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Abstract

Offline Learning from Observation (LfO) focuses on enabling agents to imitate1

expert behavior using datasets that contain only expert state trajectories and separate2

transition data with suboptimal actions. This setting is both practical and critical in3

real-world scenarios where direct environment interaction or access to expert action4

labels is costly, risky, or infeasible. Most existing LfO methods attempt to solve5

this problem through state or state-action occupancy matching. They typically rely6

on pretraining a discriminator to differentiate between expert and non-expert states,7

which could introduce errors and instability—especially when the discriminator8

is poorly trained. While recent discriminator-free methods have emerged, they9

generally require substantially more data, limiting their practicality in low-data10

regimes. In this paper, we propose IOSTOM (Imitation from Observation via11

State Transition Occupancy Matching), a novel offline LfO algorithm designed to12

overcome these limitations. Our approach formulates a learning objective based13

on the joint state visitation distribution. A key distinction of IOSTOM is that it14

first excludes actions entirely from the training objective. Instead, we learn an15

implicit policy that models transition probabilities between states, resulting in16

a more compact and stable optimization problem. To recover the expert policy,17

we introduce an efficient action inference mechanism that avoids training an18

inverse dynamics model. Extensive empirical evaluations across diverse offline19

LfO benchmarks show that IOSTOM substantially outperforms state-of-the-art20

methods, demonstrating both improved performance and data efficiency.21

1 Introduction22

Imitation learning is a framework in machine learning where agents learn to perform tasks by23

mimicking expert demonstrations rather than learning through trial-and-error or explicit reward24

signals [32, 36, 15]. This approach is particularly useful in environments where designing reward25

functions is difficult or costly. Its practical relevance spans a wide range of domains, including26

robotics, healthcare, and autonomous driving, where expert behavior is available but reinforcement27

learning is either too risky, time-consuming, or expensive to deploy [34, 43, 24]. By leveraging expert28

demonstrations, imitation learning enables faster deployment of intelligent systems and facilitates29

safer exploration in complex, real-world environments.30

A variant of this framework, known as Imitation from Observations or Learning from Observations31

(LfO), focuses on learning policies using only state trajectories without access to the expert’s actions.32

This setting presents unique challenges, such as inferring intent and disambiguating optimal behavior33

from partial information, but also broadens applicability to scenarios where action data is unavailable34

or hard to record. For example, in video-based learning from human demonstrations in household35
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tasks (e.g., cleaning or cooking), it is often infeasible to capture the precise motor commands or36

control actions, making observation-only learning a practical and valuable approach.37

Recent developments in imitation learning from observations have increasingly focused on scenarios38

where a limited set of expert state-only trajectories is complemented by sub-optimal state-action39

demonstrations. While this setup has practical appeal, many existing methods rely on distribution-40

matching frameworks that operate over complex input tuples such as (s, a, s′) or (s, s′, s′′), where41

s, s′ represents a state and a an action [18, 37]. These formulations appear to be sample-inefficient42

due to the structural complexity of the inputs. Furthermore, some approaches require estimating a43

discriminator to support training [27, 45], which can be unreliable in low-data or high-dimensional44

settings [38]. Other methods rely on learning an inverse dynamics model to recover unobserved45

expert actions, which introduces approximation errors that may degrade the quality of the learned46

policy [40, 47]. To the best of our knowledge, no existing method in the LfO setting addresses all of47

these limitations simultaneously.48

We aim to address the aforementioned limitations in this work. Our central idea is to ignore sub-49

optimal actions and instead focus on learning the transition probabilities between consecutive states,50

leading to a simple and compact learning objective that only involves joint state pairs (s, s′). We then51

develop an efficient method to recover the expert policy without requiring an inverse dynamics model.52

Specifically, our contributions are as follows:53

(i) By first disregarding sub-optimal actions in the demonstration data, we propose to learn54

state-to-state transition probabilities, which can be interpreted as an implicit policy that55

encapsulates the actual state-action policy. We then formulate the learning problem as56

matching joint state visitation distributions and leverage convexity and Lagrangian duality57

to derive a tractable joint-state Q-learning procedure. This training formulation, in addition58

to being discriminator-free, is significantly simpler and more compact than prior approaches59

that rely on action annotations, as it only involves consecutive state pairs (s, s′).60

(ii) We further introduce two novel strategies for efficiently extracting a policy from the learned61

Q-function. First, we propose a Q-weighted behavior cloning (BC) approach, which is62

theoretically equivalent to the standard advantage-weighted BC but offers a more compact63

and stable formulation. Second, we propose a single-stage process for recovering the expert64

policy without estimating an inverse dynamics model, thereby avoiding approximation errors65

that could degrade policy quality.66

(iii) We validate our LfO framework using state-of-the-art benchmarks, demonstrating that our67

algorithm, IOSTOM, significantly outperforms existing methods.68

2 Related Work69

Learning from Observations Different from Learning from Demonstrations (LfD) [36, 34] using70

expert state-action dataset, Learning from Observations (LfO) [42] addresses the challenge of71

imitation learning when expert actions are unavailable, relying instead on state-only expert trajectories.72

LfO research can be broadly distinguished into online and offline paradigms. In online LfO setting,73

the agent can actively interact with the environment [41, 46]. Recent advancement in online LfO74

focuses on improving adversarial imitation learning (AIL) approaches [14, 6]. The core idea of AIL75

relies on generative adversarial networks (GANs) [11] where a generator policy learns to imitate an76

expert, while a discriminator differentiates between agent-generated and expert data. In addition to77

online LfO, its offline setting has also received significant interest due to practical constraints of many78

real-world scenarios, where continuous interaction is costly or risky. It assumes access to state-only79

expert demonstrations and an action-labeled background dataset from other interactions [47]. A80

common approach trains an inverse dynamics model (IDM) on background data to infer expert actions,81

then applies Behavior Cloning (BC) [40, 4]. However, BC needs extensive, high-quality expert data82

and can suffer from compounding errors, exacerbated by IDM inaccuracies [33]. Another line adapts83

the Distribution Correction Estimation (DICE) framework [28]. These methods (e.g., PW-DICE [45],84

SMODICE [27], LobsDICE [18]) use a discriminator to estimate density ratios as pseudorewards for85

downstream RL. While avoiding an explicit IDM, their success depends on discriminator quality and86

RL robustness. Recently, DILO [37] bypass both IDM and discriminator learning by solving the dual87

of an occupancy matching objective, directly optimizing a utility function. This function, measuring88

long-term divergence from expert visitation, is used to extract the imitation policy.89
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Imitation Learning via Distribution Matching: Distribution Matching objective is a powerful90

tool in Reinforcement Learning (RL) that has demonstrated its effectiveness in exploration [25],91

goal-conditioned RL [26, 1], and especially Imitation Learning (IL). Many popular IL methods92

such as BC, GAIL [13], and DAgger [35] can be formulated as statistical divergence minimization93

problems [10]. This minimization can be performed over the state, state-action, or trajectory space,94

resulting in different IL approaches [30]. The well-known DICE-family algorithms [21, 19, 18, 27]95

also optimizes state or state-action visitation distribution matching problems between the learner and96

expert via their dual formulations [29]. They often require learning a discriminator to estimate the97

log-ratio for distribution correction. Recently, [38] introduce ReCOIL, a discriminator-free method98

that also optimizes the duality of the state-action occupancy matching problem. This work is closely99

related to our IOSTOM, as both learn a score function that assigns high values to expert samples100

and low values to non-expert samples. However, IOSTOM focuses on solving the state-transition101

occupancy matching problem instead of the standard state-action one to address the LfO problem.102

Our setting is generally considered more challenging than the LfD setting targeted by ReCOIL [17],103

mainly due to the absence of expert actions in LfO.104

3 Background105

Markov Decision Process. We consider a Markov Decision Process (MDP) defined by the tuple106

M = ⟨S,A, T ,R, p0, γ⟩, where S denotes the set of states, A set of actions, p0 represents the107

distribution of initial states, R : S ×A → R defines the reward function for each state-action pair,108

and T : S × A → S is the transition function, i.e., T (s′|s, a) is the probability of reaching state109

s′ ∈ S when action a ∈ A is taken at state s ∈ S. The parameter γ ∈ [0, 1) is the discount factor.110

In reinforcement learning (RL), the goal is to find a policy that maximizes the expected long-term111

accumulated reward, i.e., maxπ
{
E(s,a)∼dπ [R(s, a)]

}
, where dπ(s, a) is the occupancy measure112

(or state-action visitation distribution) of policy π. The definitions of dπ(s, a) and other common113

visitation distributions are include in Table 1.

State Distribution State-Action
Distribution Joint Distribution Transition

Distribution
Notation dπ(s) dπ(s, a) dπ(s, a, s′) dπ(s, s′)
Support S S ×A S ×A× S S × S

Definition (1− γ)
∑∞

t=1 γ
tP (st = s | π) dπ(s)π(a|s) dπ(s, a)T (s′|s, a)

∑
A dπ(s, a, s′)

Table 1: Overview on different stationary distributions adapted from [47]114

Offline Imitation Learning from Observations. Different from standard Imitation Learning,115

Learning from observations (LfO) relaxes the requirement of action in expert dataset. In offline LfO116

setting, we assume access to an expert observation-only dataset DE = {s, s′} and a suboptimal117

interaction dataset DI = {s, a, s′}. Several methods have been proposed to handle this challenging118

scenario. For instance, SMODICE [27], a state-of-the-art approach for learning from observa-119

tions (LfO), minimizes an upper bound of KL-divergence DKL[d
π(s) ∥ dE(s)] via the objective:120

min Edπ(s)

[
log dI(s)

dE(s)

]
+Df

[
dπ(s, a) ∥ dI(s, a)

]
where Df denotes an f -divergence between two121

distributions. LobsDICE [18] proposes a similar formulation: min DKL
(
dπ(s, s′) ∥ dE(s, s′)

)
+122

αDKL
(
dπ(s, a) ∥ dI(s, a)

)
. DILO [37] introduces a discriminator-free approach via solving an-123

other objective: min Df

[
β dπ(s, s′, a′)+(1−β) dI(s, s′, a′), β dE(s, s′, a′)+(1−β) dI(s, s′, a′)

]
,124

where dπ(s, s′, a′) = dπ(s, s′)π(a′|s′).125

Most methods (except DILO) rely on a learned discriminator to predict distribution correction126

ratios based on s or (s, s′), which can be unreliable in low-data or high-dimensional settings [38].127

Although DILO is discriminator-free, it requires costly triplet samples (s, s′, s′′) and a non-standard128

visitation structure, which limits its sample efficiency. In contrast, our proposed method IOSTOM129

is discriminator-free and only involves joint state pairs (s, s′) during learning. This leads to a130

more compact representation and improved sample efficiency over prior approaches. Furthermore,131

IOSTOM is the only approach directly minimizing Df [d
π(s, s′) ∥ dE(s, s′)] which is the main132

objective of LfO [41, 18].133
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4 IOSTOM - Imitation Learning via State Transition Occupancy Matching134

