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Abstract
Artificial intelligence (AI) and deep learning (DL) have recently shown success in do-

mains related to healthcare and its decision-making systems. However, most of the existing

methods are developed upon benchmark environments which are often defined with sim-

plistic dynamics and allow access to data that are well-structured, pre-processed, and with

substantial amount. It is intractable to leverage such methods to facilitate real-world ap-

plications; as limited access to the real-world healthcare environments leads to significantly

reduced sample efficiency during training. Moreover, strict safety protocols are usually

enforced in practice upon deployment to human participants, while the policy selection cri-

teria weighs human feedback (HF) more than environmental returns; both of which could

be intractable to be captured in simulations. From data logging perspectives, data irregu-

larities are often encountered in healthcare facilities, e.g., missingness due to malfunctioned

devices.

This dissertation aims to introduce AI/ML methods that can overcome limitations in-

cluding insufficient and imperfect data as well as complying with safety protocols, which

are applicable to real-world decision-making processes in healthcare systems, with focuses

on (i) sample-efficient reinforcement learning (RL) based frameworks that can synthesize

control policies of medical devices to maximize both environmental returns and HF in of-

fline manners, with off-policy evaluation (OPE) facilitating the evaluation of RL policies

without online interactions, i.e., for improved safety and efficiency upon deployment of the

RL policies. (ii) DL-based analyses of multivariate healthcare data constituted by multiple

modalities to facilitate clinical decision making systems, by tackling data irregularities and

capturing underlying factors important to automated disease diagnoses and prognoses.

To tackle (i), we introduce an algorithmic OPE framework, variational latent branching

model (VLBM), which can be integrated into most existing offline RL methods for effi-

cient and safe policy evaluation and selection upon deployment. Specifically, it leverages

variational inference to learn the transition function of MDPs by formulating the envi-

ronmental dynamics as a compact latent space, from which the next states and rewards
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are then sampled. It’s efficacy is validated by benchmark environments including Mujoco

and Adroit. Then, an OPE for human feedback (OPEHF) method is developed on top of

VLBM’s framework to capture the HF participants could have provided once the policies

are deployed, further ensuring the satisfaction of human participants who received proce-

dures or medical devices guided by RL agents. At last, we design a full-stack offline RL

policy optimization pipeline, into which both OPE methods are integrated, toward train-

ing control policies of a implantable deep brain stimulation (DBS) device for treatment of

Parkinson’s disease (PD), by adjusting the stimulation amplitude in real time. The goal

is to reduce the energy used for generating the stimulus, while maintain the same level of

treatment (i.e., control) efficacy as continuous DBS (cDBS) (i.e., constantly stimulating

with the highest amplitude possbile, determined by clinicians). The efficacy is validated a

cohort of 5 human participants, where results show that, and OPE components are able

to pinpoint high-performing policies among the policy candidates trained using different

offline RL algorithms or hyper-parameter sets.

In terms of (ii), we introduce three frameworks to address the following challenges,

respectively. (ii.a) Data missingness, e.g., due to the non-periodical logging of patient

vitals or lab results. (ii.b) High dimensionality and multi-modality within healthcare data,

given that substantial amount of lab/vital results need to be recorded, and such information

could come in the format of images (e.g., CT scan), tabular (e.g., demographic information)

etc. The efficacy of each framework is validated by retrospective studies pertaining to the

identification, prognoses and treatment of ophthalmic diseases. The results show that our

frameworks are able to accurately identify the presence of diseases and automatically design

treatment plans.
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1. Introduction
AI and ML have recently shown success in domains related to medical and robotics

systems, such as RL for automated control of robots and autonomous vehicles (Gu et al.,

2017; Mnih et al., 2015), as well as deep learning models that facilitate comprehensive

analysis of multivariate and multi-modal healthcare data (Bashir & Wei, 2018; Fortuin et

al., 2020).

However, most of the existing methods are developed upon benchmark environments

which are often de�ned with simplistic dynamics and allow access to data that are well-

structured, pre-processed, and with substantial amount. It is worth noting that data ob-

tained from environments in the real-world rarely su�ce these conditions. For example,

Mujoco (Todorov et al., 2012) is a simulator that can model sophisticated dynamics and

emulate robots' behavior in response to di�erent control inputs, which is usually used as a

test base to evaluate performance of RL methods (Lillicrap et al., 2016). It is capable of

generating trajectories 4� faster than real robots (Körber et al., 2021) and allow access to

oracle information (i.e., ground-truth state over the dynamics); hence providing data, with

more-than-realistic amount and quality, to train and evaluate the algorithms. As a result,

it may not be straightforward to adopt such methods to systems in real-world healthcare

systems, givenlimited access to the environments (i.e., insu�cient data ) and imperfect

data could usually be obtained (e.g., missing packets due to connection issues). Moreover,

strict safety protocols are usually be enforced in healthcare practice, and the fact that the

HF provided by human participants usually weigh more than generic environmental re-

turns � for example, new controllers of medical devices need to be thoroughly examined by

healthcare professionals before deploying in clinical trials (Parvinian et al., 2018) � making

it intractable for such information to be modeled and captured in simulations.

On the other hand, ML models developed for retrospective study of healthcare informa-

tion could as well be hindered by limitations highlighted above. Speci�cally, the UCI/UEA

repositories (Bagnall et al., 2017) provide standardized datasets, which are commonly used

to test the performance of multivariate sequential models (Fortuin et al., 2020). However,

1



it does not model data missingnessas encountered in healthcare facilities (e.g., caused by

malfunctioned devices or missing responses from patients), nor captures patient-speci�c

correlations as found in electronic health records (EHRs) (Cao et al., 2018), such as dis-

ease progression over time; thus, the ML methods achieving compelling results over such

datasets are not necessarily expected to attain similar performance using data collected in

clinics.

As a result, this dissertation aims to develop AI/ML methods that can overcome limi-

tations including insu�cient and imperfect data as well as complying with safety protocols,

which are applicable to real-world healthcare systems; with special focuses on(i) sample-

e�cient RL based frameworks that can synthesize control policies of medical devices to

maximize both environmental returns and HF in o�ine manners, with OPE facilitating

the evaluation of RL policies without online interactions, i.e., for improved safety and ef-

�ciency upon deployment of the RL policies, and (ii) DL-based analyses of multivariate

healthcare data constituted by multiple modalities to facilitate clinical decision making

systems, by tackling data irregularities and capturing underlying factors important to au-

tomated disease diagnoses and prognoses.

1.1 Challenges and Contributions

In this section, we �rst introduce the speci�c challenges to be tackled in each chapter,

as well as the main contributions, which are oriented toward attaining the overall goals

introduced above.

1.1.1 Reliable Off-Policy Evaluation (OPE)

O�ine RL has demonstrated signi�cant potential in controlling complex systems (G.

Gao, Gao, Yang, Pajic, & Chi, 2022a; Q. Gao, Wang, et al., 2022b; Gu et al., 2017;

Mnih et al., 2015). However, it becomes challenging to determine which speci�c policy

can possibly lead to the best outcome once get deployed in the real world system, out

of a set of candidate policies trained following various hyper-parameter sets or o�ine RL

algorithms. This is especially important in healthcare systems, as the high bar for ensuring
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safety testing (Parvinian et al., 2018), as well as the limited interactions allowed between

the policy and environment due to the availability of human participants.

OPE allows for evaluation of RL policies without online interactions, which is crucial

in ensuring the safety and e�ciency of the online deployment and testing processes. It

is applicable to many domains where on-policy data collection could be prevented due to

e�ciency and safety concerns, e.g., healthcare (G. Gao, Gao, Yang, Pajic, & Chi, 2022b;

G. Gao, Gao, Yang, et al., 2023; Q. Gao, Wang, et al., 2022a; S. Tang & Wiens, 2021;

X. Yang et al., 2023b), recommendation systems (L. Li et al., 2011; R. Mehrotra et al.,

2018), education (G. Gao et al., 2024; Mandel et al., 2014), social science (Segal et al.,

2018) and optimal control (Q. Gao, Hajinezhad, Zhang, Kantaros, & Zavlanos, 2019; Q.

Gao, Naumann, et al., 2020; Q. Gao, Pajic, & Zavlanos, 2020; Silver et al., 2016; Vinyals

et al., 2019). Recently, as reported in the deep OPE (DOPE) benchmark (Fu, Norouzi,

et al., 2020), model-based OPE methods, leveraging feed-forward (Fu, Norouzi, et al., 2020)

and auto-regressive (AR) (M. R. Zhang et al., 2020) architectures, have shown promising

results toward estimating the return of target policies over other existing OPE methods

including importance sampling (IS), doubly robust (DR) etc., by �tting transition functions

of MDPs. However, model-based OPE methods remain challenged as they can only be

trained using o�ine trajectory data, which often o�ers limited coverage of state and action

space. Thus, they may perform sub-optimally on tasks where parts of the dynamics are

not fully explored (Fu, Norouzi, et al., 2020). Moreover, di�erent initialization of the

model weights could lead to varied evaluation performance (Hanin & Rolnick, 2018; Rossi

et al., 2019), reducing the robustness of downstream OPE estimations. Some approaches

in RL policy optimization literature use latent models trained to capture a compact space

from which the dynamics underlying MDPs are extrapolated; this allows learning expressive

representations over the state-action space. However, such approaches usually requireonline

data collections as the focus is on quickly navigating to the high-reward regions (Rybkin et

al., 2021), as well as on improving coverage of the explored state and action space (Hafner,

Lillicrap, et al., 2020; Hafner et al., 2019; M. Zhang et al., 2019) or sample e�ciency (Lee
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et al., 2020).

1.1.1.1 Contributions

In Chapter 3, we propose the variational latent branching model (VLBM), aiming to

learn a compact and disentangled latent representation space from o�ine trajectories, which

can better capture the dynamics underlying environments. VLBM enriches the architectures

and optimization objectives for existing latent modeling frameworks, allowing them to learn

from a �xed set of o�ine trajectories. Speci�cally, VLBM considers learning variational

(encoding) and generative (decoding) distributions, both represented by long short-term

memories (LSTMs) with reparameterization (Kingma & Welling, 2013), to encode the state-

action pairs and enforce the transitions over the latent space, respectively. To train such

models, we optimize over the evidence lower bound (ELBO) jointly with arecurrent state

alignment (RSA) term de�ned over the LSTM states; this ensures that the information

encoded into the latent space can be e�ectively teased out by the decoder. Then, we

introduce the branching architecture that allows for multiple decoders to jointly infer from

the latent space and reach a consensus, from which the next state and reward are generated.

This is designed to mitigate the side e�ects of model-based methods where di�erent weight

initializations could lead to varied performance (Fu, Norouzi, et al., 2020; Hanin & Rolnick,

2018; Rossi et al., 2019).

The key contributions of this chapter are summarized as follows: (i) to the best of our

knowledge, the VLBM is the �rst method that leverages variational inference for OPE.

It can be trained using o�ine trajectories and capture environment dynamics over latent

space, as well as estimate returns of target (evaluation) policies accurately. (ii ) The design

of the RSA loss term and branching architecture can e�ectively smooth the information

�ow in the latent space shared by the encoder and decoder, increasing the expressiveness

and robustness of the model. This is empirically shown in experiments by comparing with

ablation baselines. (iii ) Our method generally outperforms existing model-based and model-

free OPE methods, for evaluating policies over various D4RL environments (Fu, Kumar, et
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al., 2020). Speci�cally, we follow guidelines provided by the DOPE benchmark (Fu, Norouzi,

et al., 2020), which contains challenging OPE tasks where the training trajectories include

varying levels of coverage of the state-action space, and target policies are designed toward

resulting in state-action distributions di�erent from the ones induced by behavioral policies.

1.1.2 OPE to Capture Human Feedback (HF)

In real-world healthcare systems, feedback provided by participants,i.e., the HF, are

critical for evaluating the e�cacy of the control policies, and can be used to determine if the

policies can be deployed for long-term use (Parvinian et al., 2018). However, the majority

of existing OPE methods focus on evaluating the policies' performance de�ned over the

environmental reward functions which are mainly designed for use in policy optimization

(training). However, as an increasing number of o�ine RL frameworks are developed for

human-involved systems (Abeyruwan et al., 2023; G. Gao, Gao, Yang, Pajic, & Chi, 2022b;

E. Liu et al., 2022; Mandel et al., 2017; Ruan et al., 2023), existing OPE methods lack the

ability to estimate how human users would evaluate the policies,e.g., ratings provided by

patients (on a scale of 1-10) over the procedure facilitated by automated surgical robots; as

human feedback (HF) can be noisy and conditioned over various confounders that could be

di�cult to be captured explicitly (Chesnaye et al., 2022; Lis et al., 2015; Namkoong et al.,

2020). For example, patient satisfaction over a speci�c diabetes therapy may vary across the

cohort, depending on many subjective factors, such as personal preferences and activity level

of the day, while participating in the therapy, in addition to the physiological signals (e.g.,

blood sugar level, body weight) that are more commonly used as the sources for determining

environmental rewards toward policy optimization (Q. Gao, Hajinezhad, Zhang, Kantaros,

& Zavlanos, 2019; Q. Gao, Pajic, & Zavlanos, 2020; Jia et al., n.d.; Tejedor et al., 2020).

Moreover, the environmental rewards are sometimes discrete to ensure optimality of the

learned policies (Sutton & Barto, 2018), which further reduces its correlation against HF

signals.
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1.1.2.1 Contributions

In Chapter 4, we introduce the OPE for human feedback (OPEHF) framework that

revives existing OPE approaches in the context of evaluating HF from o�ine data. Specif-

ically, we consider the challenging scenario where the HF signal is only provided at the

end of each episode �i.e., no per-step HF signals, referred to asimmediate human rewards

(IHRs) below, are provided � benchmarking the common real-world situations where the

participants are allowed to rate the procedures only at the end of the study. The goal is set

to estimate the end-of-episode HF signals, also referred to ashuman returns, over the target

(evaluation) policies, using a �xed set of o�ine trajectories collected over some behavioral

policies. To facilitate OPEHF, we introduce an approach that �rst maps the human return

back to the sequence of IHRs, over the horizon, for each trajectory. Speci�cally, this follows

from optimizing over an objective that consists of a necessary condition where the cumu-

lative discounted sum of IHRs should equal the human return, as well as a regularization

term that limits the discrepancy of the reconstructed IHRs over state-action pairs that are

determined similar over a latent representation space into which environmental transitions

and rewards are encoded. At last, this allows for the use of any existing OPE methods to

process the o�ine trajectories with reconstructed IHRs and estimate human returns under

target policies.

The key contributions of this chapter are tri-fold. ( i ) We introduce a novel OPEHF

framework that revives existing OPE methods toward accurately estimating highly sparse

HF signals (provided only at the end of each episode) from o�ine trajectories, through IHRs

reconstruction. (ii ) Our approach does not require the environmental rewards and the HF

signals to be strongly correlated, bene�ting from the design where both signals are encoded

to a latent space regularizing the objective for reconstructions of IHRs, which is justi�ed

empirically over real-world experiments. (iii ) Two real-world experiments, i.e., adaptive

in-vivo neurostimulation for the treatment of Parkinson's disease and intelligent tutoring

for computer science students in colleges, as well as one simulation environment (i.e., visual
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Q&A), facilitated the thorough evaluation of our approach; various degrees of correlations

between the environment rewards and HF signals existed across the environments, as well

as the varied coverage of the state-action space provided by o�ine data over sub-optimal

behavioral policies, imposing di�erent levels of challenges for OPEHF.

1.1.3 Applications of Of�ine Reinforcement Learning (RL) and OPE in
Real-World Medical Systems

Presently, approximately 1.05 million people in the United States have Parkinson's dis-

ease (PD) (Marras et al., 2018). Deep brain stimulation (DBS) has emerged as an e�ective

treatment to alleviate PD motor symptoms like tremor and bradykinesia (Benabid, 2003;

Deuschl et al., 2006; Follett et al., 2010; Hsu et al., 2024; Okun, 2012a; Schmidt et al.,

2024). The DBS system consists of electrodes placed in the basal ganglia (BG) region of

the brain and a pulse generator implanted in the chest, generating short electrical pulses.

