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Abstract

While offline reinforcement learning (RL) enables policy optimization from static
datasets without costly online interaction, it remains bottlenecked by the risk of
executing out-of-distribution (OOD) actions. Recent approaches mitigate this by
learning a flow matching behavior cloning policy to approximate the dataset, and
then performing RL within its constrained latent space. However, naively doing
gradient descent in the latent space can easily cause the policy to collapse into
a brittle mode or exploit sharp artifacts of the learned critic. In this work, we
identify that entropy regularization is essential in latent-space RL for addressing
these challenges. We introduce LASER, a novel offline RL algorithm that applies
latent-space adjoint matching to achieve entropy-regularized latent space RL with
expressive flow policies without backpropagation through time. Through com-
prehensive experiments on 40 challenging OGBench tasks with varying dataset
qualities, we show that LASER achieves state-of-the-art performance. Notably,
LASER uses a single, constant set of hyperparameters to outperform baselines even
with their hand-tuned hyperparameters, highlighting its robust applicability.

1 Introduction

Offline reinforcement learning (RL) aims to learn policies from a static dataset that improve upon the
behavior policy that generated the dataset without any online interaction [[1]]. This creates a central
tension: improving upon the behavior policy requires the learned policy to deviate from it, but still
output actions where the dataset provides reliable supervision. For a fixed state, actions outside
the dataset support may receive spuriously high predicted values, which can be exploited by policy
optimization to yield out-of-distribution (OOD) actions that perform poorly when deployed [LL].

A major line of work addresses the problem of OOD actions by constraining policy improvement to
remain close to the behavior distribution, by regularizing a statistical distance to the behavior policy
[2, 13114, 15, l6]. However, depending on the choice of statistical distance, these methods can be either
too restrictive and produce an overly conservative policy (e.g., KL divergence), or not restrictive
enough and still produce OOD actions (e.g., Wasserstein distance, MMD distance) [[7]].

This has motivated a more direct alternative: enforce support constraints on the policy extraction
process to guarantee that the actions produced lie within the support of the action distribution of
the behavior policy [8, [7]. In particular, these methods learn a flow-based generative model using
flow-matching [9} 10} [11] to imitate the behavior policy, resulting in a compact latent space that maps
to the behavior policy. Assuming a flow-based model that perfectly captures the behavior policy, any
sample from the latent space is a sample from the behavior policy and thus lies within the support of
the dataset. Policy optimization performed on this latent space, either via gradient descent (as in [7]])
or SAC [12] (as in [8]]) yields a policy that satisfies support constraints by construction.
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In this work, we argue that support constraints are only part of the story. Once policy optimization is
restricted to the support, the central difficulty becomes policy extraction: how should one reliably
select high-value actions from the support without collapsing to brittle modes or exploiting sharp
artifacts of the learned critic? Even when actions remain in support, the critic may be sharp, irregular,
or locally overestimated, and a low-entropy extraction procedure can collapse onto brittle modes.

We identify entropy regularization as a missing principle in support-constrained flow policy op-
timization. While entropy regularization has been thoroughly studied in online RL for its role in
improving exploration [[13], [12]] and robustness [[13| [14], its role in offline RL, and in particular in
support-constrained policy extraction, has not been isolated and made explicit. We argue that entropy
regularization similarly plays a crucial role in offline RL, not only in discouraging premature collapse
of the policy to local minima, but also in smoothing the policy optimization landscape by regularizing
the critic [[15]].

To this end, we propose Latent Space Adjoint Matching for Support Constrained Entropy Regularized
Offline RL (LASER), a framework for entropy-regularized support-constrained policy extraction with
latent-space flow policies. LASER builds on the latent support parameterization used in recent flow-
based offline RL methods [[7, 8], but replaces implicit or architecture-dependent regularization with
an explicit entropy-regularized policy improvement objective. The main technical challenge is that
computing and optimizing the entropy of a flow policy in latent space is nontrivial. We address this
using adjoint matching [16], which enables entropy-regularized optimization of expressive flow
policies in latent space while preserving the support constraints induced by the learned latent space.

We make the following contributions:

1. We identify entropy regularization as a central ingredient for stable support-constrained policy
extraction with flow-matching policies in offline RL.

2. We reinterpret recent support-constrained flow policy methods, including DSRL and ReFORM,
through the lens of implicit entropy regularization.

3. We introduce LASER, a principled entropy-regularized objective for flow-based offline policy
improvement that preserves dataset-support constraints while enabling smoother and more reliable
policy extraction.

