sample weights 0, ~ p(0);
5 fore=1,2,....Mdo

6 Reset the environment;
7 Run episode with 6,;
8 Store cumulative episode reward in S, ¢;

The prior distribution of parameters p(6) is a multivariate nor-
mal distribution A (0, 1), where I € R?*? is an identity matrix over
weight vectors 8, € R%. N is the number of parameter sets of the
policy model, i.e. number of (random) policies. M is the number of
episodes per run. Performance of each policy indexed by n is aggre-
gated by computing the mean M, and variance V}, of the cumulative
rewards over its trial set of episodes, using [43]:

M
1
Mn = = Sn,e (1)
W2
1 M
_ _ 2
Vo= g ;(sn,e My) @

where S, . is the episodic cumulative reward (i.e. performance sam-
ple) for the " episode of the n'" policy. For a given task environ-
ment, the aggregate performance of the policies is showcased in
three plots:

(1) Log-scale histogram of M,
(2) Mean performance M, vs rank R,
(3) Performance variance V,, vs mean performance M,

where rank R, sorts the policies according to performance, with 1
denoting the policy with the lowest mean performance and larger
values representing policies with higher mean performances. If two
policies rank the same, then the tie is broken by ranking them in
the order in which their weights were sampled.
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2.2 PIC and POIC

Mutual information is a quantity that measures the dependency
between two random variables [17, 36]. Unlike the correlation co-
efficient, it is not limited to only linear relationships but can also
describe nonlinear ones [36]. PIC is the mutual information be-
tween the policy model parameters and the corresponding episodic
cumulative rewards (i.e. return samples). It is given by [25],

T(R;0) =H(R) —Ey(o) [H(RIO = 0)] ©)
where H (+) is Shannon entropy, R is the episodic cumulative reward
random variable, and © is the random variable of policy model
parameters. Intuitively, if the parameters © do not tightly determine
R (i.e. have little effect on the reward signal), then the first term
and second term in Equation 3 will be approximately equal. That
is, H(R) =~ E,(9)[H(R|® = 0)] and hence PIC = 0. In that case,
the task is relatively hard and therefore, PIC — 0 as tasks become
harder.

POIC is the mutual information between the policy model param-
eters and the optimality variable. An optimality variable represents
whether the agent behaves optimally during the entire episode [25].
For instance, when POIC is expressed as [25],

1(0;0) = H(0) — Ep(9)[H(O|® = 0)] 4)
O is the optimality variable which O = 1 when the agent behaves
optimally during the episode, and O = 0 otherwise. If parameters
© have significant effect on the agent’s optimal performance, then
the difference between the first and second terms in Equation 4 will
be large. This would highlight the ease of acting optimally in the
task.

Note that PIC and POIC are aligned. They respectively represent
the influence of the policy model parameters © on rewards and
optimal behaviour. Furthermore, they can be viewed as the remain-
ing randomness in rewards or optimality after accounting for the
randomness caused by the parameters ©. The residual randomness
reflects variability inherent to the environment. Both PIC and POIC
make use of performance samples generated via Algorithm 1. In
practice, PIC and POIC are empirically estimated by discretising the
return distribution p(R) and each conditional distribution p(R|6;)
into B identical bins, as follows — starting with PIC [25]:

IT(R0)=—

M

P(Ry) log(p(Ry))

<
I

v )
DU 5(Ry16n) log(p(Ry10))

b=1

z| -

+

—_

n=

where N is the number of random policies and p(Rp) estimates a
portion of return samples in bin b with respect to the total number
of return samples. For a given 6,, the fraction of return samples in
bin b relative to all return samples is p(Rp|0,). POIC is estimated
using [25]:

7(050) = —pylog(pr) — (1 - py) log(1 - py)
N
+ 5 D [ log(Pia) + (1 = pia) log(1 = pia)]

n=1

(6)
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where p; = p(0 = 1) » £ 3N p1, and pin, = p(O = 1]6,) »
Sn,e_smax

ﬁ Zfevil exp ( p)
and Spax = max[Spe, S*], where S* is the episodic cumulative
reward of an optimal policy 7*. Minimum and maximum values in
the return samples are set as limits and divided into B equal parts
for the calculations.

