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Abstract
Recent progress in the field of Reinforcement Learning (RL) has enabled to tackle bigger
and more challenging tasks. However, the increasing complexity of the problems, as well as
the use of more sophisticated models such as Deep Neural Networks (DNN), impedes the
understanding of artificial agents behavior. In this work, we present the Semi-Aggregated
Markov Decision Process (SAMDP) model. The purpose of the SAMDP modeling is to
describe and allow a better understanding of complex behaviors by identifying temporal
and spatial abstractions. In contrast to other modeling approaches, SAMDP is built in a
transformed state-space that encodes the dynamics of the problem. We show that working
with the right state representation mitigates the problem of finding spatial and temporal
abstractions. We describe the process of building the SAMDP model from observed trajectories and give examples for using it in a toy problem and complicated DQN policies.
Finally, we show how using the SAMDP we can monitor the policy at hand and make it
more robust.
Keywords: Interpretability, Neural Networks, SMDP

1. Introduction
Policy interpretation is the ability to reason the behavior of agents. Understanding the
mechanisms that govern its choice of actions can help to improve it, and is mandatory
before adopting it in autonomous systems. In the early days of RL, understanding the
behavior of agents was rather easy (Sutton, 1990); researchers focused on simpler problems
(Peng and Williams, 1993), and policies were built using lighter models (Tesauro, 1994).
An effective analysis was possible even when working with the original state representation,
and relating to primitive actions and individual states. In recent years, research has made a
huge step forward. The RL community now tackles bigger and more challenging problems
(Silver et al., 2016), and fancier models such as DNNs have become a commodity (Mnih
et al., 2015). As a result, the need for interpretability soared. Understanding a policy
modeled by a DNN, either graphically using the state-action diagram or by any other way, is
practically impossible; Problems consist of an immense number of states, and policies often
rely on skills (Mankowitz et al., 2014), creating more than a single level of planning. The
resulting Markov reward process induced by such policies is too complicated to comprehend
through observation. Simplifying the behavior requires finding a suitable representation of
the state space; a long-standing problem in machine learning where extensive research has
been conducted (Boutilier et al., 1999). In the field of RL, this difficulty is exacerbated
1. These authors contributed equally.
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even more since a task also includes a temporal dimension, and a good state representation
needs to account for the dynamics of the problem as well. Representation learning aims at
learning better representations (Ng, 2011; Lee et al., 2006). Such algorithms are used to
transform the state space, φ : s → ŝ, usually as a pre-processing stage before performing
some prediction. DNNs are very useful in this context since they automatically build a
hierarchy of representations with an increasing level of abstraction along the layers. In this
work, we show that the state representation learned automatically by DNNs is suitable for
building abstractions in RL. For this end, we introduce the SAMDP model; a modeling
approach that creates abstractions both in space and time. In oppose to other modeling
approaches, SAMDP is built in the transformed state space, where the problem of creating
spatial abstractions (i.e., state aggregation), and temporal abstractions (i.e., identifying
skills) is facilitated using spatiotemporal clustering.

