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Abstract

In advancing the understanding of natural decision-making processes, inverse reinforcement
learning (IRL) methods have proven instrumental in reconstructing animal’s intentions un-
derlying complex behaviors. Given the recent development of a continuous-time multi-
intention IRL framework, there has been persistent inquiry into inferring discrete time-
varying rewards with IRL. To address this challenge, we introduce the class of hierarchical
inverse Q-learning (HIQL) algorithms. Through an unsupervised learning process, HIQL
divides expert trajectories into multiple intention segments, and solves the IRL problem
independently for each. Applying HIQL to simulated experiments and several real animal
behavior datasets, our approach outperforms current benchmarks in behavior prediction
and produces interpretable reward functions. Our results suggest that the intention tran-
sition dynamics underlying complex decision-making behavior is better modeled by a step
function instead of a smoothly varying function. This advancement holds promise for neu-
roscience and cognitive science, contributing to a deeper understanding of decision-making
and uncovering underlying brain mechanisms.

1 Introduction

Characterizing decision-making behavior stands as a fundamental objective within the field of behavioral
neuroscience (Niv, [2009; Wilson & Collins| 2019). Prior research has formulated a variety of mathematical
behavioral models across diverse tasks (Ashwood et al.,2022b; Beron et al.,|2022)), including generalized linear
models and models based on reinforcement learning. These forward models facilitate the understanding and
comparison of decision-making strategies employed by both human and animal subjects. Additionally, they
offer a low-dimensional behavioral representation suitable for regression analysis with neural activities (Hat-
tori et al.| 2019; Hamaguchi et al}2022). Forward models require an empirically defined reward function that
guides subjects optimizing their behavior during decision-making. However, defining a comprehensive and
suitable reward function can pose challenges in complex behavioral tasks (Alyahyay et al., 2023} Rosenberg
et al., [2021). Inverse reinforcement learning (IRL) (Ng et al.l 2000; |Arora & Doshi, |2021) is a popular ap-
proach to recover a reward function that induces the observed behavior, assuming that the demonstrator was
maximizing its long-term return. Along with the significant successes of IRL in autonomous driving (Kalweit
et al., [2020; Nasernejad et al., 2023)), robotics (Kumar et al., [2023; [Chen et al.| |2023), and healthcare do-
mains (Coronato et al.| |2020; [Chan & van der Schaar, 2021)), it appears to be emerging as a valuable tool
for constructing mathematical behavior models in neuroscience research, as exemplified by [Yamaguchi et al.
(2018)); [Kwon et al.| (2020)); |Alyahyay et al.| (2023)).

Classic IRL methods seek to identify a single, fixed reward function for a specific scenario. In contrast,
Ashwood et al| (2022a)) suggested that animal’s goals can evolve over time due to factors like fatigue, sa-
tiation, and curiosity. Under this assumption, they proposed the dynamic inverse reinforcement learning
(DIRL) framework, which parametrizes the animal’s reward function as a smoothly time-varying linear com-
bination of a small number of spatial reward maps, which are referred to as ‘goal maps’ By assuming the
existence of multiple goal maps with time-varying weights, DIRL allows the instantaneous reward function
to vary continuously in time. This innovative framework achieved state-of-the-art performance in animal
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behavior prediction. Nevertheless, demands have emerged regarding an IRL framework incorporating dis-
crete time-varying reward functions, particularly following the proposal by |Ashwood et al| (2022b) that
natural behaviors can be represented through a Markov chain characterized by alternating between discrete
intentions.

To address this requirement, we propose the novel class of hierarchical inverse Q-learning (HIQL) algorithms,
which extend the fixed-reward inverse Q-learning (IQL) framework from Kalweit et al.| (2020]) to solve multi-
intention IRL problems. Based on the assumption that the intention transition dynamics follows a Markov
process, HIQL integrates an expectation-maximization (EM) approach to first divide expert trajectories into
multiple intention segments in an unsupervised manner, and then solve the IRL problem independently for
each segment. We then compare the performance of HIQL and the state-of-the-art model DIRL (Ashwood
et al., 2022a) in a simulated gridworld environment and a dataset of trajectories from real mice navigating a
127-node-labyrinth (Rosenberg et al., [2021). The results show that our HIQL algorithm outperforms DIRL
in behavior prediction in both benchmarks, and produces interpretable reward functions. Finally, we applied
HIQL in a real mice decision-making dataset from a dynamic two-armed bandit task (De La Crompe et al.|
2023)), and mathematically characterized exploitation and exploration behavior of animals during value-based
decision-making.

2 Related work

Various approaches have been introduced to address multi-intention IRL problems. Notably, several frame-
works based on parametric (Babes et al.l [2011; |Likmeta et al.l [2021)), or non-parametric (Choi & Kim| [2012;
Bighashdel et al.| [2021)) approaches allow for learning from multiple agents with distinct reward functions.
Based on the assumption that the expert sticks to the same intention through one episode, these meth-
ods iterate between clustering expert demonstrations according to different intentions and solving the IRL
problem for each cluster. However, unlike HIQL, these frameworks do not accommodate the scenario where
intentions might alternate within the same episode.