We now consider the complexity of robotic reaching tasks that
we will use to evaluate the task complexity metrics presented in
this section.

). Note that A is a temperature parameter

3 COMPLEXITY OF ROBOTIC REACHING
TASKS

Robot manipulation is a classic problem that has been studied rig-
orously in control theory [35, 50]. Within manipulation, reaching
tasks are defined by the objective of moving the end-effector to
desired positions. We consider such tasks along with fully actu-
ated serial manipulators shown in Figure 1, where the motion of
each joint is directly controllable. A manipulator with n number of
links or joints, often referred to as an n-link arm, has the dynamic
model [16]:

M(Q)g+C(q.9)q+G(q) +F(@) +J (@ n=1 )

where ¢q,¢,§ € R" are joint position, velocity and acceleration

2-link arm

1-link arm

Figure 1: Illustration of manipulators.

vectors, respectively. 7 € R" is actuator joint torque vector, M(q) €
R™" is inertia matrix, C(g,§)¢ € R" is Coriolis and centrifugal
vector, G(q) € R" is gravity vector, and F(¢) € R” is friction
torque. J(q)7 is the transpose of the Jacobian matrix that relates
1 € R® forces at the end-effector to joint torques.

Note that a fully actuated n-link arm has n degrees-of-freedom
(DoF), i.e. n-DoF. Higher n-DoF enable agile, precise and energy-
efficient robot motions [37], but consist of larger state-action space
dimensionality. This leads to more complex dynamics [15] that
contribute to the task complexity [27]. For instance, as n increases
the system characteristics are impacted as follows:

(1) The number of coupled terms in M(q), C(q, ), F(¢) and G(q)
increases [37]. This means the robot dynamics become highly non-
linear and more complex, resulting in unpredictable behaviour
under perturbations [49, 53].

(2) The coordination of multiple joints becomes more intricate and
necessary to avoid factors such as link collisions, joint limits and
singularity [10, 38, 51]. This means controlling the system becomes
more difficult.

(3) The ability of the robot to move in arbitrary directions, called
manipulability, increases [31, 58, 62]. This means the set of possible
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target positions for the end-effector grows. This comes with high
computational control effort [38], since the algorithms are burdened
with learning more target positions.

Solving Equation 7 to compute joint motion requires algorithm
complexity of O(n) [24]. This illustrates how the computational
costs of the dynamics scale with n-DoF. In general, it can be declared
that controlling an n+1-link manipulator is inherently more difficult
than controlling an n-link manipulator. In summary,

C(n-link manipulator) < C(n+I-link manipulator) (8)
where C(-) denotes the hardness of controlling the system. Al-
though Equation 8 is not quantitative, it is useful for sanity check.
In the next section, ranking of tasks via Equation 8 will be compared
with those provided by the earlier task complexity metrics.

4 EXPERIMENTAL EVALUATION

In this section, the methods described in Section 2 are evaluated
in a class of reaching tasks!. The purpose of the experiments is to
answer the following questions: (1) Can the statistical analysis of
the performance of random policies and PIC/POIC effectively capture
the task complexity of reaching tasks? (2) Do task difficulty levels
ranked by PIC/POIC align with the ranking suggested by Equation 8?

Section 4.1 describes the experimental setup, while Section 4.2 in-
troduces the task framework used for assessing the accuracy of the
task complexity metrics. In Section 4.3, we train RL agents on the
tasks defined within this framework and use their performance to
verify the tasks’ complexity. The resulting measures are then com-
pared with known complexity rankings from robotics. Section 4.4
examines the limitations of the task complexity metrics, showing
that PIC and POIC can inaccurately measure task complexity.