2. The Semi Aggregated MDP
Reinforcement Learning problems are typically modeled using the MDP formulation. Given
an MDP, a variety of algorithms have been proposed to find an optimal policy. However,
when one wishes to analyze a policy, MDP models may not be the best modeling choice
due to the size of the state space and the length of the planning horizon. In this section, we
present the SMDP and AMDP models which can simplify the analysis by using temporal
and spatial abstractions respectively. We also propose a new model, the SAMDP, that
combines these models in a novel way and allows analysis using spatiotemporal abstractions. SMDP (Sutton et al., 1999), simplifies the analysis by using temporal abstractions.
The model extends the MDP action space A and allows the agent to plan with temporally
extended actions Σ (i.e., skills). Analyzing policies using the SMDP model shortens the
planning horizon and simplifies the analysis. However, there are two problems with this
approach. First, one must consider the high complexity of the state space, and second,
the SMDP model requires to identify a set of skills, a challenging problem with no easy
solution (Mankowitz et al., 2016). Another approach is to analyze a policy using spatial
abstractions in the state space. If there is a reason to believe that groups of states share
common attributes such as similar policy or value function, it is possible to use State Aggregation (Moore, 1991). State Aggregation is a well-studied problem that typically involves
identifying clusters as the new states of an Aggregated MDP (AMDP), where the set of
clusters C replaces the MDP states S. Applying RL on aggregated states is potentially
advantageous since the dimensions of the transition matrix P , the reward signal R, and the
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Figure 1: Left: Illustration of state aggregation and skills. Right: Analysis approaches.
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policy π are decreased, e.g., Singh et al. (1995). However, the AMDP modeling approach
has two drawbacks. First, the action space A is not modified and therefore the planning
horizon remains intractable, and second, AMDPs are not necessarily Markovian (Bai et al.,
2016).
In this paper, we propose a model we denote as SAMDP that combines the advantages of
the SMDP and AMDP approaches. Under SAMDP modeling, aggregation defines both the
states and the set of skills, allowing analysis with spatiotemporal abstractions (the statespace dimensions and the planning horizon are reduced). However, SAMDPs are still not
necessarily Markovian. We summarize the different modeling approaches in Figure 1. We
now describe the five stages of building an SAMDP:
(0) Feature selection. We define the mapping from MDP states to features, by a mapping
function φ : s → s0 ⊂ Rm . The features may be raw (e.g., spatial coordinates, frame pixels)
or higher level abstractions (e.g., the last hidden layer of an NN). The feature representation
has a significant effect on the quality of the resulting SAMDP model and vice versa; a good
model can point out a good feature representation.
(1) Aggregation via Spatio-temporal clustering. The goal of Aggregation is to find
a mapping (clustering) from the MDP feature space S 0 ⊂ Rm to the AMDP state space C.
Clustering algorithms assume that the data is drawn from an i.i.d distribution. However,
in our problem the data is generated from an MDP which violates this assumption. We
alleviate this problem using two different approaches. First, we decouple the clustering step
with the SAMDP model, by creating an ensemble of clustering candidates and building
an SAMDP model for each (stage 4). Second, we introduce a novel extension of the celebrated K-means algorithm (MacQueen et al., 1967), which enforces temporal coherency
along trajectories. In the vanilla K-means algorithm, a point xt is assigned to cluster ci
with mean
closest cluster center to xt . We modified this step as follows:
 µi if µi is the
2
2
c(xt ) = ci : Xt − µi F ≤ Xt − µj F , ∀j ∈ [1, K] . Here, F stands for the Frobenius
norm, K is the number of clusters, t is the time index of xt , and Xt is a set of 2w + 1
centered at xt from the same trajectory: xj ∈ Xt ⇐⇒ j ∈ [t − w, t + w] . The dimensions
of µ correspond to a single point, but it is expanded to the dimensions of Xt . In this way,
a point xt is assigned to a cluster ci if its neighbors along the trajectory are also close to
µi . Thus, enforcing temporal coherency.
(2) Skill identification. We define an SAMDP skill σi,j ∈ Σ uniquely by a single initiation state ci ∈ C and a single termination state cj ∈ C : σij =< ci , πi,j , cj > . More
formally, at time t the agent enters an AMDP state ci at an MDP state st ∈ ci . It chooses
a skill according to its SAMDP policy and follows the skill policy πi,j for k time steps until
it reaches a state st+k ∈ cj , s.t i 6= j. We do not define the skill length k apriori nor the
skill policy but infer the skill length from the data. As for the skill policies, our model does
not define them explicitly, but we will observe later that our model successfully identifies
skills that are localized in time and space.
(3) Inference. Given the SAMDP states and skills, we infer the skill length, the SAMDP
reward and the SAMDP probability transition matrix from observations. The skill length
k, is inferred for skill σi,j by averaging the number of MDP states visited since entering SAMDP state ci until transiting to SAMDP state cj . The skill reward is given by:
Rsσ = E[rsσ ] = E[rt+1 + γrt+2 + · · · + γ k−1 rt+k |st = s, σ]. The inference of the SAMDP tran3
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Figure 2: State-action diagrams for a gridworld problem. Clusters are found after transforming the state space. Intra-Cluster transitions (dashed arrows) explain the skills, while
inter-cluster transitions (big red arrows) explain the governing policy.

