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Abstract

For reinforcement learning in the real world, online exploration is expensive. A1

common practice in robotic reinforcement learning is to incorporate additional2

data to improve sample efficiency. Expert demonstration data is often crucial for3

solving hard exploration tasks with sparse rewards. While prior data is used to4

augment experience and pre-train models, we show that the design of existing5

algorithms fails to achieve the sample efficiency that is possible in this setting6

due to a failure to use pretrained policies effectively. We propose XQCfD, which7

extends the sample-efficient XQC actor-critic to learn from demonstrations, using8

augmented replay buffers, pre-trained policies and stationary policy architectures,9

designed to avoid rapidly ‘unlearning’ the strong initial policy like prior works.10

We show our stationary network architecture enables policy improvement out-of-11

distribution better than standard network architectures due to its higher entropy12

predictions. XQCfD achieves state of the art performance across a range of complex13

manipulation tasks with sparse rewards from the popular Adroit, Robomimic and14

MimicGen benchmarks — notably, with a low update-to-data ratio and no ensemble15

networks.16

1 Introduction17

Reinforcement learning (RL) provides a general framework for sequential decision-making, but18

high sample complexity remains the central barrier to real-world deployment [39]. Model-free deep19

actor-critic methods have made remarkable strides in sample efficiency through careful algorithmic20

and architectural choices: batch normalization, weight normalization, categorical critics, high update-21

to-data ratios, culminating in methods such as CrossQ [4] and XQC [25, 24]. In many practical22

settings, prior data is readily available before online interaction begins: expert demonstrations,23

previously collected offline datasets, or trajectories from related tasks. Leveraging such data promises24

to accelerate online learning significantly. Several research threads have combined RL with this25

additional data: offline-to-online RL pre-trains a policy offline and finetunes it online; RL from26

demonstrations (RLfD, [41, 30]) incorporates expert data into the agent’s experience; RL from prior27

data, e.g., RLPD [2], mixes sub-optimal offline and online data in the agent’s replay buffer. Imitation-28

bootstrapping [12] interleaves on-policy and behavioral cloning actions during data collection to29

incorporate prior knowledge.30

A recurring limitation in RLfD is failing to properly leverage the performance of behavioral31

cloning (BC [28]) at initialization [2, 12]. Many current RLfD algorithms require millions of32

interactions to match BC performance, even though they eventually surpass it. This phenomenon33

occurs because the pre-trained policy is rapidly unlearned due to the learning dynamics of deep34

actor-critic algorithms and their use of function approximation. The BC policy is not optimal for the35

randomly-initialized critic, and therefore the BC policy is rapidly unlearned in favor of a policy that36

Submitted to 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Do not distribute.



is. This phenomenon has been observed in inverse reinforcement learning, where it is more severe37

due to the additional learned reward [23, 42].38

We propose XQCfD (XQC from demonstrations), which extends the XQC actor-critic implementation39

with a set of algorithmic changes to achieve state-of-the art sample efficiency for RLfD:40

• We perform policy pretraining on the demonstration data to start learning at the BC-level of41

performance, rather than learn from scratch.42

• We also perform critic pretraining to ensure the initial actor and critic are coherent.43

• To mitigate unlearning due to stochastic optimization, we use KL regularization between the44

policy and BC policy as an additional regularizer, instead of a maximum entropy one.45

• To bridge KL and maximum entropy regularization, we adopt a ‘stationary’ parametric poli-46

cies which returns a constant, maximum entropy action distribution when out of distribution.47

This property enables exploration and policy improvement in states outside of the expert48

demonstration data, so the KL regularization does not limit policy improvement over BC.49

While none of these design decisions are independently novel, this combination has not been used50

for RLfD, and we show empirically across a range of sparse manipulation tasks that this approach51

prevents BC unlearning and therefore enables dramatic sample efficiency compared to baselines52

when combined with XQC. In summary, our contributions are53

1. We combine the actor-critic algorithm XQC with prior data and pre-trained policies for a54

sample-efficient RLfD algorithm, highlighting the crucial implementation details.55

2. We motivate and demonstrate the utility of stationary network architectures in RLfD.56

3. We provide thorough ablation experiments to validate our design decisions.57

2 Related Work58

Reinforcement learning from demonstrations or prior data is a long-established idea, especially for59

domains where exploration is challenging and expensive. Currently, using prior data comes in three60

distinct settings, based on how the data is used and what is pre-trained.61

Finetuning behavioral cloning with reinforcement learning. For challenging domains such as62

real-world robotics and strategy games, a practical solution for sample efficiency is to finetune BC63

policies [35, 26, 14, 16, 37]. More modern practices combine an on- or off-policy deep RL algorithm64

with an additional BC-based loss or policy regularization in the actor objective to prevent unlearning65

[30, 33]. We build on this work by incorporating a more sample-efficient off-policy algorithm that is66

able to finetune a BC policy without a significant performance drop, which is observed when using67

randomly initialized critics, e.g., the RLFT baseline in [12].68

Online reinforcement learning with additional data. With the advent of replay buffers in deep69

reinforcement learning, prior data can be easily integrated by merely augmenting the replay buffer.70

Algorithm design decisions concern whether the replay buffer is simply augmented or multiplexed171

[41, 2]. Imitation-bootstrapped RL [12] improves sample efficiency by incorporating BC action72

during interactions, and identifying dropout in the policy as an effective implementation detail and73