4.1 Experimental Setup

We employ manipulators shown in Figure 1 in six task settings (dis-
cussed in Section 4.2). For each task, both the end-effector and its
target position are randomly initialised at the start of each episode.
This is a good training practice that prevents environment overfit-
ting when training RL agents [60]. Friction is ignored, states are
assumed to be fully observable, and the arms are operated on a
horizontal plane; hence, the effects of gravity are not considered.
The arm configurations are evaluated on dense- and sparse-
rewards. In dense-reward settings, the reward function is

©)

r = —wi||Pee - Pg”% - 0)2”‘10”0””3

where [w1, w2] = [1,1] are distance and control weights. P, and
P, are respectively end-effector and target/goal positions. In sparse-
reward settings, r = 0 when the end-effector is within the threshold
distance from target (< 0.05 meters), otherwise r = —1. All the tasks
have a maximum of 50 steps per episode, 500 training episodes and
N =10 samples (i.e. random policies). To match the experimental
setup in [25], the policy network consists of 2 hidden layers with
32 neurons each and the number of discretisation bins B = 10°.

!Code and Supplementary material are available at: https://github.com/nkhumise-
rea/task_complexity.git
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4.2 Tasks framework

Our framework consists of six tasks that include three arm setups,
each with dense- and sparse-rewards. The arm setups include: (1)
1-link arm with link length L = 1.00 meter, (2) I-link arm with
link length L = 1.65 meters, and (3) 2-link arm with link lengths
L; =0.95 and L, = 0.70 meters. We ensured that the link lengths
of 2-link arm sum to 1.65 m, to have the same total length as the
1-link arm in (2) above. This makes these two arms (2) and (3) have
equivalent magnitude of error at the end-effector, leading to rewards
that can be directly comparable, while varying in complexity only
due to the number of links/joints.

The error in the end-effector arises from the errors in the arm
joint angles being amplified by the link lengths, which results in
higher positional errors at the end-effector for longer link lengths,
as captured by (for small errors):

51l = (10)

Dk (0)86
k=1

n
<e Z il;
2 i=1

where dx is error at the end-effector, §6 is angle error of the k—th
joint, and Ji (0) is the k—th column of the Jacobian matrix. n is the
number of DoF, while /; is the i—th link on the arm. € is the worst-
case joint error, i.e. [00k| < e fork =1,---,n (see Supplementary
material' for details on Equation 10). Generally, tasks with higher
error rates present greater learning challenges for RL algorithms,
thus resulting in reduced rewards or longer learning time [23, 59].

We selected the three arm configurations to study independently
the effects of altering link lengths and number of joints. This sim-
plifies task comparison and ensures task structural homogeneity.
Following Equation 8, we expect I-link arm tasks to be easier than
the 2-link arm task under the same reward formulation. From Equa-
tion 10, we expect the I-link arm task with a shorter link length
to be easier than the I-link arm task with a longer link length.
Additionally, we expect consistency with RL literature [5, 45, 55],
where tasks in dense-reward settings are easier than those in sparse-
reward settings.

Importance of structurally similar tasks. Compared to most
RL benchmarks, often the tasks are varied (as they should) but
not structurally related [6, 21], e.g. Cartpole and MountainCar in
OpenAl Gym [9]. As such, most benchmarks can be unsuitable
for reliably assessing new task complexity methods. To ensure
meaningful validation, methods should first be evaluated on families
of closely related tasks with known relative complexity (such as
our setup). This enables sanity checking, clearer interpretation of
results, and easier characterisation of the proposed methods prior
to applying them to large heterogeneous benchmarks.

We start by comparing learning curves across our task frame-
work for a baseline algorithm, to confirm if these match our expec-
tations.

4.3 Reinforcement Learning of Tasks

We compare learning curves of a state-of-the-art algorithm Soft
Actor Critic (SAC) [26] across the tasks in our task framework.
Studying how the algorithm performs during training provides us
with information about convergence, such as the optimal return and
convergence time for the tasks. The learning curves are presented
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Figure 2: Learning curves of SAC algorithm across the six tasks. The left panel depicts agent performance in dense-reward
settings, while the right panel is in sparse-reward settings. To accommodate wide and varying ranges of steps, results are
plotted on a logarithmic scale to enhance interpretability. In the 2-link arm with sparse rewards, SAC results are presented
with HER [5] augmentation (SAC+HER) and without it. The results are obtained via evaluation of each task over 5 runs.

in Figure 2. Details about the SAC architecture and its hyperparam-
eters are provided in the Supplementary material®. Note that the
same network model for SAC was employed in all the tasks.