4. Extensive experiments demonstrate that LASER, using a fixed set of hyperparameters, dominates all
flow policy-based baselines using their per-task hand-tuned hyperparameters on the performance
profile curve.

2 Preliminaries

2.1 Offline RL

We use A(X) to denote the set of probability distributions over X', and grey notations for place-
holder variables. A Markov Decision Process (MDP) is defined by M = (S, A,r, po, P,7),
with state space S, action space A, reward function r(s,a) : § x A — R, initial state dis-
tribution py € A(S), transition dynamics function P(s'|s,a) : & x A — A(S), and dis-
count factor v € [0,1]. Given a dataset of trajectories D generated by some behavior policy
mg(als) © & — A(A), offline RL aims to learn a policy ma(als) : & — A(A), that maxi-
mizes the expected discounted return R(ma) = E.pma () [Z{LO Y (sp, ah)} , where p™ (1) =

po(so)malao|so)P(s1]s0,a0) - - - malam|sy). Note that sampling trajectories during training is not
allowed in the offline RL setting.

The OOD Problem. A primary challenge in offline RL is OOD actions [1]]. Standard actor-
critic frameworks evaluate a policy ma by estimating its state-action value function (Q-function)
Q(s,a) : S x A — R, representing the expected discounted return:

H
Z ’th(s}u Clh)
h=0

To learn Q™, fitted Q-evaluation is typically used to minimize the temporal difference (TD) error:

2
L(@) = E(s.a,00~Darmma(s) [(r<s, a) +1QT(,a') — Q] (s,0)) ] : @)

Q™(s,a) =E

50 = s,a9 = a,ap ~ mA(sp), Vh > 1] - )
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where Qg’* is a target network often updated via Polyak averaging [17]. However, because the dataset

D is fixed, querying the target network with unfamiliar actions a’ ~ wa(s’) can yield unreliable, and
potentially large ()-values. Consequently, the policy may erroneously optimize toward these OOD
actions [1]]. To address this issue, the learned policy should satisfy the support constraint [5]:

supp(ma(-|s)) € supp(ms(|s)), Vs, 3)
where supp(p) := {z | p(x) > 0} denotes the support of a distribution p. To achieve this, many prior
offline RL algorithms regularize the statistical distance D(7a || 7mg) between the learned policy 7a
and the behavior policy 73, resulting in the following objective for policy updates:

Iglrin]ESND’uNﬂA(s) {—Qg’*(s,a) +aD(ma || m8)|, )

where « is a hyperparameter for the regularization weight. However, these approaches may not fully
avoid OOD or can limit the improvement of ma w.r.t. w3 depending on the choice of the statistical
distance D [7]], and the weight « requires hand-tuning for different tasks and datasets [1} [18]].

2.2 Mitigating OOD Actions with Latent Space RL

To mitigate the limitations of statistical distance regularization, recent works propose learning policies
in a latent space L [19,8.7]]. Specifically, a decoder p, ,(2) : £L x & — Ais learned that maps
samples z ~ g drawn from the latent space prior distribution g (=) € A(L) to the dataset distribution
73(+]s), i.e., the pushforward of the prior g through the decoder pg, _, approximates the behavior
policy ma(+|s). Then, instead of learning a policy ma(-|s) in the action space A, we can learn a
latent-space policy 7 (z|s) : S — A(L) which induces a full policy in the action space via the
pushforward through the decoder pi, ,, i.€.,

mA(-[8) = (15 p)amL(-]s), ©)

where (-)4 is the pushforward operator. This parametrization (5) transforms the difficult action-space
support constraint @ under the complex behavior policy g into a simple latent-space constraint:

supp(mL(+[s)) S supp(qL)- ©)
Since g is chosen to have simple support (e.g., a uniform distribution on the d-ball [7]), this constraint
is much easier to enforce, thereby decoupling OOD action avoidance from policy optimization.

We can thus define the resulting policy optimization problem in the latent space £ induced by the
decoder g, . For a () function Qg" in the action space , this induces a corresponding latent-space

@ function Q7' (s, ) : S x L — R as the pullback of Q" through the decoder pg, ,, i.e.,
QT (5,2) = Q7(5, oA (23 5)). )

As long as the latent-space support constraint (6) is satisfied (e.g., with tanh squashing, clipping or
projection), any off-policy optimization algorithm can then be used to optimize the latent policy
without needing to worry about OOD actions, such as DDPG or TD3 in [[19]], SAC in [8]], or even
plain gradient ascent in [7].