Currently only continuous DBS (cDBS), that is DBS with �xed stimulation parameters,

is approved by the FDA. In this approach stimulation parameters are determined through

trial-and-error (Pineau et al., 2009). However, such stimulation methods consume a signif-

icant amount of energy, leading to a reduction in the device's battery lifespan. Moreover,

treatment needs vary over the course of hours and even intermittent over-stimulation can

result in adverse e�ects like dyskinesia and speech impairment (Beudel & Brown, 2016). As

a result, there is considerable interest among clinicians and patients in developing closed-

loop DBS controllers that can respond to the patient's activity and state (i.e., context).

These advances aim to enhance the overall e�ectiveness and safety of DBS treatments.

Reinforcement learning (RL) has demonstrated signi�cant potential in controlling com-

plex systems (G. Gao, Gao, Yang, Pajic, & Chi, 2022a; Q. Gao, Wang, et al., 2022b; Gu

et al., 2017; Mnih et al., 2015). Various RL-based approaches have been proposed to facil-

itate closed-loop DBS (Q. Gao, Naumann, et al., 2020; Guez et al., 2008; Nagaraj et al.,

2017; Pineau et al., 2009). In particular, some of these approaches (Guez et al., 2008;

Nagaraj et al., 2017; Pineau et al., 2009) utilize EEG and LFP as the state space of the

RL environment and employ temporal di�erence learning or �tted Q-iteration to design
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control policies that adapt stimulation amplitudes/frequencies to conserve energy. Another

approach presented in (Q. Gao, Naumann, et al., 2020) employs a deep actor-critic method,

allowing the temporal pattern of stimuli to be adjusted over time. This bene�ts from the

use of deep RL techniques capable of searching in larger state and action spaces. Although

these methods achieve satisfactory control of e�cacy and energy savings in simulation en-

vironments using computational BG models (Jovanov et al., 2018; So et al., 2012), it is

essential to note that they have not been evaluated in real-world scenarios. The crucial

di�erence lies in the availability of training data. In simulations, unlimited training data

can be obtained from the computational models, which is intractable in real-world cases;

since the device programming occurs in clinics, and the patient's participation is sparse over

time. As a result, the real-world evaluation poses unique challenges and considerations that

need to be addressed for successful application of RL-based closed-loop DBS controllers in

practical clinical settings.

One limitation of using deep RL methods directly for real-time DBS control is the

computational complexity involved in evaluating RL policies in vivo. RL policies are often

represented by deep neural networks (DNNs), which can require millions of multiplications

in a single forward pass. This poses a challenge for resource-constrained implantable devices,

as they may not be able to facilitate such extensive computations. Therefore,challenge

(ii ) in closed-loop DBS is to design controllers that can be trained with limited samples

and executed without signi�cant computing resources. Additionally, when deploying RL

controllers directly on patients, safety and control e�cacy must be thoroughly evaluated

before each test condition starts. Unlike simulated or robotic environments, where most RL

policies can be directly deployed for performance evaluation, controllers used on patients

need to undergo rigorous evaluation due to safety concerns (Parvinian et al., 2018). Hence,

challenge (iii ) in enabling closed-loop DBS in patients is to provide accurate estimations of

the expected performance of the controllers in a prospective manner.
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1.1.3.1 Contributions

To address the challenges above, Chapter 5 introduces an o�ine RL framework for

closed-loop DBS that is bothe�ective (in terms of therapy) and energy-e�cient . The frame-

work models the BG regions of the brain as a Markov decision process (MDP), capturing

the neuronal activity in response to stimuli. Then, the deep actor-critic algorithm(Lillicrap

et al., 2016) is adapted to adjust the stimulation amplitude based on changes in LFPs. Data

from �ve patients implanted with Medtronic Summit RC+S DBS devices (Stanslaski et al.,

2018) are collected and used for training and analyses. Speci�cally, to address challenge

(i), the o�ine RL approach leverages historically collected trajectories through experience

replay, enabling optimization of the control policy under varying patient conditions, includ-

ing the level of activities, medications etc. of the patients before and during the trials.

Additionally, experience collected from non-RL controllers can also be incorporated to up-

date the policy. For instance, in the early stages of learning, a controller that generates

uniformly random amplitudes within a speci�c range can be used. This random exploration

of the state and action space helps the RL agent gather information about the system dy-

namics and patient response. As more data are collected, the RL controller re�nes its policy

and gradually improves its performance based on the observed outcomes from both ran-

dom exploration and historical experience. To address challenge (ii ), we introduce model

distillation techniques (Hinton et al., n.d.) speci�cally for DBS applications, reducing the

size of the DNNs used to represent RL policies and ensuring e�cient execution within the

required control rates.

To overcome challenge (iii ), we propose a model-based o�ine policy evaluation (OPE)

method. This method captures the underlying dynamics of the considered MDP and allows

estimation of the expected returns of the control policy without deploying the policy directly

to the patient. In each DBS session, the control e�cacy is evaluated from various sources,

including LFP biomarkers recorded from the implantable DBS device, patient responses to

bradykinesia tests, patient-reported satisfaction levels, and overall tremor severity quan-
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ti�ed from accelerometry data collected by external wearable devices (i.e., smartwatches).

However, the latter three e�cacy metrics are only evaluated once at the end of each trial,

making them sparsely available compared to the LFPs that can be sensed in each time

step. As a result, it is intractable to leverage existing OPE methods like importance sam-

pling (IS) (G. Gao, Ju, et al., 2023; Precup, 2000), distributional correction estimations

(DICE)(Nachum et al., 2019), and model-based OPE (Q. Gao, Schmidt, et al., 2022), as

they do not explicitly capture or model such end-of-session rewards. Our proposed OPE

method addresses this limitation by utilizing a specially designed architecture and training

objective that can capture such end-of-session reward behaviors. This enables the method

to estimate e�ectively the expected performance of the control policy using the sparsely

available e�cacy metrics, resulting in improved performance compared to existing OPE

methods. The e�ectiveness of our OPE method is demonstrated in clinical experiments,

demonstrating its superiority in evaluating the control e�cacy of closed-loop DBS con-

trollers for practical application on patients.

The contributions of this chapter can be summarized as follows. (i) This work presents

the �rst `full-stack' o�ine RL methodology that enables both optimization and evalua-

tion of RL-based DBS control policies using historical data. (ii ) A novel RL-based DBS

controller is developed and its performance is validated through clinical trials with PD

patients. The controller demonstrates reduced energy consumption while maintaining non-

inferior control e�cacy compared to traditional cDBS methods. Notably, this is the �rst

e�ective closed-loop DBS control approach that goes beyond simple ON/OFF switching or

proportional scaling, and it has been extensively tested in clinical settings on real patients.

(iii ) The proposed OPE method e�ectively captures the end-of-session rewards, leading

to accurate estimations of control e�cacy using data collected during clinic visits. This

enables proactive testing and prioritization of policies, optimizing performance within the

limited amount of testing time available.
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1.1.4 Data Missingness

Components of the data could be missing for various reasons, for instance, missing

responses from participants, data loss, and restricted access issues. This phenomenon

is prevalent in the healthcare domain, mostly in the context of electronic health records

(EHRs), which are structured as patient-speci�c irregular timelines with attributes, e.g.,

diagnosis, laboratory tests, vitals, thus resulting in high missingness across patients for any

arbitrary time point. Such missingness introduces di�culties when developing models and

performing inference in real-world applications such as Kam and Kim, 2017; Scherpf et al.,

2019. Existing works tackle this problem by either proposing imputation algorithms (IAs)

to explicitly produce estimates of the missing data, or by imposing imputation objectives

during inference,e.g., withholding observed values as being the ground-truth and learning

to impute them. However, some of these either require additional modeling assumptions for

the underlying distributions (Bashir & Wei, 2018; Fortuin et al., 2020), or formatting of the

data (Schnabel et al., 2016; H.-F. Yu et al., 2016). Other applications depend on domain

knowledge for pre-processing and modeling such as Kam and Kim, 2017; X. Yang et al.,

2018, or introduce additional information-based losses (Cao et al., 2018; Lipton et al., 2016),

which are usually intractable with real-world data. Moreover, generative methods (Mat-

tei & Frellsen, 2019; Yoon et al., 2018) could result in imputations with high variation

(e.g., low con�dence of the output distribution), when data have high missingness rates

or small sample sizes. Figure 1.1 illustrates imputations generated by two state-of-the-art

deep generative models on the MNIST dataset with 50%, 70% and 90% of the pixels set

as missing (i.e., masked out). It is observed that both approaches su�er from inaccurate

reconstruction of the original digits as the missingness rate increases, which is manifested

as some of the imputed images not being recognizable as digits. Importantly, the error

introduced by the imputation process can be further propagated into downstream inference

and prediction stages.

Imputing the missing data (either explicitly or implicitly) is, in most cases, not nec-

11



FIGURE 1.1: MNIST digits imputed by state-of-the-art imputation methods MIWAE (Mat-
tei & Frellsen, 2019), GAIN (Yoon et al., 2018), illustrating the challenging task of missing
data imputation.

essary, more so, considering that sometimeswhere and when the data are missing can be

intrinsically informative. Consider a scenario in which two patients, A and B, admitted to

the intensive care unit (ICU) su�er from bacterial and viral infections, respectively, and

assume that the healthcare provider monitors the status of the patients by ordering two

(slightly) di�erent blood tests periodically, namely, a culture test/panel speci�c to bacterial

infections and a RT-PCR test/panel speci�c to viral infections. Hence, patient A is likely to

have much fewer orders (and results) for viral tests. In both cases, themissingness patterns

are indicative of the underlying condition of both patients. Moreover, such patterns are

more commonly found in incomplete data caused by missing at random (MAR) or missing

not at random (MNAR) mechanisms, which usually introduce additional di�culties for in-

ference (R. J. Little & Rubin, 2019). Inspired by this, we propose the gradient importance

learning (GIL) method, which facilitates an imputation-free learning framework for incom-

plete data by simultaneously leveraging the observed data and the information underlying

missingness patterns.

1.1.4.1 Contributions

In Chapter 6, we propose to use animportance matrix to weight the gradients that are

used to update the model parameters in the back-propagation process,after the compu-

tational graph of the model is settled, which allows the model to exploit the information
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underlying missingness without imputation. However, these gradients cannot be tracked

by automated di�erentiation tools such as Tensor�ow (Abadi et al., 2016). So motivated,

we propose to generate the importance matrix using a reinforcement learning (RL) policy

on-the-�y . This is done by conditioning on the status of training procedure character-

ized by the model parameters, inputs and model performance at the current training step.

Concurrently, RL algorithms are used to update the policy by �rst modeling the back-

propagation process as an RL environment, or a Markov decision process (MDP). Then,

by interacting with the environment, the RL algorithm can learn the optimal policy so

the importance matrix can aid the training of the prediction models to attain desirable

performance. Moreover, we also show that our framework can be augmented with feature

learning techniques,e.g., contrastive learning as in T. Chen et al., 2020, which can further

improve the performance of the proposed imputation-free models.

The technical contributions of Chapter 6 can be summarized as follows: (i) to the best

of our knowledge, this is the �rst work that trains deep learning (DL) models to perform

accurate imputation-free predictions with missing inputs. This allows models to e�ectively

handle high missing rates, while signi�cantly reducing the prediction error compared to

existing imputation-prediction frameworks. (ii ) Unlike existing approaches that require

additional modeling assumptions or that rely on methods (or pre-existing knowledge) that

intrinsically have advantages over speci�c types of data, our methoddoes not require any

assumptions or domain expertise. Consequently, it can consistently achieve top performance

over a variety of data and under di�erent conditions. (iii ) The proposed framework also

facilitates feature learning from incomplete data, as the importance matrix can guide the

hidden layers of the model to capture information underlying missingness patterns during

training, which results in more expressive features.

1.1.5 A Real-World Case Study – Automated Identi�cation of Referable
Retinal Pathology in Teleophthalmology Setting

COVID19 pandemic has brought teleophthalmology into the spotlight and highlighted

the need for a well-run remote retinal imagining model that, besides good image quality,
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provides an accurate and fast image interpretation.

Several groups have attempted to address this issue by proposing automated solutions

that are either human-in-the-loop systems or operated semi-autonomously. However, de-

veloping fully automated approach was challenging as a signi�cant percentage of uninter-

pretable images were present in training and testing datasets (Bennett, 2009; Christopher

et al., 2018; G. Gao & Chi, 2023; G. Gao, Khoshnevisan, & Chi, 2022; Gargeya & Leng,

2017; Gulshan et al., 2016; Kermany, Goldbaum, Cai, Valentim, & et al., 2018; S. Liu

et al., 2009; W. Lu et al., 2018; Medeiros et al., 2019; Mookiah et al., 2013; Muhammad

et al., 2017; Raman et al., 2019; Shibata et al., 2018; Singh & Gorantla, 2020; Treder et al.,

2018a, 2018b; Usher et al., 2004; Vaghe� et al., 2020; W. Wang et al., 2019a; Y. Wang

et al., 2016; Winder et al., 2009; Z. Xu et al., 2020; X. Yang et al., 2023a; Yoo et al., 2019).

Uninterpretable images exist due to inappropriate focus, exposure, or illumination settings

used during the image-capturing process and do not contain su�cient image biomarkers

for the reviewer to conclude the absence or presence of retinal pathology (i.e., ungrad-

able) (Hadziahmetovic et al., 2019). Speci�cally, computer-aided diagnosis tools developed

by Usher et al., 2004 were able to identify retinal pathology in a semi-automated manner

using color fundus photography (CFP) images. However, human interaction was necessary

for the image pre-processing or feature extraction steps. Christopher et al., 2018; Gargeya

and Leng, 2017; Gulshan et al., 2016; Raman et al., 2019; Shibata et al., 2018; Singh

and Gorantla, 2020 improved the automation degree, but for interpretable images only,

by proposing a one-�t-for-all pre-processing method for CFP images, with the resulting

images being processed and classi�ed by convolutional neural networks (CNNs). Addition-

ally, Kermany, Goldbaum, Cai, Valentim, and et al., 2018; W. Lu et al., 2018; Muhammad

et al., 2017; Treder et al., 2018a; Y. Wang et al., 2016 devised CNN-based models that

can identify ophthalmic pathologies from optical coherence tomography (OCT) scans. To

further improve the prediction performance and capture the image features jointly across

di�erent modalities, Vaghe� et al., 2020; W. Wang et al., 2019a; Z. Xu et al., 2020; Yoo

et al., 2019 proposed multi-stream CNN models for automated diagnosis using multi-model
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inputs (e.g., OCT and CFP). However, to the best of our knowledge, no existing work

can be deployed for fully automated retinal pathology diagnosis, mostly because uninter-

pretable images are excluded from training and testing (Christopher et al., 2018; Gargeya

& Leng, 2017; Gulshan et al., 2016; Kermany, Goldbaum, Cai, Valentim, & et al., 2018;

W. Lu et al., 2018; Medeiros et al., 2019; Mookiah et al., 2013; Muhammad et al., 2017;

Raman et al., 2019; Shibata et al., 2018; Singh & Gorantla, 2020; Treder et al., 2018a,

2018b; Usher et al., 2004; Vaghe� et al., 2020; W. Wang et al., 2019a; Y. Wang et al., 2016;

Winder et al., 2009; Z. Xu et al., 2020; Yoo et al., 2019). This process requires an expert's

input to determine ungradable images and exclude them from the dataset. The presence of

images with substandard quality is universal and inevitable to encounter in clinical prac-

tice (Bennett, 2009; S. Liu et al., 2009). This problem might become more accentuated in

the future with broader acceptance of automated image capture systems with integrated

AI-based diagnosis algorithms. In such instances, no clinician would be present on-site to

�ne-tune the scanner for each patient or re-take images if the outputs were unsatisfactory.