Dense-reward settings. We note in Figure 2 that I1-link arm
with link length L = 1.0 m converges faster and to a higher return
than 1-link arm with link length L = 1.65 m. Similarly, in the 1-link
arm with link length L = 1.65 m, the agent converges faster than
in the 2-link arm task. This highlights the order of tasks based on
their hardness (from easiest to hardest) to be 1-link arm (L = 1 m),
1-link arm (L = 1.65 m) and 2-link arm. This is consistent with our
expectations as supported by Equations 8 and 10.

Sparse-reward settings. In Figure 2, we see that pure SAC is
unable to solve the 2-link arm task, showing that 2-link arm task is
harder than the 1-link arm tasks, aligning with Equation 8. Even
SAC augmented with Hindsight Experience Replay (HER) [5] takes
significantly longer to converge in the 2-link arm task compared
with 1-link arm tasks. Further, SAC converges faster in the 1-link
arm (L = 1 m) task than in I-link arm (L = 1.65 m) task. The
ordering of these three arms is consistent with our expectations, in
this sparse-reward settings as well.

Dense-reward vs Sparse-reward settings. By comparing the
dense- and sparse-reward settings, we observe that the algorithm
converges quicker in dense-reward settings than in sparse-reward
settings. Furthermore, SAC performance is noisier in the sparse-
reward settings than its counterpart. This coincides with intuition
that tasks with dense rewards are easier than with sparse rewards.

REMARK 1. In our settings, SAC(+HER) could solve the tasks (veri-
fied by demonstrations). However, in general, algorithms may fail to
solve tasks or perform optimally. This restricts the usage of learning
curves in assessing task complexity.

In the subsequent section, we compare methods introduced in
Section 2 for quantifying task complexity. These methods are inde-
pendent of specific RL algorithms.

4.4 Task Complexity Analysis

In this section, we categorise our results into examining how task
complexity is influenced by a) link length, b) number of DoF, and c)
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reward formulation. We compare measures of task complexity be-
ginning with statistical analysis of performance, and then following
with PIC and POIC.

(I) STATISTICAL ANALYSIS OF PERFORMANCE. To carry out this
analysis, we used Algorithm 1 to capture the cumulative rewards
(returns or performance) of N = 10* randomly sampled policies
via RWG [43]. The performance was then aggregated into mean
M, and variance V}, using Equations 1 and 2. We visualise the ag-
gregated performance in three plots: mean performance histograms
(Log-scale histogram of M,), mean performance curve (M, vs R,
plot), and variance distribution (\/V,, vs M,, plot). Note that R, is
rank, from lowest to highest mean performance.

Figure 3 presents the performance plots, where the left, middle
and right columns, respectively, depict the mean performance his-
tograms, mean performance curves, and variance distributions. We
normalised the mean M,, and variance V}, in each task to avoid scale-
induced bias and ensure commensurability of performance [2, 11].
We used min-max scaling [36],

, _ x—min[x]
* T max [x] = min [x]

where x is the variable being scaled.

Overall description. We notice in Figure 3 that the histograms
(across the tasks) have an overall shape that approximates a Gauss-
ian distribution that does not span the entire range of mean scores.
The performance curves (black curves) have smooth slopes without
jumps, and the variance distributions mostly reveal that perfor-
mance consistency is not uniform across the mean score range. We
discuss the plots in detail below.

L=1.0vs L = 1.65m (1-link, dense-rewards). In dense-reward
settings for 1-link arms, where one has L = 1 m and the other has
L =1.65 m, we make the following observations,

Mean Performance histograms: In both tasks, no single random
policy achieved mean performance M,, near the maximum return.
This exhibits that the tasks are not trivial [43]. The performance
distributions in both arms are similar. This shows that the tasks
are structurally equivalent. This aligns with intuition, as the link
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Figure 3: Performance distribution plots for the tasks: (a) 1-link (L=1.0m), (b) 1-link (L=1.65m), (c) 2-link arms with dense
rewards, and (d) 2-link arm with sparse rewards. The left column shows a histogram of mean performances of the random
policies (Log-scale histogram of M,). The middle column depicts mean performance curves in black, i.e. mean performance
M, vs rank R,. Moreover, all the cumulative rewards of the policies S, , . across the trials are represented by red dots (behind
the black curve), where a represents the neural network architecture (same for all panels). The right column displays plots of
standard deviation vV, vs mean performance M, (often referred to as variance distribution). The plots were made using 10*

random policies.