Learning expressive decoders with flow matching. A key component of latent space RL is the
decoder g, _,. A poorly learned decoder may output actions outside the dataset support and defeat the
purpose of latent space RL, or be too simple to capture the behavior policy and limit the performance
of the final policy. Recent works use flow matching [9, 10, [L1] to learn pg, ., due to its ability to
model complex multimodal behavior distributions [8, [7]]. Flow matching learns a time-dependent
velocity field vg,_,(z,1;5) : £ x [0,1] x § — L, parameterized by 6| ., that transports an easy-to-
sample latent distribution ¢ € A(L) (e.g., standard Gaussian A/ (0, %)) to the pushforward action
distribution (25, )yqu ~ 7s(+|s) over the time interval ¢ € [0, 1], using the flow-matching loss:

Liaa(0Ln) = E(g,0)~D,2mq t~t4[0,1] [vaLdA(a:t,t; s)—(a— Z)HQ} , = (1—t)z+ta. (8)

The corresponding BC flow map v, _, (2, 1;5) : £ x [0,1] x S — L for the velocity field vg,_, can
be found as the solution to the ODE with initial condition z at ¢ = 0 and velocity field vg, _,, i.e.,

t
Yoa(2,158) =2 —|—/ VoA (Voa (2,73 8), T3 8)dT. 9)

0
The decoder pug, ., is then defined as the BC flow map at time ¢ = 1, i.e., g, (23 8) = g, (2, 1; 5).
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90
S 2 120
X 00D actions X Bad Q function Support Constraints avoid OOD actions
Goal lead to failures X Policy stuck in Entropy Regularization regularizes the Q
= Success local minima function and improves policy exploration
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Figure 1: Both support constraints and entropy regularization are essential. Without support
constraints, the policy generates OOD actions that have unreliable ()-values and thus fail. Without
entropy regularization, the (Q-function exhibits strange artifacts and the policy gets stuck in local
minima, resulting in failures on the left side. By combining support constraints and entropy regular-
ization, LASER avoids OOD actions, regularizes the (Q-function, and encourages policy exploration,
resulting in a successful policy.

No Entropy Regularization Target Policy Smoothing LASER (Ours)
1.0 " 1.0 = 1.0

‘ \ (a) . (b)

Policy
Samples

Action vy
Action vy
Action vy

Not in Support
0.5 0.0
Action vy

Figure 2: Q-function and policy are poorly learned without entropy regularization. We plot the
learned Q-functions (lighter colors denote higher value) at the state marked by the white circle in
Figure[lc] Without entropy regularization, the policy becomes nearly deterministic and clusters at a
false maximum which causes the policy to move up and get stuck at the wall (Figure[Tc). Adding
noise to the policy in TD learning (target policy smoothing [20]) fixes the Q-function landscape, but
the policy remains nearly deterministic and is suboptimal. With entropy regularization, the policy
samples spread out more and yield a better regularized Q-function, enabling the policy to move
around the wall and reach the target (Figure @)

Not in Support
0.5 0.0
Action vy

0.5 0.0
Action vy

3 Latent Space Adjoint Matching for Support Constrained Entropy
Regularized Offline RL (LASER)

3.1 Entropy Regularization is Essential for Latent Space RL

Given that latent space RL methods claim to solve the OOD problem, one might be tempted to
conclude that directly performing policy optimization in the latent space with support constraints
results in a strong policy. However, we find this to be false. We illustrate this on a simple 2D
reach-avoid environment (see Appendix [E]for details). Choosing 7 to be a flow policy as in [7], i.e.,
for a base distribution gg and velocity field vy, , and corresponding flow map g, ,

mL(]8) = (Kos. )18, iy, (W) = Yog., (w, 1), (10)

we find that naively training 7 to maximize QgL with reparametrized gradients and enforcing the
latent-space support constraint (€) via tanh squashing (Figure[Tc) gets stuck in local minima and fails
to reach the target (Figure[I). Moreover, the value function is poorly learned and exhibits artifacts.
We explore this further by visualizing the learned @) function and policy 7a at the state right before
the policy gets stuck at the wall (Figure 2a). Surprisingly, the learned policy is maximizing the
learned @-function and is not stuck in a local optimum despite the policy failing to reach the target.
Using target policy smoothing (TPS) to smooth the learned Q-function by adding noise to the
target action o’ in the TD learning target fixes the @-function landscape (Figure , but the
resulting policy is now suboptimal. This is a problem of the policy having insufficient exploration,
which can be mitigated by increasing policy entropy [12]).
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Figure 3: Flow latent policy + adjoint matching Pareto-dominates a squashed Gaussian latent
policy. For every entropy and (2-value achieved by the Gaussian latent policy, there exists an operating
point achievable by the flow latent policy that has both higher entropy and higher Q)-value.