REDQ [6] as an effective RL algorithm in this setting. However, by not utilizing BC initialization74

effectively, buffer-based methods forfeit potentially significant sample efficiency gains, which we75

show in our experimental results.76

Offline-to-online reinforcement learning. A related setting where the prior data is suboptimal77

considers continuing offline RL with online interactions and learning [21]. This setting is challenging78

due to the difficulty of performing continual learning with function approximation with severe79

performance degradation, characterized as ‘catastrophic forgetting’ or a lack of network ‘plasticity’.80

Solutions include BC regularization [43], careful sampling of offline and online samples from the81

replay buffer [15] and calibrating the Q values during offline learning to mitigate policy unlearning82

during online interactions [22]. Our RLfD setting corresponds to offline-to-online RL with expert83

offline data, and we do not consider using suboptimal data as we desire strong initial BC policies.84

1Multiplexing refers to combining samples from several replay buffers within a single minibatch.
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Kullback-Leibler (KL)-regularized RL. While XQC builds on SAC (soft actor-critic, [10]),85

XQCfD uses a KL-regularized realization rather than a maximum entropy one, where the BC policy is86

a prior. Siegel et al. [36] use the same regularization for offline RL, using MPO [1] as the actor-critic87

algorithm. Rudner et al. [33] use this regularization for RLfD with SAC, but use a nonparametric88

Gaussian process as the BC policy and a standard network architecture for the RL policy and min-89

imizes their KL during pre-training. Watson et al. [42] use this formulation with SAC, but in an90

inverse RL setting.91

3 Sample-Efficient Actor-Critic with Prior Data and Prior Policies92

We consider the standard reinforcement learning setting, using a Markov decision process (MDP),93

defined by the tuple (S,A, P, r, γ) where S is the state space, A is the action space, P : S×A×S →94

[0, 1] are the transition dynamics, r : S×A → R is the reward function, and γ ∈ [0, 1) is the discount95

factor. At each timestep h, an agent observes state sh ∈ S, selects action ah ∼ π(· | sh) according96

to a stochastic policy π : S ×A → [0, 1], transitions to sh+1 ∼ P (· | sh,ah), and receives reward97

rh = r(sh,ah). The objective is to find a policy π⋆ that maximizes the expected discounted return98

J (π) = E
[∑∞

h=0 γ
hrh

]
. A central quantity in reinforcement learning is the state-action value99

function Qπ(s,a) = E
[∑∞

k=0 γ
krh+k

∣∣ sh = s, ah =a
]
, which satisfies the Bellman equation100

Qπ(s,a) = r(s,a) + γ Es′∼P (·|s,a),a′∼π(·|s′)[Q
π(s′,a′)]. Actor-critic algorithms maintain two101

function approximators: an actor πϕ parameterized by ϕ that represents the policy, and a critic Qθ102

parameterized by θ that estimates the value function. Deep actor-critic algorithms maintain a replay103

buffer B of past interactions. When learning from demonstrations, we also have access to a dataset of104

demonstrations D of state-action trajectories capturing expert behavior.105

Given a sample-efficient RL algorithm, incorporating prior expert data is a way of alleviating the106

pressure to explore and therefore achieve greater sample efficiency. While prior RLfD works adopt107

effective RL algorithms with Q ensembles, layer norm, and high update-to-data ratios, the recently108

proposed XQC [25] has matched or outperformed these architectures w.r.t. parameter count, sample109

efficiency and wall-clock speed by combining batch norm [13], weight norm [17] and a distributional110

critic [3]. This combination ensures the critic’s ‘effective’ learning rate [40] does not decrease and111

the critic’s loss landscape is smooth and well-conditioned [34, 9], which enables sample-efficient112

learning without any great computational overhead [25]. To leverage prior data, we multiplex the113

replay buffers during online learning and pre-train the policy using BC. The open research question114

concerns the tension between preventing unlearning and facilitating finetuning. Can we finetune a115

parametric policy without unlearning the strong initialization? To tackle this challenge, we use a116

policy architecture that has maximum entropy action predictions, as we adopt the entropy-regularized117

RL formulation, which regularizes the policy against a prior distribution using the KL divergence.118

While online RL uses a uniform action prior for exploration2 with temperature α ≥ 0, in the RLfD119

setting we replace this uninformative prior with the pre-trained BC policy πBC(a | s), which also120

initializes πϕ(a | s), resulting in actor loss121

ϕ⋆ = argmaxϕ Lπ(ϕ) = Es∼B
[
Ea∼πϕ(·|s)[Qθ(s,a)]− αDKL[πϕ(a | s) || πBC(a | s)]

]
. (1)

Adopting the KL divergence provides strong policy improvement guarantees. The solution to Equation122

1 has monotonic improvement guarantees over the BC policy (Lemma 1).123

Lemma 1. Monotonic policy improvement [32]. Given a prior policy p(a|s), the pseudo-posterior124

policy update π(a|s) improves on the prior in a monotonic fashion for critic Q due to the change-of-125

measure inequality [8],126

Ea∼π(·|s)[Q(s,a)] ≥ Ea∼p(·|s)[Q(s,a)] ∀s ∈ S, π(a | s) ∝ exp

(
1

α
Q(s,a)

)
p(a | s). (2)

However, in moving our objective from maximum entropy regularization with a uniform prior to127