lengths impacts reward scales (see Figure 2), but do not alter the
task structure, as seen after normalisation of rewards.
Performance curves: Interestingly in both tasks, the random
policies managed to attain episodic cumulative rewards S, . that
are nearly the maximum return (shown by red dots at 1.0 ) in a
few episodes. This is sensible since both the initial end-effector and
target positions are random in every episode. With 500 episodes, it
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is likely that initial and target positions of the end-effector were
in close proximity in some episodes — which simplifies the task in
those episodes.

Variance distributions: Both arms have similar variance distribu-
tions, with wide spread about the middle mean score (i.e. M, = 0.5),
which slowly narrows towards the limits of the range of mean per-
formance. This indicates that the majority of policies attain their
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mean performance by succeeding on some episodes and failing at
others, leading to higher variance of scores across episodes. How-
ever, policies seem to consistently fail for lower mean scores and
consistently succeed for higher mean scores, leading to lower vari-
ance [43]. Note that apart from Figure 3 revealing that the 1-link
arm tasks are similar, it is not clear which task is easier or harder
between the two.

1-Link vs 2-Link (dense rewards). Figure 3 (2"% and 3"% rows)
displays how the histogram has a narrower width for 2-link arm
(than for 1-link arm) while the median M, nearly remains consis-
tent across the tasks. The performance curve in 2-link arm has a
low slope than that in the I-link arm task. Furthermore, the vari-
ance of the performance in the 2-link arm task is smaller. These
denote that the 2-link arm task is harder than the I-link arm task.
The reason is that harder tasks often provide higher rewards only
when a coherent sequence of successful actions is executed, which
untrained random policies are unlikely to achieve, hence reduced
variability in performance.

Dense vs Sparse rewards (2-link). Figure 3 (37 and 4" rows)
portrays a drastic drop in peak M, and variance V;,, from dense-
to sparse-reward settings. The performance curve slope further
decreased (almost zero) in the sparse-reward setting compared to
the dense-reward setting. This highlights a lack of diversity in
the performance of the random policies. In the variance plots for
the sparse-reward setting, we notice that random policies fail to
succeed in the task regardless of initial conditions. We can conclude
from these results that the dense-reward setting is easier than the
sparse-reward setting.

3rd 4th

REMARK 2. Although the statistical analysis and visualisation
of performance provide some insights about the task characteristics
and relative hardness, they fail to quantitatively measure task dif-
ficulty, i.e. the approach is qualitative. This makes it inapplicable
to RL benchmarks and curriculum learning, where relative hardness
amongst tasks needs to be quantified. Moreover, performance distri-
butions that are similar across tasks can potentially make the plots
less informative in comparing the tasks. For these reasons, we now
examine quantitative metrics PIC and POIC.

(IT) PIC/POIC. The quantitative representations of task complex-
ity offered by PIC and POIC are exhibited for our six tasks in Table 1.
We checked the statistical robustness of the results in Table 1 by
quantifying their uncertainty using bootstrapped confidence inter-
vals [20]. These estimate the uncertainty by repeatedly resampling
the data. In our context, the data are episodic cumulative rewards
of random policies constructed via RWG. We resampled the data
1,000 times with replacement and computed the values presented
in Table 1.

We then applied the Welch’s t-test [19] to evaluate the statistical
significance in the differences between values in Table 1, using the
same 1,000 resamples. Consistently in all cases, the p-values of
the t-statistic of the Welch’s t-test are in the orders of 107>, below
a typical cut-off p-value = 0.005 which indicate strong statistical
significance [8]. Outcomes of the Welch’s t-test and the confidence
intervals of PIC and POIC can be found in Supplementary material'.