This motivates the use of an explicit entropy regularization term to obtain a policy with higher
entropy, which not only helps with policy optimization via exploration, but also obviates the need
for TPS in TD learning and yields a better regularized @)-function. Namely, for weight o > 0, we
consider the following entropy-regularized objective to train the latent-space policy 7 :

LB*L(HE’HL) = —Esup [EwNQB [QWL (S’MGB»L(U}; S))} + O‘/H(Mesgl_('; S))] . (11)

The entropy term can also be optimized using reparametrized gradients by computing the log
probability under the flow map pg,_, using the continuity equation [9] to obtain

H(pog. (39)) = Ewpmgg [ log ¢ (w / Vi, - Vo, (T, t;8) dt 2 = Yog. (W, t;8). (12)

We discuss a more efficient method that does not require backpropagation through the flow map
in the next subsection. Adding explicit entropy regularization achieves both improved Q-function
and improved policy (Figure[2c), resulting in a policy that successfully moves around the wall and
reaches the target in the simple illustrative environment (Figure [Td).

Remark 3.1. Examining recent latent space RL methods, we find that their policy extraction does
include an entropy regularization term despite its importance not being made explicit in their papers.
This is done either explicitly, as in DSRL which uses a Gaussian latent policy and an SAC-
style objective [12]], or implicitly as in ReFORM [[7]], where the geometric reflection term prevents
latent collapse (see Appendix [C.I)). However, using an expressive flow policy for the latent-space
policy and explicitly considering entropy regularization enables our method to empirically Pareto-
dominate Gaussian policies (Figure[3)) and maximize the Q-function better than other implicit entropy
regularization schemes (Appendix

Why use flow policy for 71,? While a Gaussian latent-space policy significantly simplifies entropy-
regularized optimization, we motivate our use of a flow model with two arguments. (1) A Gaussian
mL produces unimodal latents, which restricts the ability for the full policy in action space to capture
multimodality [7]]. (2) While high-entropy policies facilitate robust Q-function learning and help
avoid local minima, they often yield lower ()-values. By being more expressive, flow policies
empirically Pareto-dominate Gaussian policies on the performance-entropy tradeoff (Figure 3).

3.2 Efficient Entropy-Regularized Policy Optimization via Adjoint Matching

While (TT)) can be used as-is to train the latent policy 7 with reparametrized gradients, computing the
gradient requires backpropagating through the flow map p4,,, (9) and the entropy , both of which
are solutions to ODEs and require backpropagation through time (BPTT), which is computationally
expensive and prone to numerical instability [21] 22} 23]

To circumvent these computational bottlenecks, we adopt an alternative approach. Instead of optimiz-
ing the loss directly via BPTT, we derive the optimal latent-space policy m *(+|s) = (ug,_, )5 g8 that
minimizes the entropy-regularized policy loss (TT) in the typical case where the support of the latent
space prior distribution g has finite Lebesgue measure (e.g., d-ball).
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Lemma 3.2. Fix a state s € S. Suppose supp(qi(-|s)) has finite Lebesgue measure, and the Q-
function Q' (s, -) has a finite upper bound on supp(qL(-|s)). Then, the optimal distribution 7 * that
minimizes the loss (1)) is given by the following Q-tilted distribution:

w1 (s) o g () exp (QFt(s. ) a) (13)
where ¢t = U(supp(qi(+|s))) is the uniform distribution on the support of qi.

See Appendix [B|for the proof. With Lemma[3.2] we can optimize (T by learning to sample from the
optimal distribution 7 *, which can be done efficiently without BPTT using adjoint matching [16].

Namely, suppose both 7 and q‘Llnif are flow models with a common base distribution g¢g, i.e., li
base base

holds for 7, and for flow map 1g%{° generated by velocity field vg7{°,
g™ = (B)ege, B (w) =Yg (w, 1), (14)

and let p, ({10t }reqo,17) € A(B%1) denote the distribution over the flow trajectory {wt }te0,1] under
velocity v. Moreover, consider the tilted distribution over trajectories p,~, defined as