Consequently, a substantial number of ophthalmic screenings on un-dilated pupils will likely

contain uninterpretable images, and it is essential to include those while designing such DL

models to allow for their integration into a fully automated diagnosis system for instant

and accurate diagnoses.

The purpose of this study was to create such an accurate DL approach for retinal

image classi�cation and identi�cation of referable retinal pathology. Our main goal was to

develop a CNN model that can automatically handle imperfect, including uninterpretable

images, and provide high validation accuracy and low false-negative rate to identify retinal

pathology.

1.1.5.1 Contributions

There is an unmet need for automated imaging and diagnosis systems for identifying

retinal pathology. This limitation of the current healthcare model has been emphasized

during the COVID19 pandemic, especially since ophthalmology has been one of the hardest-
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hit specialties (A. Mehrotra et al., 2017). Additionally, early recognition of sight-threatening

retinal diseases might o�er timely treatment, potentially improve visual outcomes, and

reduce healthcare costs. Moreover, with improved triage, clinician e�ort, and clinic time

might be better spent on other activities providing improved referral accuracy and more

e�cient use of ophthalmic resources (B. Li et al., 2015; Michalak & Hadziahmetovic, 2019;

Rathi et al., 2017; Sreelatha & Ramesh, 2016).

Chapter 7 introduces a CNN-based approach that enables fully automated retinal image

classi�cation into present or absent retinal pathology. Similar existing methods cannot be

applied autonomously as they have not been developed while considering uninterpretable

images, which are frequently encountered during eye screening (Christopher et al., 2018;

Gargeya & Leng, 2017; Gulshan et al., 2016; Kermany, Goldbaum, Cai, Valentim, & et al.,

2018; W. Lu et al., 2018; Raman et al., 2019; Shibata et al., 2018; Singh & Gorantla, 2020;

Treder et al., 2018a, 2018b; Vaghe� et al., 2020; W. Wang et al., 2019a; Y. Wang et al.,

2016; Z. Xu et al., 2020; Yoo et al., 2019), and thus cannot handle them well. By addressing

these limitations, our approach facilitates the development of automated retinal diagnosis

systems, where a healthcare worker does not need to evaluate the quality of the images (in

order for some to be retaken) before they are submitted for the analysis. This system can be

deployed either in the clinics for triage or during remote screening (e.g., teleophthalmology)

without involving physical interactions between patients and physicians.

Herein, we presented a CNN model that takes OCT and CFP images as dual-modal

inputs and predicts if the corresponding eye has retinal pathology (e.g., DR, DME, and

AMD). Our model was able to process imperfect/uninterpretable images resulting from

the patient's poor positioning during the screening or inappropriate parameters (Bennett,

2009; S. Liu et al., 2009) (e.g., focus, exposure, and illumination). Inputs obtained from

uninterpretable images were utilized during the training through a novel backpropagation

algorithm that can minimize the impact from images that do not contain su�cient image

biomarkers to be determined as RPN/RPP during the training process. We created a fully-

automated retinal pathology diagnosis system (i.e., that requires no human interaction).
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To train and validate our model, we collected 1148 pairs of CFP and OCT images from

674 patients, where each pair pertains to a single eye of a patient. We used a 9:1 ratio

to split the training and testing dataset. Finally, we attained a validation accuracy of

88.6%, Recall/Sensitivity of 87.7%, Speci�city of 89.5%, and area under the curve (AUC) for

receiver operating characteristic (ROC) of 0.93. We presented the case, which only considers

the dual-modal inputs (OCT and CFP); regardless, the proposed approach can be further

extended to include other imaging modalities (e.g., fundus auto�uorescence). Moreover,

we observed that the performance of baseline methods could be negatively impacted when

uninterpretable images are used for testing. On the other hand, the performance of our

approach was not a�ected when evaluated with either full testing dataset or interpretable

images only.
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2. Preliminaries
In this chapter we review some basics of variational inference, RL and OPE. The de�ni-

tions introduced in this chapter will be used consistently throughout the remaining chapters.

2.1 Variational Inference

Classic variational auto-encoders (VAEs) are designed to generate synthetic data that

share similar characteristics than the ones used for training (Kingma & Welling, 2013).

Speci�cally, VAEs learn an approximated posterior qy (z|x) and a generative modelpf (x|z),

over the prior p(z), with x being the data and z the latent variable. It's true posterior

pf (z|x) is intractable, i.e.,

pf (z|x) =
pf (x|z)p(z)

pf (x)
; (2.1)

since the marginal likelihood in the denominator,pf (x) =
³
z pf (x|z)p(z)dz, requires inte-

gration over the unknown latent space. For the same reason, VAEs cannot be trained to

directly maximize the marginal log-likelihood, max log pf (x). To resolve this, one could

maximize a lower bound ofpf (x), i.e.,

max
y ,f

� KL(qy (z|x)||p(z)) + Eqy [log pf (x|z)], (2.2)

which is the evidence lower bound (ELBO).

2.1.1 Reparameterization.

During training, it is required to sample from qy (z|x) and pf (x|z) constantly. The

reparameterization technique is introduced in (Kingma & Welling, 2013), to ensure that the

gradients can �ow through such sampling process during back-propagation. For example, if

both distributions ( qy (z|x) and pf (x|z)) follow diagonal Gaussians, with mean and diagonal

covariance determined by MLPs,i.e.,

z � qy (z|x) = N
�

� = y MLP
m (x), S = y MLP

S (x)
�

, (2.3)

x � pf (x|z) = N
�

� = f MLP
m (z), S = f MLP

S (z)
�

; (2.4)
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here,y MLP
m , y MLP

S , f MLP
m , f MLP

S are the MLPs that generate the means and covariances. The

sampling processes above can be captured by reparameterization,i.e.,

z = y MLP
m (x) + y MLP

S (x) � � , (2.5)

x = f MLP
m (z) + f MLP

S (z) � � , (2.6)

with � � N (0,I ). Consequently, the gradients overy and f can be calculated following the

chain rule, and used for back-propagation during training. We direct readers to (Kingma

& Welling, 2013) for a comprehensive review of reparameterization.

2.2 Of�ine RL

O�ine RL has proven useful in many domains, including robotics (Q. Gao, Hajinezhad,

Zhang, Kantaros, & Zavlanos, 2019; Gu et al., 2017), healthcare (Q. Gao, Wang, et al.,

2022b), etc., since it can optimize the control policies without requiring the environment

to be presented, which guarantees the safety of the learning process. Further, it does not

require the training data to be exclusively collected by the control policy being updated,

leading to improved sample e�ciency. To facilitate o�ine RL, the underlying dynamical

environments are �rstly modeled as Markov decision processes (MDPs).

De�nition 1 (MDP). An MDP is a tuple M = ( S, s0, A , P , R, g), whereS is a �nite set of

states; s0 is the initial state;A is a �nite set of actions;P is the transition function de�ned as

P : S � A Ñ S; R : S � A � S Ñ R is the reward function, andg P [0, 1) is a discount factor.

Then, the RL policy p : S Ñ A determines the actiona = p (s) to be taken at a given

state s. The accumulated return under a policyp can be de�ned as follows.

De�nition 2 (Accumulated Return) . Given an MDPM and a policyp , the accumulated re-

turn over a �nite horizon starting from the stage t and ending at stage T, for T¡ t, is de�ned

as

Gp
t =

¸ T� t

k= 0
g t+ kr t+ k, (2.7)

where rt+ k is the return at the stage t+ k.
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The goal of o�ine RL can now be de�ned as follows.

De�nition 3 (Objective of Of�ine Reinforcement Learning) . Given an MDP M with un-

known transition dynamicsP , a pre-de�ned reward function R, and a experience replay buffer

Em = t [(s0, a0, r0, s1), . . . ,(sT� 1, aT� 1, rT� 1, sT)] (0) , [(s0, a0, r0, s1), . . .](1) , . . .|at � m(at |st )u

containing trajectories collected over an unknown behavioral policym, �nd the target policyp �

such that the expected accumulative return starting from the initial stage over the entire horizon

is maximized, i.e.,

p � = arg max
p

Es,a� r p ,r� R[Gp
0 ]; (2.8)

here,r p is the state-action visitation distribution under policyp .

The deep actor-critic RL framework (Lillicrap et al., 2016) can be leveraged to solve(2.8).

Other value-based RL methods such as conservative Q-learning (Kumar et al., 2020) and

implicit Q-learning (Kostrikov et al., 2022) could also be considered; however, actor-critic

methods can in general reduce the variance of gradient estimations and result in faster

convergence (Q. Gao, Naumann, et al., 2020; Mnih et al., 2016; Y. Wu et al., 2017). Here,

we speci�cally introduce the deterministic version of actor-critic (Lillicrap et al., 2016),

instead of one producing stochastic policies (Haarnoja et al., 2018), as it would be easier to

demonstrate the e�ectiveness of deterministic policies in the real world, as well as via OPE

methods introduced below. Details in regards to the actor-critic framework are introduced

in the sub-section below.

2.2.1 Actor-Critic RL

We now brie�y introduce the deep actor-critic algorithm (Lillicrap et al., 2016) and refer

the readers to (Q. Gao, Naumann, et al., 2020; Q. Gao, Schmidt, et al., 2022; Lillicrap et

al., 2016) for more details. First, the state-action value functions can be de�ned as follows.

De�nition 4 (State-Action Value Function) . Given an MDPM and policyp , the state-action

value function Qp (s, a), where sP S and aP A , is de�ned as the expected return for taking action
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a when at state s following policyp at stage t, i.e.,

Qp (s, a) = Es� S,a� A [Gt |st = s, at = a]. (2.9)

Two neural networks, with weights qa and qc, can be used to parameterize the policy

(actor) p qa(s) : S Ñ A and the Q-functions (critic) Qqc(s, a) : S � A Ñ R, respectively.

Finally, the target policy p � = p q�
a

can be obtained by optimizing over

max
qa,qc

Es,a,r,s1� Em [Qqc (s, p qa(s))] ; (2.10)

this can be achieved using gradient descent, over all the training samples in the experience

replay bu�er Em (Lillicrap et al., 2016).

2.3 OPE

In this section, we �rst introduce the general objective for OPE problems. Then, four

types of basic OPE techniques are reviewed. At last, the metrics commonly used to evaluate

OPE's performance are introduced.

2.3.1 Objective

We �rst introduce the MDP used to characterize the environment. Speci�cally, an MDP

can be de�ned as a tupleM = ( S, A , P , R, s0, g), where S is the set of states,A the set

of actions, P : S � A Ñ S is the transition distribution usually captured by probabilities

p(st |st� 1, at� 1), R : S � A Ñ R is the reward function, s0 is the initial state sampled from

the initial state distribution p(s0), g P [0, 1) is the discounting factor. Finally, the agent

interacts with the MDP following some policy p (a|s) which de�nes the probabilities of

taking action a at state s. Then, the goal of OPE can be formulated as follows.

De�nition 5 (Objective of OPE). Given trajectories collected by a behavioral policyb, r b =

t [(s0, a0, r0, s1), . . . ,(sT� 1, aT� 1, rT� 1, sT)] (0) , [(s0, a0, r0, s1), . . .](1) , . . .|at � b(at |st )u1, esti-

mate the expected total return over the unknown state-action visitation distributionr p of the

1 We slightly abuse the notation r b, to represent either the trajectories or state-action visitation distribution
under the behavioral policy, depending on the context.
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target (evaluation) policyp – i.e., for T being the horizon,

E (s,a)� r p ,r� R

h¸ T

t= 0
g t R(st , at )

i
. (2.11)

2.3.2 Importance Sampling (IS) and per-decision IS (PDIS)

IS refers to a statistical technique that can calculate the expectation of a functionf (x)

w.r.t. an unknown distribution p(x) using a given distribution q(x) through re-weighting,

i.e.,

E p[ f (x)] = Eq

�
f (x)p(x)

q(x)

�
. (2.12)

This technique can be applied in the context of OPE by settingf (x) as the accumulated

return G0:T, p as the trajectory distribution r p over the target policy p , and q as the

trajectory distribution r b over the behavioral policy b.

According to (Precup, 2000), the vanilla IS estimator follows

Ĝp
IS =

1
N

N� 1¸

i= 1

w( i)
0:T� 1G( i)

0:T, (2.13)

wherew( i)
0:T� 1 =

± T� 1
t= 0

p (at |st )
b(at |st )

refers to the IS weight, andG( i)
0:T is the return for the i-th (out

of N) o�ine trajectory. On the other hand, the PDIS estimator follows

Ĝp
PDIS =

1
N

N� 1¸

i= 1

T� 1¸

t= 0

g tw( i)
0:t r

( i)
t , (2.14)

with w( i)
0:t =

± t
k= 0

p (ak|sk)
b(ak|sk) being the PDIS weight, r ( i)

t is the environmental reward obtained

at the t-th step of the i-th o�ine trajectory, and g is the discounting factor.

2.3.3 Doubly Robust (DR)

DR attempts to reduce the variance of IS estimation by introducing the value function

approximation, which trades o� estimation variance by making the estimation biased. The

non-recursive de�nition of DR estimation is provided in (P. Thomas & Brunskill, 2016), i.e.,

Ĝp
DR =

1
N

N� 1¸

i= 1

T� 1¸

t= 0

g tw( i)
0:t r

( i)
t �

1
N

N� 1¸

i= 1

T� 1¸

t= 0

�
g tw( i)

0:t r
( i)
t Qp �

s( i)
t , a( i)

t

�
� w( i)

0:t� 1Vp �
s( i)

t

� �
;

(2.15)
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here,Qp (�, �) and Vp (�) are the Q-function and value function, respectively, over the target

policy, while s( i)
t and a( i)

t are the state and action taken at thet-th step of the i-th o�ine

trajectory.

2.3.4 DIstributional Correction Estimation (DICE)

DICE aims to estimate the propensity of the target policy to visit particular state-action

pairs relative to their likelihood of appearing in the o�ine trajectories, i.e.,

Ĝp
DICE = E (s,a,r)� r b

hdp (s, a)
db(s, a)

� r
i
, (2.16)

where dp (s,a)
db(s,a) is the distribution correction ratio. Existing DICE variants (Dai et al., 2020;

Nachum et al., 2019; M. Yang et al., 2020; R. Zhang et al., 2020; S. Zhang et al., 2020) seek

to approximate the ratio without knowledge of dp or db, while a recent work has summarized

that all existing variants can be formulated as regularized Lagrangians of the same linear

program (M. Yang et al., 2020), unifying the choice of regularizations and constraints used

in their original objectives.

2.3.5 Fitted Q-Evaluation (FQE)

According to (Le et al., 2019), FQE approximates the Q-function over the target policy

by minimizing the loss

min
k

E (st ,at ,r t )� r b

h�
Q(st , at ; k) � yt

� 2
i
, (2.17)

s.t. yt = r t + gQ(st+ 1, p (st+ 1); k); (2.18)

here, the approximated Q-function is parameterized byk. Note that it is di�erent from

the objective for classic Q-learning, or �tted Q-iteration, by using p (st+ 1) instead of

maxa Q(st+ 1, a; k) in the target yt .

2.3.6 De�nition of the OPE Metrics

The three commonly used metrics in OPE are introduced below (Fu, Norouzi, et al.,

2020; Q. Gao, Gao, Chi, & Pajic, 2023a; Q. Gao, Schmidt, et al., 2023; Q. Gao et al., 2024).

23



2.3.6.1 Mean Absolute error (MAE).

MAE is de�ned as the absolute di�erence between the actual return and estimated

return of a policy: MAE = |Vp � V̂p |; here, Vp is the actual value of the policy p , and

V̂p is the estimated value ofp .