KL regularization with the BC prior, we may have compromised our deep reinforcement learning128

algorithm. In states outside of the demonstration distribution where we wish to perform online129

RL, πBC(a | s) may be very different from the uniform prior U(a), especially as the predictive130

behavior of neural networks outside of the data distribution (OOD) is undefined, as illustrated in131

Figure 1. Therefore, during RL finetuning in out-of-distribution states, Equation 1 may encourage the132

2A maximum entropy objective is equivalent to a KL minimization objective against a uniform distribution.
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Figure 1: (Left) In the entropy-regularized RLfD setting, we desire a BC policy that fits the data
( ) while reflecting a maximum entropy prior out of distribution. (Centre) The typical multi-layer
perceptron (MLP) architecture used in deep actor-critic methods does not have this property. The out-
of-distribution predictive behavior is undefined. Due to this behavior, KL regularization encourages
the policy to stay close to suboptimal actions. (Right) By incorporating stationarity into the policy
architecture, the policy is maximum entropy at initialization ( ) and maximum entropy out-of-
distribution after training ( ). In practice, there is a smooth transition between modeling the data
and maximum entropy prior due to the smoothness of the function approximation.

agent to perform suboptimal actions rather than random exploration, and reducing α as a result also133

encourages unlearning the expert behavior. To fix this issue, we desire a policy network that predicts134

a uniform action distribution when out of distribution. Fortunately, this is possible by using policies135

with stationary feature spaces.136

3.1 Maximum Entropy Policies using Stationary Features137

To finetune the BC policy in out-of-distribution states with maximum entropy RL using Equation 1,138

we require a BC policy with the following characteristic,139

πBC(a | s) =
{
pD(a | s) if s ∈ D, where pD is a conditional generative model of D,

U(a), the uniform prior, otherwise.
(3)

A consequence of this characteristic is that, in the absence of any demonstration data, we desire a140

policy architecture where πBC(a | s) = U(a) ∀ s ∈ S. Following soft actor-critic [10], we use a141

Gaussian policy with a tanh transformation to bound the support of the action distribution to match142

the uniform prior. Therefore, this property is approximated by a latent action a = tanh(z) with fixed143

zero-mean Gaussian predictions. The desired out-of-distribution behavior described above can be144

achieved with a latent Gaussian model with stationary features φ. Stationary features have constant145

self-similarity: the inner product φθ(s
′)⊤φθ(s) is a function of a distance metric between s′ and146

s, which means that the variance is a constant when s′ = s, p(z | s) = N (0, σ2) as desired when147

p(w) = N (0, σ2I) due to the predictive distribution of Gaussian models shown below. Our latent148

Gaussian policy is implemented using stationary last layer features, on top of MLP features, with149

Gaussian last layer weights w,150

z = w⊤φθ(s), p(w) = N (µ,Σ), p(z | s) = N (µ⊤φθ(s),φθ(s)
⊤Σφθ(s)).

This predictive behavior is preserved for out-of-distribution states after training, subject to the151

smoothness of the features. Unfortunately, this stationary property is only achieved exactly when152

φ(s) is an infinitely large feature space and φθ(s)
⊤φθ(s

′) is expressed through its tractable kernel153

function k(s, s′) [31]. Fortunately, we can construct a finite approximate to these feature spaces154

using random Fourier features [29] fk for kernel k(·, ·),155

φθ,V (s) = fk(V s), Vij ∼ N (0, 1), (4)
where fk are periodic functions required to approximate stationary kernel k and V is a fixed random156

weight matrix that constructs the random features with fk. In practice, we apply the random157

features to neural network features rather than s for greater function approximation capability, i.e.,158

fk(V φNN(s)), which preserves stationarity [20]. We refer to this architecture as HetStat, as it is159

heteroscedastic3 and stationary. HetStat policies were first proposed by Watson et al. [42] in an160

inverse RL setting, combining it with SAC and the same actor objective (Equation 1). While this161

policy architecture was required for their learned reward, they also benefited from regularization162

properties of stationary priors observed by Rudner et al. [33]. However, while Rudner et al. [33] used163

a (stationary) homoscedastic, nonparametric Gaussian process BC prior and an MLP policy, we and164

Watson et al. [42] adopt a stationary network policy for both to benefit from parameter initialization165

and avoid the scaling issues that arise with nonparametric GPs [31].166

3Heteroscedastic predictions have input-varying variance, whereas homoscedastic predictions have constant variance.
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Algorithm 1: XQC from Demonstrations (XQCfD).
Data: Expert demonstrations D, temperature α, parametric policy class πϕ(a | s), parametric

critic class Qθ(s, a), total steps T , update-to-data ratio N , policy delay D
Result: πϕT

(a | s), matching or improving the initial policy πϕ1(a | s)
// pre-train policy and critic

Train initial policy from demonstrations using Equation 5, ϕ1 = argminϕ LBC(ϕ).
Pre-train critic on D using ϕ1 and Equation 6.
for h = 1 → T do // finetune policy with reinforcement learning

Interact with environment sh+1 ∼ P (· | sh,ah), ah ∼ πϕh
(· | sh), store in buffer B;

for n = 1 → N do
Update critic using LQ(θ) (Equation 6) on minibatch from B and D;
if i % D = 0 then