In contrast, several approaches formulate MI-IRL problem as finding the maximum-likelihood partition of
each trajectory, where each segment was generated from different locally consistent reward functions. To
solve the problem, Dimitrakakis & Rothkopf (2012); [Michini & How| (2012) extended the Bayesian IRL
frameworks (Ramachandran & Amir} |2007)) to multi-intention scenario by introducing a Dirichlet process
prior on different reward functions. The resulting Dirichlet process mixture model (DPM) can be solved via
probabilistic inference, e.g., with Markov chain Monte Carlo (Neal, |2000). These algorithms do not require
the number of intentions as a hyperparameter due to the nonparametric nature of DPMs. However, because
of the nonparametric setting, DPMs inadequately model the temporal persistence of states and often create
redundant states and rapidly switch among them, which eventually leads to poor interpretability of the
results (Fox, [2009). This problem was addressed by [Surana & Srivastaval (2014), where they extended the
DPM to a sticky hierarchical Dirichlet process hidden Markov model. Nevertheless, solving the IRL problem
as Bayesian inference is still computationally intensive, which could be intractable even for moderately
sized finite-state IRL problems. Under the same problem formulation, Nguyen et al. (2015|) proposed a
probabilistic graphical model, generalizing the algorithm from Babes et al| (2011). This approach avoids
the computationally intensive Bayesian inference problem, but is restricted to the case of linearly-solvable
environments. Our parametric HIQL algorithm also adapts the ‘trajectory segmentation + IRL’ problem
formulation, but on the other hand, avoids the aforementioned limitations present in the other approaches.
Particularly, we propose that in the parametric setup, manually specifying the number of intentions allows
the researchers to decide the level of abstraction on intentions according to their expertise and scientific
interest, i.e., whether to focus on the fine-grained difference between intentions (cf. .

The state-of-the-art framework, DIRL (Ashwood et al., |2022a)), can be considered as an extension of the
maximum entropy IRL algorithm (Ziebart et al., [2008; |2010) to non-stationary rewards, where the reward
function is assumed to be parameterized as a time-varying linear combination of a small number of non-
linear spatial reward maps with Gaussian random walk prior over weights. Under this assumption, the
borderline between intentions in DIRL is blur, i.e., the intention transition is a continuous process, instead
of a step-like procedure. However, such continuous time-varying reward assumed by DIRL is contradicted by
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the findings from |Ashwood et al| (2022b), where it was proposed that humans and animals switch between
multiple discrete strategies during decision-making. Although in theory, one can try to approximate such
step-like intention transition dynamics with DIRL by assigning a larger variance o to the Gaussian to make
the random walk less smooth, we show empirically (§5.1) that there are only minor influence from this
hyperparameter o on the learnt reward, indicating that it would be challenging for DIRL to capture such
step-like intention transition function during natural decision-making behavior. Instead, HIQL assumes that
the intention transition dynamics follows a Markov process, which is intrinsically discrete and aligns better
to the discrete switching intentions than DIRL (cf. and §5.2).

Last but not the least, most of the aforementioned algorithms are model-based, relying on a known tran-
sition dynamics of the environment, whereas in many scenarios, the environment model is unknown. As
an improvement, HIQL can also perform model-free learning, enabling the application in a wider range of
environments.

3 Background

Markov decision processes. A Markov decision process (MDP) can be denoted by a tuple (S, A, P,r,v),
where S and A denotes the state- and action-space, respectively; The function P: & x A x § — [0,1] is the
state transition function with P(s,a,s’) = P(s’ | s,a) and 17 P(s,a,-) = 1; The function 7: S x A — R
defines the reward function, and v € [0, 1) denotes the discount factor. Additionally, the function 7: S x A —
[0,1] with m(s,a) = P(a | s) and 17'7(s,-) = 1 is used to represent the policy according to which actions are
selected in the MDP.

Inverse Q-learning. Given the set of expert demonstrations D in an MDP, where each trajectory £ € D
is denoted with a sequence of state-action pairs: & = {(s1,a1),...,(Sn,an)}, the IRL problem consists in
determining a reward function r that best explains the observed expert behavior in the form of demonstrated
trajectories. Unfortunately, IRL is generally ill-posed because infinitely many reward functions are consistent
with the expert’s observed behavior. To resolve this issue, various approaches have been proposed (see|Arora
& Doshil (2021)) for a detailed review). Particularly, Kalweit et al| (2020) formulated the IRL problem as a
maximum likelihood estimation (MLE) problem:

maximize E¢op [logP (€ | )]
subject to  m,(s,a) = exp (Q(s,a) —log> expQ(s,-)), forall s€ S,a e A (1)
Q(s,a) =7(s,a) +7) ycs P(s,a,8" ) maxarea Q(s',a'), forall s € S, a € A,

where r is the optimization variable and D is the problem data. By assuming that the expert policy
satisfies a Boltzmann distribution, if the environment model P is known, problem can be solved in
closed-from via least squares (Kalweit et al., [2020)), leading to the model-based inverse action-value iteration
(IAVI) algorithm. On the other hand, when P is unknown, the problem can be addressed via stochastic
approximation, giving rise to the model-free inverse @-learning (IQL) algorithm (Kalweit et al.l [2020). This
approach needs to solve the MDP underlying the demonstrated behavior only once, leading to a speedup of
up to several orders of magnitude compared to the popular maximum entropy IRL algorithm (Ziebart et al.,
2008) and some of its variants. In addition, it can accommodate arbitrary non-linear reward functions.