2.3.6.2 Rank correlation.

Rank correlation measures the Spearman's rank correlation coe�cient between the or-

dinal rankings of the estimated returns and actual returns across policies,i.e.,

r = Cov(rank(Vp
1:P),rank(V̂p

1:P))
s(rank(Vp

1:P))s(rank(V̂p
1:P))

, where rank(Vp
1:P) is the ordinal rankings of the actual returns,

and rank(V̂p
1:P) is the ordinal rankings of the OPE-estimated returns.

2.3.6.3 Regret@1.

Regret@1 is the (normalized) di�erence between the value of the actual best policy,

against the value of the policy associated with the best OPE-estimated return, which is

de�ned as (maxiP1:P Vp
i � maxjPbest(1:P) Vp

j )/ max iP1:P Vp
i , where best(1 : P) denotes the

index of the best policy over the set ofP policies as measured by estimated valueŝVp .
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3. VLBM
In this chapter, we introduce VLBM that aims to learn a compact and disentangled

latent representation space from o�ine trajectories, toward better capturing the dynamics

underlying environments. Speci�cally, we �rst introduce related works and the objective of

OPE and the variational latent model (VLM) we consider. Then, we propose the recurrent

state alignment (RSA) term as well as the branching architecture that constitute the varia-

tional latent branching model (VLBM). Finally, numerical experiments are used to validate

the e�cacy of the approach.

3.1 Related Work

This section introduces the works related to the topic being considered, including the

use of latent modeling techniques in RL, as well as OPE in general.

3.1.1 Latent Modeling in RL

Though variational inference has rarely been explored to facilitate model-based OPE

methods so far, there exist several latent models designed for RL policy optimization that

are related to our work, such as SLAC (Lee et al., 2020), SOLAR (M. Zhang et al., 2019),

LatCo (Rybkin et al., 2021), PlaNet (Hafner et al., 2019), Dreamer (Hafner, Lillicrap, et

al., 2020; Hafner, Lillicrap, et al., 2020). Below we discuss the connections and distinctions

between VLBM and the latent models leveraged by them. Speci�cally, SLAC and SOLAR

learn latent representations of the dynamics jointly with optimization of the target poli-

cies, using the latent information to improve sample e�ciency. Similarly, LatCo performs

trajectory optimization over the latent space to allow for temporarily bypassing dynamic

constraints. As a result, latent models used in such methods are not designed toward rolling

out trajectories independently, as opposed to the use of VLBM in this paper. PlaNet and

Dreamer train the recurrent state space model (RSSM) using agrowing experience dataset

collected by the target policy that is being concurrently updated (with exploration noise

added), which requiresonline data collection. In contrast, under the OPE setup, VLBM

is trained over a �xed set of o�ine trajectories collected over unknown behavioral poli-
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cies. Moreover, note that the VLM baseline is somewhat reminiscent of the RSSM and

similar ones as in (Lee et al., 2020; C. Lu et al., 2022), however, experiments above show

that directly using VLM for OPE could lead to subpar performance. On the other hand,

though MOPO (T. Yu et al., 2020), LOMPO (Rafailov et al., 2021) and COMBO (T.

Yu et al., 2021) can learn from o�ine data, they focus on quantifying the uncertainty of

model's predictions toward next states and rewards, followed by incorporating them into

policy optimization objectives to penalize for visiting regions where transitions are not fully

captured; thus, such works are also orthogonal to the use case of OPE.

3.1.2 OPE

Classic OPE methods adopt IS to estimate expectations over the unknown visitation

distribution over the target policy, resulting in weighted IS, step-wise IS and weighted

step-wise IS (Precup, 2000). IS can lead to estimations with low (or zero) bias, but with

high variance (Jiang & Li, 2016; Kostrikov & Nachum, 2020), which sparks a long line of

research to address this challenge. DR methods propose to reduce variance by coupling IS

with a value function approximator (Farajtabar et al., 2018; Jiang & Li, 2016; P. Thomas

& Brunskill, 2016). However, the introduction of such approximations may increase bias,

so the method proposed in (Z. Tang et al., 2019) attempts to balance the scale of bias

and variance for DR. Unlike IS and DR methods that require the behavioral policies to

be fully known, DICE family of estimators (Dai et al., 2020; Nachum et al., 2019; M.

Yang et al., 2020, 2021; R. Zhang et al., 2020; S. Zhang et al., 2020) and VPM (Wen et al.,

2020) can be behavioral-agnostic; they directly capture marginalized IS weights as the ratio

between the propensity of the target policy to visit particular state-action pairs, relative

to their likelihood of appearing in the logged data. There also exist FQE methods which

extrapolate policy returns from approximated Q-functions (Hao et al., 2021; Kostrikov &

Nachum, 2020; Le et al., 2019). Existing model-based OPE methods are designed to directly

�t MDP transitions using feed-forward (Fu, Norouzi, et al., 2020) or auto-regressive (M. R.

Zhang et al., 2020) models, and has shown promising results over model-free methods as

26



reported in a recent benchmark (Fu, Norouzi, et al., 2020). However, such model-based

approaches could be sensitive to the initialization of weights (Hanin & Rolnick, 2018; Rossi

et al., 2019) and produce biased predictions, due to the limited coverage over state and

action space provided by o�ine trajectories (Fu, Norouzi, et al., 2020). Instead, VLBM

mitigates such e�ects by capturing the dynamics over the latent space, such that states

and rewards are evolved from a compact feature space over time. Moreover, RSA and the

branching can lead to increased expressiveness and robustness, such that future states and

rewards are predicted accurately. There also exist OPE methods proposed toward speci�c

applications (M. Chen et al., 2022; G. Gao, Ju, et al., 2023; Q. Gao, Schmidt, et al., 2022;

Saito et al., 2021).

3.2 Problem Formulation

The objective of this chapter directly follows from Section 2.3.1.

3.3 Variational Latent Model

We consider the VLM consisting of a prior p(z) over the latent variables z P Z € R l ,

with Z representing the latent space andl the dimension, along with a variational encoder

qy (zt |zt� 1, at� 1, st ) and a generative decoderpf (zt , st , r t� 1|zt� 1, at� 1), parameterized by y

and f respectively. Basics of variational inference are introduced in Section 2.1.

3.3.1 Latent Prior p(z0).

The prior speci�es the distribution from which the latent variable of the initial stage,z0,

is sampled. We con�gurep(z0) to follow a Gaussian with zero mean and identity covariance

matrix, which is a common choice under the variational inference framework (Kingma &

Welling, 2013; Lee et al., 2020).

3.3.2 Variational Encoder for Inference qy (zt |zt� 1, at� 1, st).

The encoder is used to approximate the intractable posterior,p(zt |zt� 1, at� 1, st ) =

p(zt� 1,at� 1,zt ,st )³
zt PZ p(zt� 1,at� 1,zt ,st )dzt

, where the denominator requires integrating over the unknown latent
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FIGURE 3.1: Architecture of variational latent model (VLM) we consider.

space. Speci�cally, the encoder can be decomposed into two parts, given that

qy (z0:T|s0:T, a0:T� 1)

= qy (z0|s0)
T¹

t= 1

qy (zt |zt� 1, at� 1, st ); (3.1)

here, qy (z0|s0) encodes the initial states0 in to the corresponding latent variable z0, then,

qy (zt |zt� 1, at� 1, st ) enforces the transition fromzt� 1 to zt conditioned on at� 1 and st . Both

distributions are diagonal Gaussians1, with means and diagonal of covariance matrices de-

termined by multi-layered perceptron (MLP) (Bishop, 2006) and long short-term memory

(LSTM) (Hochreiter & Schmidhuber, 1997) respectively. The weights for both neural net-

works are referred to asy in general.

Consequently, theinference process forzt can be summarized as

zy
0 � qy (z0|s0), hy

t = fy (hy
t� 1, zy

t� 1, at� 1, st ), zy
t � qy (zt |h

y
t ), (3.2)

where fy represents the LSTM layer andhy
t the LSTM recurrent (hidden) state. Note

that we usey in superscripts to distinguish the variables involved in thisinference process,

against the generativeprocess introduced below. Moreover, reparameterization can be used

to samplezy
0 and zy

t , such that gradients of sampling can be back-propagated, as introduced

in (Kingma & Welling, 2013). Overview of the inference and generative processes are

illustrated in Figure 3.1.

1 Assume that different dimensions of the states are non-correlated with each other. Otherwise, the states
can be projected to orthogonal basis, such that non-diagonal elements of the covariance matrix will be zeros.
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3.3.3 Generative Decoder for Sampling pf (zt , st , r t� 1|zt� 1, at� 1).

The decoder is used to interact with the target policies and acts as a synthetic environ-

ment during policy evaluation, from which the expected returns can be estimated as the

mean return of simulated trajectories. The decoder can be represented by the multiplication

of three diagonal Gaussian distributions, given that

pf (z1:T, s0:T, r0:T� 1|z0, p ) =
T¹

t= 0

pf (st |zt )
T¹

t= 1

pf (zt |zt� 1, at� 1)pf (r t� 1|zt ), (3.3)

with at � p (at |st ) at each time step. Speci�cally, pf (zt |zt� 1, at� 1) has its mean and covari-

ance determined by an LSTM, enforcing the transition fromzt� 1 to zt in the latent space

given action at� 1. In what follows, pf (st |zt ) and pf (r t� 1|zt ) generate the current statest

and reward r t� 1 given zt , whose mean and covariance are determined by MLPs. As a re-

sult, the generative process starts with sampling the initial latent variable from the latent

prior, i.e., zf
0 � p(z0). Then, the initial state sf

0 � pf (s0|zf
0) and action a0 � p (a0|sf

0) are

obtained from pf and target policy p , respectively; the rest ofgenerative process can be

summarized as

hf
t = ff (hf

t� 1, zf
t� 1, at� 1), h̃f

t = gf (hf
t ), zf

t � pf ( h̃f
t ),

sf
t � pf (st |z

f
t ), r f

t� 1 � pf (r t� 1|zf
t ), at � p (at |s

f
t ), (3.4)

where ff is the LSTM layer producing recurrent state hf
t . Then, an MLP gf is used to

generate mapping betweenhf
t and h̃f

t that will be used for recurrent state alignment (RSA)

introduced below, to augment the information �ow between the inference and generative

process.

Furthermore, to train the elements in the encoder (3.2) and decoder (3.4), one can

maximize the evidence lower bound (ELBO), a lower bound of the joint log-likelihood

p(s0:T, r0:T� 1), following

L ELBO(y , f ) = Eqy

h¸ T

t= 0
log pf (st |zt ) +

¸ T

t= 1
log pf (r t� 1|zt ) � KL

�
qy (z0|s0)||p(z0)

�

�
¸ T

t= 1
KL

�
qy (zt |zt� 1, at� 1, st )||pf (zt |zt� 1, at� 1)

� i
; (3.5)
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here, the �rst two terms represent the log-likelihood of reconstructing the states and re-

wards, and the last two terms regularize the approximated posterior. The proof can be

found below.

3.3.3.1 Proof of (3.5)

We now derive the evidence lower bound (ELBO) for the joint log-likelihood distribution,

i.e.,

log pf (s0:T, r0:T� 1) (3.6)

= log
»

z1:TPZ
pf (s0:T, z1:T, r0:T� 1)dz (3.7)

= log
»

z1:TPZ

pf (s0:T, z1:T, r0:T� 1)
qy (z0:T|s0:T, a0:T� 1)

qy (z0:T|s0:T, a0:T� 1)dz (3.8)

¥ Eqy [log p(z0) + log pf (s0:T, z1:T, r0:T� 1|z0) � log qy (z0:T|s0:T, a0:T� 1)] (3.9)

= Eqy

h
log p(z0) + log pf (s0|z0) +

¸ T

t= 1
log pf (st , zt , r t� 1|zt� 1, at� 1)

� log qy (z0|s0) �
¸ T

t= 1
log qy (zt |zt� 1, at� 1, st )

i
(3.10)

= Eqy

h
log p(z0) � log qy (z0|s0) + log pf (s0|z0) +

¸ T

t= 1
log

�
pf (st |zt )pf (r t� 1|zt )pf (zt |zt� 1, at� 1)

�

�
¸ T

t= 1
log qy (zt |zt� 1, at� 1, st )

i
(3.11)

= Eqy

h¸ T

t= 0
log pf (st |zt ) +

¸ T

t= 1
log pf (r t� 1|zt )

� KL
�
qy (z0|s0)||p(z0)

�
�

¸ T

t= 1
KL

�
qy (zt |zt� 1, at� 1, st )||pf (zt |zt� 1, at� 1)

� i
.

(3.12)

Note that the transition from (3.8) to (3.9) follows Jensen's inequality.

3.4 Recurrent State Alignment

The latent model discussed above is somewhat reminiscent of the ones used in model-

based RL policy training methods, e.g., recurrent state space model (RSSM) used in

PlaNet (Hafner et al., 2019) and Dreamer (Hafner, Lillicrap, et al., 2020; Hafner, Lilli-
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FIGURE 3.2: (Left) Recurrent state alignment (RSA) applied over the recurrent hidden
states between inference and generative process illustrated separately. (Right) Single-step
forward pass of the variational latent branching model (VLBM), the training objectives for
each branch and �nal predictions.

crap, et al., 2020), as well as similar ones in (Lee et al., 2020; C. Lu et al., 2022). Such

methods rely on agrowing experience bu�er for training, which is collected online by the

target policy that is being concurrently updated (with exploration noise added); however,

OPE aims to extrapolate returns from a �xed set of o�ine trajectories which may result

in limited coverage of the state and action space. Consequently, directly applying VLM

for OPE can lead to subpar performance empirically; see results in Section 3.6. Moreover,

the encoder above plays a key role of capturing the temporal transitions between latent

variables, i.e., py (zt |zt� 1, at� 1, st ) from (3.1). However, it is absent in the generative pro-

cess, as the decoder leverages a separate network to determine the latent transitions,i.e.,

pf (zt |zt� 1, at� 1). Moreover, from the ELBO (3.5) above it can be seen that only the KL-

divergence terms are used to regularize these two parts, which may not be su�cient for

OPE as limited o�ine trajectories are provided. As a result, we introduce the RSA term as

part of the training objective, to further regularize py (zt |zt� 1, at� 1, st ) and pf (zt |zt� 1, at� 1).

A graphical illustration of RSA can be found in Figure 3.2.2

Speci�cally, RSA is de�ned as the meanpairwise squared error betweenhy
t from the

2 Rewards and actions are omitted for conciseness of the presentation.
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encoder (3.2) andh̃f
t from the decoder (3.4),i.e.,

L RSA( h̃f
t , hy

t ; y , f ) =
1
N

N¸

i= 1

T¸

t= 0

M (M � 1)
2

h M� 1¸

j= 1

M̧

k= j+ 1

�
( h̃f

t [j] � h̃f
t [k]) � (hy

t [j] � hy
t [k])

� 2
i
;

(3.13)

here, we assume that both LSTM recurrent states have the same dimensioñhf
t , hy

t P R M ,

with h(�)
t [j] referring to the j-th element of the recurrent state, andN the number of training

trajectories.

Here, we choose the pairwise squared loss over the classic mean squared error (MSE),

because MSE could be too strong to regularizehy
t and h̃f

t which support the inference

and generative processes respectively and are not supposed to be exactly the same. In

contrast, the pairwise loss (3.13) can promote structural similarity between the LSTM

recurrent states of the encoder and decoder, without strictly enforcing them to become the

same. Note that this design choice has been justi�ed in Section 3.6 through an ablation

study by comparing against models trained with MSE. In general, the pairwise loss has

also been adopted in many domains for similar purposes,e.g., object detection (Gould et

al., 2009; Rocco et al., 2018), ranking systems (Doughty et al., 2018; Saquil et al., 2021)

and contrastive learning (T. Chen et al., 2020; X. Wang et al., 2021). Similarly, we apply

the pairwise loss overhy
t and h̃f

t , instead of directly over hy
t and hf

t , as the mapping gf

(from (3.4)) could serve as a regularization layer to ensure optimality overL RSA without

changing hy
t , hf

t signi�cantly.