sition matrices is a bit more puzzling, since the probability of seeing the next SAMDP
state depends both on the MDP dynamics and the agent policy in the MDP state space.
Our goal is to infer two quantities: (a) The SAMDP transition probability matrices
σ∈Σ
PΣ : Pi,j
= P r(cj |ci , σ), measures the probability of moving from state ci to cj given
that skill σ is chosen. These matrices are defined uniquely by our definition of skills as
deterministic probability matrices. (b) The probability of moving from state ci to cj given
π = P r(c |c , σ = π(c )).
that skill σ is chosen according to the agent SAMDP policy: Pi,j
j i
i
This quantity involves both the SAMDP transition probability matrices and the agent
policy. However, since SAMDP transition probability matrices are deterministic, this is
equivalent to the agent policy in the SAMDP state space. Therefore by inferring transitions between SAMDP states, we directly infer the agent’s SAMDP policy. Given an MDP
with a deterministic environment and an agent with a nearly deterministic MDP policy
(e.g., a deterministic policy that uses an -greedy exploration (  1)), it is intuitive to
assume that we would observe a nearly deterministic SAMDP policy. However, there are
two mechanisms that cause stochasticity of the SAMDP policy: (1) Stochasticity that is
accumulated along skill trajectories. (2) Approximation errors in the aggregation process.
A given SAMDP state may contain more than one ”real” state and therefore more than one
skill. Performing inference in this setup, we might observe a stochastic policy that chooses
randomly between skills. Therefore, it is very likely to infer a stochastic SAMDP transition
matrix, even though the SAMDP transition probability matrices and the MDP environment
are deterministic, and the MDP policy is nearly deterministic.
(4) Model selection. There are two advantages for choosing between multiple SAMDPs.
First, there are different hyperparameter to tune, and second, there is randomness in the aggregation step. Hence, clustering multiple times and picking the best result will potentially
yield better models. We developed evaluation criteria that allow us to select the best model.
Motivated by (Hallak et al., 2013), we define the Value Mean Square Error(VMSE).
VMSE measures the consistency of the model with the observations. The estimator is given
by V M SE = kv−vSAM DP k/kvk, where v stands for the SAMDP value function of the given
policy, and vSAM DP is given by: VSAM DP = (I + γ k P )−1 r, where P is measured under the
SAMDP policy.
4
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Figure 3: SAMDP visualization for Breakout. SAMDP states are visualized by their mean
state (with frame pixels) at the mean t-SNE coordinate, and the numbers above the edges
correspond to the inferred SAMDP policy.

3. SAMDP for Gridworld
We first illustrate the advantages of SAMDP in a basic gridworld problem (Figure 2). In this
task, an agent is placed at the origin (marked in X), and his goal is to reach the green ball
and return. The state s ∈ R3 is given by: s = {x, y, b}, where (x, y) are the coordinates and
b ∈ {0, 1} indicates whether the agent has reached the ball or not. The policy is trained to
find skills following Mankowitz et al. (2014). We are given trajectories of the trained agent,
and wish to analyze its behavior by building the state-action graph for all four modeling
approaches. For clarity, we plot the graphs on the maze using the coordinates of the state.
The MDP graph (Figure 2(a)), consists of a vast number of states. It is also difficult to
understand what skills the agent is using. In the SMDP graph (Figure 2(b)), the number
of states remain high, however coloring the edges by the skills, helps to understand the
agent’s behavior. Unfortunately, producing this graph is seldom possible because we rarely
receive information about the skills. On the other hand, abstracting the state space can
be done more easily using state aggregation. However, in the AMDP graph (Figure 2(c)),
the clusters are not aligned with the played skills because the routes leading to and from
the ball overlap. For building the SAMDP model (Figure
( 2(d)), we transform the state
(x, y),
if b is 0
space in a way that disentangles the routes: φ(x, y) =
, where L is
(2L − x, y), if b is 1
the maze width. The transformation φ flip and translate the states where b = 1. Now that
the routes to and from the ball are disentangled, the clusters are aligned with the skills.
Understanding the behavior of the agent is now possible by examining inter-cluster and
intra-cluster transitions.
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4. SAMDPs for DQNs