4 Hierarchical inverse Q-learning

We formulate the multi-intention IRL problem under the following assumptions:

Assumption 4.1. Each expert demonstration is generated according to the Boltzmann optimal policy under
one of the reward functions in a K-dimensional finite set R = {r1,...,7x}.

Assumption 4.2. The probability that one demonstration is generated under reward function r € R is
controlled by a Markov chain with initial state distribution IT and transition matrix A, where the vector
II and each row of the transition matrix A;., i = 1,..., K represent some probability distribution over the
set R, ie., II € AKX~ and A;; € AKX~ where AKX = {x eRE |z =0,1T0 = 1} is a K-dimensional
probability simplex.
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The resulting hierarchical decision process of an expert

following these assumptions from the perspective of a re- *** _'@_'@_'@_' T
searcher is depicted graphically in Figure [I} where the

first two rows represent the MDP, and the last row repre- @ °

sents the Markov chain for intention transition dynamics.

Solving IRL problems on such decision network with pa-

rameter space © = {II, A, R} consists in determining 1) ... — —{A —>@—>
a set of reward functions, and 2) the reward function in-
dex for each demonstration that best jointly explain the
observed expert behavior. An expectation-maximization
(EM) algorithm can be devised to iteratively learn ©. For
convenience, we introduce n = {z1,..., z,} to be the pre-
dicted sequence of reward function indexes for trajectory £ € D. Then each iteration of the EM process can
be written as an MLE problem:

maximize J (01 |0)=E¢up,[logP (&,n]071)], (2)

Figure 1: Graphical representation of expert’s
decision process.

where ©7 is the optimization variable and D, © are the problem data.

Theorem 4.3. Solving problem @ is equivalent to solving a sequence of optimization problems:

maximize (over II") E¢op {Zfil P(z20=1[¢,0)log Hﬂ
subject to It =0, 1710+ =1,

(3)

maximize (over AT) E¢up [Zfil Zszl S Pzio1 =d,20 =71 &,0)log A;ﬂ
subject to Af =0, 1TAf =1, i=1,... K,

and

maximize (over 7)) Eg¢up [Z?:o Pz =i]¢&,0)logm, + (st,at)}
subject to T+ (s,a) = exp (Q(s,a) —log) expQ(s,-)), forall s€ S, a € A (5)
Q(s,a) =1 (s,a) + Y ees P(s,a,8" ) maxaeq Q(s',ad'), forall s € S, a € A

Proof. See Appendix [A] O

In practice, to evaluate the objective functions of , and , the Baum-Welch algorithm (Baum &
Petriel [1966) can be applied to obtain the required posterior probabilities P(z; = i | £,©) and P(z;—1 =
i,2t =71 &0) (cf. Appendix . Then according to the Gibbs’ inequality, the optimum of and are
achieved by

I} =E¢op[P(zo=1i1¢,0)], i=1,...,K, (6)
and
ngp’t [P(Zt,1 =i,2t=] | 57 @)]

E¢op, [P(2—1 =1 &,0)]

To solve problem 7 note that it has the same structure as 7 thus it can be addressed by the class of
IQL algorithms (Kalweit et al., [2020) with slight adaptations. Specifically, a weight of P(z; =i | £, ©) will
be introduced to the tth demonstration during sampling.

Af = . i=1,...,K, j=1,... K. (7)

Assembled, we call the above process of solving multi-intention IRL problems the hierarchical inverse Q-
learning (HIQL) algorithm. The corresponding pseudo-code is listed in Algorithm

5 Experiments and discussion

We evaluate the performance of HIQL on a simulated gridworld environment and a real mice behavior dataset
obtained from a 127-node labyrinth navigation task (Rosenberg et al.,2021)), and compare to DIRL (Ashwood
et all 2022a)). We then show the potential of performing model-free learning and detecting exploration
behavior with HIQL on a mice reversal-learning task (De La Crompe et al., [2023)).
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Algorithm 1 Hierarchical inverse Q-learning.

given expert demonstrations D and reward set cardinality K.
1: initialize II, A, r1,...,7x.
2: repeat
3: Calculating the posterior probabilities P(zg =i | £,0), P(zt—1 =i,2: =7 | £,0), and P(2; =i | £,0)
for each demonstration using the Baum-Welch algorithm.

4 Update II and A according to @ and @

5 for all r € R do

6: Update r by solving problem via IQL with each demonstration weighted by P(z; =i | £, 9).
7 end for

8: until stopping criterion is satisfied.