Por ({we }rejo,1)) X pvggﬁe({wt}te[o,u) exp (QgL(s,wl)/a) , (15)

where (13) now corresponds to the marginal of p,+ at ¢ = 1. Then, p,+ can be learned without BPTT
by repeatedly optimizing a regression loss using a “special estimate” of v* as the regression target.
Specifically, the target distribution over trajectories corresponding to the vector field v* is also
the distribution of the following stochastic differential equation (SDE)

dwt = (QU(wt,t,S) — wt/t) dt + oy dBt, (16)

for a memoryless noise schedule o, standard Brownian motion By, and a control v that solves the
following stochastic optimal control (SOC) problem with quadratic control cost and terminal cost
given by the negative (Q-function [[16]:

1
. 2 Se 2 T

minE, .p () {/ o Hv(wht;s) — vgiﬂ_ (wt,t)H dt — Q™ (s,w1)/a . a7
v 0 9t

Then, given a rollout {wt}te[o,l] sampled with control v, we can construct the following estimate 0*
of the optimal control v* as

0 (wy, t; 5) = VST (W, t) — 07§12, (18)

where g; is the “lean” adjoint state computed by integrating the reverse ODE using {w; }+¢o,1)

djr = =V, 20830 (i, 1) — wi/t] Gudt,  §1 = =V, Q5 (s,w1) /. (19)

Using the estimate 0* as the regression target in the following regression loss then results in a unique
fixed point at the optimal control v* [16], where we replace the current velocity field v with the
trainable velocity field vg, , to be optimized:

1 (Y2 X 2
Lanm(08-1) = Egup {w,} {2/ Ha—t(ng(wt,t; 5) — v*(wt,t;s))H dt} ) (20)
0

Importantly, optimizing (20) does not require backpropagation through the flow and only requires
the solution of an ODE to compute the adjoint state g; for the regression target ¢0*, circumventing
the computational and numerical stability issues of BPTT. For a more comprehensive mathematical
treatment of adjoint matching, we refer readers to [[16].

3.3 Algorithm

We now present Latent Space Adjoint Matching for Support Constrained Entropy Regularized
Offline RL (LASER). LASER combines the aforementioned insights to perform latent space RL with an
expressive flow decoder and efficient entropy-regularized policy optimization via adjoint matching.

* Following [7], we choose the latent prior ¢ = U (Bld) to be the uniform distribution on the ball Bf
of radius [ in R¢, which has finite Lebesgue measure and satisfies the conditions of Lemma
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Figure 4: LASER Algorithm. (—>) We train a flow-matching decoder 1y, ,, that maps samples from
the uniform distribution in the d-ball ¢ = ql‘_lnif = U(BY) in latent space to the dataset actions in
action space. (—) We then learn a base latent flow ug‘j‘j_e that maps the prior distribution gg in the
base space to the uniform distribution in the latent space qt‘nif. (—) The base latent flow is then
fine-tuned via adjoint matching, which results in a latent flow policy pg,, that generates the final
action distribution ma = (g, ., )4 (o5, )198-

4

« Adjoint matching requires ¢**if, the uniform distribution over the support of g, to also be a flow
model. While an analytical vector field can be derived since ql‘_mif = q is the uniform distribution
over the ball, it involves special functions with no easy closed-form expression (see Appendix[C.2).
Instead, we train a flow model via flow-matching to match q|‘_mif with the same base distribution gg
as m_ to simplify the implementation.

We now summarize LASER (Figure[d), which consists of four components that happen simultaneously:
(1. Flow-matching decoder) We train a state-conditioned flow decoder 1.4, ,, using flow-matching
to map samples from the uniform distribution on the d-ball g to dataset actions, i.e., behavior
cloning (Section . (2. Flow-matching for qt‘“if) We train a flow model p§%° to match the

uniform distribution qf_mif in latent space from gg to use in adjoint matching. (3. Critic learning)

We learn a critic ’(”;9 using the standard TD learning objective . (4. Entropy-regularized
policy optimization) Finally, we perform entropy-regularized policy optimization in latent space
to maximize the latent-space QQ-function QgL li using adjoint matching (Section . We provide

practical implementation details and a high-level algorithm for LASER in Appendix |D|

4 Related Work

We discuss the most closely related work in this section and defer a broader discussion of offline RL
and generative policies to Appendix [A]

Distribution shift in offline RL. A central challenge in offline RL is distribution shift: learned value
functions can overestimate actions outside the dataset support, causing policy improvement to select
out-of-distribution actions with poor true value. Prior methods address this issue by regularizing
the policy toward the behavior policy with statistical distances, learning pessimistic value functions,
or explicitly restricting policy improvement to supported actions [} 24, 25,126, 14]. We follow the
support-constrained perspective, using an expressive flow policy to enforce support by construction.