We present a novel framework for imitation learning from observations, which is structured into two135

sequential stages. The first stage focuses on recovering the state-transition probabilities, denoted136

as g(s′ | s), which represents the probability of transitioning to the next state s′ given the current137

state s. In the second stage, we recover a policy based on the learned state transition model g(s′ | s).138

The key insight behind our method is to simplify the LfO problem by initially ignoring the action139

information in the dataset. By doing so, we treat the state transition model g(s′ | s) as a form of140

“implicit policy” that governs the behavior of the demonstrator. This abstraction allows us to bypass141

the need for explicit action labels during the early phase of learning.142

4.1 Joint State Q-learning Formulation143

Our approach centers on recovering the transition probability between states, denoted as g(s′ | s),144

which can be viewed as an implicit policy. This transition model can be computed based on145

the underlying policy and environment dynamics as: g(s′ | s) =
∑

a π(a | s)T (s′ | s, a). To146

facilitate training, we define the joint visitation distribution over state pairs (s, s′) as: dg(s, s′) =147

(1 − γ)g(s′ | s)
∑∞

t=0 γ
tp(st = s | g) =

∑
a d

π(s, a)T (s′ | s, a), where dπ(s, a) is the state-148

action visitation distribution under policy π, defined recursively as: dπ(s, a) = (1− γ)d0(s)π(a |149

s) + γ
∑

s′,a′ dπ(s′, a′)T (s | s′, a′)π(a | s). To support learning from observations, our goal is150

to remove the dependence on actions in the visitation distribution. We introduce the following151

proposition to this end:152

Proposition 1. The joint visitation distribution dg(s, s′) can be expressed as:153

dg(s, s′) = (1− γ)d0(s)g(s
′ | s) + γg(s′ | s)

∑
s

dg(s, s) (1)

We note that the flow equality in Equation (1) depends solely on the joint state visitation distribution154

dg(s, s′) and the state transition function g(s′ | s)—the two key quantities we aim to recover.155

Using the flow constraints described above and following the approach in [38], our main objective is156

to minimize the divergence between two joint state visitation distributions: dImix(s, s
′) and dE,I

mix (s, s
′),157

defined as follows:158

dImix(s, s
′) = αd(s, s′) + (1− α)dI(s, s′), and dE,I

mix (s, s
′) = αdE(s, s′) + (1− α)dI(s, s′),

where α ∈ (0, 1) is a mixing hyperparameter. Here, dImix(s, s
′) represents a mixed visitation159

distribution combining the learned state-transition behavior with that of the suboptimal dataset,160

while dE,I
mix (s, s

′) represents a mixed distribution combining expert behavior and suboptimal behavior.161

Combining this with the flow constraints in (1), we formulate our learning problem as follows:162

max
g,d≥0

−Df (d
I
mix(s, s

′)∥dE,I
mix(s, s

′))

s.t. d(s, s′) = (1− γ)d0(s)g(s
′|s) + γg(s′|s)

∑
s

d(s, s) (2)

The constrained problem described above is convex in d when the transition function g is fixed.163

Following a similar approach to that in [38], the maximization over d can be equivalently reformulated164

as an unconstrained optimization problem via Lagrangian duality. We formalize this result in the165

following proposition, with the full derivation provided in the appendix.166

Proposition 2. The constrained optimization problem in Equation (2) is equivalent to the following167

unconstrained max-min problem:168

max
g

min
Q(s,s′)

{
α(1− γ)E(s,s′)∼d0

[Q(s, s′)] + E(s,s′)∼dE,I
mix

[
f∗ (γEs′′∼g(·|s′) [Q(s′, s′′)]−Q(s, s′)

)]
− (1− α)E(s,s′)∼dI

[
γEs′′∼g(·|s′) [Q(s′, s′′)]−Q(s, s′)

] }
, (3)

where Q(s, s′) are the Lagrange multipliers and f∗ denotes the convex conjugate of a chosen convex169

function f .170
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For notational convenience, we define Q(s, g) = Es′∼g(·|s) [Q(s, s′)]. Using this shorthand, we write171

the objective function in (3) as:172

max
g

min
Q(s,s′)

{
L(Q, g) = α(1− γ)E(s,s′)∼d0

[Q(s, s′)] + αE(s,s′)∼dE [f∗ (γQ(s′, g)−Q(s, s′))]

+ (1− α)E(s,s′)∼dI

[
f̃∗ (γQ(s′, g)−Q(s, s′))

]}
, (4)

where f̃∗(t) = f∗(t)− t. This formulation learns a joint-state value function Q(s, s′), where actions173

are entirely ignored. While being more compact and manageable than prior formulations that rely on174

(s, a, s′) or even (s, s′, s′′) tuples, our approach benefits from ignoring suboptimal actions in the data.175

This design helps mitigate the imbalance in offline datasets, where expert demonstrations lack action176

labels, whereas suboptimal trajectories contain fully observed actions.177

4.2 Extreme V-learning178

Solving the maximin objective in (4) can be done via dual optimization by alternating between179

optimizing Q(s, s′) and g. Specifically, we minimize L(Q, g) over Q, and then maximize it over180

g with Q fixed. Following [44], the maximization over g can be approximated by computing181

maxg Q(s, g) for each state s, which requires sampling from g. In offline RL, this is challenging due182

to out-of-distribution (OOD) issues when querying Q on unseen state transitions [23]. To address183

this, we adopt the in-sample soft estimation from [9], replacing the hard maximization with a KL-184

regularized soft value: V g
Q(s) = Es′∼g(·|s)[Q(s, s′)− β log g(s′|s)

µ(s′|s) ], where µ is the behavior policy185

and β controls the KL strength, keeping g close to µ to avoid OOD samples. This is supported by the186

following proposition:187

Proposition 3. maxg{V g
Q(s)} can be approximated via the following Extreme-V objective:188

min
V

{
J(V | Q) = E(s,s′)∼dE,I

mix
[exp(ω(s, s′)) + ω(s, s′)− 1]

}
. (5)

where ω(s, s′) = (Q(s, s′)− V (s))/β.189

Using this estimate, the Q-learning objective becomes:190

min
Q

L(Q,V ) = α(1− γ)E(s,s′)∼d0
[Q(s, s′)] + αE(s,s′)∼dE [f∗ (γV (s′)−Q(s, s′))]

+ (1− α)E(s,s′)∼dI

[
f̃∗ (γV (s′)−Q(s, s′))

]
. (6)

We optimize Q and V jointly: Q by minimizing L(Q,V ), and V by minimizing J(V | Q). Crucially,191

L(Q,V ) is concave in Q, and J(V | Q) is convex in V , forming a bi-concave/convex structure that192

ensures stable and convergent optimization.193

Proposition 4. Under any convex function f , L(Q,V ) is convex in Q, and the Extreme-V loss194

J(V | Q) is convex in V .195

4.3 Policy Extraction196

Typically, once the Q and V functions have been learned through Q-learning, a policy can be197

recovered using advantage-weighted behavior cloning (AW-BC) [31]. In our context, where we198

operate with an implicit policy g(s′ | s), the policy can be recovered by solving the following199

optimization:200

max
g

E(s,s′)∼dI
mix(s,s

′) [exp (τ(Q(s, s′)− V (s))) log g(s′ | s)] , (7)

Here, τ > 0 is a parameter controlling the sharpness of advantage weighting. We use DI instead of201

the mixed dataset DE,I
mix in (7), as the policy π is extracted solely from DI . This is sufficient under202

the common coverage assumption that dI(s, s′) > 0 whenever dE(s, s′) > 0, as adopted in prior203

works [19, 18, 27].204

A limitation of objective (7) is that the value function V (s) in our setting is only an approximation205

obtained via the extreme-V surrogate, which can introduce noise and bias in the computation of206

advantages. To address this, we propose an alternative approach based solely on the Q-function. The207

following proposition shows that this alternative objective can, in theory, recover the same optimal208

implicit policy as the original advantage-weighted BC formulation.209
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Proposition 5. The following Q-weighted behavior cloning objective returns the same optimal210

implicit policy as the original advantage-weighted BC formulation:211

max
g

E(s,s′)∼dI [exp (τQ(s, s′)) log g(s′ | s)] . (8)

Given the learned implicit transition model g(s′ | s), existing approaches often recover the expert212

policy π(a|s) by training an inverse dynamics model (IDM), denoted as I(a | s, s′). This is typically213

done by optimizing the following objective: maxI E(s,a,s′)∼dI [log I(a | s, s′)] , and then defining214

the recovered policy as π(a | s) =
∑

s′ I(a | s, s′)g(s′ | s). While intuitive, this two-step approach215

has several limitations. First, decoupling the learning of g(s′ | s) and the recovery of π(a | s)216

via a separate inverse model introduces additional sources of bias. Second, training the inverse217

dynamics model I(a | s, s′) typically requires a significant amount of high-quality data. When the218

offline dataset dI contains a large proportion of low-quality or suboptimal data, the inverse model219

may be inaccurate—resulting in compounding approximation errors, as also noted in learning-from-220

observation (LfO) literature [18].221

To address limitations of IDM-based recovery, we propose a single-stage policy extraction method222

that avoids training an inverse dynamics model. Our approach leverages the identity g(s′ | s) =223 ∑
a T (s′ | s, a)π(a | s). Using this, we rewrite the Q-weighted BC objective (8) as a direct224

optimization over π: maxπ F (π) = E(s,s′)∼dI [exp (τQ(s, s′)) log (
∑

a T (s′ | s, a)π(a | s))] . The225

objective F (π), however, involves a log-sum over actions, making it difficult to optimize directly.226

We develop a tractable lower bound on this objective, which resembles a weighted behavior cloning227

loss over log π(a | s).228

Proposition 6. The objective F (π) is lower-bounded by the following surrogate function F̃ (π), up229

to an additive constant: F̃ (π) = E(s,s′)∼DI [exp (τQ(s, s′))
∑

a I(a | s, s′) log π(a | s)] .230

While F̃ (π) is a lower bound of the original objective F (π), maximizing this surrogate function still231

promotes the maximization of F (π) in practice. The primary advantage of the surrogate objective232

F̃ (π) is that it contains the term
∑

a I(a | s, s′)π(a | s), which can be empirically approximated233

using offline samples—thus avoiding the need to learn the inverse dynamics. In particular, we can234

empirically approximate F̃ (π) as: F̃ (π) ≈ E(s,a,s′)∼dI [exp (τQ(s, s′)) log π(a | s)] , where the235

expectation is taken over offline trajectories (s, a, s′). We note that a similar weighted behavior236

cloning formulation was used in [37], although without providing theoretical justification. Empirically,237

their results demonstrate that this single-stage approach can outperform the traditional two-step238

method involving inverse dynamics modeling.239

5 Practical Algorithm240

The common choices of f -divergence function in the literature can be KL or Pearson χ2. In241

IOSTOM, we choose the χ2 divergence function with its convex conjugate function f∗(x) = x2

4 + x.242

Our objective (6) becomes (complete derivation can be found in the Appendix): minQ L(Q,V ) =243

(1−γ)Ed0(s,s′)Q(s, s′)+γEs∼dE [V (s)]−Es,s′∼dE [Q(s, s′)]+ 1
4αEs,s′∼dE,I

mix
[(γV (s′)−Q(s, s′))2].244

The minQ −αE(s,s′)∼DE [Q(s, s′)] term in the above objective which effectively encourages maxi-245

mizing the Q-values of expert transitions can lead to unbounded growth in Q, potentially resulting in246

learning instability. To address this issue, we adopt a technique from [2] that constrains the expert247

Q-values, and propose the following practical Q-learning objective (with derivation in Appendix):248

L̃(Q,V ) = (1−γ)Ed0

[
Q(s, s′)

]
+
1−α
4α

EdI

[(
γV (s′)−Q(s, s′)

)2]
+
1

4
EdE

[(
Q(s, s′)− 2

1−γ

)2
]
.