5.1 Gridworld benchmark

The simulated gridworld environment is a 5 x 5 map (Figure , where an
agent can choose between going up, down, left, right, or to stay in place

per time step. The expert starts at origin (0,0) and any of its actions can L } ? :,3 Z,l
achieve the intended state with 90% probability, while the other 10% lead 0 1, #

to random directions. It has two possible policies, where 78°*! prefers r

going to the destination (4,4) and 7#P2nd°n prefers returning to origin 14 #

(0,0). The expert starts an episode always with the 78°% policy. While 5] # # #

moving to the destination, the expert will encounter barriers ‘#’ at some

states. Every time the expert runs into a barrier, it has 30% probability of 34

switching to a different policy. Each episode ends when the expert reaches

either the origin or the destination, and at the 8th time step, if the episode 41 .

has not finished, the expert will have a 50% probability of switching to

gabandon (of - Appendix . Such intention transition dynamics of the Figure 2: The gridworld environ-
simulated expert as described above is better aligned to a step-function, ment.

instead of a smoothly varying function.

We compared between the performance of HTAVT (the model-based variant

of HIQL) and DIRL with 1 or 2 intention(s). Note that for the single intention case, HIAVTI falls back to
normal TAVI and DIRL falls back to maximum causal entropy IRL (Ziebart et all 2010). Trying to enable
DIRL to better capture such step-like intention transition dynamics, we varied the hyperparameter that
controls the smoothness of the time-varying reward in DIRL — the variance ¢ for the Gaussian of the
random walk prior, from 0.01 to 10. A larger o value corresponds to a less smooth intention transition
dynamics in DIRL. We list the detailed information about model training in Appendix [C.1}

In general, HTAVI outperformed DIRL in predicting the expert behavior as indicated by the log-likelihood
on the test dataset (Figure |3a)). Notice that HIAVI already had a better performance compared to DIRL
even in the collapsed single intention model. This difference reproduced the empirical results in [Kalweit
et al.| (2020), and indicates that TAVI serves as a better inner-loop (IRL problem) solver than maximum
entropy IRL. Comparing the single- and multi-intention variants, both HIAVI and DIRL had an increase
in prediction performance. Particularly, the HIAVI almost achieved the expert level as the number of
demonstrations increased, while the performance improvement for DIRL was only minor. Besides, different
o values of DIRL seem not to have a significant influence on the DIRL performance when there is enough
expert demonstrations in the dataset.

Next we compared HIAVI and DIRL abilities in capturing the expert’s intention transition dynamics (Fig-
ure and recovering the expert policy (Figure . As a measure of performance in policy recovery, we
used the expected value difference (EVD) metric (Levine et all 2011). EVD is defined as the mean square
error between the state-value under the true reward function for the expert policy and the state-value under
the true reward for the optimal Boltzmann policy w.r.t. the learnt reward. It provides an estimation of
the sub-optimality of the learnt policy under the true reward function. For HIAVI and DIRL with 2 inten-
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Figure 3: Results for the gridworld benchmark. (a) Comparison of HIAVI and DIRL on datasets with
different number of expert demonstrations, represented as log-likelihood on the test dataset. (b) Predicted
intention dynamics from HIAVI and DIRL, represented as the posterior probability of the ‘abandon’ intention
and averaged across all trajectories. (c) Visualization of the ground truth and learnt state-value functions
(top), and the corresponding EVDs (bottom, mean + standard error) from HIAVI and DIRL.

tions, the inferred intentions were assigned to the best-fit ground truth intentions. Since the single-intention
variants assume all trajectories were demonstrated under one intention, the EVD was analyzed twice on
the ground truth reward for different intentions with the same learnt Boltzmann policy. Aligning with the
results indicated by Figure [Ba] HIAVI had smaller EVD values than DIRL even under single-intention set
up (Figure . Then by introducing the second intention, the best performance in recovering expert policy
under both intentions was achieved by HIAVI (5.58 4= 0.47 for 72°% and 6.39 4 1.80 for m2bandon)  While
by selecting an appropriate o value, DIRL could reconstruct the ‘goal’” policy at very high level (with a
2.97 £ 0.67 EVD when o = 0.1), it struggled to learn the policy under ‘abandon’ intention. As a result,
the HIAVI predicted posterior probability of the expert remaining in the ‘abandon’ intention at different
time steps in a single episode matched exactly with the ground truth (Figure , whereas DIRL seemed to
overestimate this probability at the beginning (where the expert reached the barrier for the first time), and
underestimate it after the 8th time step.

To sum up, the comparison between HIAVI and DIRL on the gridworld benchmark suggests that HIAVI
can better capture a step-like intention transition dynamics and reconstruct the underlying expert policies
than DIRL. Although in theory one can try to approximate such step-function with DIRL by assigning a
larger variance o to the Gaussian to make the random walk less smooth, it has been shown empirically in
this experiment that it’s not trivial in practice since the influence of this hyperparameter o on DIRL would
only be limited.
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Figure 5: Results for the navigation benchmark of the water-restricted cohort. (a) Comparison of HIAVT,
DIRL, and a random policy, represented as log-likelihood on the test dataset. (b) BIC as a function of
the number of intentions in HIAVI. (c¢) Learnt policy (red arrows and crosses) in the environment and
corresponding state occupancy (grey colormap) under different intentions. (d) Predicted intention dynamics
from HIAVI, averaged across all trajectories. Solid and shaded curves denote the mean and standard error.
(e) Inferred intention transition matrix from HIAVI.