It should be noted that the values in Table 1 were gathered using
a policy network of 2 hidden layers, each with 32 neurons. 10*
untrained policies were sampled from a multivariate normal prior
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distribution. We also confirmed that RWG sampled from different
prior distributions and policy network architectures did not change
our results (see Supplementary materials!).

Table 1: PIC and POIC values with N = 10* samples (random
policies). High PIC and POIC values correspond to easier
tasks, while low values correspond to harder tasks.

[Rewards | Arm [dim] [ PIC (x10~°) [ POIC (x107%) |

1-link [1.0] 4005 + 8.5 2.628 + 0.056

Dense .
1-link [1.65] 4153 £ 8.4 4.105 £ 0.085
2-link [0.95,1.7] 4200 £ 6.1 0.725 £ 0.011
1link [1.0] | 85.11+0.4 | 1.958 < 0.034
Sparse 1-link [1.65] 71.21+0.2 1.197 £ 0.031
2-link [0.95,1.7] 45.95+ 0.0 0.946 + 0.0079

Dense-reward settings. According to the PIC values under
dense-reward settings (in Table 1), the 2-link arm task is the easiest
task (highest PIC) and 1-link arm (L = 1 m) task is the hardest task
(lowest PIC). This contradicts expectations based on Equations 8
and 10, and our empirical RL results. For instance, we showed using
learning curves of trained agents that the 2-link arm task is the
hardest, while 1-link arm (L = 1 m) task is the easiest. This is further
corroborated by performance distributions of random policies in
Figure 3. On the POIC side, I-link arm (L = 1.65 m) task is easier
than I-link arm (L = 1 m) task. This does not align with Equation 10.

Sparse-reward settings. In these settings, both the PIC and
POIC order of task difficulty across the tasks seems correct. The
tasks are ordered from easiest to hardest as 1-link arm (L = 1
m), I-link arm (L = 1.65 m) and 2-link arm. This aligns with our
intuition.

When we compare across dense- and sparse-reward settings,
POIC values for the 2-link arm task suggest that the dense-reward
setting is harder than the sparse-reward setting. In this instance,
POIC values contradict our expectations, as we showed empirically
in Section 4.3 that dense-reward settings are easier than the sparse-
reward settings. This inconsistency of PIC and POIC is further
observed in an additional task setting that places an obstacle in
the workspace of the 2-link arm with dense rewards. Details are
provided in Supplementary material® (Section D).

To investigate these incorrect PIC and POIC instances, we de-
composed the individual entropy terms in the metrics. Figure 4
displays normalised scores (i.e. performance) against POIC, PIC,
individual entropy terms, and the variance of cumulative rewards.
The normalised scores use min-max scaling (Equation 11) over the
performance samples of the random policies.

POIC related plots. The first three columns in Figure 4 portray
POIC and entropies of the optimality variable. We observe that
‘7:((0) and H(O | ©) are closely approximate, which produces
POIC (0; ©) values of small magnitude, similar to the work that
introduced POIC [25]. There are multiple strong linear correlations
between normalised scores and the other quantities (given by Pear-
son correlation coefficients above the plots), however they are not
statistically significant.

PIC related and Variance plots. In Figure 4, the last four
columns display PIC, entropies of the cumulative reward variable,
and variance of returns. We note that 'TA{(R) and ﬁ(R | ©) dif-
fer. This is responsible for larger magnitude values of PIC 7 (R;0).
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Figure 4: 2D-scatter plots with Normalised scores (performance) computed using min-max scaling (Equation 11) over the
returns of untrained random policies. The Normalised scores are plotted against PIC, POIC, variance of returns, along with
entropies of optimality variable and cumulative reward (return) variable.

It seems dense-reward settings have more variability in returns,
than sparse-reward settings. This aligns with results presented in
Figure 3. It seems generally that in our setup, tasks with dense-
rewards enjoy higher normalised scores than sparse-rewards co-
inciding with our expectations. Figure 4 does not provide further
insights about why PIC and POIC values in Table 1 do not match
expectations. We discuss further possibilities in the next section.