(9)

Finally, to estimate the term E(s,s′)∼d0
[Q(s, s′)], we sample (s, s′) pairs uniformly from the offline249

dataset rather than from a policy rollout. This empirical estimation, adopted in prior works [8, 37],250

helps reduce overfitting and improves the robustness of the learned policy by leveraging a diverse251

range of initial transitions. We present main steps of our IOSTOM algorithm in Algorithm 1.252
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6 Experiments253
Algorithm 1 IOSTOM

1: Input: Expert dataset DE , suboptimal dataset DI

2: Initialize Q, V functions and policy networks Qϕ, Vω , πθ

3: Set target network parameters ϕ′ ← ϕ
4: for t = 1, 2, · · · , N do
5: Sample mini-batches from DE and DI

6: # Update V using J(V,Q) in Equation (5)
7: ω ← ω − η∇ωJ̃(Vω|Qϕ′)

8: # Update Q using L̃(Q,V ) in Equation (9)
9: ϕ← ϕ− η∇ϕL(Qϕ, Vω)

10: # Update policy via weighted BC
11: w(s, s′)← exp (τQϕ′(s, s′))
12: θ ← θ + η∇θE(s,a,s′)∼dI [w(s, s′) log πθ(a | s)]
13: # Update target network
14: ϕ′ ← λϕ+ (1− λ)ϕ′

15: end for
16: Output: Imitation policy πθ

In this section, we compare IOSTOM with254

previous state-of-the-art approaches on di-255

verse sets of environments and tasks from256

the D4RL benchmark [7], and real world257

data. Particularly, we aim to answer the258

following main questions: (Q1) Can IOS-259

TOM outperform other baselines on stan-260

dard LfO benchmarks? (Section 6.1), (Q2)261

Is our algorithm still robust with limited262

expert data? (Section 6.2) (Q3) What is263

the performance of IOSTOM on real-world264

instances (Section 6.3)? We also evaluate265

IOSTOM performance when learning from266

experts of different dynamics. This experi-267

ment is included in the Appendix along with implementation details, learning curves, and ablations.268

Baselines and experimental setup We choose three SOTA LfO methods in the literature as our269

main baselines: SMODICE [27], PW-DICE [45], and DILO [37]. Both SMODICE and PW-DICE270

require learning a discriminator. The main difference between them is that SMODICE aims to271

minize the KL-divergence distance of state visitation distributions between learner and expert while272

PW-DICE uses Wasserstein distance [16] instead. DILO is the recent SOTA discriminator-free273

method for LfO. We train all algorithms for 1 million gradient steps with 5 random seeds and monitor274

the normalized score = 100 ∗ method score - random score
expert score - random score [7] during training. The average normalized score275

of last 10 evaluations is used to assess the performance of different methods.276

6.1 Offline IL from Observations277

LfD approaches LfO approaches Expert

Suboptimal Env BC BC ReCOIL SMODICE PW-DICE DILO IOSTOM
Dataset (expert data) (full dataset)

random+ hopper 4.52±1.42 5.64±4.83 108.18±3.28 106.56 ±0.53 108.09 ±2.39 86.35 ±38.00 109.32 ±1.08 111.33
halfcheetah 2.2±0.01 2.25±0.00 80.20±6.61 85.55 ±1.39 86.11 ±4.39 91.53 ±0.27 93.02 ±0.40 88.83

expert walker2d 0.86±0.61 0.91±0.5 102.16±7.19 107.93 ±1.26 107.48 ±0.53 108.31 ±0.18 107.98 ±0.20 106.92
ant 5.17±5.43 30.66±1.35 126.74±4.63 126.08 ±0.73 126.89 ±1.17 125.39 ±2.37 128.19 ±1.52 130.75

random+ hopper 4.84±3.83 3.0±0.54 97.85±17.89 58.30 ±9.96 75.04 ±14.21 104.27 ±4.74 107.28 ±3.92 111.33
halfcheetah -0.93±0.35 2.24±0.01 76.92±7.53 3.19 ±1.82 4.02 ±1.74 43.65 ±3.85 88.77 ±1.26 88.83

few-expert walker2d 0.98±0.83 0.74±0.20 83.23±19.00 3.93 ±0.76 36.11 ±9.19 108.35 ±0.13 108.40 ±0.21 106.92
ant 0.91±3.93 35.38±2.66 67.14±8.30 6.59 ±6.86 99.90 ±2.59 110.79 ±1.33 120.09 ±5.17 130.75

medium+ hopper 16.09±12.80 59.25±3.71 88.51±16.73 55.74 ±2.10 65.99 ±8.05 108.22 ±1.95 110.20 ±0.51 111.33
halfcheetah -1.79±0.22 42.45±0.42 81.15±2.84 53.80 ±4.18 58.74 ±1.84 88.54 ±3.77 93.12 ±0.32 88.83

expert walker2d 2.43±1.82 72.76±3.82 108.54±1.81 6.91 ±0.71 105.41 ±0.33 86.59 ±12.32 108.12 ±0.13 106.92
ant 0.86±7.42 95.47±10.37 120.36±7.67 104.00 ±3.62 108.14 ±1.90 98.46 ±1.44 124.72 ±3.49 130.75

medium hopper 7.37±1.13 46.87±5.31 50.01±10.36 53.50 ±1.55 57.24 ±3.03 96.95 ±7.89 108.96 ±1.33 111.33
halfcheetah -1.15±0.06 42.21±0.06 75.96±4.54 42.88 ±0.63 27.85 ±6.03 59.40 ±6.80 89.47 ±0.82 88.83

few-expert walker2d 2.02±0.72 70.42±2.86 91.25±17.63 9.08 ±3.67 75.22 ±7.05 74.35 ±0.80 108.15 ±0.43 106.92
ant -10.45±1.63 81.63±6.67 110.38±10.96 88.20 ±1.13 90.34 ±2.56 90.77 ±0.50 120.36 ±1.25 130.75

cloned+expert
pen 13.95±11.04 34.94±11.10 95.04±4.48 15.71 ±11.36 23.39 ±4.56 26.48 ±3.33 82.77 ±4.84 106.42
door -0.22±0.05 0.011±0.00 102.75±4.05 1.57 ±2.32 0.07 ±0.14 93.29 ±13.65 102.77 ±0.96 103.94

hammer 2.41±4.48 5.45±7.84 95.77±17.90 1.07 ±1.30 1.29 ±0.12 91.80 ±22.17 94.59 ±9.39 125.71

human+expert
pen 13.83±10.76 90.76±25.09 103.72±2.90 58.62 ±7.52 -2.56 ±1.30 31.95 ±7.43 95.77 ±8.91 106.42
door -0.03±0.05 103.71±1.22 104.70±0.55 29.84 ±12.17 0.15 ±0.02 0.11 ±0.40 100.77 ±1.68 103.94

hammer 0.18±0.14 122.61±4.85 125.19±3.29 33.28 ±16.83 2.02 ±0.77 6.93 ±2.45 93.34 ±7.41 125.71

partial+expert kitchen 2.5±5.0 45.5±1.87 60.0±5.70 36.67 ±5.77 12.33 ±5.38 23.00 ±25.87 58.95 ±2.27 75.0

mixed+expert kitchen 2.2±3.8 42.1±1.12 52.0±1.0 48.33 ±6.29 7.50 ±4.16 29.17 ±13.97 46.45 ±0.84 75.0

Table 2: Average normalized return over last 10 evaluations of IOSTOM against baselines on the D4RL
suboptimal datasets with 1 expert trajectory. The mean and std are obtained over 5 random seeds. LfO methods
with avg. perf within the std-dev of the top performing LfO approach is in bold.

.To answer the question (Q1), we use the same offline LfO benchmark from DILO [38] with datasets278

constructed from the D4RL framework [7]. Specifically, we evaluate methods on 8 Mujoco envi-279

ronments: 4 locomotion (Hopper, HalfCheetah, Walker2d, Ant) and 4 manipulation (Pen, Door,280

Hammer, Kitchen) [39]. Each task’s expert dataset contains one trajectory. Suboptimal datasets for281

locomotion mix D4RL ‘random’ or ‘medium’ data with 200 (‘expert’) or 30 (‘few-expert’) expert282

trajectories. For manipulation, D4RL non-expert datasets (‘mixed’ and ‘partial’ for Kitchen; ‘human’283

and ‘cloned’ for others) are mixed with up to 30 expert trajectories. This results in 24 diverse tasks284
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for comparing IOSTOM against baselines, with manipulation tasks being more challenging due to285

larger state spaces. More details on environment and dataset are included in the Appendix.286

Table 2 presents results for IOSTOM and baselines. We also include the results of some Learning287

from Demonstration (LfD) methods such as Behavior Cloning (BC) and ReCOIL [38] to serve as the288

reference upper bound of LfO methods because they have access to expert actions during learning.289

We choose these two approaches as ReCOIL is the SOTA offline LfD method while BC is the most290

popular IL algorithm. Their results are taken directly from ReCOIL’s paper which uses a similar291

setting. As shown in Table 2, IOSTOM leads on 23/24 tasks, only marginally underperforming DILO292

on ‘walker2d random+expert’ while still matching expert performance. Discriminator-based methods293