5.2 Real-world mice navigation benchmark

The expert demonstrations in this real-world dataset were collected from
the 127-node labyrinth navigation task. As shown in Figure[d] each black

dot represents one state in the environment and the subjects can select el ] e
from 4 actions: left, right, reverse, and stay at each state. One of the 127 ::I TII-_:I;: :] o -_:I-::
states is occupied with water resource (the blue square), and the optimal s il ey B o B
path from the labyrinth entrance to the water port is depicted as blue line. ::I T O.E: T E:
Two cohorts of 10 mice moved freely in dark through the labyrinth over the T M — 3
course of 7 hours, where one cohort of animals was under water restriction :] oot . &Ifra
while the other was not. Difference in water restriction condition resulted

in different animal behavior between these two cohorts in the environment. ::I :|_||: I:: ::I ::_F I::
For model evaluation, HIAVI and DIRL with varied intentions from 1 to 4
were trained independently on the water-restricted and water-unrestricted
expert demonstration datasets. We list the detailed information about Figure 4: The labyrinth environ-

trajectory preprocessing and model training in Appendix ment.

We first compared between HIAVI and DIRL on the trajectories collected

from the group of water restricted animals. First of all, as the number of intentions increased, the log-
likelihood value for HTAVI predictions increased significantly, whereas the improvement of DIRL performance
was rather minor (Figure [5a)). This led to a distinguishable outperformance of HIAVI compared to DIRL in
this benchmark. To analyze the recovered expert policies by HIAVI, we selected the number of intentions
K = 2 according to the Bayesian information criterion (BIC) (Figure |5bf). The learnt mice policy under
intention 1 (‘tired’) displays a preference of moving out from the water port towards the maze entrance
and stay, while the policy under intention 2 (‘thirsty’) guides the mice directly to the water port along the
optimal track. Correspondingly, under the ‘tired’ intention, the highest state occupancy was observed at the
entrance of the environment, while under ‘thirsty’, it was observed at the water port (Figure[5c). To visualize
the predicted intention transition dynamics, we computed the posterior probability over mice’s intentions
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Figure 6: Results for the navigation benchmark of the water-unrestricted cohort. (a) Comparison of HIAVI,
DIRL, and a random policy, represented as log-likelihood on the test dataset. (b) BIC as a function of
the number of intentions in HIAVI. (c¢) Learnt policy (red arrows and crosses) in the environment and
corresponding state occupancy (grey colormap) under different intentions. (d) Predicted intention dynamics
from HIAVI, averaged across all trajectories. Solid and shaded curves denote the mean and standard error.
(e) Inferred intention transition matrix from HIAVI.

across all trajectories. The recovered temporal intention dynamics shows a high probability of the ‘thirsty’
intention at the beginning but later on drops gradually, as the ‘tired’ intention gradually becomes dominant
(Figure . Besides, the intention transition matrix learnt by HIAVI (Figure suggests that while both
the ‘thirsty’ and ‘tired’ intentions are stable, the probability that the animals switch from ‘thirsty’ to ‘tired’
is relatively larger than the other way around. These observations indicate the following interpretations on
the mice behavior within this cohort, which also align well with our intuition: The water-restricted mice are
eager to find the water port as the trial starts, and then gradually return back to the labyrinth entrance as
they obtain enough water. Once they have decided to return, the probability to go back to search for the
water port would be quite low.

When comparing the dataset collected from the water-unrestricted animals, HIAVI still had a larger log-
likelihood in predicting the mice behavior than DIRL (Figure . Interestingly, for this dataset, increasing
the number of intentions seemed not to improve the performance of DIRL at all, which might be a result of
a more random behavior of the animals due to the lack of motivation to find water. We then selected HTAVI
with K = 2 according to BIC (Figure to analyze the recovered policy and intention dynamics. For this
cohort of animals, the inferred policy under two intentions exhibits ‘exploring’ and ‘tired’ behavior. The
policy under ‘exploring’ tends to encourage the animal lingering in the labyrinth, whereas the policy under
‘tired’ intention steers the animal back to the maze entrance (Figure . Correspondingly, the posterior
probability of ‘exploring’ initially dominates at the beginning of the trial but is generally surpassed by the
‘tired’ intention over time (Figure . The inferred intention transition matrix (Figure suggests that
the ‘exploring’ intention is unstable, meaning that it has a larger probability of switching to ‘tired’ intention
compared to staying at ‘exploring’. In contrast, after switching to the ‘tired’ intention, animals tend to keep
this intention until the end of trial. These observations are again consistent with our intuition. Since the
water-seeking motivation for this group of water-unrestricted mice is very low, they would prefer to explore
the labyrinth, rather than search for the water port.