Update policy optimizing Lπ(ϕ) (Equation 1) on minibatch from B and D;
end

end
end

3.2 Off-policy reinforcement learning from demonstrations167

We now outline the design of XQC and our extensions for XQCfD.168

Actor-critic algorithm. XQC builds on SAC and adopts three design decisions: batch norm, weight169

norm, and a categorical critic. Following [4], during critic learning we apply batch norm to the states170

and next states combined, i.e., computing q, q′ = Qθ([s, s
′], [a,a′]) to ensure the batch statistics171

correctly capture the state-action distribution seen by the critic. In practice a target network is used to172

predict q′. Secondly, we apply weight norm to the critic network to constrain them to the unit sphere,173

i.e., W̃ = W /||W ||2. This normalization keeps the effective learning rate constant [17], which174

describes the phenomena where learning slows down as the weight norms of the parameters grow175

due to gradients scaling inversely proportional to the weights when batch norm is used [24]. The176

categorical critic has 101 atoms and a cross entropy loss following the C51 architecture (Appendix177

B, Bellemare et al. [3]). For the actor, applying BN and WN is optional, but often beneficial and178

therefore used in our experiments.179

For XQCfD, we make three algorithmic changes: initializing the policy via pre-training, replacing180

the entropy term in the actor loss with KL regularization (Equation 1), and maintaining both the181

demonstration and replay buffer separately. The algorithm is summarized in Algorithm 1.182

Model pre-training. For BC pre-training, we use a loss function that combines mean-squared error183

(MSE) and negative log likelihood (NLLH) metrics. As our stochastic policy predicts both mean184

and variance, it is a heteroscedastic regression model. In deep learning, these models can suffer185

from ambiguity between signal and noise, resulting in regression fits that under-fits in the mean and186

overestimates the variance rather than accurately modeling complex functions. The faithful loss [38]187

resolves this issue by training the mean prediction µ(s) = fµ(φ(s)) with the MSE objective, while188

training only the variance head with the NLLH. Crucially, gradients are cut between the variance189

head and the shared feature space φ(s), so that Σ(s) = fΣ(sg(φ(s))), where sg(·) denotes the190

stop-gradient operator, to ensure the features are optimized for the mean fit rather than uncertainty191

quantification. The resulting loss is192

LBC(ϕ) = Ea,s∼D[∥a− l(µϕ(s))∥22 − log p(z | µ(s),Σ(s)2)− log |∇zl(z)|], (5)

where l(·) is the action transform, e.g., tanh, of the latent Gaussian action z ∼ p(· | µ,Σ). We also193

pre-train the critic on the demonstration data using the same critic objective used for RL.194

Policy regularization. For the KL divergence between policies in Equation 1, we use the closed-form195

KL between latent Gaussian actions, as the KL divergence between the tanh-squashed Gaussian196

has no closed-form expression and would require a Monte Carlo KL approximation. Since the KL197

divergence is invariant under shared bijections [27], the closed-form Gaussian KL is in fact equal to198

our desired quantity. For the KL scaling term α, we find a constant value is sufficient to regularize the199

update [42] and did not jointly optimize the temperature like Haarnoja et al. [10]. The BC parameters200

initialize the RL policy, so the KL starts at zero.201
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Experience replay. When combining data buffers, we combine the minibatches equally throughout202

training, coined as ‘symmetric sampling’ in Ball et al. [2]. We also use the expert demonstration data203

to pre-compute the reward statistics for normalization and avoid online estimators.204

4 Experiments205

We now evaluate the empirical performance of XQCfD across a diverse set of sparse-reward manipula-206

tion tasks drawn from three established benchmarks, comparing XQCfD with HetStat and MLP policy207

architectures. This section provides an overview of the experimental setup, including environments,208

implementation details and evaluation protocol. Section 4.1 presents our main results, comparing209

against relevant baselines in terms of sample efficiency and asymptotic performance. We then ablate210

key design decisions to isolate their individual contributions (Section 4.3).211

Environments. We evaluate XQCfD on a total of 11 sparse-reward manipulation tasks spanning212

3 popular benchmarks. From Adroit [30], we use four dexterous hand tasks: pen, door, hammer,213

relocate. From Robomimic [18], we consider three tasks: Lift, NutAssemblySquare,214

and PickPlaceCan. From MimicGen [19], we include four tasks: StackThree, Coffee,215

HammerCleanup, MugCleanup. These environments are characterized by high-dimensional216

action spaces, contact-rich dynamics, and binary sparse rewards, making learning particularly chal-217

lenging for agents relying solely on online exploration.218

Demonstration data. For each task, we assume access to the standard dataset of expert demon-219

strations. For most environments this is 200 demonstrations per task, apart from StackThree_D0220

which provides 1000 demonstrations to variety of initial cube positions. This data regime is reason-221

able to be collected manually by experts and provides performant BC policies. We use the same222

expert datasets for BC pre-training, replay buffer augmentation and reward normalization statistics.223

Baselines. We compare XQCfD against several baselines, including BC [28], RLPD [2], XQC [25],224

and SAC [10]. As a means of separating the contribution of the actor-critic algorithm from the RLfD,225

we consider three variants of XQC, reflecting several RLfD approaches. These are (i) using BC226

pre-training (XQC + BC), (ii) combining expert offline data with the online replay buffer (XQC + OD)227

like RLPD, and (iii) combining (i) and (ii) (XQC + BC + OD). For SAC, we use a HetStat policy.228