(SMODICE, PW-DICE) degrade significantly with few expert examples or on high-dimensional294

manipulation tasks due to discriminator overfitting. While DILO’s discriminator-free nature mitigates295

this, it still struggles in ‘few-expert’ settings (e.g., ‘halfcheetah’) and ‘human+expert’ tasks where296

training can diverge (see Appendix for further discussion). BC methods with access to expert actions297

also exhibit poor performance on most tasks. Notably, IOSTOM’s performance is comparable to, and298

sometimes surpasses, ReCOIL on locomotion tasks, showcasing its effectiveness and potential to299

bridge the gap between LfD and LfO.300

6.2 LfO with subsampled expert301

Suboptimal Env SMODICE PW-DICE DILO IOSTOM
Dataset (full) (sub) (full) (sub) (full) (sub) (full) (sub)

random+ hopper 106.56 ±0.53 108.33 ±0.43 108.09 ±2.39 97.35 ±2.72 86.35 ±38.00 13.25 ±12.95 109.32 ±1.08 109.94 ±0.46

halfcheetah 85.55 ±1.39 78.63 ±5.04 86.11 ±4.39 37.95 ±9.94 91.53 ±0.27 92.06 ±0.29 93.02 ±0.40 93.23 ±0.24

expert walker2d 107.93 ±1.26 107.46 ±0.51 107.48 ±0.53 101.59 ±1.11 108.31 ±0.18 41.98 ±35.80 107.98 ±0.20 108.01 ±0.16

ant 126.08 ±0.73 124.13 ±3.74 126.89 ±1.17 112.99 ±6.28 125.39 ±2.37 30.27 ±2.47 128.19 ±1.52 126.23 ±2.87

random+ hopper 58.30 ±9.96 58.44 ±10.26 75.04 ±14.21 48.30 ±20.09 104.27 ±4.74 92.52 ±10.81 107.28 ±3.92 105.20 ±5.90

halfcheetah 3.19 ±1.82 3.06 ±1.29 4.02 ±1.74 3.91 ±1.17 43.65 ±3.85 44.22 ±4.09 88.77 ±1.26 86.09±3.82

few-expert walker2d 3.93 ±0.76 4.78 ±2.32 36.11 ±9.19 26.29 ±10.97 108.35 ±0.13 33.69 ±5.97 108.40 ±0.21 104.32 ±8.62

ant 6.59 ±6.86 6.33 ±3.12 99.90 ±2.59 82.81 ±8.88 110.79 ±1.33 31.91 ±0.65 120.09 ±5.17 123.83 ±4.29

medium+ hopper 55.74 ±2.10 54.24 ±2.47 65.99 ±8.05 63.03 ±7.24 108.22 ±1.95 54.42 ±0.47 110.20 ±0.51 109.72 ±0.92

halfcheetah 53.80 ±4.18 50.06 ±1.87 58.74 ±1.84 62.78 ±2.70 88.54 ±3.77 42.61 ±0.21 93.12 ±0.32 92.97 ±0.35

expert walker2d 6.91 ±0.71 1.77 ±1.63 105.41 ±0.33 82.90 ±18.45 86.59 ±12.32 83.41 ±24.57 108.12 ±0.13 108.59 ±0.17

ant 104.00 ±3.62 99.52 ±1.18 108.14 ±1.90 110.68 ±4.20 98.46 ±1.44 105.73±5.35 124.72 ±3.49 124.06 ±1.66

medium hopper 53.50 ±1.55 54.26 ±1.09 57.24 ±3.03 50.51 ±4.21 96.95 ±7.89 55.50 ±1.33 108.96 ±1.33 107.21 ±1.69

halfcheetah 42.88 ±0.63 42.88 ±0.74 27.85 ±6.03 11.99 ±5.61 59.40 ±6.80 53.53 ±7.52 89.47 ±0.82 87.45 ±3.67

few-expert walker2d 9.08 ±3.67 3.05 ±2.22 75.22 ±7.05 52.95 ±11.10 74.35 ±0.80 54.55 ±2.89 108.15 ±0.43 108.45 ±0.30

ant 88.20 ±1.13 88.80 ±5.18 90.34 ±2.56 89.69 ±2.23 90.77 ±0.50 90.90 ±1.49 120.36 ±1.25 117.29 ±1.85

Table 3: Comparison of normalized returns obtained by different offline LfO methods on expert dataset with 1
expert trajectory denoted as (full) or 5 subsampled expert trajectories (subsampling rate is 20) denoted as (sub).
The mean and std are obtained over 5 random seeds. Methods on subsampled expert dataset with avg. perf
within the std-dev of the top performing method is in bold. Methods with greater than 5% performance decrease
on subsampled expert datasets are highlighted in blue.

This section focuses on benchmarking the sample efficiency of our approach (Question (Q3)). We302

adapt the subsampled expert trajectory setting from LfD literature [13, 20]) to construct a subsampled303

state-only expert dataset. Specifically, expert trajectories are sub-sampled by keeping a transition304

every 20 time steps (i.e. subsampling rate is 20) starting with a random offset. This process will305

create incomplete expert trajectories which makes both BC and DICE method like ValueDICE [21]306

fail as shown in [48]. This setting may not be valid in case of DILO because it requires the triplet307

(s, s′, s′′) which is equivalent to two transitions inside action-labeled expert dataset; we still adapt308

the 2-transition version of the subsampling procedure only for DILO. LobsDICE also considers the309

similar setting for LfO like us on locomotion tasks, but they construct DE using 50 sub-sampled310

expert trajectories, which means using 50
20 = 2.5 times of total transitions of an expert trajectory.311

This makes this setting still easy to deal with for both our approach and baselines. Therefore, we312

construct DE from 5 subsampled trajectories only (i.e. 0.25x total transitions of an expert trajectory)313

and evaluate all LfO methods on locomotion tasks with the same suboptimal dataset in Section 6.1.314

Table 3 shows the comparison results on the subsampled setting. IOSTOM continues to outperform all315

baselines on these challenging tasks. Furthermore, its performance does not change much compared316

to using complete expert trajectory even when the total number of expert samples is reduced by 4317

times. SMODICE is also robust on 12/16 tasks but its performance on ‘few-expert’ setting is still318

poor. Both DILO and PW-DICE face a large drop (>5 %) on the performance of most tasks in the319

scenario of less samples and incomplete trajectories.320
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Figure 1: Left: Visualization of an episode from our maritime simulator. Blue vessels follows their historical
trajectory; red vessel is controlled by IL policy (destination ⋆ marker), green dots denote historical trajectory of
ego vessel. Right: Comparison results on various performance metrics. Details on metrics are in the Appendix.

6.3 LfO for marine navigation321

We next test IOSTOM in a real-world domain, the maritime navigation problem. Our goal is to learn322

IL policies that can behave like human experts (ship pilots) for navigating vessels (mainly large323

tankers and cargos). These polices offer significant benefits for operational safety and efficiency.324

For instance, they can be integrated into Vessel Traffic Information Systems to provide port watch325

operators with accurate short-term predictions of vessel movements, especially in congested ports326

such as Singapore strait. Learned IL policies also enable to do what-if analysis such as how would327

safety be affected when there is traffic surge (e.g., by simulating additional vessel arrivals and328

assigning them IL policies).329

We use a large amount of historical navigation data (∼ 2 years) of vessels operating in a hotspot330

region in Singpaore strait (among top 5 busiest ports) recorded in the Automatic Identification System331

(AIS). This data is used to simulate a maritime environment featuring an IOSTOM-controlled ego332

agent (red) and log-play agents (blue) that replay their historical AIS trajectories as illustrated in333

Figure 1. The ego agent controlled by IL policy tries to reach the goal (‘⋆’) while avoiding collisions334

with other log-play agents. The ego agent can also observe past states (blue and red dots) of its335

and close surrounding agents (its observation space). Because AIS data does not contain any action336

information, we use an inverse kinematics model (IVM) to construct the action space and generate337

action for AIS data. The state-only expert dataset in this setting is easy to obtain due to the action-free338

nature of AIS data. We generate the suboptimal dataset by adding random noise action-labeled expert339

trajectories. Further details about environment and dataset generation can be found in the Appendix.340

We evaluate our approach in maritime navigation setting against BC, SMODICE, and DILO. Results341

are shown in Figure 1 using metrics relevant to this domain, which reflect how well the learned agent342

imitates expert behavior. ADE (Average Displacement Error; lower is better) measures how far, on343

average, the agent’s trajectory deviates from the expert’s. Goal reach rate (higher is better) indicates344

how often the ship reaches the goal. Near-miss count captures the number of close-quarter situations,345

defined as scenarios where two ships come close to each other posing a collision risk; lower values346

indicate reduced collision risk, and average acceleration should closely match that of the expert.347

Mean and standard deviations are over 5 seeds for each method. Our approach outperforms across348

all three baselines in ADE, near-miss count, and goal reach rate, while maintaining an acceleration349

profile similar to the expert. DILO is the second-best performer. SMODICE struggles due to the350

high-dimensional observation space—which includes nearby ships and trajectory history—leading to351

a poorly trained state discriminator and worse performance than BC.352

7 Conclusion353

We presented IOSTOM, a discriminator-free Q-learning framework for offline imitation learning354

from observations. By learning an implicit policy in the form of state-to-state transitions and matching355

joint state visitation distributions, our method avoids reliance on action labels for value function356

learning (Q-learning) and eliminates the need for inverse dynamics models in policy extraction.357

Extensive experimental results and ablation studies demonstrate that IOSTOM achieves strong358

empirical performance and improves sample efficiency compared to prior approaches.359
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Appendix496

A Limitations and Future Work497

Despite its strong empirical performance, IOSTOM has some limitations. First, like most LfO498

methods, it assumes access to high-quality consecutive state pairs (s, s′), which may not always499

be available in real-world datasets. Second, we assume that actions are fully observable in the500

sub-optimal dataset, which might not hold in practice. While these limitations are beyond the scope501

of this work, they highlight important directions for future research.502

B Missing Proofs and Derivations503

B.1 Proof of Proposition 1504

Proposition. The joint visitation distribution dg(s, s′) can be expressed as:505

dg(s, s′) = (1− γ)d0(s)g(s
′ | s) + γg(s′ | s)

∑
s

dg(s, s) (10)

Proof. We recall that dπ(s, a) = (1 − γ)d0(s)π(a | s) + γ
∑

s′,a′ dπ(s′, a′)T (s | s′, a′)π(a | s).506

Therefore, we have:507

dg(s, s′) =
∑
a

dπ(s, a)T (s′ | s, a)

=
∑
a

(1− γ)d0(s)π(a | s)T (s′ | s, a) +
∑
a

γT (s′ | s, a)
∑
s,a

dπ(s, a)T (s | s, a)π(a | s)

= (1− γ)d0(s)g(s
′ | s) + γg(s′ | s)

∑
s,a

dπ(s, a)T (s | s, a)

= (1− γ)d0(s)g(s
′ | s) + γg(s′ | s)

∑
s

dg(s, s).

as desired.508

B.2 Proof of Proposition 2509

Proposition. The constrained optimization problem in Equation (2) is equivalent to the following510

unconstrained max-min problem:511

max
g

min
Q(s,s′)

{
α(1− γ)E(s,s′)∼d0

[Q(s, s′)] + E(s,s′)∼dE,I
mix

[
f∗ (γEs′′∼g(·|s′) [Q(s′, s′′)]−Q(s, s′)

)]
− (1− α)E(s,s′)∼dI

[
γEs′′∼g(·|s′) [Q(s′, s′′)]−Q(s, s′)