In conclusion, the above results show that HIAVI outperforms DIRL in predicting animal behavior on this
labyrinth navigation benchmark for both two cohorts of mice, and is able to generate interpretable reward
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Figure 7: Results for the mice reversal-learning dataset. (a) Log-likelihood (mean + standard error, 5-fold
cross-validation) as a function of history length of single intention HIQL. (b) Change in test set log-likelihood
as a function of the number of intentions in HIQL with ¢;, = 3, relative to the fQ-learning model (labeled ‘F).
Each trace represents a single mouse, averaged over cross-validation. Solid black indicates the mean across
animals, and the dashed curve indicates the example mouse. (¢) BIC as a function of the number of intention
in HIQL with ¢, = 3. (d) Learnt mice policy represented with the probability of switch, win-stay, and lose-
switch. Each grey curve denotes one mouse. (e) Average task performance and the predicted intention
dynamics. Solid and shaded curves denote the mean and standard error. (f) Overall task performance
(gray) and the performance under different intentions, mean + standard error. (g) Relationship between the
probability of the ‘exploitation’ intention, 5 trials before block switch and the probability of the ‘exploration’
intention, 5 trials after block switch, mean + standard error.

functions underlying different intentions. On the other hand, the significant difference between the prediction
performance of HIAVI and DIRL indicates that the intention transition dynamics during natural decision-

making behavior may be better described with a step-function, rather that a smoothly varying function as
assumed by DIRL.

5.3 Application to mice reversal-learning behavior

Finally, we apply the HIQL algorithm to behavioral data recorded from a group of mice engaged in a dynamic
two-armed bandit reversal-learning task from [De La Crompe et al.| (2023)). At the beginning of the task,
water-restricted mice may choose from two available spouts, left (L) and right (R), with random one of them
assigned water as extrinsic reward. After reaching an online performance of 75% correct in a 15-trials sliding
average window and a minimum 20-trials block, the rewarded spout is changed. To formulate the MDP, we
define the action space as: A = {left, right}. Every state s € S is defined with a set of truncated history
information: s; = {@t—1,...,Qt—¢,;at—1,...,01—g, }, where the positive integer ¢;, denotes the history length,
a € A denotes history action, and ¢ € {correct, error} represents trial feedback, i.e. the extrinsic reward.
Such MDP formulation allows us to avoid explicitly establishing a partially observable MDP. Different from

the first two experiments, we applied the model-free variant of HIQL in this dynamic reversal-learning task
since the environment model is unknown.

We begin from selecting the hyperparameter ¢}, using single intention HIQL (equivalent to vanilla IQL). We
compared the log-likelihood on training and test sets of multiple IQL fitting with different ¢, (Figure [7al).
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The log-likelihood on test sets shows a bell-shaped curve as ¢}, increases, indicating an overfit on the training
set when ¢, > 3. Note that there is an abnormal drop on training set log-likelihood at large fps. This
can be explained with the insufficient sampling given the fixed set of expert demonstrations, since the size
of the state space grows exponentially as the history length ¢; increases. The best test log-likelihood was
achieved by ¢, = 3, which was selected for subsequent steps. Next, to determine the number of intentions
K under which mice demonstrated the trajectories, we fit multiple HIQL with varying number of intentions.
In this step, we additionally applied a forgetting Q-learning (fQ-learning) model (Beron et al.| |2022), which
has been widely recognized as a prominent forward behavioral model for the reversal-learning task, serving
as a baseline for comparative analysis. We found that the multiple intention HIQL fitting substantially
outperformed the single intention models (Figure. The BIC w.r.t. different K indicates that both K = 2
and K = 3 are reasonable values (Figure . Taking biological interpretability into account, we selected
K = 3 for the following discussion. We list additional details about the above procedure of fitting HIQL to
this mice reversal-learning dataset in Appendix

The inferred mice policies from HIQL represent dif-
ferent strategies in the task under three intentions
(Figure. The policy under intention 1 (‘exploita- (a) (
tion’) displays a strong preference of a ‘win-stay’ and 101 Spratation (’\ ” T"\‘ H'A f N 012 o0os

=3
=

T
-
t

‘lose-switch’ strategy, which is the optimal policy in .’A‘:'
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the ca. 0.5 pr.obabﬂity of executing a LIOSQ'SWit.Ch’- Figure 8: (a) Predicted intention dynamics for an ex-
Lastly, under intention 3 (‘exploration’), the subject ample session. Dots and triangles indicate mice ac-

consistently favors selecting the option opposite to tion. (b) Inferred intention transition matrix for this
the one chosen in the preceding trial, irrespective of = example mouse.