Hypotheses. Our experimental design is built upon the following hypotheses.229

1. XQCfD will improve upon BC performance without unlearning.230

2. The sample efficiency of XQCfD will depend on the performance of the BC policy.231

3. XQC will still outperform SAC and LayerNorm (RLPD) in the sparse RLfD setting.232

If these three hypotheses are true, XQCfD will be an effective RLfD implementation, subject to the233

quality of the demonstration data.234
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Figure 2: Performance of XQCfD and baselines on Adroit over 10 seeds, showing the IQM and
10th and 90th percentile stratified bootstrap confidence intervals. BC pretraining performance is
shown before the vertical dashed line. Notably, in two of the tasks, BC achieves expert performance.
The benefit of improving upon BC is clear in this scenario, and baselines then require 100K–1M
interactions to recover BC-level performance after unlearning. In the pen task, where BC is only ∼60%
successful, XQCfD only achieves a speed-up of 50K interactions, which supports our Hypothesis 2.
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Figure 3: Performance results on Robomimic over 10 seeds showing the IQM and 10th and 90th
percentile stratified bootstrap confidence intervals. BC pretraining performance is shown before
the vertical dashed line. OD refers to adding expert offline data. Robomimic includes three sparse
manipulation tasks that are challenging to solve without leveraging demonstrations. For Lift and
PickPlaceCan, the benefit of XQCfD is clear, and BC performs close-to-expert performance and
therefore XQCfD is dramatically more stable than baselines. However, we see in the Lift task
(simply lifting a block) XQC + offline data learns extremely rapidly, and XQC + offline data + BC
unlearns very little. However, for the harder PickPlaceCan task, unlearning is much more severe
for our strong XQC-based baselines and XQCfD achieves a sample efficiency of 1M steps. For the
harder NutAssemblySquare task, BC performs worse, therefore the performance gap between
XQCfD and XQC + offline data is initially small and rapidly negligible, matching our Hypothesis 2.

4.1 Experimental results235

In Figures 2, 3, 4, we benchmark XQCfD against baselines on Adroit, Robomimic and MimicGen236

respectively, looking at 11 tasks in total. Across all tasks, Hypothesis 1 holds, with little observable un-237

learning at the transition to BC. Improving on BC rather than starting from scratch yields notable gains238

in sample efficiency. In PickPlaceCan the strongest baselines require ∼1M additional samples to239

reach XQCfD performance and ∼500K in relocate-expert-v1 and HammerCleanup-D0.240

Moreover, XQCfD is the only method to achieve non-zero success rate in the harder MimicGen tasks241

StackThree-D0 and Coffee-D0. For tasks NutAssemblySquare and MugCleanup-D0,242

the BC success rate was only in the region of 20-30%, and there was a much smaller performance gap243

between XQCfD and XQC + OD. We find a lower temperature was better in these environments, as the244

agent benefited from a greater trust region to improve on the worse-performing BC policy. However,245

this result confirms our Hypothesis 2 that the value in XQCfD relies on initial BC performance. We246

found that this temperature parameter was also highly coupled to the unlearning phenomena, as247

NutAssemblySquare and MugCleanup-D0 both exhibit a small drop in performance due to a248

lack of regularization. Figure 7 shows that a lower temperature can prevent premature convergence.249
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Figure 4: Performance results of XQCfD and baselines on MimicGen over 10 seeds, showing the IQM
and 10th and 90th percentile stratified bootstrap confidence intervals. BC pretraining performance
is shown before the vertical dashed line. OD refers to adding expert offline data. Compared to
Robomimic, these tasks are slightly more complex due to a broader initial state distribution and
longer task horizon. For this suite, XQCfD excels in tasks where the initial BC policy performs well.
In the Mug task, where the BC policy achieves a low success rate, XQCfD is comparable to baselines
without the benefit of pretraining. For the hardest task, StackThree, XQCfD is the only algorithm to
achieve greater-than-zero success, but only improve the BC policy by 10%. This suggests there are
still improvements to be made before harder tasks can be mastered.
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Figure 5: An empirical analysis of the optimization landscape of the actor with and without the
HetStat policy for PickPlaceCan. The HetStat policy improves the condition number by around
100×, which we attribute to the inherent regularization from the stationarity of the HetStat policy
[33]. The condition number analysis technique follows Behrooz et al. [9] and Palenicek et al. [25].

Regarding Hypothesis 3, Figure 2 shows that while SAC and RLPD can solve several tasks, similar250

XQC variants outperform them for all but one environment. This result reflects previous findings251

on the qualities of XQC [24, 25]. Moreover, Ball et al. [2] tune the hyperparameters of RLPD per252

environment. We were not able to tune RLPD to solve Robomimic, as observed by Biza et al. [5].253

4.2 Actor conditioning analysis254

Palenicek et al. [25] have shown that critic architectures with better conditioning can be linked to255

improved RL training performance. In Figure 5, we see that the HetStat policy improves the condition256

number of the actor loss by around 100×, supporting the insight that stationary policies are provide a257

better loss landscape for learning due to their consistent predictions when out of distribution [33].258

4.3 Ablation studies and hyperparameter sensitivity259

In Figure 6, we perform an ablation study on the HetStat policy and KL regularization. For 6 out of260

11 environments, the HetStat policy has clear benefits over the standard MLP for stable finetuning.261

Figure 6: Ablation studies on XQCfD, replacing the HetStat MLP with a standard MLP and replacing
KL regularization with standard entropy regularization for the Adroit (top), Robomimic (middle) and
MimicGen (bottom) environments over 10 seeds, showing the IQM and 10th and 90th percentile
stratified bootstrap confidence intervals.
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Figure 7: Sensitivity study of XQCfD’s temperature α that controls KL regularization against the
BC policy. Evaluated over one task for Adroit, Robomimic and MimicGen over 10 seeds, showing
the IQM and 10th and 90th percentile stratified bootstrap confidence intervals. Lower temperatures
result in a larger performance drop on the transition from BC to RL due to unlearning, but lower
temperatures also facilitate greater RL finetuning due to the smaller proximal regularization.