] }
,

where Q(s, s′) are the Lagrange multipliers and f∗ denotes the convex conjugate of a chosen convex512

function f .513

Proof. We recall that the primal formulation in Equation (2) is as follows:514

max
g,d≥0

−Df (d
I
mix(s, s

′)∥dE,I
mix(s, s

′))

s.t. d(s, s′) = (1− γ)d0(s)g(s
′|s) + γg(s′|s)

∑
s

d(s, s)
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We first apply duality on the inner maximization problem of the above formulation:515

max
g,d≥0

min
Q(s,s′)

−Df (d
I
mix(s, s

′)∥dE,I
mix(s, s

′))

+ α
∑
s,s′

Q(s, s′)

(
(1− γ)d0(s).g(s

′|s) + γg(s′|s)
∑
s

d(s, s)− d(s, s′)

)
(11)

= max
π,d≥0

min
Q(s,s′)

α(1− γ)Ed0(s),g(s′|s)
[
Q
(
s, s′

)]
+ αEs,s′∼d

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]
−Df (d

I
mix(s, s

′)∥dE,I
mix(s, s

′)) (12)

Step (11) to (12) is equivalent to changing the following order of summation:516 ∑
s,s′

Q(s, s′)g(s′|s)
∑
s

d(s, s)

=
∑
s,s

d(s, s)
∑
s′

Q(s, s′)g(s′|s)

=
∑
s,s′

d(s, s′)
∑
s′′

Q(s′, s′′)g(s′′|s′)

By adding and subtracting another term below, (12) becomes:517

= max
g,d≥0

min
Q(s,s′)

α(1− γ)Ed0(s),g(s′|s)
[
Q
(
s, s′

)]
+ αEs,s′∼d

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]

+ (1− α)Es,s′∼dI

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]

− (1− α)Es,s′∼dI

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]
−Df (d

I
mix(s, s

′)∥dE,I
mix(s, s

′)) (13)

We can swap maxd and minQ in (13) due to strong duality.518

(13) =max
g

min
Q(s,s′)

max
dI
mix(s,s

′)≥0
α(1− γ)Ed0(s),g(s′|s)

[
Q
(
s, s′

)]
+ Es,s′∼dI

mix

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]
−Df (d

I
mix(s, s

′)∥dE,I
mix(s, s

′))

− (1− α)Es,s′∼dI

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]
(14)

=max
g

min
Q(s,s′)

α(1− γ)Ed0(s),g(s′|s)
[
Q
(
s, s′

)]
+ Es,s′∼dE,I

mix

[
f∗
(
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

)]

− (1− α)Es,s′∼dI

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]
(15)
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where f∗ is convex conjugate of convex f -divergence function. (14) to (15) can be proved by the519

following equation using the interchangeability principle [5]:520

max
dI
mix(s,s

′)≥0
Es,s′∼dI

mix

[
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

]
−Df (d

I
mix(s, s

′)∥dE,I
mix(s, s

′))

= max
dI
mix(s,s

′)≥0
Es,s′∼dE,I

mix

[
dImix(s, s

′)

dE,I
mix(s, s

′)

(
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

)
− f

(
dImix(s, s

′)

dE,I
mix(s, s

′)

)]

= Es,s′∼dE,I
mix

[
f∗
(
γ
∑
s′′

g(s′′|s′)Q(s′, s′′)−Q(s, s′)

)]

Finally, the objective (15) is the unconstrained dual problem of Equation (2).521

B.3 Proof of Proposition 3522

Proposition. maxg{V g
Q(s)} can be approximated via the following Extreme-V objective:523

min
V

{
J(V | Q) = E(s,s′)∼dE,I

mix
[exp(ω(s, s′)) + ω(s, s′)− 1]

}
.

where ω(s, s′) = (Q(s, s′)− V (s))/β.524

Proof. Recall that:525

V g
Q(s) = Es′∼g(·|s)

[
Q(s, s′)− β log

g(s′ | s)
µ(s′ | s)

]
,

which is the expected reward under transition distribution g(· | s), regularized by the KL divergence526

from a reference distribution µ(· | s). Moreover, the problem maxg

{
V g
Q(s)

}
is a classic entropy-527

regularized expected reward maximization problem. The optimal solution has a closed form:528

max
g

{
V g
Q(s)

}
= β log

∑
s′

µ(s′ | s) exp
(
Q(s, s′)

β

)
. (16)

We now write the function J(V | Q) as:529

J(V | Q) =
∑
(s,s′)

µ(s′ | s)
[
exp

(
Q(s, s′)− V (s)

β

)
+

Q(s, s′)− V (s)

β
− 1

]
.

For any state s, and fixed Q, the function J(V | Q) is convex in V (s) because:530

• The exponential function exp
(

Q(s,s′)−V (s)
β

)
is convex in V (s),531

• The linear term (Q(s, s′)− V (s))/β is also convex (affine),532

• The sum and non-negative weights preserve convexity.533

To find the minimum of J(V | Q) with respect to V , we take the derivative with respect to V (s) and534

set it to zero:535

∂J(V | Q)

∂V (s)
=
∑
s′

µ(s′ | s)
[
− 1

β
exp

(
Q(s, s′)− V (s)

β

)
− 1

β

]
= 0.

Rewriting:536 ∑
s′

µ(s′ | s) exp
(
Q(s, s′)− V (s)

β

)
=
∑
s′

µ(s′ | s).

We have
∑

s′ µ(s
′ | s) = 1, this gives:537 ∑

s′

µ(s′ | s) exp
(
Q(s, s′)− V (s)

β

)
= 1.
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Bringing the constant outside the exponential:538

exp

(
−V (s)

β

)∑
s′

µ(s′ | s) exp
(
Q(s, s′)

β

)
= 1,

539

⇒ exp

(
−V (s)

β

)
=

1∑
s′ µ(s

′ | s) exp
(

Q(s,s′)
β

) ,
Taking the logarithm of both sides and solving for V (s), we obtain the closed-form solution to540

minV J(V |Q) as:541

V ∗(s) = β log
∑
s′

µ(s′ | s) exp
(
Q(s, s′)

β

)
. (17)

Combined (16) and (17) we get:542

V ∗(s) = max
g

{V g
Q(s)}

as desired.543

B.4 Proof of Proposition 4544

Proposition. Under any convex function f , L(Q,V ) is concave in Q, and the Extreme-V loss545

J(V | Q) is convex in V .546

Proof. We rewrite the objective L(Q,V ) as:547

min
Q

L(Q,V ) = α(1− γ)E(s,s′)∼D0
[Q(s, s′)] + αE(s,s′)∼DE [f∗ (γV (s′)−Q(s, s′))]

+ (1− α)E(s,s′)∼DI

[
f̃∗ (γV (s′)−Q(s, s′))

]
.

We now analyze the convexity of L(Q,V ) with respect to Q. Note the following:548

• The first term, ED0
[Q(s, s′)], is linear in Q, and hence convex.549

• The functions f∗ and f̃∗ are convex (as they are convex conjugates of proper convex550

functions).551

• The composition of a convex function with an affine function (i.e., γV (s′) − Q(s, s′)) is552

convex in Q.553

• Expectations of convex functions preserve convexity.554

Therefore, each term in L(Q,V ) is convex in Q, and the entire objective L(Q,V ) is convex in Q, as555

desired.556

The convexity of J(V | Q) in V follows directly from the discussion in the proof of Proposition (3).557

558

B.5 Proof of Proposition 5559

Proposition. The following Q-weighted behavior cloning objective returns the same optimal implicit560

policy as the original advantage-weighted BC formulation:561

max
g

E(s,s′)∼dI [exp (τQ(s, s′)) log g(s′ | s)]

Proof. We write the objective function as:562

F (g) =
∑
(s,s′)

µI(s′ | s) exp (τQ(s, s′)) log g(s′ | s),
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where µI(s′ | s) is the state-to-state transition probability (i.e., the implicit behavior policy) for the563

dataset DI . For each fixed state s, the expression564 ∑
s′

µI(s′ | s) exp (τQ(s, s′)) log g(s′ | s)

is a weighted log-likelihood, where the weights µI(s′ | s) exp(τQ(s, s′)) are known. Maximizing565

this with respect to g(· | s) under the constraint that g(· | s) is a valid probability distribution (i.e.,566 ∑
s′ g(s

′ | s) = 1) leads to a standard result from maximum likelihood estimation with importance567

weights. The closed-form solution is:568

g∗(s′ | s) = µI(s′ | s) exp (τQ(s, s′))∑
s′′ µ

I(s′′ | s) exp (τQ(s, s′′))
.

We now consider the advantage-weighted behavior cloning objective:569

max
g

E(s,s′)∼dI [exp (τ(Q(s, s′)− V (s))) log g(s′ | s)] ,

In a similar fashion to soft behavior cloning, this yields the following closed-form optimal “implicit570

policy”:571

g∗∗(s′ | s) = µI(s′ | s) exp (τ(Q(s, s′)− V (s)))∑
y µ

I(y | s) exp (τ(Q(s, y)− V (s)))
,

where V (s) appears in both the numerator and denominator and thus cancels out. This simplifies the572

expression and leads to:573

g∗(s′ | s) = g∗∗(s′ | s),
indicating the equivalence between the advantage-weighted behavior cloning and the Q-weighted574

behavior cloning formulations.575

576

B.6 Proof of Proposition 6577

Proposition. The objective F (π) is lower-bounded by the following surrogate function F̃ (π), up to578

an additive constant: F̃ (π) = E(s,s′)∼dI [exp (τQ(s, s′))
∑

a I(a | s, s′) log π(a | s)] .579

Proof. We write the objective function as:580

F (π) = E(s,s′)∼DI

[
exp (τQ(s, s′)) log

(∑
a

T (s′ | s, a)π(a | s)

)]
.

Given that the logarithm function is concave, we apply Jensen’s inequality. Define:581

∆(s, s′) =
∑
a

T (s′ | s, a),

Then we have:582

log

(∑
a

T (s′ | s, a)π(a | s)

)
= log

(∑
a

T (s′ | s, a)
∆(s, s′)

π(a | s)

)
+ log∆(s, s′) (18)

≥
∑
a

T (s′ | s, a)
∆(s, s′)

log π(a | s) + log∆(s, s′) (19)

=
∑
a

I(a | s, s′) log π(a | s) + log∆(s, s′). (20)

Substituting this back into the original objective yields the lower bound:583

F (π) ≥ E(s,s′)∼DI

[
exp (τQ(s, s′))

∑
a

I(a | s, s′) log π(a | s)

]
+E(s,s′)∼DI [exp (τQ(s, s′)) log∆(s, s′)] .
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The second term is independent of π and can be treated as a constant during training. Therefore, we584

can optimize the surrogate lower bound:585

F̃ (π) = E(s,s′)∼DI

[
exp (τQ(s, s′))

∑
a

I(a | s, s′) log π(a | s)

]
.