As a result, the objective for training the VLM, following architectures speci�ed in (3.2)

and (3.4), can be formulated as

max
y ,f

L VLM (y , f ) = max
y ,f

�
L ELBO(y , f ) � C � L RSA( h̃f

t , hy
t ; y , f )

�
, (3.14)

with C ¡ 0 and C PR being the constant balancing the scale of the ELBO and RSA terms.

3.5 Branching for Generative Decoder

The performance of model-based methods can vary upon di�erent design factors (Fu,

Norouzi, et al., 2020; Hanin & Rolnick, 2018). Speci�cally, (Rossi et al., 2019) has
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found that the convergence speed and optimality of variational models are sensitive to

the choice of weight initialization techniques. Moreover, under the typical variational infer-

ence setup followed by the VLM above, the latent transitions reconstructed by the decoder,

pf (zt |zt� 1, at� 1), are only trained through regularization losses in (3.5) and (3.13), but are

fully responsible for rolling out trajectories during evaluation. Consequently, in this sub-

section we introduce the branching architecture for decoder, with the goal of minimizing the

impact brought by random weight initialization of the networks, and allowing the decoder

to best reconstruct the latent transitions pf (zt |zt� 1, at� 1) as well asst 's and r t� 1's correctly.

Speci�cally, the branching architecture leverages an ensemble ofB P Z + decoders to tease

out information from the latent space formulated by the encoder, with �nal predictions

sampled from a mixture of the Gaussian output distributions from (3.4). Note that the

classic setup of ensembles is not considered,i.e., train and average overB VLMs end-to-

end; because in this caseB di�erent latent space exist, each of which is still associated with

a single decoder, leaving the challenges above unresolved. This design choice is justi�ed by

ablations studies in Section 3.6, by comparing VLBM against a (classic) ensemble of VLMs.

3.5.1 Branching Architecture.

Consider the generative process involvingB branches of the decoders parameterized

by t f 1, . . . ,f Bu. The forward architecture over a single step is illustrated in Figure 3.2.3

Speci�cally, the procedure of samplingzf b
t and sf b

t for each b P [1,B] follows from (3.4).

Recall that by de�nition pf b(st |z
f b
t ) follows multivariate Gaussian with mean and diagonal

of covariance matrix determined by the corresponding MLPs,i.e., m(sf b
t ) = f MLP

b,m (zf b
t ) and

Sdiag(sf b
t ) = f MLP

b,S (zf b
t ). In what follows, the �nal outcome sf

t can be sampled following

diagonal Gaussian with mean and variance determined by weighted averaging across all

branches using weightswb's, i.e.,

sf
t � pf (st |z

f 1
t , . . . ,zf B

t ) = N
�

� =
¸

b

wb � m(sf b
t ), Sdiag =

¸

b

w2
b � Sdiag(sf b

t )
�

. (3.15)

3 For simplicity, the parts generating rewards are omitted without lost of generality.
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The objective below can be used to jointly update,wb's, y and f b's, i.e.,

max
y ,f ,w

L VLBM (y , f 1, . . . ,f B, w1, . . . ,wB)

= max
y ,f ,w

� T¸

t= 0

log pf (sf
t |zf 1

t , . . . ,zf B
t ) � C1 �

¸

b

L RSA( h̃f b
t , hy

t ; y , f b) + C2

¸

b

L ELBO(y , f b)
�

,

s.t. w1, . . . ,wB ¡ 0 ,
¸

b

wb = 1 and constantsC1, C2 ¡ 0. (3.16)

Though the �rst term above already propagates through all wb's and f b's, the third

term and constraints over wb's regularize f b in each individual branch such that they are

all trained toward maximizing the likelihood pf b(sf b
t |zf b

t ). Pseudo-code for training and

evaluating the VLBM can be found in Algorithms 1 and 2. Further, in practice, one

can de�ne wb = v2
b

e+
°

b v2
b
, with vb P R the learnable variables and0   e ! 1, e P R, the

constant ensuring denominator to be greater than zero, to convert (3.16) into unconstrained

optimization and solve it using gradient descent. Lastly, note that complementary latent

modeling methods,e.g., latent overshooting from (Hafner et al., 2019), could be adopted

in (3.16). However, we keep the objective straightforward, so that the source of performance

improvements can be isolated.

Algorithm 1 Train VLBM.

Require: Model weights y , f 1, . . . ,f B, w1, . . . ,wB, of�ine trajectories r b, and learning rate
a.

Ensure:
1: Initialize y , f 1, . . . ,f B, w1, . . . ,wB

2: for iter in 1 : max_iter do
3: Sample a trajectory [(s0, a0, r0, s1), . . . , (sT� 1, aT� 1, rT� 1, sT)] � r b

4: zy
0 � qy (z0|s0)

5: zf b
0 � p(z0), for all b P [1,B]

6: Run forward pass of VLBM following (3.2), (3.4) and (3.15) for t = 1 : T, and collect
all variables needed to evaluate L VLBM as speci�ed in (3.16).

7: y Ð y + ar y L VLBM

8: for b in 1 : B do
9: f b Ð f b + ar f bL VLBM

10: wb Ð wb + ar wbL VLBM

11: end for
12: end for
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FIGURE 3.3: Mean rank correlation, regret@1 and MAE over all the 32 Gym-Mujoco and
Adroit tasks, showing VLBM achieves state-of-the-art performance overall.

Algorithm 2 Evaluate VLBM.

Require: Trained model weights y , f 1, . . . ,f B, w1, . . . ,wB

Ensure:
1: Initialize the list that stores the accumulated returns over all episodes R = []
2: for epi in 1 : max_epido
3: Initialize the variable r = 0 that tracks the accumulated return for the current

episode
4: Initialize latent states from the prior, i.e., zf b

0 � p(z0) for all b P [1,B]
5: Initialize LSTM hidden states hf b

0 = 0 for all b P [1,B]
6: Sample sf b

0 � pf (s0|zf b
t ) for all b P [1,B] and generate initial MDP state sf

0 follow-
ing (3.15)

7: for t in 1 : T do
8: Determine the action following the target policy p , i.e., at� 1 � p (at� 1|sf

t� 1)
9: for b in 1 : B do

10: Update hf b
t , h̃f b

t , zf b
t , sf b

t , r f b
t� 1 following (3.4).

11: end for
12: Generate the next state sf

t following (3.15), as well as the reward r f
t� 1 �

pf (r t� 1|zf 1
t , . . . ,zf B

t ) = N
�

� =
°

b wb � m(r f b
t� 1), Sdiag =

°
b w2

b � Sdiag(r
f b
t� 1)

�

13: Update r Ð r + g t� 1r f
t� 1, with g being the discounting factor

14: end for
15: Append r into R
16: end for
17: Average over all elements in R , which serves as the estimated return over p

3.6 Experiments

To evaluate the VLBM, we follow the guidelines from the deep OPE (DOPE) bench-

mark (Fu, Norouzi, et al., 2020). Speci�cally, we follow the D4RL branch in DOPE and

use the Gym-Mujoco and Adroit suites as the test base (Fu, Kumar, et al., 2020). Such

environments have long horizons and high-dimensional state and action space, which are
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usually challenging for model-based methods. The provided o�ine trajectories for training

are collected using behavioral policies at varied scale, including limited exploration, human

teleoperation etc., which can result in di�erent levels of coverage over the state-action space.

Also, the target (evaluation) policies are generated using online RL training, aiming to re-

duce the similarity between behavioral and target policies; it introduces another challenge

that during evaluation the agent may visit states unseen from training trajectories.

3.6.1 Environmental and Training Setup.

A total of 8 environments are provided by Gym-Mujoco and Adroit suites (Fu, Kumar,

et al., 2020; Fu, Norouzi, et al., 2020). Moreover, each environment is provided with 5 (for

Gym-Mujoco) or 3 (for Adroit) training datasets collected using di�erent behavioral policies,

resulting in a total of 32 sets ofenv-dataset tasks4. DOPE also provides 11 target policies

for each environment, whose performance are to be evaluated by the OPE methods. They

in general result in varied scales of returns, as shown in the x-axes of Figure 3.7. Moreover,

we consider the decoder to haveB = 10 branches, i.e., t pf 1, . . . ,pf 10u. The dimension of

latent space is set to be 16,i.e., z P Z € R16. The statistics pertaining to each environment

are summarized in Tables 3.7 and 3.8.

3.6.2 Baselines and Evaluation Metrics.

In addition to the �ve baselines reported from DOPE, i.e., importance sampling (IS) (Pre-

cup, 2000), doubly robust (DR) (P. Thomas & Brunskill, 2016), variational power method

(VPM) (Wen et al., 2020), distribution correction estimation (DICE) (M. Yang et al., 2020),

and �tted Q-evaluation (FQE) (Le et al., 2019), the e�ectiveness of VLBM is also com-

pared against the state-of-the-art model-based OPE method leveraging the auto-regressive

(AR) architecture (M. R. Zhang et al., 2020). Speci�cally, for each task we train an en-

semble of 10 AR models, for fair comparisons against VLBM which leverages the branching

architecture. Following the DOPE benchmark (Fu, Norouzi, et al., 2020), our evaluation

4 From now on the dataset names are abbreviated by their initials, e.g., Ant-M-R refers to Ant-Medium-
Replay.
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metrics includes rank correlation, regret@1, and mean absolute error (MAE). VLBM and

all baselines are trained using 3 di�erent random seeds over each task, leading to the results

reported below.

3.6.3 Ablation.

Four ablation baselines are also considered,i.e., VLM, VLM+RSA, VLM+RSA(MSE)

and VLM+RSA Ensemble. Speci�cally, VLM refers to the model introduced in Section 3.3,

trained toward maximizing only the ELBO, i.e., (3.5). Note that, arguably, VLM could

be seen as the generalization of directly applying latent-models proposed in existing RL

policy optimization literature (Hafner, Lillicrap, et al., 2020; Hafner, Lillicrap, et al., 2020;

Hafner et al., 2019; Lee et al., 2020; C. Lu et al., 2022). The VLM+RSA ablation baseline

follows the same model architecture as VLM, but is trained to optimize over both ELBO

and recurrent state alignment (RSA) as introduced in (3.14), i.e., branching is not used

comparing to VLBM. The design of these two baselines can help analyze the e�ectiveness of

the RSA loss term and branching architecture introduced in Section 3.4 and 3.5. Moreover,

VLM+RSA(MSE) uses mean squared error to replace the pairwise loss introduced in (3.13),

and the VLM+RSA Ensemble applies classic ensembles by averaging overB VLM+RSA

models end-to-end, instead of branching from decoder as in VLBM. These two ablation

baselines can help justify the use of pairwise loss for RSA, and the bene�t of using branching

architecture over classic ensembles.

3.6.4 Results.

Figure 3.3 shows the mean overall performance attained by VLBM and baselines over

all the 32 Gym-Mujoco and Adroit tasks. In general VLBM leads to signi�cantly increased

rank correlations and decreased regret@1's over existing methods, with MAEs maintained

at the state-of-the-art level. Speci�cally, VLBM achieves state-of-the-art performance in 31,

29, and 15 (out of 32) tasks in terms of rank correlation, regret@1 and MAE, respectively.

Performance for each task can be found in Tables 3.1- 3.6. Note that results for IS, VPM,

DICE, DR, and FQE are obtained directly from DOPE benchmark (Fu, Norouzi, et al.,
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FIGURE 3.4: Mean rank correlation, regret@1 and MAE over all datasets, for each Mujoco
environment.

FIGURE 3.5: Mean rank correlation, regret@1 and MAE over all datasets, for each Adroit
environment.

FIGURE 3.6: Distribution of all branching weights, wb's, over all VLBMs trained on the 32
tasks.

2020), since the same experimental setup is considered. Figure 3.4 and 3.5 visualize the

mean performance for each Gym-Mujoco and Adroit environment respectively, over all

the associated datasets. It can be also observed that the model-based and FQE baselines
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generally perform better than the other baselines, which is consistent with �ndings from

DOPE.

The fact that VLM+RSA outperforming the VLM ablation baseline, as shown in

Figure 3.4, illustrates the need of the RSA loss term to smooth the �ow of informa-

tion between the encoder and decoder, in the latent space. Moreover, one can observe

that VLM+RSA(MSE) sometimes performs worse than VLM, and signi�cantly worse than

VLM+RSA in general. Speci�cally, it has be found that, compared to VLM and VLM+RSA

respectively, VLM+RSA(MSE) signi�cantly worsen at least two metrics in 7 and 12 (out of

20) Gym-Mujoco tasks; detailed performance over these tasks can be found in Tables 3.1- 3.6

at the end of Appendices. Such a �nding backs up the design choice of using pairwise loss

for RSA instead of MSE, as MSE could be overly strong to regularize the LSTM recurrent

states of the encoder and decoder, while pairwise loss only enforces structural similarities.

Moreover, VLBM signi�cantly improves rank correlations and regrets greatly compared to

VLM+RSA, illustrating the importance of the branching architecture. In the paragraph

below, we show empirically the bene�ts brought in by branching over classic ensembles.

3.6.5 Branching versus Classic Ensembles.

Figure 3.4 shows that the VLM+RSA Ensemble does not improve performance over

the VLM+RSA in general, and even leads to worse overall rank correlations and regrets in

Walker2d and Hopper environments. This supports the rationale provided in Section 3.5

that each decoder still samples from di�erent latent space exclusively, and averaging over

the output distributions may not help reduce the disturbance brought in by the modeling ar-

tifacts under the variational inference framework,e.g., random weight initializations (Hanin

& Rolnick, 2018; Rossi et al., 2019). In contrast, the VLBM leverages the branching ar-

chitecture, allowing all the branches to sample from the same latent space formulated by

the encoder. Empirically, we �nd that the branching weights, wb's in (3.15), allows VLBM

to kill branches that are not helpful toward reconstructing the trajectories accurately, to

possibly overcome bad initializations etc. Over all the the 32 tasks we consider, most of
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FIGURE 3.7: Correlation between the estimated (y-axis) and true returns (x-axis), across
different model-based OPE methods and environments.

VLBMs only keep 1-3 branches (out of 10),i.e., wb   10� 5 for all other branches. The

distribution of all wb's, from VLBMs trained on the 32 tasks, are shown in Figure 3.6; one

can observe that most of thewb's are close to zero, while the others generally fall in the

range of (0, 0.25] and [0.75, 1).

AR ensembles also lead to compelling rank correlations and regrets, but attains much

smaller margins in MAEs over other baselines in general; see Figure 3.3. From Figure 3.7,

one can observe that it tends to signi�cantly under-estimate most of the high-performing

policies. The reason could be that its model architecture and training objectives are de-

signed to directly learn the transitions of the MDP; thus, may produce biased predictions

when the target policies lead to visitation of the states that are not substantially presented

in training data, since such data are obtained using behavioral policies that are sub-optimal.

In contrast, the VLBM can leverage RSA and branching against such situations, thus out-

performing AR ensembles in most of the OPE tasks in terms of all metrics we considered.

Interestingly, Figure 3.7 also shows that latent models could sometimes over-estimate the

returns. For example, in Hopper-M-E and Walker2d-M-E, VLM tends to over-estimate

most policies. The VLBM performs consistently well in Hopper-M-E, but is mildly a�ected

by such an e�ect in Walker2d-M-E, though over fewer policies and smaller margins. It has

been found that variational inference may fall short in approximating true distributions
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FIGURE 3.8: t-SNE visualization over the latent space, capturing encoded state-action vis-
itations induced from all target policies. Each point is colored by the corresponding policy
from which it is generated. Policies in the legend are sorted in the order of increasing per-
formance.

that are asymmetric, and produce biased estimations (Yao et al., 2018). So the hypothesis

would be that the dynamics used to de�ne certain environments may lead to asymmetry

in the true posterior p(zt |zt� 1, at� 1, st ), which could be hard to be captured by the latent

modeling framework we consider. More comprehensive understanding of such behavior can

be explored in future work. However, the VLBM still signi�cantly outperforms VLM over-

all, and achieves top-performing rank correlations and regrets; such results illustrate the

VLBM's improved robustness as a result of its architectural design and choices over training

objectives.