Expressive generative policies for offline RL. Diffusion [27, 28] and flow-matching [9, 11} [10]
models have recently been used as expressive alternatives to deterministic or Gaussian policies,
especially in robotic imitation learning where action distributions are often multimodal [29] [30].
These policies have also been adapted to offline RL, where the goal is to improve beyond the
behavior policy using a learned critic. Existing methods differ in how they use the critic: some
use critic values to select, reweight, or clone high-value actions [31} 32 133} 34], while others use
critic gradients to directly improve the generated actions [35, 30, [21]. Most closely related to our
optimization mechanism, [23]] fine-tunes flow policies using critic gradients under a KL-regularized
reward objective. Unlike these methods, which rely on statistical regularization to control distribution
shift, LASER enforces support constraints through its latent action parameterization.
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Support-constrained policy extraction with latent-space RL. Recent methods avoid OOD actions
by learning a latent action space whose decoder maps into the support of the behavior policy, then
performing policy optimization in this latent space [19, 8 [7]. Our method builds on this idea, but
revisits the optimization problem that remains once support has been controlled. In particular, we
show that entropy regularization is important for preventing policy collapse and stabilizing policy
extraction within the supported action set.

Entropy regularization. Entropy regularization is a classical tool for smoothing policy optimization,
improving robustness, and encouraging exploration [[13| 12} [15]. In offline RL, though some works
have noted its benefits for exploration during online fine-tuning [35} [36], it receives much less
attention, perhaps due to the implicit entropy regularization effect from behavior policy regularization
techniques. Our perspective is different: because support constraints are enforced by the policy
parameterization, entropy regularization can be used for its standalone role in policy extraction.

S Experiments

We conduct experiments to answer the following research questions. (Q1): How does LASER
perform against other offline RL algorithms with flow policies? (Q2): How sensitive is LASER to
hyperparameters? (Q3): How does adjoint matching compare with BPTT? (Q4): Does the latent
space decouple entropy regularization from behavior regularization? Details on implementation,
baselines, environments, and additional results and ablations are in Appendix@

5.1 Setup

Environments. We evaluate our method on the OGBench offline RL benchmark [18]]. The evalua-
tion suite spans four environments, covering both locomotion and manipulation domains, with five
tasks per environment. Each task is evaluated on two distinct datasets (CLEAN and NOISY), yielding
atotal of 4 x 5 x 2 = 40 evaluation settings.

Baselines. Since recent works consistently demonstrate flow-based policies outperform traditional
alternatives [21} 137,122} 23], we benchmark LASER against state-of-the-art flow-based methods. These
include IFQL [32}[21]], which fine-tunes a BC flow policy via Q)-value-weighted importance sampling;
FQL [21], which applies Wasserstein distance regularization; and QAM [23]], which uses adjoint
matching to approximate the ()-value-weighted BC action distribution, alongside its extension QAM- E
[23] that learns an additional residual policy. We also compare against latent space RL methods,
specifically DSRL [8] with a Gaussian latent policy, and ReFORM [[7]] with a reflected flow latent policy.
Crucially, unlike the other baselines using fine-tuned hyperparameters per environment and dataset,
LASER, ReFORM, and IFQL use a constant set of hyperparameters across all evaluated tasks.

5.2 Results

(Q1): LASER achieves state-of-the-art performance using a single set of hyperparameters. In
Figure 5] we present the performance profiles [38] aggregating all tasks across both the CLEAN and
NOISY datasets. The profiles demonstrate that LASER dominates all evaluated baselines. Notably,
the two support constraint methods (LASER and ReFORM) consistently outperform other approaches
with the NOISY dataset, underscoring the advantage of enforcing support constraints, which does not
restrict policy improvement. Furthermore, LASER significantly improves upon ReFORM. By avoiding
the gradient vanishing issues inherent to the design of ReFORM’s reflection term, LASER is able to
achieve a perfect success rate of 1.0 on nearly half of the evaluated tasks.

(Q2): The key hyperparameter of LASER is the inverse temperature. Using a constant set of
hyperparameters for LASER across all tasks demonstrates its robustness to different tasks and datasets.
Nevertheless, we analyze the sensitivity of LASER to the inverse temperature 1/« (Figure @) Values of
1/« € [5,20] yield comparable results, but performance drops outside this range from too much/too
little entropy. Nevertheless, we find that 1/a = 10 yields stable results for all environments. We also
analyze sensitivity to o and find that LASER is robust to this hyperparameter (Appendix [F.5).