whether they had won or lost in that particular in-

stance. As shown in an example session (Figure ,

the ‘exploration’ intention predominantly occurs at the onset of a block and only lasts for a few trials, whereas
the other two intentions may persists over multiple consecutive trials. These results suggests that compared
to ‘exploitation’ and ‘disengaged’, the ‘exploration’ intention is not stable, which aligns well with the learned
intention transition matrix (Figure . Additionally, it becomes evident that error trials tend to coincide
with the trials where the posterior probability of ‘disengaged’ and ‘exploration’ intentions are dominant.
The intention dynamics averaged across all blocks closely resembles those observed in the example session
(Figures . As each block begins with the animal’s performance at a relatively low level, there is a decline
in the posterior probability associated with the ‘exploitation’ intention, accompanied by an increase in the
probabilities of the other two intentions associated with suboptimal exploratory strategies. Then as the
subjects’ performance steadily improves, the ‘exploitation’ intention progressively reasserts its dominance.
In contrast to the cohort’s general correct rate of 0.74 £ 0.02, the subjects performed significantly better
within the ‘exploitation’ intention, achieving a correctness rate of 0.86 + 0.01, whereas they only attained
lower correctness rates of 0.64 + 0.03 and 0.56 £ 0.06 in the two other intentions (Figure . Interestingly,
it was observed that the mean posterior probability of the ‘exploration’ intention at the beginning of a new
block showed a positive correlation with the average probability of the ‘exploitation’ state at the end of the
preceding block (Figure . These results confirm the difference between the two suboptimal intentions
‘disengaged’ and ‘exploration’: the first strategy explores passively upon error, while the second strategy
involves a deliberate, exploration-oriented action selection when the subject is highly engaged and possess a
good understanding of the environment. Although the ‘exploration’ intention is suggested to be unstable, it
provides the opportunity to characterize a type of learning strategy based on error, which has been shown
experimentally by Kononowicz et al.| (2022).

1 2 3

In summary, by applying HIQL in a real-world mice reversal learning dataset, we demonstrate the possibility
of performing model-free learning and producing interpretable behavior characteristics of animal experts via
HIQL. We also detected a typical exploration strategy of mice during this value-based decision-making

10
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task via mathematical modeling, which has only be achieved in perceptual decision-making tasks (Ashwood
et al., 2022b)). Last but not the least, the model training procedure that we proposed in this experiment
enables fits to individual subjects without running into the challenge of post hoc alignment of intentions
from different individuals. Although the mice subjects exhibited similar behavior during our experiment,
limiting the magnitude of observed differences in individual solutions, we anticipate that this method will
prove beneficial in tasks where subjects exhibit greater variance in policy preferences.

6 Conclusion

This paper proposes the class of EM-based hierarchical inverse Q-learning (HIQL) algorithms, extending the
IQL algorithm (Kalweit et all 2020) for multi-intention IRL problems. Empirical results demonstrate that
HIQL outperforms the state-of-the-art on both empirical and real-world datasets, and is able to produce
interpretable behavior characteristics. We also mathematically characterized typical exploration behavior
of rodents during value-based decision-making using HIQL. As future work, we plan to relax the Markov
assumption about the intention transition dynamics in HIQL to incorporate non-Markovian intention dy-
namics, and also extend HIQL for an unknown number of reward functions (Dimitrakakis & Rothkopf, 2012;
Michini & How, [2012; |Surana & Srivastaval [2014)).
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A Proof of Theorem 4.3

Proof. The objective function J (@1 | ©) from problem can be written as:
J (07 ]0) =Eeup, [logP (& |©7)]

=Ecop | > P(n]£0)logP (¢,n],07)

L 7

[ n
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where I; is the indicator function with I;(z) = 1 for all z = i and 0 otherwise. Thus maximizing J (0% | ©)

over O (problem (2)) is equivalent to separately maximizing (A.1a]) over IT*, (A.1b) over A*, and (A.1d)

over RT = {rf, e ,7";;}. The first two optimization problems can be formally written as:

maximize (over IIT) E¢op {Zfil Pz =i]&,0)log Hﬂ B)
subject to o+ >0, 171+ =1,

and
maximize (over AT) E¢up [Zfil Z]K:l S Pz =d,20 =71 &,0)log Aﬂ
subject to Af =0, 1TAf =1, i=1,..., K.

Note that (A.Id) has similar structure as the optimization objective of IRL (problem (T)), and can be further

separated for each r € R, thus maximizing (A.1d) over R™ is equivalent to independently solving an IRL
problem for each r;, with the tth demonstration weighted by P(z; = | £,0):

(@)

maximize (over 7)) Eg¢up [Z?:o (2t =1]&,0)logm +(5t7at)]
subject to T+ (s,a) = exp (Q(s,a) —log)y expQ(s,-)), forall s€ S, a € A (&)
Q(s,a) = ri(s,a) +v> res P(s,a,8" ) max,ca Q(s',a’), for all s € S, a € A.
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Similar to , the constraints on policy 7+ are introduced here to make the IRL problem tractable. O

B Computing required posterior probabilities

To obtain the posterior probability terms P(zg = i | £,0), P(2t—1 = 4,2: = j | £,0), and P(z; =i | £,0)
required for evaluating the objective functions of , and , we apply the Baum-Welch algorithm (Baum
& Petrie| [1966)) as follows.