3.6.6 t-SNE Visualization of the Latent Space.

Figure 3.8 illustrates t-SNE visualization of the latent space by rolling out trajectories

using all target policies respectively, followed by feeding the state-action pairs into the

encoder of VLBM which maps them into the latent space. It shows the encoded state-action

pairs induced from policies with similar performance are in general swirled and clustered

together, illustrating that VLBM can learn expressive and disentangled representations of

its inputs.
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Table 3.1: Rank correlation between estimated and ground-truth returns for all Gym-
Mujoco tasks. Results are obtained by averaging over 3 random seeds used for training,
with standard deviations shown in subscripts.

Rank Corr.
Ant
-E

Ant
-M-E

Ant
-M

Ant
-M-R

Ant
-R

IS .14.41 � .21.35 � .17.32 .07.39 .26.34
VPM � .42.38 � .28.28 � .2.31 � .26.29 .24.31
DICE � .13.37 � .33.4 � .36.28 � .24.39 � .21.35
DR � .28.32 .35.35 .66.26 .45.32 .01.33
FQE � .13.32 .37.35 .65.25 .57.28 .04.33
AR Ensemble .40.12 .44.25 .56.01 .54.16 .48.17
VLM .28 .14 .39.16 .37.03 .37.19 .36.07
VLM+RSA (MSE) .33.11 .29.13 .35.22 .30.42 .17.14
VLM+RSA .40.03 .53.19 .42.12 .53.19 .40.11
VLM+RSA Ens. .62.16 .76.02 .65.07 .62.13 0..60
VLBM . 79.01 .81.05 .65.06 .59.14 .78.24

Rank Corr.
Halfcheetah
-E

Halfcheetah
-M-E

Halfcheetah
-M

Halfcheetah
-M-R

Halfcheetah
-R

IS .01.35 � .06.37 .80.11 .59.26 � .24.36
VPM .18.35 � .47.29 - � .07.36 .27.36
DICE � .44.30 � .08.35 � .26.07 � .15.41 � .70.22
DR .77.17 .62.27 .32.32 .32.37 � .02.38
FQE .78.15 .62.27 .34.17 .26.37 � .11.41
AR Ensemble .65.11 .65.07 .60.09 .59.14 .60.06
VLM .75 .19 .45.06 .33.1 .64.06 .43.09
VLM+RSA (MSE) .54.31 .49.03 .6.08 .47.11 .13.27
VLM+RSA .80.17 .54.08 .65.21 .61.03 .51.08
VLM+RSA Ens. .71.14 .66.08 .64.02 .60.05 .45.17
VLBM . 88.01 .74.13 .81.13 .64.04 .60.06

Rank Corr.
Walker2d
-E

Walker2d
-M-E

Walker2d
-M

Walker2d
-M-R

Walker2d
-R

IS .22.37 .24.33 � .25.35 .65.24 � .05.38
VPM .17.32 .49.37 .44.21 � .52.25 � .42.34
DICE � .37.27 � .34.34 .12.38 .55.23 � .19.36
DR .26.34 .19.33 .02.37 � .37.39 .16.29
FQE .35.33 .25.32 � .09.36 � .19.36 .21.31
AR Ensemble .54.11 .25.33 .55.14 .38.17 .36.29
VLM .57 .13 .16.13 .18.30 .39.18 .44.18
VLM+RSA (MSE) .27.28 .20.25 .09.18 .10.11 .36.19
VLM+RSA .56.11 .57.11 .46.08 .43.14 .59.29
VLM+RSA Ens. .62.17 .57.25 .43.20 � .14.09 .39.14
VLBM . 70.13 .55.17 .66.15 .60.07 .72.14

Rank Corr.
Hopper
-E

Hopper
-M-E

Hopper
-M

Hopper
-M-R

Hopper
-R

IS .37.27 .35.26 � .55.26 � .16.03 .23.34
VPM .21.32 - .13.37 � .16.03 � .46.20
DICE � .08.32 .08.14 .19.33 .27.28 � .13.39
DR � .41.27 � .08.30 � .31.34 .05.17 � .19.36
FQE � .33.30 .01.08 � .29.33 .45.13 � .11.36
AR Ensemble .23.30 .14.29 .53.03 .28.18 .26.10
VLM � .05.22 .22.11 .34.08 .46.21 .36.03
VLM+RSA (MSE) � .18.24 .05.09 .51.20 .43.18 .58.14
VLM+RSA .15.28 .26.10 .51.11 .53.06 .55.19
VLM+RSA Ens. .09.21 .13.12 � .01.3 .66.07 .63.16
VLBM .28.16 .32.10 .70.03 .75.07 .77.04
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Table 3.2: Rank correlation between estimated and ground-truth returns for all Adroit
tasks. Results are obtained by averaging over 3 random seeds used for training, with
standard deviations shown in subscripts.

Rank Corr.
Door
human

Door
cloned

Door
expert

Pen
human

Pen
cloned

Pen
expert

IS � .12.35 .66.22 .76.17 .28.28 .71.08 � .45.31

VPM - � .29.36 .65.23 - - .08.33

DICE � .02.20 .18.31 � .06.32 .17.33 � .07.26 � .53.30

DR .01.18 .60.28 .76.13 � .36.29 .39.25 .52.28

FQE .07.09 .55.27 .89.09 � .31.21 .06.42 � .01.33

AR Ens. .58.06 .52.13 .61.07 .33.07 .42.08 .60.09

VLBM . 80.14 .78.18 .93.03 .34.17 .82.07 .58.15

Rank Corr.
Hammer
human

Hammer
cloned

Hammer
expert

Relocate
human

Relocate
cloned

Relocate
expert

IS .39.07 .58.27 .64.24 � .23.07 � .22.18 .52.23

VPM - � .77.22 .39.31 - - .39.31

DICE .11.18 .35.38 � .42.31 � .23.16 .22.16 � .27.34

DR � .04.25 � .70.20 .49.31 .65.19 .10.16 � .40.24

FQE .14.10 � .15.33 .29.34 .62.11 .15.17 � .57.28

AR Ens. .44.12 .40.20 .53.11 .42.23 .30.10 .54.23

VLBM .34.14 .58.18 .70.20 .68.17 .80.04 .58.17
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Table 3.3: Regret@1 for all Gym-Mujoco tasks. Results are obtained by averaging over 3
random seeds used for training, with standard deviations shown in subscripts.

Regret@1
Ant
-E

Ant
-M-E

Ant
-M

Ant
-M-R

Ant
-R

IS .47.32 .46.18 .61.18 .16.23 .56.22

VPM .88.22 .32.24 .4.21 .72.43 .15.24

DICE .62.15 .60.16 .43.1 .64.13 .50.29

DR .43.22 .37.13 .12.18 .05.09 .28.15

FQE .43.22 .36.14 .12.18 .05.09 .28.15

AR Ensemble .18.09 .17.20 .050 .31.20 .03.02

VLM .38 .24 .07.02 .20.25 .08.02 .14.16

VLM+RSA (MSE) .050. .26.21 .28.4 .48.33 .43.44

VLM+RSA .18.09 .13.12 .14.16 .17.24 .07.02

VLM+RSA Ens. .13.08 .050. .03.02 .03.02 .52.37

VLBM . 050. .050. .050. .11.09 0.0.

Regret@1
Halfcheetah
-E

Halfcheetah
-M-E

Halfcheetah
-M

Halfcheetah
-M-R

Halfcheetah
-R

IS .15.08 .73.42 .05.05 .13.10 .31.11

VPM .14.09 .80.34 .33.19 .25.09 .12.07

DICE .32.40 .38.37 .82.29 .30.07 .81.30

DR .11.08 .14.07 .37.15 .33.18 .31.10

FQE .12.07 .14.07 .38.13 .36.16 .37.08

AR Ensemble .02.03 .11.07 .13.10 .07.05 .04.05

VLM .11 .04 .12.06 .25.01 .04.03 .230.

VLM+RSA (MSE) .09.08 .22.09 .20.06 .09.08 .27.05

VLM+RSA .08.02 .17.05 .09.12 .02.03 .230.

VLM+RSA Ens. .13.05 .19.13 .07.09 .02.03 .69.44

VLBM .14.04 .09.02 0.0. .07.09 .15.07

Regret@1
Walker2d
-E

Walker2d
-M-E

Walker2d
-M

Walker2d
-M-R

Walker2d
-R

IS .43.26 .13.07 .70.39 .02.05 .74.33

VPM .09.19 .24.42 .08.06 .46.31 .88.20

DICE .35.36 .78.27 .27.43 .18.12 .39.33

DR .06.07 .30.12 .25.09 .68.23 .15.20

FQE .06.07 .22.14 .31.10 .24.20 .15.21

AR Ensemble .13.11 .17.19 .16.15 .14.16 .16.02

VLM .10 .05 .51.25 .30.39 .33.38 .08.07

VLM+RSA (MSE) .49.16 .39.30 .43.35 .860. .31.29

VLM+RSA .10.07 .11.02 .18.15 .34.37 .08.04

VLM+RSA Ens. .11.04 .14.16 .02.02 .860. .58.20

VLBM . 05.04 .05.01 .03.04 .14.16 .06.06

Regret@1
Hopper
-E

Hopper
-M-E

Hopper
-M

Hopper
-M-R

Hopper
-R

IS .06.03 .10.12 .38.28 .880. .05.05

VPM .13.10 - .10.14 - .26.10

DICE .20.08 .16.08 .18.19 .16.13 .30.15

DR .34.35 .34.39 .32.32 .34.24 .41.17

FQE .41.20 .42.08 .32.32 .18.23 .36.22

AR Ensemble .07.05 .23.11 .14.09 .06.02 .12.11

VLM .76 .18 .35.22 .22.22 .14.15 .07.02

VLM+RSA (MSE) .42.34 .510. .33.39 .26.13 .06.04

VLM+RSA .62.38 .18.23 .13.12 .25.15 .33.39

VLM+RSA Ens. .31.18 .510. .47.36 .03.02 .06.04

VLBM . 10.03 .10.03 .11.11 .040. .03.04
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Table 3.4: Regret@1 for all Adroit tasks. Results are obtained by averaging over 3 random
seeds used for training, with standard deviations shown in subscripts.

Regret@1
Door
human

Door
cloned

Door
expert

Pen
human

Pen
cloned

Pen
expert

IS .45.40 .02.07 .01.04 .17.15 .14.09 .31.10

VPM .69.24 .81.33 .03.03 .28.12 .36.18 .25.13

DICE .10.27 .65.45 .37.27 .04.09 .12.08 .33.20

DR .05.09 .11.08 .05.07 .09.08 .13.06 .05.07

FQE .05.08 .11.06 .03.03 .07.05 .12.07 .11.14

AR Ens. .08.10 .44.31 .10.09 .09.08 .14.05 .08.07

VLBM . 03.04 .03.04 .02.03 .29.07 .08.06 .09.02

Regret@1
Hammer
human

Hammer
cloned

Hammer
expert

Relocate
human

Relocate
cloned

Relocate
expert

IS .19.30 .03.15 .01.04 .63.41 .63.41 .18.14

VPM .18.29 .72.39 .04.07 .77.18 .11.29 .76.23

DICE .04.08 .67.48 .24.34 .97.11 .96.18 .97.07

DR .46.23 .78.38 .09.09 .17.15 .18.27 .98.08

FQE .46.23 .36.39 .05.04 .17.14 .29.42 1.00.06

AR Ens. .08.06 .05.05 0.0. .26.33 .63.35 .26.33

VLBM . 080. 0.0. .01.01 .08.08 .02.02 .07.07

45



Table 3.5: MAE between estimated and ground-truth returns for all Gym-Mujoco tasks.
Results are obtained by averaging over 3 random seeds used for training, with standard
deviations shown in subscripts.

MAE
Ant
-E

Ant
-M-E

Ant
-M

Ant
-M-R

Ant
-R

IS 605104 604102 594104 603101 606103
VPM 607108 604106 570109 612105 57099
DICE 558108 471100 49590 583110 53092
DR 584114 32666 34566 42172 404106
FQE 583122 31967 34564 41079 398111
AR Ensemble 55181 62914 57435 6421 57561
VLM 33115 31520 31031 4866 6632
VLM+RSA (MSE) 34313 3244 3063 46321 6618
VLM+RSA 3517 31423 30525 4483 6654
VLM+RSA Ens. 24220 31237 34580 4646 66720
VLBM 2024 26955 33143 2652 59811

MAE
Halfcheetah
-E

Halfcheetah
-M-E

Halfcheetah
-M

Halfcheetah
-M-R

Halfcheetah
-R

IS 1404152 1400146 1217123 1409154 1405155
VPM 945164 1427111 1374153 1384148 1411154
DICE 944161 1078132 1382130 1440158 1446156
DR 102595 1015103 1222134 1001129 949126
FQE 103195 1014101 1211130 1003132 938125
AR Ensemble 1226222 48024 55364 84664 153716
VLM 520242 52649 62453 147827 14901
VLM+RSA (MSE) 469159 42649 68939 143210 14890
VLM+RSA 414155 44650 622153 147320 14926
VLM+RSA Ens. 25320 773139 1306113 146841 152522
VLBM 20122 45630 51750 1281170 14952

MAE
Walker2d
-E

Walker2d
-M-E

Walker2d
-M

Walker2d
-M-R

Walker2d
-R

IS 40562 43662 42860 42760 43061
VPM 36768 42561 42660 42464 44058
DICE 43760 32260 27331 37451 41957
DR 519179 21746 36874 29654 34774
FQE 453142 23342 35079 31373 35473
AR Ensemble 530102 4084 4446 327106 38342
VLM 53830 38012 25017 16046 4528
VLM+RSA (MSE) 52130 34020 36119 23614 44315
VLM+RSA 52241 35886 2539 1257 326161
VLM+RSA Ens. 5389 38623 20138 16811 44124
VLBM 51724 28872 24433 15628 26222

MAE
Hopper
-E

Hopper
-M-E

Hopper
-M

Hopper
-M-R

Hopper
-R

IS 10629 36047 40548 43811 41245
VPM 44243 - 43344 - 43844
DICE 25954 26640 21541 3982 12216
DR 42699 23477 30785 29814 28950
FQE 28276 25228 28373 2957 26142
AR Ensemble 36916 29211 39342 47734 45434
VLM 14831 13619 21022 1389 38266
VLM+RSA (MSE) 24640 18610 23229 12412 41515
VLM+RSA 2702 14015 11728 11716 41220
VLM+RSA Ens. 25323 14942 23362 11517 30647
VLBM 2668 1404 12647 12421 38527
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Table 3.6: MAE between estimated and ground-truth returns for all Adroit tasks. Results
are obtained by averaging over 3 random seeds used for training.

MAE
Door
human

Door
cloned

Door
expert

Pen
human

Pen
cloned

Pen
expert

IS 870173 891188 648122 3926128 1707128 4547222

VPM 862163 1040188 879182 1569215 2324129 2325136

DICE 1108199 69779 856134 4193244 1454219 2963279

DR 37965 42473 1353218 2846200 132398 2013564

FQE 38960 43881 134384 2872170 1232105 1057281

AR Ens. 7343 8267 223616 216112 1981106 1803226

VLBM 710152 9331 60084 1637286 669270 1002262

MAE
Hammer
human

Hammer
cloned

Hammer
expert

Relocate
human

Relocate
cloned

Relocate
expert

IS 73521118 74031126 3052608 638217 632215 2731147

VPM 71051107 74591114 73121117 806166 586135 620214

DICE 5677936 4169839 3963758 4526474 1347485 1095221

DR 5768751 6101679 3485590 606116 412124 1193350

FQE 6000612 5415558 2950728 593113 439125 1351393

AR Ens. 689727 724012 30578 8237 6626 21384

VLBM 6184479 7267402 2682146 62425 388183 2021270
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Table 3.7: Summary of the Gym-Mujoco environments and datasets used to train VLBM
and baselines.