5 DISCUSSION & LIMITATIONS

Finally, we explore potential reasons for the inconsistencies ob-
served with RWG-based metrics PIC and POIC compared to expec-
tations derived from robotic control and verified with empirical
RL. These issues stem from (1) the dependence on randomly gener-
ated parameters on the prior distribution p(#), and (2) the lack of
consideration for training and exploration.

While statistical analysis of performance of RWG-generated poli-
cies has been consistent with intuition, it can be challenging to
effectively communicate the degree of difference in task difficulty.
Moreover, if tasks produce nearly similar performance distribu-
tions, then this approach might be less informative for comparative
analysis.

PIC and POIC are dependent on the prior distribution of parame-
ters p(6), as highlighted in [25]. The prior p(68) can be interpreted as
the effective search area in the parameter (policy) space [3]. For prob-
lems where high-performing policies are sparsely distributed in the
parameter space, the effective search area is likely to cover mainly
low-performing regions. Policies sampled from these regions are
limited to yielding mean performance M, far from the peak return
as shown in Figure 3. This observation reinforces the limitation of
RWG originally noted by [48], namely its ineffectiveness in tasks
with sparse solution regions in the weight space.

Another limitation arises from the fact that RWG does not in-
volve training. This implies that the effective search area remains
static once p(0) is selected. In contrast, training involves explo-
ration of the policy space [34, 41, 55] — where the effective search
area (of the learning algorithm) is dynamically moved around in
the policy space. It is also important to note that neither statistical
analysis of the performance of random policies, nor PIC and POIC
metrics, consider the visitation complexity [13] of the tasks, which
measures the difficulty in exploring the state space of the environ-
ment. This implies that the way actions influence state transitions
during exploration in the learning phase is not accounted for by
these task complexity methods [25]. Several methods that aim to
capture exploration effort [4, 34, 41] have been investigated; how-
ever, none have been applied to task complexity. This makes for an
interesting future direction of work.
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It is clear from our experimental results that PIC and POIC can
be misleading in capturing task complexity. Inconsistencies in these
metrics can be challenging to notice in most RL benchmarks, es-
pecially if they have tasks with heterogeneous structure. Our task
framework offers tasks with structural homogeneity and known
relative task complexity, thus enabling a more reliable assessment
of these metrics.

The results presented in this article showcase the need for con-
tinued work in task complexity for deep RL, especially for the case
of robotic tasks, where our task framework could be a starting point.
We propose the following directions for improving PIC and POIC:

(1) A key drawback of the PIC/POIC metrics is the limited effec-
tive search space sampled by RWG. We can replace the standard
multilayer perceptron (MLP) policy with an architecture which in-
troduces parameterised inductive biases relevant to the tasks. These
biases are aimed at maximally covering the state-action space. By
setting the parameters of these inductive biases via RWG, we can
cover a wider search space. In robotics, the inductive bias can be a
policy composed of dynamic movement primitives [54], skills [18]
or normalising flows [32]. The drawback of this approach is that the
resulting complexity measure would be dependent on the selected
inductive biases.

(2) A second issue with PIC and POIC metrics is that they have a
static effective search area in the parameter space due to the lack of
exploration. In devising new metrics, we want the effective search
area to be dynamic by including exploration. We can perform RWG
after every k updates of a RL algorithm and compute corresponding
PIC/POIC values at each stage. Ultimately, use the mean PIC/POIC
values across the entire learning path as the metric for task complex-
ity. This would entail sampling weights via RWG, at every k update
of the policy during RL training 6, using 6, = 6 + €, € ~ N(0,])
where 6y, are parameters after the k' policy model update. With
every RWG set, we compute PICy, and finally, determine the aver-
age across the trajectory and use it as a measure of task complexity.
The drawback of this approach is that the task complexity metric(s)
would be dependent on the exploration strategy of the learning
algorithm.

(3) When the optimal policy is known, we can compute the
distribution of distances of any RWG policy to the optimal policy
using optimal transport [41]. Task complexity could then be defined
by the mean and variance of these distances, thereby capturing
the expected effort required to move from random policies to the
optimal policy. The limitation of this method is that it requires prior
knowledge of the optimal policy.

In principle, all three of these suggestions could be combined.
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