Regarding KL regularization, for 6 out of the 11 environments, removing KL regularization resulted262

in complete unlearning and failure to converge. For the 5 environments where KL regularization is263

not needed, these are environments where BC has a low success rate, so standard RL with auxiliary264

data is sufficient and unlearning does not need to be prevented. While HetStat policies and KL265

regularization are needed under the same conditions, only one environment (Coffee) required both.266

Our hypothesis is that the HetStat architecture is beneficial for stable finetuning, hence replacing it267

results in poor convergence (relocate, Lift, PickPlaceCan, HammerCleanup). Removing268

KL regularization appears to frequently trigger rapid unlearning, although it is unclear why the agent269

cannot recover with additional experience, as the baselines appear to do when learning from scratch.270

The baselines that do not have the additional data to aid exploration (SAC and XQC +BC) consistently271

fail after unlearning.272

In Figure 7, we sweep across different values of the fixed temperature. Higher temperatures cor-273

respond to stronger BC regularization. When the BC policy has weak performance, online policy274

improvement struggles with stronger regularization, so lowering the temperature increases the policy275

improvement during online training.276

Lastly, in Figures 8 to 10 in Appendix A, we provide a hyperparameter sensitivity experiment w.r.t.277

the number of expert demonstrations, which affects both the BC pretraining and auxiliary replay278

buffer. The trend we observe is that if fewer demonstrations result in a weaker BC policy, RL279

finetuning can be weaker, which suggests the KL regularization should be tuned to account for a280

suboptimal BC policy when using fewer demonstrations.281

5 Conclusion282

We present XQC from demonstrations (XQCfD), an effective RLfD implementation that combines a283

sample-efficient RL algorithm, BC pretraining and regularization, and stationary policies. XQCfD284

solves an persistent limitation of prior deep off-policy RLfD approaches that are incapable of285

efficiently finetuning BC policies due to the randomly initialized critic causing the policy performance286

to drop below BC. By finetuning BC policies instead of relearning from scratch, sample efficiency287

is significantly improved. Across 11 sparse-reward manipulation tasks from Adroit, Robomimic288

and MimicGen, XQCfD achieves state-of-the-art performance with a low update-to-data ratio and no289

Q-function ensembles. Our ablations confirm that our design decisions contribute to this performance290

in combination. For future work, we plan to extend this algorithm to the action chunking setting with291

generative policies, which has been shown to improve BC performance on complex tasks [7] but is292

currently not stationary or straightforward to finetune with off-policy RL.293

Limitations. Our experimental scope is restricted to expert demonstrations; we do not evaluate294

on suboptimal offline data, although XQCfD could be applied to this setting with no adjustments.295

Another current limitation is the fixed KL temperature, since RL performance can be sensitive to296

the BC quality when balancing regularization against premature convergence. Future work could297

investigate adaptive temperature schedules that adjust regularization strength during training.298
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A Ablation: Sensitivity to the Number of Expert Demonstrations418

Figures 8 to 10 show that XQCfD remains effective across a range of demonstration dataset sizes on419

Adroit, Robomimic, and MimicGen. As expected from Hypothesis 2, gains scale with initial BC420

quality, indicating that the KL temperature can be tuned to extract further performance when fewer421

demonstrations are available.422
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Figure 8: Sensitivity study on XQCfD, replacing the number of expert demonstrations for the Adroit
environments over 10 seeds, showing the IQM and 10th and 90th percentile stratified bootstrap
confidence intervals.
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Figure 9: Sensitivity study on XQCfD, replacing the number of expert demonstrations for the
Robomimic environments over 10 seeds, showing the IQM and 10th and 90th percentile stratified
bootstrap confidence intervals.
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Figure 10: Sensitivity study on XQCfD, replacing the number of expert demonstrations for the
MimicGen environments over 10 seeds, showing the IQM and 10th and 90th percentile stratified
bootstrap confidence intervals.