(Q3): Adjoint matching achieves better results and is faster than BPTT using reparametrized
gradients. A key advantage of adjoint matching is that it circumvents the need to perform BPTT
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Figure 6: Ablation studies in cube-double-play-singletask-task2-v0. Moderate values of the inverse
temperature 1/« € [5, 20] yield comparable results. Adjoint matching achieves better and more stable
results than BPTT. Using a different ¢ does not affect the final performance of LASER, indicating
that the latent space successfully decouples entropy regularization from behavior regularization.

on (I2)), which is computationally expensive and numerically unstable. We validate this empirically
and observe that adjoint matching yields more stable training and stronger performance compared to
BPTT (Figure@) while training 3.6 x faster (123 it/s vs 34 it/s).

(Q4): The latent space successfully decouples entropy regularization from behavior regular-
ization. To understand the improvements of LASER, we change ¢, to a distribution with the same
support but a different density, which changes the behavior regularization effect but keeps the same
latent space entropy regularization. While convergence is slower, the final performance is unchanged,
suggesting that the improvements of LASER come from entropy regularization (Figure [6)).

6 Conclusion

We introduced LASER, an entropy-regularized approach to support-constrained flow policy opti-
mization for offline RL. Our key insight is that support constraints and entropy regularization solve
different problems: the former prevents OOD actions, while the latter stabilizes policy extraction
within the learned dataset support. By combining a flow-based decoder with latent space adjoint
matching, LASER effectively prevents mode collapse, smooths the optimization landscape, and avoids
local minima, demonstrating state-of-the-art performance on the OGBench suite using a fixed set of
hyperparameters, eliminating the need for per-task tuning common in prior offline RL methods.

Limitations and Future Work. We identify several promising avenues for extension. First,
although adjoint matching circumvents the need for BPTT, solving the ODEs needed to sample from
the flow model during training remains computationally intensive for deep neural ODEs, which could
be accelerated with distillation techniques [22]. Second, by relying on the decoder to enforce support
constraints, LASER inherits OOD errors made by the decoder itself. Integrating behavior cloning
methods with stricter support constraints, diagnosing when the BC model generates OOD errors, or
applying a pre-trained robust BC model could mitigate this. In addition, LASER applies the simplest
value function learning method and actor-critic structure similar to [21]], which could be improved
upon [39, 40, 411 37]].
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A Extended Related Work

Mitigating distribution shift in Offline RL. A central challenge in offline RL is mitigating
distribution shift: learned value functions can overestimate actions that are not in the dataset, causing
the policy to select these out-of-distribution actions. Classical approaches address this issue by either
regularizing the policy to remain close to the behavior policy with statistical distances (e.g., KL
divergence [2 1316, 142,143,144} 145, 125]], MMD distance [S] or Wasserstein distance [6]]), or regularizing
the value function to be pessimistic on out-of-distribution actions [24} 25! 146/ 39,47, !48]]. Another
family of methods address the OOD problem by penalizing actions that fall outside the support of
the behavior policy [5, 26} 4} 49]]. However, these methods rely on heuristic sample-based proxies
[S)] or Gaussian density approximations [26, 4} 49] which can fail to capture expressive multi-modal
behavior policies.

Expressive generative policies for offline RL. Diffusion [27, 28] and flow-matching [9} 11} [10]
models have recently been used as expressive alternatives to deterministic or Gaussian policies,
especially in robotic imitation learning where action distributions are often multimodal [[29}/50L151}30].
These policies have also been adapted to offline RL, where the goal is to improve beyond the behavior
policy using a learned critic. However, because flow and diffusion policies generate actions through an
iterative sampling process, critic-based optimization is more challenging than for standard Gaussian
actors. Existing reward-optimization methods for generative policies can be broadly divided by how
they use the learned critic: critic-evaluation methods, which use only scalar values Q(s, a) to select
or reweight actions, and critic-gradient methods, which use V,Q(s, a) to directly improve generated
actions.

(i) Critic-evaluation methods include sampling-based methods that imitate the behavior policy and
use the critic to sample from the reward tilted distribution either during test-time [31}, 32[], or
during training-time as samples to imitate from [52]. These methods often reliably improve the
quality of the extracted policy at the cost of increased computational cost and depend on the
quality of the behavior policy. Weighted behavioral cloning methods also fall under this category.
These methods use the critic to assign per-sample weights in the diffusion or flow-matching loss,
selectively cloning high-value actions in the dataset [33. 135} 134]], but generally do not optimize
the learned policy towards the reward-tilted distribution [23].