State Dim. Action Dim. Early Term. Continuous Ctrl. Dataset Dataset Size

Ant 27 8 Yes Yes

random 999,427

medium-
replay

301,698

medium 999,175

medium-
expert

1,998,158

expert 999,036

Halfcheetah 17 6 No Yes

random 999,000

medium-
replay

201,798

medium 999,000

medium-
expert

1,998,000

expert 999,000

Hopper 11 3 Yes Yes

random 999,999

medium-
replay

401,598

medium 999,998

medium-
expert

1,998,966

expert 999,061

Walker2d 17 6 Yes Yes

random 999,999

medium-
replay

301,698

medium 999,322

medium-
expert

1,998,318

expert 999,000
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Table 3.8: Summary of the Adroit environments and datasets used to train VLBM and
baselines.

State Dim. Action Dim. Early Term. Continuous Ctrl. Dataset Dataset Size

Pen 45 24 Yes Yes
human 4,975

cloned 496,264

expert 494,248

Door 39 28 No Yes
human 6,704

cloned 995,642

expert 995,000

Hammer 46 26 No Yes
human 11,285

cloned 996,394

expert 995,000

Relocate 39 30 No Yes
human 9,917

cloned 996,242

expert 995,000
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4. Off-Policy Evaluation for Human Feedback (OPEHF)
In this chapter, we introduce an OPE for HF (OPEHF) framework that revives exist-

ing OPE methods in order to accurately evaluate the HF signals. Speci�cally, we develop

an immediate human reward (IHR) reconstruction approach, regularized by environmental

knowledge distilled in a latent space that captures the underlying dynamics of state tran-

sitions as well as issuing HF signals. Our approach has been tested overtwo real-world

experiments, adaptive in-vivo neurostimulation and intelligent tutoring, as well as in a sim-

ulation environment (visual Q&A). Results show that our approach signi�cantly improves

the performance toward estimating HF signals accurately, compared to directly applying

(variants of) existing OPE methods.

4.1 Related Work

This section introduces the works related to the topic being considered, including rein-

forcement learning from human feedback (RLHF) and reward shaping.

4.1.1 Reinforcement Learning from Human Feedback (RLHF)

Recently, the concept of RLHF has been widely used in guiding RL policy optimization

with the HF signals deemed more informative than the environmental rewards (Christiano

et al., 2017; MacGlashan et al., 2017; Ziegler et al., 2019). Speci�cally, they leverage

the ranked preferenceprovided by labelers to train a reward model, captured by feed-

forward neural networks, that is fused with the environmental rewards to guide policy

optimization. However, in this work, we focus on estimating the HF signals that serve

as direct evaluation of the RL policies used in human-involved experiments, such as the

level of satisfaction (e.g., on a scale 1-10) and the treatment outcome. The reason is that

in many scenarios the participants cannot revisit the same procedure multiple times,e.g.,

patients may not undergo the same surgeries several times and rank the experiences. More

importantly, OPEHF's setup is critical when online testing of RL policies may be even

prohibited, without su�cient justi�cations over safety and e�cacy upfront, as illustrated

by the experiments above.
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4.1.2 Reward Shaping

Although reward shaping methods (Arjona-Medina et al., 2019; Han et al., 2022; Patil et

al., 2020) pursue similar ideas of decomposing the delayed and/or sparse rewards (e.g., the

human return) into immediate rewards, they fundamentally rely on transforming the MDP

to such that the value functions can be smoothly captured and high-return state-action

pairs can be quickly identi�ed and frequently re-visited. For example, RUDDER (Arjona-

Medina et al., 2019) leverages the transformed MDP that has expected future rewards equal

to zero. Though the optimization objective is consistent between pre- and post-transformed

MDPs, this approach likely would not converge to an optimal policy in practice. On the

other hand, the performance (i.e., returns) of sub-optimal policies is not preserved across

the two MDPs. This signi�cantly limits its use cases toward OPE which requires the returns

resulted by sub-optimal policies to be estimated accurately. As a result, such methods are

not directly applicable to the OPEHF problem we consider.

4.2 Problem Formulation

We �rst formulate the human-involved MDP (HMDP), which is a tuple M = ( S, A , P , R,

RH , s0, g), where S is the set of states,A the set of actions,P : S � A Ñ S is the tran-

sition distribution usually captured by probabilities p(st |st� 1, at� 1), R : S � A Ñ R is the

environmental reward function, RH (rH |s, a) is the human reward distribution from which

the IHR rH
t � RH (�|st , at ) are sampled,s0 is the initial state sampled from the initial state

distribution p(s0), and g P [0, 1) is the discounting factor. Note that we set the IHRs

to be determined probabilistically, as opposed to the environmental rewardsr t = R(st , at )

that are deterministic; this is due to the fact that many underlying factors may a�ect the

feedback provided by humans (Chesnaye et al., 2022; Lis et al., 2015; Namkoong et al.,

2020), as we have also observed while performing human-involved experiments. Finally, the

agent interacts with the MDP following some policy p (a|s) that de�nes the probabilities of

taking action a at state s. We then make the following assumption overR and RH .

Assumption 1 (Unknown IHRs) . We assume that the immediate environmental reward func-
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tion R is known and R(s, a) can be obtained for any state-action pairs inS � A . Moreover, the

IHR distribution RH is assumed to be unknown, i.e., rH � RH (�|s, a) are unobservable, for all

(s, a) P S � A . Instead, the cumulative human return GH0:T, de�ned over RH , is given at the end

of each trajectory, i.e., GH0:T =
° T

t= 0 g trH
t , with T being the horizon and rH

t � RH (�|st , at ).

The assumption above follows the fact that human feedback (HF) is not available until

the end of each episode, as opposed to immediate rewards that can be de�ned over the

environment and evaluated for any (st , at ) pairs at any time. This is especially true in

environments such as healthcare where the clinical treatment outcome is not foreseeable

until a therapeutic cycle is completed, or in intelligent tutoring where the overall gain

from students over a semester is mostly re�ected by the �nal grades. Note that although

the setup can be generalized to the scenario where HF can be sparsely obtained over the

horizon, we believe that issuing the HF only at the end of each trajectory leads to a more

challenging setup for OPE.

Consequently, the goal of OPEHF can be formulated as follows. Given o�ine trajectories

collected by somebehavioralpolicy b, r b = t t (0) , t (1) , . . . ,t (N� 1) | at � b(at |st )u, with t ( i) =

[(s( i)
0 , a( i)

0 , r ( i)
0 , rH ( i)

0 , s( i)
1 ), . . . ,(s( i)

T� 1, a( i)
T� 1, r ( i)

T� 1, rH ( i)
T� 1, s( i)

T ), GH ( i)
0:T ] being a single trajectory, N

the total number of o�ine trajectories, and rH
t 's beingunknown, the objective is to estimate

the expected total human returnover the unknown state-action visitation distribution r p of

the target (evaluation) policy p , i.e., E (s,a)� r p ,rH � RH

h° T
t= 0 g trH

t

i
.

4.3 Reconstrunction of Immediate Human Rewards (IHRs) for OPEHF

We emphasize that the human returns are only issued at the end of each episode,

with IHRs remaining unknown. One can set all IHRs from t = 0 to t = T � 2 to be

zeros (i.e., rH
0:T� 2 = 0), and rescale the cumulative human return to be the IHR at the

last step (i.e., rH
T� 1 = GH

0:T / gT� 1), to allow the use of existing OPE methods toward

OPEHF. However, the sparsity overrH 's here may impose di�culties for OPE to estimate

the human returns accurately over the target policies. For OPEHF, we start by showing
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that for the per-decision importance sampling (PDIS) method � a variance-reduction variant

of the importance sample (IS) family of OPE methods (Precup, 2000) � if IHRswere to

be available, they could reduce the variance in the estimation compared to the rescale

approach above.

Recall that the PDIS estimator follows Ĝp
PDIS = 1

N

° N� 1
i= 1

° T� 1
t= 0 g tw( i)

0:t r
H (i )
t , wherew( i)

0:t =

± t
k= 0

p (a( i)
k |s( i)

k )

b(a( i)
k |s( i)

k )
are the PDIS weights for o�ine trajectory t ( i) . Moreover, the estimator

of the rescale approach1 above is Ĝp
Rescale= 1

N

° N� 1
i= 1 w( i)

0:T� 1GH ( i)
0:T , which is equivalent to

the vanilla IS estimator (Precup, 2000; P. S. Thomas, 2015). We now show the variance

reduction property of Ĝp
PDIS in the context of OPEHF.

Proposition 1. Assume that (i)E [rH
t ] ¥ 0, and (ii) given the horizon T, consider any1 ¤

t + 1 ¤ k ¤ T of any of�ine trajectoryt , w0:k and rHt w0:k are positively correlated. Then,

V (Ĝp
PDIS) ¤ V (Ĝp

Rescale), with V (�) representing the variance.

The proof can be found in Appendix A. Assumption (i ) can be easily satis�ed in the real

world, as HF signals are usually quanti�ed as positive values,e.g., ratings (1-10) provided

by participants. Assumption ( ii ) is most likely to be satis�ed when the target policies do

not visit low-return regions substantially (Y. Liu et al., 2020), which is a pre-requisite for

testing RL policies in human-involved environments as initial screening are usually required

to �lter the ones that could potentially pose risks to participants (Parvinian et al., 2018).

Besides IS, doubly robust (DR) (Farajtabar et al., 2018; Jiang & Li, 2016; Z. Tang et al.,

2019; P. Thomas & Brunskill, 2016) and �tted Q-evaluation (FQE) (Le et al., 2019) meth-

ods require learning value functions. Sparsity of rewards (following the rescale approach

above) in the o�ine dataset may lead to poorly learned value functions (Vecerik et al.,

2017), considering that the o�ine data in OPE is usually �xed ( i.e., no new samples can be

added), and are often generated by behavioral policies that are sub-optimal, which results

in limited coverage of the state-action space. Limited availabilities of environment-policy

1 We call it the rescale approachinstead of vanilla IS as the idea behind also generalizes to non-IS methods.
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interactions (e.g., clinical trials) further reduce the scale of the exploration and therefore

limit the information that can be leveraged toward obtaining accurate value function ap-

proximations.

4.3.1 Reconstruction of IHRs.

To address this challenge, our approach aims to project the end-of-episode human re-

turns back to each environmental step,i.e., to learn a mapping fq(t , GH
0:T) : (S � A )T � R Ñ

RT, parameterized byq, that maximizes the sum of log-likelihood of the estimated IHRs,

[r̂H
0 , . . . ,r̂H

T� 1]| � fq(t , GH
0:T), following maxq

1
N

° N� 1
i= 0

° T� 1
t= 0 log p( r̂H

t = rH ( i)
t |q, t ( i) , GH ( i)

0:T ),

whereGH ( i)
0:T and rH ( i)

t 's are respectivelly the human return and IHRs (unknown) of thei-th

trajectory in the o�ine dataset r b, and N is the total number of trajectories in r b. Given

that the objective above is intractable due to unknown rH ( i)
t 's, we introduce a surrogate

objective

max
q

1
N

N� 1¸

i= 0

h
log p

� T� 1¸

t= 0

g t r̂H
t = GH ( i)

0:T |q, t ( i) , GH ( i)
0:T

�
� C � L regu( r̂H

0:T� 1|q, t ( i) , GH ( i)
0:T )

i
. (4.1)

Here, the �rst term is a necessary condition for̂rH
t 's to be valid for estimating rH

t 's, as they

should sum to GH
0:T. Since many solutions may exist if one only optimizes over the �rst

term, the second termL regu serves as a regularization that imposes constraints onrH
t 's to

follow the properties speci�c to their corresponding state-action pairs;e.g., (s, a) pairs that

are similar to each other in a representation space, de�ned over the state-action visitation

space, tend to yield similar immediate rewards (Q. Gao, Gao, Chi, & Pajic, 2023b).

The detailed regularization technique is introduced in sub-section below. Practically,

we choosefq to be a bi-directional long-short term memory (LSTM) (Hochreiter & Schmid-

huber, 1997), since the reconstruction of IHRs can leverage information from both previous

and subsequent steps as provided in the o�ine trajectories.
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FIGURE 4.1: (Left ) Architecture of the variational latent model with human returns (VLM-
H). (Mid ) Illustration of the clustering behavior in the latent space using t-SNE visualiza-
tion (Van der Maaten & Hinton, 2008), where the encoded state-action pairs (output by
the encoder of VLM-H) are in general clustered together if they are generated by policies
with similar human returns (shown in the legend at the top left). ( Right ) Diagram sum-
marizing the pipeline of the OPEHF framework.

4.4 Reconstruction of IHRs over Latent Representations (RILR)
for OPEHF

Now, we introduce the regularization technique for the reconstruction of IHRs,i.e.,

reconstructing IHRs over latent representations (RILR). Speci�cally, we leverage the repre-

sentations captured by variational auto-encoders (VAEs) (Kingma & Welling, 2013), learned

over r b, to regularize the reconstructed IHRs,r̂H
t .

VAEs have been adapted toward learning a compact latent space over o�ine state-

action visitations, facilitating both o�ine policy optimization (Hafner, Lillicrap, et al.,

2020; Hafner, Lillicrap, et al., 2020; Hafner et al., 2019; Lee et al., 2020; Rybkin et al.,

2021; M. Zhang et al., 2019) and OPE (Q. Gao, Gao, Chi, & Pajic, 2023b). In this

work, we speci�cally consider building on the variational latent model (VLM) proposed

in (Q. Gao, Gao, Chi, & Pajic, 2023b) since it is originally proposed to facilitate OPE,

as opposed to others that mainly use knowledge captured in the latent space to improve

sample e�ciency for policy optimization. Moreover, the VLM has shown to be e�ective

for learning an expressive representation space, where the encoded state-action pairs are

clustered well in the latent space, as measured by the di�erence over the returns of the

policies from which the state-action pairs are sampled; see Figure 4.1 (mid) which usest-

55



SNE to visualize the encoded state-action pairs in trajectories collected from a visual Q&A

environment.

Note that VLM originally does not account for HF signals (neither rH
t 's nor GH

0:T 's), so

we introduce the variational latent model with human returns (VLM-H) below, building

on the architecture introduced in (Q. Gao, Gao, Chi, & Pajic, 2023b). VLM-H consists

of a prior p(z) over the latent variables z P Z € RL, with Z representing the latent

space andL the dimension, along with a variational encoderqy (zt |zt� 1, at� 1, st ), a decoder

pf (zt , st , r t� 1|zt� 1, at� 1) for generating per-step transitions (over both state-action and la-

tent space), and a separate decoderpf (GH
0:T|zT) for the reconstruction of the human returns

at the end of each episode. Note that encoders and decoders are parameterized byy and

f respectively. The overall architecture is illustrated in Figure 4.1 (left).

4.4.1 Trajectory Inference (Encoding).

VLM-H's encoder approximates the intractable posterior

p(zt |zt� 1, at� 1, st ) =
p(zt� 1, at� 1, zt , st )³

ztPZ p(zt� 1, at� 1, zt , st )dzt
, (4.2)

by avoiding to integrate over the unknown latent spacea priori . The inference (or encoding)

process can be decomposed as,i.e., qy (z0:T|s0:T, a0:T� 1) = qy (z0|s0)
± T

t= 1 qy (zt |zt� 1, at� 1, st );

here,qy (z0|s0) encodes initial statess0 into latent variables z0, and qy (zt |zt� 1, at� 1, st ) cap-

tures all subsequent environmental transitions in the latent space overzt 's. In general,

both qy 's are represented as diagonal Gaussian distributions2 with mean and variance de-

termined by neural network y , as in (Q. Gao, Gao, Chi, & Pajic, 2023b; Hafner, Lillicrap,

et al., 2020; Hafner, Lillicrap, et al., 2020; Hafner et al., 2019; Lee et al., 2020).