We evaluate a pre-trained DQN agent for multiple trajectories with an -greedy policy on
three Atari2600 games, Pacman, Seaquest, and Breakout. During evaluation we record the
neural activations of the last hidden layer and the DQN value estimations for 120k game
states. We then apply t-SNE on the neural activations data, and use the coordinates and
a value coordinate as the MDP state features, where each coordinate is normalized to have
zero mean and unit variance. Examining the resulting SAMDP (Figure 3) it is interesting
to note the sparsity of transitions, which implies low entropy. Inspecting the mean image
of each cluster reveals insights about the nature of the skills hiding within and uncovers the
policy hierarchy as described in Zahavy et al. (2016). The agent begins to play in low value
(blue) clusters (e.g., 1,5,8,9,13,16,18,19). These clusters are well connected between them
and are disconnected from the others. Once the agent transitions to the ”tunnel-digging”
option in clusters 4,12,14, it stays in there until it finishes to curve the tunnel, then it
transitions to cluster 11. From cluster 11 the agent progresses through the ”left banana”
and hops between clusters 2,21,5,10,0,7 and 3 in that order.

Weight

Correlation

Value

DQN value vs. SAMDP value
4
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High reward trajs
Low reward
trajs
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Percentage of extermum trajectories used
indicating that the SAMDP model fits the data well.
Eject Button: The motivation for this experiment stems from the idea of shared autonomy
Pitzer et al. (2011) that allows an operator to intervene in the decision loop in critical times.
In the following experiment, we show how the SAMDP model can help to identify where
agent’s behavior deteriorates. Setup. (a) Evaluate a DQN agent, create a trajectory data
set, and evaluate the features for each state (stage 0). (b) Divide the data into two groups:
train (100 trajectories) and test (60), then build an SAMDP model (stages 1-4) using the
train data. (c) Split the train data to k top and bottom rewarded trajectories T + , T − and
re-infer the model parameters separately for each (stage 3). (d) Project the test data on
the SAMDP model (mapping each state to the nearest SAMDP state). (e) Eject when the
transitions of the agent are more likely under T − rather then under T + . (f ) We average
the trajectory reward on (i) the entire test set, and (ii) the un-ejected trajectories subset.
We measure 36%, 20%, and 4.7% performance gain for Breakout Seaquest and Pacman,
respectively. The eject experiment indicates that the SAMDP model can be used to make
a given DQN policy robust by identifying when the agent is not going to perform well and
return control to a human operator or some other AI agent
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5. Discussion
SAMDP modeling offers a way to present a trained policy in a concise way by creating
abstractions that relate to the spatiotemporal structure of the problem. We showed that
using the right representation, time-aware state aggregation can be used to identify skills.
It implies that the crucial step in building an SAMDP is the state aggregation phase. The
aggregation depends on the state features and the clustering algorithm at hand. In this
work, we presented a basic K-means variant that uses temporal information, however, other
clustering approaches are possible. In future work we will consider other clustering methods
such as spectral clustering, that better relate to topology. Regarding the state features, in
the DQN example, we used the 2D t-SNE map. This map, however, is built under the i.i.d
assumption that overlooks the temporal dimension of the problem. An interesting line of
future work will be to modify the t-SNE algorithm to take into account temporal distances
as well as spatial ones.
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