B The Categorical Critic Objective423

In C51 [3], the critic models the return distribution as a categorical distribution over N fixed424

atoms {zi}Ni=1 with probabilities pϕ(s,a) = (pϕ,1(s,a), . . . , pϕ,N (s,a)). The target distribution425

is obtained by projecting the Bellman update r + γZ onto the atom support, yielding projected426
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probabilities m(s,a, s′). The critic is then trained by minimizing the cross-entropy loss,427

LQ(θ) = −Es,a,r,s′∼B

[
N∑
i=1

mi(s,a, s
′) log pθ,i(s,a)

]
, (6)

where the target projection coefficients are computed as428

mi(s,a, s
′) =

N∑
j=1

[
1−

∣∣[ r + γzj ]
zN
z1 − zi

∣∣
zi+1 − zi

]1

0

pθ̄,j(s
′,a′). (7)

with a′ ∼ πϕ(· | s′). Function [·]ba denoting clipping to [a, b], and θ̄ denoting the parameters of a429

target network.430

C Experimental Details431

Evaluation protocol. All experiments were run using 10 random seeds. For Robomimic and432

MimicGen, evaluations are performed every 50000 environment steps, whereas for Adroit, evaluations433

are performed every 10000 environment steps. In each evaluation phase, we execute 100 rollouts434

using a deterministic policy. For Robomimic and MimicGen, we report the average success rate, and435

for Adroit, we report the completion speed, following the protocol of Ball et al. [2].436

Implementation details. Our implementation is based on the publicly available XQC code-437

base [25] (https://github.com/danielpalenicek/xqc). We use two sets of hyperparameters that differ438

only in their fixed temperature. For the environments MugCleanup, NutAssemblySquare, Pen,439

and Hammer, we set the temperature to 0.001, while for all other environments, we use a temperature440

of 0.01. We observe that stronger BC policies perform better with a higher temperature, whereas441

weaker BC policies benefit from a lower temperature. Table 1 summarizes our hyperparameters442

alongside those used in the baseline methods.443

Hyperparameter XQCfD XQC SAC RLPD

Learning rate 3e-4 3e-4 3e-4 3e-4
hidden dim 512 512 512 256
Policy Delay 3 3 3 20
Initial Temperature 0.01 / 0.001 0.01 0.01 1.0
Target entropy - |A| /2 |A| /2 |A| /2
Target network momentum 0.005 0.005 0.005 0.005
Update-to-data ratio 2 2 2 20
Critic ensemble size 2 2 2 10
Critic loss Categorical Categorical MSE MSE
Discount Heuristic Heuristic Heuristic 0.99

Table 1: Overview of hyperparameters, including SAC (same parameters as XQC) and critic loss
settings.

RLPD uses environment-specific hyperparameters, which we summarize in Table 2. Since RLPD444

does not provide hyperparameters for Robomimic, we manually adjusted them. We did not perform445

any additional tuning of these hyperparameters.446

Environment CDQ Entropy MLP Size MLP Layers
Adroit True False 256 3
Robomimic True False 512 3

Table 2: Overview of RLPD environment-specific hyperparameters.

Compute resources. The experiments for this paper were conducted on a high-performance447

computing cluster utilizing NVIDIA A100 and H100 GPUs. A single GPU could run 5 seeds in448

parallel in 16 hours, leveraging JAX vmap over seeds. We estimate the total computational effort449

for this paper at approximately 1,000 GPU-hours. This total encompasses the primary experimental450

suite, ablation studies, hyperparameter tuning, and prior investigations.451
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Licenses. We use the following assets: XQC codebase [25] (MIT), Adroit [30] (Apache 2.0),452

Robomimic [18] (MIT), MimicGen [19] (NVIDIA License), RLPD [2] (MIT). All assets are used in453

accordance with their respective licenses.454

D Discount Heuristic455

We set the discount factor based on the environment’s horizon, following Hansen et al. [11]:456

γ = clip
(

T/5−1
T/5 , [0.95, 0.995]

)
,

where T denotes the episode length.457
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NeurIPS Paper Checklist458

1. Claims459

Question: Do the main claims made in the abstract and introduction accurately reflect the460

paper’s contributions and scope?461

Answer: [Yes]462

Justification: Yes, the abstract and introduction list the contributions of XQCfD. We have463

additionally added a contributions paragraph to the end of the introduction.464

Guidelines:465

• The answer [N/A] means that the abstract and introduction do not include the claims466

made in the paper.467

• The abstract and/or introduction should clearly state the claims made, including the468

contributions made in the paper and important assumptions and limitations. A [No] or469

[N/A] answer to this question will not be perceived well by the reviewers.470

• The claims made should match theoretical and experimental results, and reflect how471

much the results can be expected to generalize to other settings.472

• It is fine to include aspirational goals as motivation as long as it is clear that these goals473

are not attained by the paper.474

2. Limitations475

Question: Does the paper discuss the limitations of the work performed by the authors?476

Answer: [Yes]477

Justification: We name limitations and assumptions in the paper and provide a dedicated478

limitations paragraph at the end of the conclusion.479

Guidelines:480

• The answer [N/A] means that the paper has no limitation while the answer [No] means481

that the paper has limitations, but those are not discussed in the paper.482

• The authors are encouraged to create a separate “Limitations” section in their paper.483

• The paper should point out any strong assumptions and how robust the results are to484

violations of these assumptions (e.g., independence assumptions, noiseless settings,485

model well-specification, asymptotic approximations only holding locally). The authors486

should reflect on how these assumptions might be violated in practice and what the487

implications would be.488

• The authors should reflect on the scope of the claims made, e.g., if the approach was489

only tested on a few datasets or with a few runs. In general, empirical results often490

depend on implicit assumptions, which should be articulated.491

• The authors should reflect on the factors that influence the performance of the approach.492