4.4.2 Trajectory Generation (Decoding).

The generative (or decoding) process follows,i.e., pf (z1:T, s0:T, r0:T� 1, GH
0:T|z0, p ) =

pf (GH
0:T|zT) �

± T
t= 1 pf (zt |zt� 1, at� 1)pf (r t� 1|zt ) �

± T
t= 0 pf (st |zt ); here,pf (zt |zt� 1, at� 1) enforces

2 This helps facilitate an orthogonal basis of the latent space, which would improve the expressiveness of
the model.
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the transition of latent variables zt over time, pf (st |zt ) and pf (r t� 1|zt ) are used to sample

the states and immediateenvironmental rewards, while pf (GH
0:T|zT) generates thehuman

return issued at the end of each episode. Note that here we still use the VLM-H to capture

environmental rewards, allowing the VLM-H to formulate a latent space that captures as

much information about the dynamics underlying the environment as possible. Allpf 's are

represented as diagonal Gaussians3 with parameters determined by network f .

To train f and y , one can maximize the evidence lower bound (ELBO) of the joint

log-likelihood log pf (s0:T, r0:T� 1, GH
0:T|f , y , r b), i.e.,

max
y ,f

Eqy

h
log pf (GH

0:T|zT) +
¸ T

t= 0
log pf (st |zt ) +

¸ T

t= 1
log pf (r t� 1|zt )

� KL
�
qy (z0|s0)||p(z0)

�
�

¸ T

t= 1
KL

�
qy (zt |zt� 1, at� 1, st )||pf (zt |zt� 1, at� 1)

� i
; (4.3)

the �rst three terms are the log-likelihoods of reconstructing the human return, states, and

environmental rewards, and the two terms that follow are Kullback-Leibler (KL) diver-

gence (Kullback & Leibler, 1951) regularizing the inferred posteriorqy . Derivation of the

ELBO can be found below. In practice, if f and y are chosen to be recurrent networks,

one can also regularize the hidden states off , y by including the additional regularization

term introduced in (Q. Gao, Gao, Chi, & Pajic, 2023b).

3 If needed, one can project the states over to the orthogonal basis, to ensure that they follow a diagonal co-
variance.
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4.4.3 Derivation of the evidence lower bound (ELBO) Above

Note that unlike the ELBO in (Q. Gao, Gao, Chi, & Pajic, 2023b), the VLM-H includes

an additional component that estimates the human returnGH
0:T of each trajectory, i.e.,

log pf (s0:T, r0:T� 1, GH
0:T) (4.4)

= log
»

z1:TPZ
pf (s0:T, z1:T, r0:T� 1, GH

0:T)dz (4.5)

= log
»

z1:TPZ

pf (s0:T, z1:T, r0:T� 1, GH
0:T)

qy (z0:T|s0:T, a0:T� 1)
qy (z0:T|s0:T, a0:T� 1)dz (4.6)

¥ Eqy [log p(z0) + log pf (s0:T, z1:T, r0:T� 1|z0) + log pf (GH
0:T|zT) � log qy (z0:T|s0:T, a0:T� 1)]

(4.7)

= Eqy

h
log p(z0) + log pf (s0|z0) + log pf (GH

0:T|zT) +
¸ T

t= 1
log pf (st , zt , r t� 1|zt� 1, at� 1)

� log qy (z0|s0) �
¸ T

t= 1
log qy (zt |zt� 1, at� 1, st )

i
(4.8)

= Eqy

h
log p(z0) � log qy (z0|s0) + log pf (s0|z0) + log pf (GH

0:T|zT) (4.9)

�
¸ T

t= 1
log qy (zt |zt� 1, at� 1, st )

+
¸ T

t= 1
log

�
pf (st |zt )pf (r t� 1|zt )pf (zt |zt� 1, at� 1)

� i
(4.10)

= Eqy

h
log pf (GH

0:T|zT) +
¸ T

t= 0
log pf (st |zt ) +

¸ T

t= 1
log pf (r t� 1|zt )

� KL
�
qy (z0|s0)||p(z0)

�
�

¸ T

t= 1
KL

�
qy (zt |zt� 1, at� 1, st )||pf (zt |zt� 1, at� 1)

� i
.

(4.11)

Note that to simplify our presentation, we omit f , y , r b as part of the conditional terms in

the joint likelihoods. The transition from (4.6) to (4.7) follows Jensen's inequality.

4.4.4 Regularizing the Reconstruction of IHRs.

Existing works have shown that the latent space not only facilitates the generation of

synthetic trajectories but demonstrated that the latent encodings of state-action pairs form

clusters, over some measures in the latent space (Van der Maaten & Hinton, 2008), if they
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are rolled out from policies that lead to similar returns (Q. Gao, Gao, Chi, & Pajic, 2023b;

Lee et al., 2020). As a result, we regularizêrH
t following

min
q

L regu( r̂H
t |q, y , s( i)

0:t , a( i)
0:t� 1, GH ( i)

0:T ) =
¸

jPJ

� log p( r̂H
t = ( 1 � g)GH ( j)

0:T |q, y , s( j)
0:t1, a( j)

0:t1� 1, GH ( j)
0:T )

(4.12)

for each stept; here, (s( i)
0:t , a( i)

0:t� 1) P t ( i) � r b, J = t j0, . . . ,jK� 1u are the indices of o�ine

trajectories that correspond to the latent encodingst z( jk)
t1 � qy (�|s( jk)

0:t1, a( jk)
0:t1� 1)|jk P J , t1 P

[0,T � 1]u that are K-neighbours of the latent encodingz( i)
t pertaining to (s( i)

0:t , a( i)
0:t� 1), de-

�ned over some similarity/distance function d(�||�), following, i.e.,

min
jkPJ

K� 1¸

k= 0

d(z( i)
t ||z( jk)

t1 ), s.t. z( jk)
t1 's corresponding

�
s( jk)
0:t1, a( jk)

0:t1� 1

�
P t ( jk) � r b. (4.13)

In practice, we choosed(�||�) to follow stochastic neighbor embedding (SNE) similari-

ties (Van der Maaten & Hinton, 2008), as it has been shown e�ective for capturing Euclidean

distances in high-dimensional space (Wattenberg et al., 2016).

4.4.5 Overall Objective of RILR for OPEHF.

As a result, by following (4.1) and leveraging theL regu from (4.12)above, the objective

for reconstructing the IHRs is set to be,i.e.,

max
q

1
N

N� 1¸

i= 0

h
log p

� T� 1¸

t= 0

g t r̂H
t = GH ( i)

0:T |q, t ( i) , GH ( i)
0:T

�
� C�

T� 1¸

t= 0

L regu( r̂H
t |q, y , s( i)

0:t , a( i)
0:t� 1, GH ( i)

0:T )
i
.

(4.14)

4.4.6 Move from RILR to OPEHF.

In what follows, one can leverage any existing OPE methods to take as inputs the o�ine

trajectories, with the immediate environmental rewardsr t 's replaced by the reconstructed

IHRs r̂H
t 's, to achieve the OPEHF's objective. Moreover, our method does not require the

IHRs to be correlated with the environmental rewards, as the VLM-H learns to reconstruct

both by sampling from two independent distributions, pf (r t� 1|zt ) and pf (GH
0:T|zT) respec-
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tively, following (4.3); this is also illustrated empirically over the experiments introduced

below, where exceedingly low correlations are found in speci�c scenarios.

The overall pipeline summarizing our method is shown in Figure 4.1 (right).

4.5 Real-World Experiments with Human Participants

In this section, we validate the OPEHF framework introduced above over two real-

world experiments, adaptive neurostimulation, and intelligent tutoring. Speci�cally, we

consider four types of OPE methods to be used as the downstream estimator following the

RILR step (Section 4.4), including per-decision importance sampling (IS) with behavioral

policy estimation (Hanna et al., 2019), doubly robust (DR) (P. Thomas & Brunskill, 2016),

distribution correction estimation (DICE) (M. Yang et al., 2020) and �tted Q-evaluation

(FQE) (Le et al., 2019). A brief overview of these methods can be found in Section 2.3.

In Section 4.6, we have also tested our method within a visual Q&A environment (Das

et al., 2017; Snell et al., 2022), which follows similar mechanisms as in the two real-world

experiments, i.e., two types of return signals are considered though no human participants

are involved.

4.5.1 Baselines and Ablations.

The baselines include two variants for each of the OPE methods above,i.e., (i ) the

rescale approach discussed in Section 4.3, and (ii ) another variant that sets all the IHRs

to be equal to the environmental rewards at corresponding steps,rH
t = r t @t P [0,T � 2],

and then let rH
T� 1 = rT� 1 + ( GH

0:T � G0:T)/ gT� 1 with G0:T =
°

t g tr t being the environ-

mental return, which is referred to as fusion below � this baseline may perform better

when strong correlations existed between environmental and human rewards, as it in-

trinsically decomposes the human returns into IHRs. Consequently, in each experiment

below, we compare the performance of the OPEHF framework extending all four types

of OPE methods above,<IS/DR/DICE/FQE>-OPEHF, against the corresponding baselines,

<IS/DR/DICE/FQE>-<Fusion/Rescale>. We also include the VLM-H as an ablation base-

line, as if it is a model-based approach standalone; this is achieved by sampling the estimate
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FIGURE 4.2: Setup of the neurostimulation experiments, as well as the formulation of
of�ine trajectories. Environmental rewards and human returns are captured in streams 1
and 2-3 respectively.

returns from the decoder,ĜH
0:T � pf (GH

0:T|zT).

4.5.1.1 Metrics.

Following a recent OPE benchmark (Fu, Norouzi, et al., 2020), three metrics are con-

sidered to validate the performance of each method, including mean absolute error (MAE),

rank correlation, and regret@1. Mathematical de�nitions can be found in Section 2.3. Also,

following (Fu, Norouzi, et al., 2020), each method is evaluated over 3 random seeds, and

the mean performance (with standard errors) is reported.

4.5.2 Adaptive Neurostimulation: Deep Brain Stimulation

Adaptive neurostimulation facilitates treatments for a variety of neurological disor-

ders (Benabid, 2003; Deuschl et al., 2006; Follett et al., 2010; Okun, 2012a). Deep brain

stimulation (DBS) is a type of neurostimulation used speci�cally toward Parkinson's dis-

ease (PD), where an internal pulse generator (IPG), implanted under the collarbone, sends

electrical stimulus to the basal ganglia (BG) area of the brain through invasive electrodes;
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FIGURE 4.3: Results from the adaptive neurostimulation experiment, i.e., deep brain stim-
ulation (DBS). Each method is evaluated over the data collected from each patient, toward
corresponding target policies, respectively. The performance shown above are averaged
over all 4 human participants affected by Parkinson's disease (PD). Raw statistics can be
found in Tables 4.2-4.5.

Figure 4.2 illustrates the setup.4 Adaptive DBS aims to adjust the strength (amplitude)

of the stimulus in real-time, to respond to irregular neuronal activities caused by PD,

leveraging the local �eld potentials (LFPs) as the immediate feedback signals,i.e., the

environmental rewards. Existing works have leveraged RL for adaptive DBS overcompu-

tational BG models (Q. Gao, Naumann, et al., 2020; Guez et al., 2008; Nagaraj et al.,

2017; Pineau et al., 2009), using rewards de�ned over a physiological signal � beta-band

power spectral density of LFPs (i.e., the beta power) since physiologically PD could lead

to increased beta power due to the irregular neuronal activations it causes (Kuncel & Grill,

2004). However, in clinical practice, the correlation between beta power and the level of

satisfaction reported by the patients varies depending on the speci�c characteristics of each

person, as PD can cause di�erent types of symptoms over a wide range of severity (Brown

et al., 2001; Kühn et al., 2006; Okun, 2012b; Wong et al., 2022). Such �ndings further

justify the signi�cance of evaluating HF/human returns in the real world using OPEHF.

In this experiment, we leverage OPEHF to estimate the feedback provided by 4PD

patients who participate in monthly clinical testings of RL policies trained to adapt ampli-

tudes of the stimulus toward reducing their PD symptoms,i.e., bradykinesia and tremor. A

mixture of behavioral policies is used to collect the o�ine trajectories r b. Speci�cally, in ev-

4 A more detailed introduction of this DBS system can be found in Chapter 5.
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Table 4.1: Correlations between theenvironmentaland humanreturns of the 6 target DBS
policies associated with each PD patient.

Patient # 0 1 2 3

Pearson's -0.396 -0.477 -0.599 -0.275
Spearman's -0.2 -0.6 0.086 0.086

ery step, the statest is a historical sequence of LFPs capturing neuronal activities, and the

action at updates the amplitude of the stimulus to be sent5. Then, an environmental reward

r t = R(st , at ) gives a penalty if the beta power computed from the latest LFPs is greater

than some threshold (to promote treatment e�cacy) as well as a penalty proportional to

the amplitudes of the stimulus being sent (to improve battery life of the IPG). At the end

of each episode, thehuman returns GH
0:T are determined from three sources (weighted by

50%, 25%, 25%, respectively),i.e., (i ) a satisfaction rating (between 1-10) provided by the

patient, ( ii ) hand grasp speed as a result of the bradykinesia test (Ramaker et al., 2002),

and (iii ) level of tremorcalculated over the data from a wearable accelerometry (W. Chen

et al., 2021; Powers et al., 2021). Each session lasts more than 10 minutes, and each discrete

step above corresponds to 2 seconds in the real world; thus, the horizonT ¥ 300. Approval

of an Institutional Review Board (IRB) is obtained from Duke University Health System,

as well as the exceptional use of the DBS system by the US Food and Drug Administration

(FDA).

For each patient, OPEHF and the baselines are used to estimate the human returns of

6 target policies with varied performance. The ground-truth human return for each target

policy is obtained as a result of extensive clinical testing following the same schema above,

over more than 100 minutes. Table 4.1 shows the Pearson's and Spearman's correlation

coe�cients (Freedman et al., 2007), measuring the linear and rank correlations between the

environmental returns G0:T and the human returns GH
0:T over all the target DBS policies

considered for each patient. Pearson's coe�cients are all negative since the environmental

5 RL policies only adapt the stimulation amplitudes within a safe range as determined by neurologists/neu-
rosurgeons, making sure they will not lead to negative effects to participants.
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FIGURE 4.4: t-SNE visualizing the VLM-H encodings of the state-action pairs rolled out
over DBS policies with different human returns (shown in the legend). It can be observed
that distances among the encoded pairs associated with the policies that lead to similar
returns are in general smaller, justifying the RILR objective (4.14).

reward function only issues penalties, while human returns are all captured by positive

values. It can be observed that only weak-to-moderate degrees of linear correlations exist

for all four patients, while ranks betweenG0:T 's and GH
0:T 's are not preserved across patients;

thus, it highlights the need for leveraging OPEHF to estimate human returns, which is

di�erent than the classic OPE that focus on estimating environmental returns.

The overall performance averaged across the 4-patient cohort, is reported in Figure 4.3.

Raw performance over every single patient can be found in Tables 4.2-4.5. It can be observed

that our OPEHF framework signi�cantly improves MAEs and ranks compared to the two

baselines, for all 4 types of downstream OPE methods we considered (IS, DR, DICE, and

FQE). Moreover, our method also signi�cantly outperforms the ablation VLM-H in terms of

these two metrics, as the VLM-H's performance is mainly determined by how well it could

capture the underlying dynamics and returns. In contrast, our OPEHF framework not

only leverages the latent representations learnt by the VLM-H (for regularizing RILR), it

also inherits the advantages intrinsically associated with the downstream estimators;e.g.,

low-bias nature of IS, or low-variance provided by DR. Moreover, the fusion baseline in

general performs worse than the rescale baseline as expected, since no strong correlations

between environmental and human returns are found, as reported in Table 4.1.

Note that the majority of the methods lead to similar (relatively low) regrets, as there

exist a few policies that lead to human returns that are close over some patients. The reason

is that all the policies to be extensively tested in clinics are subject to initial screening, where
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