586

B.7 Complete Derivation of L(Q,V ) using Pearson χ2 divergence587

We recall that the objective function L(Q,V ) has the following form:588

min
Q

L(Q,V ) = α(1− γ)E(s,s′)∼d0
[Q(s, s′)] + αE(s,s′)∼dE [f∗ (γV (s′)−Q(s, s′))]

+ (1− α)E(s,s′)∼dI

[
f̃∗ (γV (s′)−Q(s, s′))

]
(21)

where f∗ is the convex conjugate of divergence function f and f̃∗(x) = f∗(x)− x. Under Pearson589

χ2 divergence, its convex conjugate f∗(x) = x2

4 + x and the associated f̃∗(x) = x2

4 . The objective590

(21) with Pearson χ2 divergence becomes:591

min
Q

L(Q,V ) = α(1− γ)E(s,s′)∼d0
[Q(s, s′)] + αE(s,s′)∼dE [γV (s′)−Q(s, s′)]

+
α

4
E(s,s′)∼dE

[
(γV (s′)−Q(s, s′))

2
]
+

1− α

4
E(s,s′)∼dI

[
(γV (s′)−Q(s, s′))

2
]

(22)

⇔ min
Q

L(Q,V ) = (1− γ)E(s,s′)∼d0
[Q(s, s′)] + E(s,s′)∼dE [γV (s′)−Q(s, s′)]

+
1

4α
αE(s,s′)∼dE

[
(γV (s′)−Q(s, s′))

2
]
+

1

4α
(1− α)E(s,s′)∼dI

[
(γV (s′)−Q(s, s′))

2
]

(23)

⇔ min
Q

L(Q,V ) = (1− γ)E(s,s′)∼d0
[Q(s, s′)] + Es∼dE [γV (s)]− E(s,s′)∼dE [Q(s, s′)]

+
1

4α
Es,s′∼dE,I

mix

[
(γV (s′)−Q(s, s′))

2
]

(24)

B.8 Complete Derivation of L̃(Q,V ) for bounded Q-learning592

The operator minQ−αE(s,s′)∼DE [Q(s, s′)] in (24) which effectively encourages maximizing the593

Q-values of expert transitions can lead to unbounded growth in Q, potentially resulting in learning594

instability. To address this issue, we adapt a technique from [2] that bounds the expert Q-values. First,595

looking at the objective 23, Let’s define rEQ(s, s
′) = Q(s, s′) − γV (s′) ∀s, s′ ∼ dE . The training596
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objective becomes:597

min
Q

L(Q,V ) = (1− γ)E(s,s′)∼d0
[Q(s, s′)] + E(s,s′)∼dE

[
−rEQ(s, s

′)
]

+
1

4α
αE(s,s′)∼dE

[
rEQ(s, s

′)2
]
+

1

4α
(1− α)E(s,s′)∼dI

[
(γV (s′)−Q(s, s′))

2
]

⇔ min
Q

L(Q,V ) = (1− γ)Ed0(s,s′)

[
Q
(
s, s′

)]
+

1− α

4α
Es,s′∼dI [(γV (s′)−Q(s, s′))2]

+

[
Es,s′∼dE [−rEQ(s, s

′)] +
1

4
Es,s′∼dE [rEQ(s, s

′)2]

]
⇔ min

Q
L(Q,V ) = (1− γ)Ed0(s,s′)

[
Q
(
s, s′

)]
+

1− α

4α
Es,s′∼dI [(γV (s′)−Q(s, s′))2]

+
1

4

[
Es,s′∼dE [−4rEQ(s, s

′)] + Es,s′∼dE [rEQ(s, s
′)2] + 4

]
− 1

⇔ min
Q

L(Q,V ) = min
Q(s,s′)

(1− γ)Ed0(s,s′)

[
Q
(
s, s′

)]
+

1− α

4α
Es,s′∼dI [(γV (s′)−Q(s, s′))2]

+
1

4
Es,s′∼dE [(rEQ(s, s

′)− 2)2] (25)

⇔ min
Q

L(Q,V ) = (1− γ)Ed0(s,s′)

[
Q
(
s, s′

)]
+

1− α

4α
Es,s′∼dI [(γQ(s′, g)−Q(s, s′))2]

+
1

4
Es,s′∼dE [(Q(s, s′)− (γV (s′) + 2))2] (26)

Following [2], the minimum of the third term in (25) is reached when rEQ(s, s
′) = 2. This will lead to598

Q(s, s′) =
∑∞

t=0 γ
t2 = 2

1−γ ∀s, s′ ∼ dE . Therefore, we can replace the target γV (s′) + 2 in (26)599

with fixed target 2
1−γ to have the following modified objective with bounded Q.600

min
Q

L̃(Q,V ) = (1− γ)Ed0(s,s′)

[
Q
(
s, s′

)]
+

1− α

4α
Es,s′∼dI

[
(γV (s′)−Q(s, s′))

2
]

+
1

4
Es,s′∼dE

[(
Q(s, s′)− 2

1− γ

)2
]

C Experimental and Implementation Details601

Our method is implemented in JAX version 0.5.3 (with CUDA 12 capabilities). We conduct our602

experiments using a computing cluster with 8 NVIDIA RTX 3090 GPUs. For each IOSTOM run,603

five distinct training seeds are processed simultaneously on a shared hardware set comprising a single604

GPU, 32 CPU cores, and 128 GB of RAM. This parallel execution on shared resources enables the605

completion of 1 million training steps for all five seeds in about 60-90 minutes.606

C.1 Mujoco tasks607

We use the same offline LfO benchmark from DILO [37], which utilizes datasets derived from608

the D4RL [7] framework, and tests on Mujoco environments. The state-only expert dataset in all609

tasks includes only one expert trajectory. In terms of locomotion tasks, suboptimal datasets, labeled610

‘random+expert’, ‘random+few-expert’, ‘medium+expert’, and ‘medium+few-expert’, are generated611

by mixing expert trajectories with lower-quality trajectories from D4RL’s ‘random-v2’ and ‘medium-612

v2’ datasets, respectively. The ‘random+expert’ and ‘medium+expert’ datasets combine 200 expert613

trajectories with roughly 1 million transitions from the corresponding ‘random-v2’ or ‘medium-v2’614

dataset. The ‘x+few-expert’ variants are similar but incorporate only 30 expert trajectories. In615

manipulation environments, all suboptimal ‘x+expert’ datasets are formed using 30 expert trajectories616

mixed with the complete ‘x’ D4RL dataset. We also use ‘-v0’ variant of D4RL datasets for all617

manipulation tasks. Table 4 gives an overview about our LfO Mujoco tasks.618
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Task State
Dim

Action
Dim Horizion Suboptimal

Dataset Data Points

Hopper 11 3 1000 random+expert 1e6 random transitions + 200 expert trajectories
medium+expert 1e6 medium transitions + 200 expert trajectories

random+few-expert 1e6 random transitions + 30 expert trajectories
medium+few-expert 1e6 medium transitions + 30 expert trajectories

Walker2d 17 6 1000 random+expert 1e6 random transitions + 200 expert trajectories
medium+expert 1e6 medium transitions + 200 expert trajectories

random+few-expert 1e6 random transitions + 30 expert trajectories
medium+few-expert 1e6 medium transitions + 30 expert trajectories

Halfcheetah 17 6 1000 random+expert 1e6 random transitions + 200 expert trajectories
medium+expert 1e6 medium transitions + 200 expert trajectories

random+few-expert 1e6 random transitions + 30 expert trajectories
medium+few-expert 1e6 medium transitions + 30 expert trajectories

Ant 27 8 1000 random+expert 1e6 random transitions + 200 expert trajectories
medium+expert 1e6 medium transitions + 200 expert trajectories

random+few-expert 1e6 random transitions + 30 expert trajectories
medium+few-expert 1e6 medium transitions + 30 expert trajectories

Pen 45 24 100 cloned+expert 5e6 cloned transitions + 30 expert trajectories
human+expert 5000 human transitions + 30 expert trajectories

Door 39 28 200 cloned+expert 1e6 cloned transitions + 30 expert trajectories
human+expert 6729 human transitions + 30 expert trajectories

Hammer 46 26 200 cloned+expert 1e6 cloned transitions + 30 expert trajectories
human+expert 11310 human transitions + 30 expert trajectories

Kitchen 59 9 280 partial+expert 136950 partial transitions + 1 expert trajectories
mixed+expert 136950 mixed transitions + 1 expert trajectories

Table 4: Overview of D4RL tasks and their repsective suboptimal dataset we use in LfO setting

C.2 Maritime Navigation task619

The Maritime Navigation task was created using historical data from a hotspot in the Singapore620

Strait. We selected the area with the highest traffic density and collision risk—where numerous ships621

cross paths, as shown in Figure 2—as our planning region. We collect large amount of historical622

navigation data (∼ 2 years) of vessels operating in this hotspot region recorded in the Automatic623

Identification System (AIS) from MarineTraffic1. The AIS data of each vessel contains two types of624

information: static and dynamic. The static data contains some information like width, length, type,625

and ID of vessel. Other vessel movement information like latitude, longitude, speed, heading and626

course-over-ground are included in dynamic data. To generate trajectory data, we selected tankers and627

cargo vessels as they represent the riskiest class due to their larger size (200-300 meters) and lower628

navigational agility. All trajectories were then interpolated at 10-second intervals. The final dataset629

comprises approximately 125,000 trajectories, totaling around 14 million environment transitions.630

The average trajectory length in dataset is around 100-150. We used 80% of the data for training and631

reserved the remaining 20% for evaluation.632

The observation space is defined from the perspective of the ego agent (the vessel being controlled).633

At any given time, the agent observes a historical sequence of its own trajectory and those of the634

10 closest nearby ships (each over a configurable number of past steps). For the ego agent and635

nearby ships, and for each historical point, the available features include the x and y coordinates,636

speed v, and heading angle h. Additionally, the agent observes its goal location. Observing past637

states and nearby ship information helps capture multi-ship interactions and provides context for638

decision-making. For simplicity, all algorithms used the same neural network architecture to process639

the observation space. We did not use any complex structures; instead, we flattened the observation640

space and provided it as input to the neural network.641

The action space is modeled as a straightforward, 3-dimensional continuous space. An action642

is defined as ⟨dx, dy, dh⟩, representing the changes in the x and y coordinates and the change in643

heading h, respectively. The vessel’s speed at the next time step is derived from the distance traveled644

(calculated from vt+1 =
√
d2x + d2y/δT ) divided by the time interval δT , which is set to 10 seconds.645

This is also known as a delta action space [12] and can be used for any moving object. Because action646

1https://www.marinetraffic.com/
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Figure 2: The red region is used as the environment area. The gray areas indicate anchorage zones,
the green areas represent landmasses, and the arrows and regions with dark blue borders represent the
Maritime Traffic Separation Scheme (TSS). The high density of crossing points in the red area makes
it a more challenging region for navigation, providing a suitable setting for testing advanced planning
techniques.