For example, a facial recognition algorithm may perform poorly when image resolution493

is low or images are taken in low lighting. Or a speech-to-text system might not be494

used reliably to provide closed captions for online lectures because it fails to handle495

technical jargon.496

• The authors should discuss the computational efficiency of the proposed algorithms497

and how they scale with dataset size.498

• If applicable, the authors should discuss possible limitations of their approach to499

address problems of privacy and fairness.500

• While the authors might fear that complete honesty about limitations might be used by501

reviewers as grounds for rejection, a worse outcome might be that reviewers discover502

limitations that aren’t acknowledged in the paper. The authors should use their best503

judgment and recognize that individual actions in favor of transparency play an impor-504

tant role in developing norms that preserve the integrity of the community. Reviewers505

will be specifically instructed to not penalize honesty concerning limitations.506

3. Theory assumptions and proofs507

Question: For each theoretical result, does the paper provide the full set of assumptions and508

a complete (and correct) proof?509
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Answer: [Yes]510

Justification: Our Lemma 1 is an established result we use to motivate our algorithm design.511

Guidelines:512

• The answer [N/A] means that the paper does not include theoretical results.513

• All the theorems, formulas, and proofs in the paper should be numbered and cross-514

referenced.515

• All assumptions should be clearly stated or referenced in the statement of any theorems.516

• The proofs can either appear in the main paper or the supplemental material, but if517

they appear in the supplemental material, the authors are encouraged to provide a short518

proof sketch to provide intuition.519

• Inversely, any informal proof provided in the core of the paper should be complemented520

by formal proofs provided in appendix or supplemental material.521

• Theorems and Lemmas that the proof relies upon should be properly referenced.522

4. Experimental result reproducibility523

Question: Does the paper fully disclose all the information needed to reproduce the main ex-524

perimental results of the paper to the extent that it affects the main claims and/or conclusions525

of the paper (regardless of whether the code and data are provided or not)?526

Answer: [Yes]527

Justification: We have taken great care to aid reproducibility. First, we descibte the proposed528

algorithm in detail throughout the main paper. Second, Section C in the Appendix details529

implementation details, evaluation protocols and lists hyperparameters.530

Guidelines:531

• The answer [N/A] means that the paper does not include experiments.532

• If the paper includes experiments, a [No] answer to this question will not be perceived533

well by the reviewers: Making the paper reproducible is important, regardless of534

whether the code and data are provided or not.535

• If the contribution is a dataset and/or model, the authors should describe the steps taken536

to make their results reproducible or verifiable.537

• Depending on the contribution, reproducibility can be accomplished in various ways.538

For example, if the contribution is a novel architecture, describing the architecture fully539

might suffice, or if the contribution is a specific model and empirical evaluation, it may540

be necessary to either make it possible for others to replicate the model with the same541

dataset, or provide access to the model. In general. releasing code and data is often542

one good way to accomplish this, but reproducibility can also be provided via detailed543

instructions for how to replicate the results, access to a hosted model (e.g., in the case544

of a large language model), releasing of a model checkpoint, or other means that are545

appropriate to the research performed.546

• While NeurIPS does not require releasing code, the conference does require all submis-547

sions to provide some reasonable avenue for reproducibility, which may depend on the548

nature of the contribution. For example549

(a) If the contribution is primarily a new algorithm, the paper should make it clear how550

to reproduce that algorithm.551

(b) If the contribution is primarily a new model architecture, the paper should describe552

the architecture clearly and fully.553

(c) If the contribution is a new model (e.g., a large language model), then there should554

either be a way to access this model for reproducing the results or a way to reproduce555

the model (e.g., with an open-source dataset or instructions for how to construct556

the dataset).557

(d) We recognize that reproducibility may be tricky in some cases, in which case558

authors are welcome to describe the particular way they provide for reproducibility.559

In the case of closed-source models, it may be that access to the model is limited in560

some way (e.g., to registered users), but it should be possible for other researchers561

to have some path to reproducing or verifying the results.562

5. Open access to data and code563
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Question: Does the paper provide open access to the data and code, with sufficient instruc-564

tions to faithfully reproduce the main experimental results, as described in supplemental565

material?566

Answer: [No]567

Justification: We do not provide the code at the current time, however, we plan to release it568

upon acceptance of the paper.569

Guidelines:570

• The answer [N/A] means that paper does not include experiments requiring code.571

• Please see the NeurIPS code and data submission guidelines (https://neurips.572

cc/public/guides/CodeSubmissionPolicy) for more details.573

• While we encourage the release of code and data, we understand that this might not574

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not575

including code, unless this is central to the contribution (e.g., for a new open-source576

benchmark).577

• The instructions should contain the exact command and environment needed to run to578

reproduce the results. See the NeurIPS code and data submission guidelines (https:579

//neurips.cc/public/guides/CodeSubmissionPolicy) for more de-580

tails.581

• The authors should provide instructions on data access and preparation, including how582

to access the raw data, preprocessed data, intermediate data, and generated data, etc.583

• The authors should provide scripts to reproduce all experimental results for the new584

proposed method and baselines. If only a subset of experiments are reproducible, they585

should state which ones are omitted from the script and why.586
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well as details about compensation (if any)?746

Answer: [N/A]747

Justification: This work does not involve crowdsourcing nor research with human subjects.748
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• Depending on the country in which research is conducted, IRB approval (or equivalent)770

may be required for any human subjects research. If you obtained IRB approval, you771

should clearly state this in the paper.772

• We recognize that the procedures for this may vary significantly between institutions773

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the774
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applicable), such as the institution conducting the review.777

16. Declaration of LLM usage778

Question: Does the paper describe the usage of LLMs if it is an important, original, or779
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