Let a; € R¥ be the forward probability which denotes the posterior probability of observing the expert
demonstrations up until time ¢ and the ¢tth demonstration was generated under reward function r;, i.e.,

(i) = P(§oxt, 2t =i | O) (B.1)
_ Hiﬂ-’l‘i (807 aO) t=20
a { ol Py, (se,ar) >0, (B.2)

foralli =1,..., K. Similarly, we define the backward probability 5, € RX denoting the posterior probability
of observing the expert demonstrations after time t, given that the tth demonstration was generated under
reward function r;:

Bi(i) =P(&tq1m | 2e =1 O) (B.3)
N { 125(:1 Brr () P(if)r, (Se41, arsn) i i Z (B.4)

foralli=1,..., K. With (B.2) and (B.4]), we can efficiently obtain the forward and backward probabilities
for each demonstration in a recursive form. Finally, we can compute the posterior probabilities
o (i) B (4)

P(Zt =1 | 576) = W» (B-5)

and ) _
(1) Pijmr; (St41, at41) Be41(J)

P(Zt_lii,zt:j|€,®): - -
Zf; Zj(:l () Py, (St41, at1) Bey1 ()

(B.6)

C Datasets and model training

C.1 Gridworld benchmark

The following pseudo-code shows the expert policy for each episode that we used to obtain expert demon-
strations in the gridworld environment in

1: initialize s := (0,0), 7 = 78l ¢ := (.

2: repeat

3: an~ T.

4: s~ P(s,a,-).

5: if s has barrier ‘#’ then

6: Switch to another policy (30%).
7 else if ¢ = 8 then

8: = abandon (5007

9: end if

10: t=t+ 1.
11: until (0,0) or (4,4) is reached.

All evaluated algorithms were fit to multiple datasets with different number of expert demonstrations, and
each dataset analyzed using a 5-fold cross-validation. Note that since the EM process does not guarantee
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to find the global optimum, for each training, HIAVI was randomly initialized repeatedly for 10 times and
the best performed initialization (evaluated by test set log-likelihood) was selected for analysis. The initial
intention distribution II was initialized uniformly, and the intention transition matrix A was initialized as:
A =0.95x T +N(0,0.05 x I), where A/ denotes the normal distribution and I € R?*? is the identity matrix.
This initial A was then normalized so that each row added up to 1. The discount factor of the MDP was set
to be v =0.9.

C.2 Real-world mice navigation benchmark

For comparability with the results in|Ashwood et al.|(2022a)), we obtained their pre-processed mouse trajecto-
ries for water-restricted and water-unrestricted animals from https://github.com/97aditi/dynamic_irl.
The original recorded animal trajectories from |[Rosenberg et al.| (2021)) are provided with MIT open source
license at the following repository: https://github.com/markusmeister/Rosenberg-2021-Repository.
For the pre-processing, |Ashwood et al.| (2022a)) used a clustering algorithm (based on DBSCAN (Ester et al.,
1996)) for aligning trajectories across animals and bouts to reduce variability. After the pre-processing, they
obtained 200 trajectories from the water-restricted animals and 207 trajectories from the water-unrestricted
animals. 20% of trajectories from each cohort were held out as a test set.

We used the source code and the best performed set of hyperparameters provided by |Ashwood et al.| (2022a) to
train DIRL on the animal trajectories. All HTAVT algorithms were trained for 10 repeated runs with different
initializations, and the results from the initializations with the hightest test set log-likelihood was selected for
analysis. The initial intention distribution IT was initialized uniformly, and the intention transition matrix
A was initialized as: A = 0.95 x I +N(0,0.05 x I), where A denotes the normal distribution and I € RE*K
is the identity matrix. This initial A was then normalized so that each row added up to 1. The MDP was
defined to have a deterministic state transition function P and the discount factor was set to be v = 0.99.

C.3 Application to mice reversal-learning behavior

The expert demonstrations for this dynamic reversal-learning task was collected from a cohort of mice
consisted of 9 mice in total. Behavior recordings for each subject were repeated for at least 7 independent
sessions with an average of ca. 87 trials per session.

We employed a multi-stage fitting procedure to select hyperparameters and to allow us to fit HIQL indi-
vidually to each animal. In the first stage, we concatenated the data from all animals in a single dataset
together. We then performed multiple IQL (single intention HIQL) with different history length ¢, = 1,...,5
on the concatenated dataset. Out of the 5 different values, We chose the ¢;, that resulted in the best test
set log-likelihood for subsequent stages. In the second stage, we run multiple HIQL with different num-
ber of intentions K = 2,...,5 again to the concatenated dataset to obtain a global fit. For each fitting,
we performed 10 different initializations and the best performed initialization was selected. The initial in-
tention distribution II was initialized uniformly, and the intention transition matrix A was initialized as:
A = 0.95 x I + N(0,0.05 x I), where N/ denotes the normal distribution and I € RE*¥ is the identity
matrix. This initial A was then normalized so that each row added up to 1. In the last stage of the fitting
procedure, we wanted to obtain an independent but aligned HIQL fit for each animal, so we initialized the
parameters for each animal with the best global fit parameters from all animals together, omitting the ne-
cessity to permute the retrieved intentions from each animal so as to map semantically similar intentions to
one another. A 5-fold cross-validation was used to split the training and test dataset. The discount factor
fot this experiment were set to be v = 0.99.
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