in our environment represents the difference between some state features of current and next timestep,647

we can have a simple Inverse Kinematics Model computing this difference to infer action between648

two consecutive states of state-only trajectories in datasets.649

Following vessel-specific metrics are used to evaluate navigation policies, comparing learned agent650

behavior to human expert data.651

Goal-Conditioned ADE (GC-ADE) measures the average displacement between the learned policy’s652

trajectory and the original historical trajectory in the 2D plane. Given τm of length Tm and τp of653

length Tp, GC-ADE computes the error over the minimum of the two lengths.654

GC-ADE =
1

min(Tm, Tp)

√√√√min(Tm,Tp)∑
t=1

(xm
t − xp

t )
2 + (ymt − ypt )

2

Goal Rate is the percentage of times the ego agent successfully reaches its designated goal location.655

Success is defined as coming within a radius of 200 meters of the goal.656

Near Miss Count represents the average number of time-steps per episode during which the ego657

agent approaches another vessel within a distance of 3 cable lengths (555 meters), which is considered658

a near-miss by domain experts. The ‘near-miss’ metric is interpreted broadly as a proxy for high659

traffic density and increased potential for navigation risk; it does not always imply that vessels in660

‘near-miss’ situation were about to collide.661

C.3 Architecture and Hyperparameters662

Our implementation builds upon the official implementations of ReCOIL [38] and XQL [9]. We keep663

most of their parameters and network settings as shown in Table 5. We also add Layer Normalization664

[3] in V-function network to improve training stability as suggested in XQL. The regularization β665

was tuned by searching over [3, 5, 7, 10, 15, 20]. For locomotion tasks, we set β = 20 for standard666

LfO setting, and β = 15 for subsampled setting. In terms of manipulation tasks, β = 10 works best667

in most cases except ‘pen-cloned’ setting where β is set to 3. The policy temperature τ is often set to668

3 in previous works [22, 38]. However, we find that this value results in very bad performance for669

IOSTOM because we do not use advantage for updating policy. We tune τ via via hyper-parameter670

sweeps over [0.01, 0.04, 0.08, 0.1, 0.2]. τ = 0.04 is the best-performing hyperparameter in most671

tasks except for the ‘human’ Adroit and ‘mixed’ Franka Kitchen manipulation tasks, where τ = 0.01672

was used. For maritime navigation task, we set β = 20 and τ = 0.04 which is similar to LfO setting673

of locomotion tasks.674
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Type Hyperparameter Value
Actor Network Size [256, 256]

Activation Function ReLU
Learning Rate 3e-4
Weight Decay 1e-3

Training Length 1M steps
Batch Size 512
Optimizer Adam

Dropout Rate 0.1
LR decay schedule cosine

Critic Network Size [256, 256]
Activation Function ReLU

Learning Rate 3e-4
Training Length 1M steps

Batch Size 512
Optimizer Adam

Mixture Ratio α 0.5
Polyak Update Rate λ 0.005

Discount Factor γ 0.99

Table 5: Hyperparameters of IOSTOM

C.4 Baseslines675

To evaluate the performance of our approach, we conduct comparative evaluations against three676

established state-of-the-art (SOTA) techniques: SMODICE [27], PW-DICE [45], and DILO [37].677

The SMODICE and PW-DICE algorithms both operate by training a discriminator to guide the678

learned policy. Their fundamental difference lies in the divergence measure employed: SMODICE679

seeks to minimize the KL-divergence between the state occupancies of the learner and the expert,680

while PW-DICE alternatively uses the Wasserstein distance for this alignment. DILO offers a681

distinct, more recent SOTA paradigm for LfO, notable for its discriminator-free learning process.682

For all comparative methods, we utilize the publicly accessible codebases provided by their authors.683

To ensure fair comparisons, we use the hyperparameter settings recommended in their original684

publications or the default configurations within their code. The only exception is DILO where we685

can not reproduce consistent results as reported in the paper using their default parameters. After some686

tuning effort, we find that using Layer Normalization [3] can help to improve DILO performance.687

However, the training still diverges in some tasks as shown in Figures 3 and 4688
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Figure 3: Training divergence of DILO on locomotion tasks
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Figure 4: Training divergence of DILO on manipulation tasks

D Additional Experiments689

D.1 LfO with mismatched expert690
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Figure 5: Comparison results for LfO with mismatched experts

In order to evaluate IOSTOM performance when learning from experts of different dynamics,691

we adopt SMODICE’s mismatched dynamics setting. We test on ‘HalfCheetah-Short’ (halved692

torso) and ‘Ant-Disabled’ (partially amputated front leg) (See Appendix H of SMODIE [27] for693

illustration), using one expert trajectory from these modified agents. The suboptimal dataset remains694

the ‘random+expert’ data (Section 6.1) from the original agents. This setting creates a clear mismatch695

between expert and interaction datasets. Figure 5 shows IOSTOM outperforming baselines on these696

challenging tasks, while DILO performs worst. The poor performance of DILO can be due to the use697

of visitation distribution d(s, s′, a′) in its objective which matches the wrong a′ in the mismatched698

expert dataset.699

D.2 Comparison with other variants of IOSTOM700

To validate our algorithmic designs, we compare IOSTOM with other variants: IOSTOM-IDM701

(Using Inverse Dynamics Model), IOSTOM-Adv (Using advantage instead of Q to update policy),702

and IOSTOM-IQL (Using Implicit Q Learning [22] objective to train V-function network). Table703

6 shows these comparison results. Overall, IOSTOM has the best performance on 17/24 tasks and704

consistently produces high-quality results compared to other variants. IOSTOM-IQL is the second705

best method, but its performance is still significantly worse than IOSTOM on ‘cloned’ tasks. The706

results in ‘few-expert’ setting of IOSTOM-IDM is very bad compared to ‘expert’ setting which clearly707

shows the weakness of training Inverse Dynamics Model with low-quality data. IOSTOM-ADV has708

the worst performance in most tasks.709
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Suboptimal Env IOSTOM-ADV IOSTOM-IDM IOSTOM-IQL IOSTOM Expert
Dataset

random+ hopper 55.93 ±6.67 97.06 ±4.57 109.74 ±0.26 109.32 ±1.08 111.33
halfcheetah 6.43 ±2.51 80.53 ±3.40 92.82 ±0.71 93.02 ±0.40 88.83

expert walker2d 104.20 ±4.07 79.70 ±29.28 108.43 ±0.14 107.98 ±0.20 106.92
ant 120.13 ±3.65 128.99 ±3.11 128.71 ±3.73 128.19 ±1.52 130.75

random+ hopper 20.47 ±10.26 50.63 ±32.03 106.59 ±3.05 107.28 ±3.92 111.33
halfcheetah 2.13 ±0.11 68.79 ±4.26 86.44 ±1.55 88.77 ±1.26 88.83

few-expert walker2d 8.38 ±2.84 69.11 ±23.28 108.37 ±0.05 108.40 ±0.21 106.92
ant 41.18 ±12.90 123.86 ±1.97 125.15 ±4.50 120.09 ±5.17 130.75

medium+ hopper 53.46 ±13.16 97.62 ±7.42 110.71 ±0.35 110.20 ±0.51 111.33
halfcheetah 49.00 ±3.44 85.21 ±1.86 91.45 ±1.49 93.12 ±0.32 88.83

expert walker2d 85.96 ±21.33 94.90 ±29.34 108.45 ±0.17 108.12 ±0.13 106.92
ant 118.74 ±4.55 128.32 ±0.64 124.66 ±4.62 124.72 ±3.49 130.75

medium hopper 42.79 ±2.36 68.32 ±17.89 106.02 ±3.31 108.96 ±1.33 111.33
halfcheetah 42.31 ±0.60 76.48 ±5.57 78.18 ±2.24 89.47 ±0.82 88.83

few-expert walker2d 74.16 ±2.14 107.89 ±0.28 108.38 ±0.16 108.15 ±0.43 106.92
ant 99.89 ±1.92 121.80 ±1.78 121.64 ±2.35 120.36 ±1.25 130.75

cloned+expert
pen 41.65 ±5.42 63.39 ±11.46 10.54 ±1.51 82.77 ±4.84 106.42
door 13.87 ±8.26 18.68 ±12.44 32.25 ±13.03 102.77 ±0.96 103.94

hammer 11.77 ±16.66 47.83 ±8.43 57.04 ±6.34 94.59 ±9.39 125.71

human+expert
pen 92.73 ±3.73 81.72 ±5.13 95.26 ±10.16 95.77 ±8.91 106.42
door 95.08 ±1.90 78.50 ±20.55 99.47 ±3.67 100.77 ±1.68 103.94

hammer 88.23 ±5.72 82.12 ±18.51 68.32 ±13.66 93.34 ±7.41 125.71

partial+expert kitchen 56.08 ±0.29 66.30 ±5.70 57.75 ±2.00 58.95 ±2.27 75.0

mixed+expert kitchen 49.42 ±0.58 28.95 ±10.62 47.92 ±1.23 46.45 ±0.84 75.0

Table 6: Average normalized return over last 10 evaluations of IOSTOM against other variants on the D4RL
suboptimal datasets with 1 expert trajectory. The mean and std are obtained over 5 random seeds. LfO methods
with avg. perf within the std-dev of the top performing LfO approach is in bold.

.
D.3 β Ablation710

Suboptimal Env β=3 β=5 β=10 β=15 β=20 Expert
Dataset

random+ hopper 13.72 ±3.59 5.56 ±1.16 41.39 ±39.18 110.36 ±0.46 109.32 ±1.08 111.33
halfcheetah 52.40 ±11.29 92.64 ±0.90 93.10 ±0.25 93.18 ±0.35 93.02 ±0.40 88.83

expert walker2d 1.18 ±0.29 60.97 ±39.06 6.75 ±14.23 107.67 ±0.14 107.98 ±0.20 106.92
ant 118.94 ±7.69 126.17 ±2.26 128.02 ±3.01 128.20 ±3.52 128.19 ±1.52 130.75

random+ hopper 10.68 ±3.56 6.10 ±0.76 35.94 ±15.77 102.30 ±5.12 107.28 ±3.92 111.33
halfcheetah 2.24 ±0.01 2.20 ±0.05 83.37 ±2.08 85.20 ±1.61 88.77 ±1.26 88.83

few-expert walker2d 1.20 ±0.24 11.65 ±3.33 29.87 ±31.90 108.21 ±0.41 108.40 ±0.21 106.92
ant 45.72 ±15.95 97.42 ±14.16 125.28 ±3.05 122.76 ±3.64 120.09 ±5.17 130.75

medium+ hopper 31.99 ±24.17 61.48 ±19.37 109.97 ±0.42 110.02 ±1.00 110.20 ±0.51 111.33
halfcheetah 43.20 ±0.47 54.63 ±3.08 92.63 ±0.21 92.96 ±0.29 93.12 ±0.32 88.83

expert walker2d 71.70 ±4.56 107.83 ±0.75 108.31 ±0.27 108.28 ±0.12 108.12 ±0.13 106.92
ant 98.70 ±1.81 102.01 ±2.96 121.86 ±2.49 124.12 ±2.93 124.72 ±3.49 130.75

medium hopper 46.86 ±3.74 61.88 ±22.27 105.83 ±4.07 106.80 ±2.29 108.96 ±1.33 111.33
halfcheetah 42.85 ±0.27 43.17 ±0.12 49.01 ±1.15 83.52 ±1.72 89.47 ±0.82 88.83

few-expert walker2d 66.58 ±1.99 69.35 ±6.58 108.33 ±0.28 108.46 ±0.13 108.15 ±0.43 106.92
ant 92.15 ±1.80 94.62 ±3.44 98.59 ±1.67 111.45 ±3.09 120.36 ±1.25 130.75

cloned+expert
pen 82.77 ±4.84 56.05 ±7.20 11.30 ±2.64 10.33 ±2.27 10.13 ±2.90 106.42
door 40.58 ±55.52 80.99 ±45.33 102.77 ±0.96 100.08 ±2.59 86.06 ±6.14 103.94

hammer 88.63 ±33.94 94.88 ±16.51 94.59 ±9.39 100.59 ±10.60 90.27 ±18.70 125.71

human+expert
pen 99.27 ±5.22 101.27 ±6.45 95.77 ±8.91 96.14 ±7.88 99.96 ±13.06 106.42
door 99.90 ±1.90 102.22 ±1.42 100.77 ±1.68 99.43 ±2.36 101.22 ±2.95 103.94

hammer 87.11 ±16.28 102.10 ±15.65 93.34 ±7.41 97.37 ±15.52 93.39 ±7.70 125.71

partial+expert kitchen 49.80 ±14.81 61.10 ±3.24 57.75 ±2.00 63.00 ±3.33 59.70 ±5.28 75.0

mixed+expert kitchen 46.75 ±1.63 45.80 ±2.65 47.92 ±1.23 46.85 ±1.80 45.40 ±3.84 75.0

Table 7: Average normalized return over last 10 evaluations of IOSTOM with different β values on
the D4RL suboptimal datasets with 1 expert trajectory. Method with the best avg. perf is in bold.

This section presents an ablation study to evaluate the impact of the hyperparameter β on IOSTOM’s711

performance. Table 7 summarizes these results. For locomotion tasks (e.g., Hopper, HalfCheetah,712

Walker2d, Ant), higher β values, typically 15 or 20, generally yield superior scores compared to lower713

values such as 3 or 5. Conversely, for manipulation tasks (e.g., Pen, Door, Hammer, Kitchen), optimal714
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performance is often achieved with β values of 5 or 10. However, the performance differences across715

various β settings for these tasks are less pronounced. The only exception is the ‘pen’ environment716

within the ‘cloned+expert’ dataset, where decreasing β leads to improved results, with β = 3717

achieving the highest score.718
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Justification: Our main claims made in the abstract and introduction precisely reflect our724
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limitations that aren’t acknowledged in the paper. The authors should use their best763
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tant role in developing norms that preserve the integrity of the community. Reviewers765
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a complete (and correct) proof?769
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to make their results reproducible or verifiable.797
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might suffice, or if the contribution is a specific model and empirical evaluation, it may800

be necessary to either make it possible for others to replicate the model with the same801

dataset, or provide access to the model. In general. releasing code and data is often802

one good way to accomplish this, but reproducibility can also be provided via detailed803

instructions for how to replicate the results, access to a hosted model (e.g., in the case804

of a large language model), releasing of a model checkpoint, or other means that are805

appropriate to the research performed.806
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sions to provide some reasonable avenue for reproducibility, which may depend on the808

nature of the contribution. For example809

(a) If the contribution is primarily a new algorithm, the paper should make it clear how810

to reproduce that algorithm.811

(b) If the contribution is primarily a new model architecture, the paper should describe812

the architecture clearly and fully.813

(c) If the contribution is a new model (e.g., a large language model), then there should814

either be a way to access this model for reproducing the results or a way to reproduce815

the model (e.g., with an open-source dataset or instructions for how to construct816

the dataset).817

(d) We recognize that reproducibility may be tricky in some cases, in which case818

authors are welcome to describe the particular way they provide for reproducibility.819

In the case of closed-source models, it may be that access to the model is limited in820

some way (e.g., to registered users), but it should be possible for other researchers821
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• The paper should indicate the type of compute workers CPU or GPU, internal cluster,899

or cloud provider, including relevant memory and storage.900

• The paper should provide the amount of compute required for each of the individual901

experimental runs as well as estimate the total compute.902

• The paper should disclose whether the full research project required more compute903

than the experiments reported in the paper (e.g., preliminary or failed experiments that904

didn’t make it into the paper).905

9. Code of ethics906

Question: Does the research conducted in the paper conform, in every respect, with the907

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?908

Answer: [Yes]909

Justification: I confirm that my paper conforms to the Code of Ethics.910

Guidelines:911

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.912

• If the authors answer No, they should explain the special circumstances that require a913

deviation from the Code of Ethics.914

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-915

eration due to laws or regulations in their jurisdiction).916

10. Broader impacts917

Question: Does the paper discuss both potential positive societal impacts and negative918

societal impacts of the work performed?919

Answer: [NA]920

Justification: The paper provides a general offline imitation learning algorithm that only921

tests on the simulated environments. As such, we do not foresee any direct societal impact.922

Guidelines:923

• The answer NA means that there is no societal impact of the work performed.924
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• If the authors answer NA or No, they should explain why their work has no societal925

impact or why the paper does not address societal impact.926

• Examples of negative societal impacts include potential malicious or unintended uses927

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations928

(e.g., deployment of technologies that could make decisions that unfairly impact specific929

groups), privacy considerations, and security considerations.930

• The conference expects that many papers will be foundational research and not tied931

to particular applications, let alone deployments. However, if there is a direct path to932

any negative applications, the authors should point it out. For example, it is legitimate933

to point out that an improvement in the quality of generative models could be used to934

generate deepfakes for disinformation. On the other hand, it is not needed to point out935

that a generic algorithm for optimizing neural networks could enable people to train936

models that generate Deepfakes faster.937

• The authors should consider possible harms that could arise when the technology is938

being used as intended and functioning correctly, harms that could arise when the939

technology is being used as intended but gives incorrect results, and harms following940

from (intentional or unintentional) misuse of the technology.941

• If there are negative societal impacts, the authors could also discuss possible mitigation942

strategies (e.g., gated release of models, providing defenses in addition to attacks,943

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from944

feedback over time, improving the efficiency and accessibility of ML).945

11. Safeguards946

Question: Does the paper describe safeguards that have been put in place for responsible947

release of data or models that have a high risk for misuse (e.g., pretrained language models,948

image generators, or scraped datasets)?949

Answer: [NA]950

Justification: Our work has no risk for misuse because we do not release any dataset or951

pretrained model.952

Guidelines:953

• The answer NA means that the paper poses no such risks.954

• Released models that have a high risk for misuse or dual-use should be released with955

necessary safeguards to allow for controlled use of the model, for example by requiring956

that users adhere to usage guidelines or restrictions to access the model or implementing957

safety filters.958

• Datasets that have been scraped from the Internet could pose safety risks. The authors959

should describe how they avoided releasing unsafe images.960

• We recognize that providing effective safeguards is challenging, and many papers do961

not require this, but we encourage authors to take this into account and make a best962

faith effort.963

12. Licenses for existing assets964

Question: Are the creators or original owners of assets (e.g., code, data, models), used in965

the paper, properly credited and are the license and terms of use explicitly mentioned and966

properly respected?967

Answer: [Yes]968

Justification:969

Guidelines:970

• The answer NA means that the paper does not use existing assets.971

• The authors should cite the original paper that produced the code package or dataset.972

• The authors should state which version of the asset is used and, if possible, include a973

URL.974

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.975

• For scraped data from a particular source (e.g., website), the copyright and terms of976

service of that source should be provided.977
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• If assets are released, the license, copyright information, and terms of use in the978

package should be provided. For popular datasets, paperswithcode.com/datasets979

has curated licenses for some datasets. Their licensing guide can help determine the980

license of a dataset.981

• For existing datasets that are re-packaged, both the original license and the license of982

the derived asset (if it has changed) should be provided.983

• If this information is not available online, the authors are encouraged to reach out to984

the asset’s creators.985

13. New assets986

Question: Are new assets introduced in the paper well documented and is the documentation987

provided alongside the assets?988

Answer: [Yes]989

Justification: Our source code is submitted alongside the paper, accompanied by sufficient990

instructions.991

Guidelines:992

• The answer NA means that the paper does not release new assets.993

• Researchers should communicate the details of the dataset/code/model as part of their994

submissions via structured templates. This includes details about training, license,995

limitations, etc.996

• The paper should discuss whether and how consent was obtained from people whose997

asset is used.998

• At submission time, remember to anonymize your assets (if applicable). You can either999

create an anonymized URL or include an anonymized zip file.1000

14. Crowdsourcing and research with human subjects1001

Question: For crowdsourcing experiments and research with human subjects, does the paper1002

include the full text of instructions given to participants and screenshots, if applicable, as1003

well as details about compensation (if any)?1004

Answer: [NA]1005

Justification: We do not conduct any crowdsourcing experiment and research with human1006

subjects.1007

Guidelines:1008

• The answer NA means that the paper does not involve crowdsourcing nor research with1009

human subjects.1010

• Including this information in the supplemental material is fine, but if the main contribu-1011

tion of the paper involves human subjects, then as much detail as possible should be1012

included in the main paper.1013

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1014

or other labor should be paid at least the minimum wage in the country of the data1015

collector.1016

15. Institutional review board (IRB) approvals or equivalent for research with human1017

subjects1018

Question: Does the paper describe potential risks incurred by study participants, whether1019

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1020

approvals (or an equivalent approval/review based on the requirements of your country or1021

institution) were obtained?1022

Answer: [NA]1023

Justification: We do not conduct any experiment related to human subjects.1024

Guidelines:1025

• The answer NA means that the paper does not involve crowdsourcing nor research with1026

human subjects.1027
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• Depending on the country in which research is conducted, IRB approval (or equivalent)1028

may be required for any human subjects research. If you obtained IRB approval, you1029

should clearly state this in the paper.1030

• We recognize that the procedures for this may vary significantly between institutions1031

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1032

guidelines for their institution.1033

• For initial submissions, do not include any information that would break anonymity (if1034

applicable), such as the institution conducting the review.1035

16. Declaration of LLM usage1036

Question: Does the paper describe the usage of LLMs if it is an important, original, or1037

non-standard component of the core methods in this research? Note that if the LLM is used1038

only for writing, editing, or formatting purposes and does not impact the core methodology,1039

scientific rigorousness, or originality of the research, declaration is not required.1040

Answer: [NA]1041

Justification: The core method development in this research does not involve LLMs as any1042

important, original, or non-standard components.1043

Guidelines:1044

• The answer NA means that the core method development in this research does not1045

involve LLMs as any important, original, or non-standard components.1046

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)1047

for what should or should not be described.1048
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