(ii) Critic-gradient methods include reparametrized policy gradient methods that have a behavior
cloning term to match the behavior policy and a term that optimizes the critic, which requires
backpropagating through the iterative sampling process [30} 53,154} 155] and can be computation-
ally heavy and unstable [21} [22] 23], or instead learns a distilled policy [21} 56} 57, 58} 159] at
the expense of policy expressiveness. Another line of work uses guidance [60, |61]] during the
iterative sampling process to sample [62, 163\ 64], but these methods rely on approximations that
do not have theoretical guarantees [[65, 23]. Most closely related to our optimization mecha-
nism, [23] provides an efficient way to fine-tune flow-based policies using critic gradients and a
KL-regularized reward objective via adjoint matching [[16]]. However, unlike critic-evaluation
methods where samples from the learned policy are either directly cloned (sampling-based
methods) or selectively cloned (weighted BC methods), these methods rely on statistical distance
regularization to avoid the OOD problem (e.g., L2 / Wasserstein distance [21] or KL regulariza-
tion [23])). A key challenge is that the regularization weight is a hyperparameter that significantly
affects the performance and needs to be tuned for each task and dataset ([18} 21]]).

Our method falls under the critic-gradient category as we also use adjoint matching to optimize
the policy with critic gradients under KL regularization. However, to address the OOD problem,
LASER relies on the latent space to enforce the support constraints by construction instead of using
KL regularization as in [23]] which can be too restrictive in cases where optimal actions happen with
very low probability under the behavior policy [3].

Support constraints in offline RL. Instead of addressing the OOD problem with regularization,
another line of work propose to address the OOD problem by learning a bounded latent space that
maps to the support of the behavior policy, then performing policy extraction in this latent space to
restrict the support of the learned policy by construction [19, 8. [7]. Our work follows this support-
constrained perspective, but revisits the optimization problem that remains after support has been
controlled. Namely, we identify that entropy regularization is essential to prevent policy collapse, and
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leverage adjoint matching [[16] to perform entropy-regularized policy extraction in latent space with
an expressive flow policy that achieves a better performance-entropy tradeoff than Gaussian policies.

Entropy-regularized policy extraction. The role of entropy regularization has been well identified
in online RL as a way to improve exploration [13} [12]], policy robustness [13}[14] and smoothing
of the optimization landscape [15]. In offline RL, while some works note the benefits of entropy
regularization for exploration [35, 136], the importance of entropy regularization has been less
emphasized, perhaps due to the implicit entropy regularization effect from various behavior policy
regularization techniques. However, in our work where the support constraint is handled by the policy
parametrization and thus a separate behavior policy is not needed, the standalone role of entropy
regularization separate from support control becomes more crucial.

B Proof of Lemma[3.2]

For a Lebesgue-measurable set X C RY, let A(X) denote its Lebesgue measure. We first prove the
following technical lemma to express the entropy as a KL divergence and a constant.

Lemma B.1. Fix a state s € S. For brevity, we omit the state dependence in the policy. Let
L := supp(qL(-|s)) denote the support of q.(:|s). Suppose L has finite positive Lebesgue measure,
ie, 0 < A(L) < oo, and m satisfies the latent-space support constraints @ ie.,

supp(m) C supp(qr(-[s))- @D
Let ¢'"™ be the uniform distribution over supp(q.(-|s)), i.e.,
ai"'(2) = {(1)//\(L) jt;efwise ' @2)
Then, the entropy of m| can be expressed as
H(m1) = —Dxr(millgi™) +log A(L), (23)
where the second term in is a constant independent of ;.

Proof. Expanding the KL divergence,

- m (2
D) = [ m(2)1og L a, 24)
R q (2)

= / mL(z)logm (2) dz — / g™ (2) log g™ (2) dz, (25)

L L

uni 1

= —H(m) — [ () lor(5 ) 26)
= —H(m) +log A(L). (27)
Rearranging the above equation yields the desired result. O

We are now ready to prove Lemma[3.2]

Proof. Fix a state s € S. For brevity, we omit the state dependence in the policy. Restating the
entropy-regularized optimization problem in terms of the policy m_ directly, we wish to solve the
following optimization problem

min —E,p [E g [Q™(2)] + aH(m)] . (28)

e
By Theorem [B.1] the entropy of 7 can be expressed as
H(m) = —Dxr(rL]g™) +log A(L). (29)

Substituting this into (28)) and dropping the constant term, we now have a KL divergence regularized
optimization problem

min —Eyop [E.ngs [Q™(2)] — aDxr (7 ||lg™)] - (30)

s

15



584

585
586

587

588

589
590

591

593
594

595

596

597
598

599

600

601

602
603
604
605
606

Now, define the partition function Z as

Z ::/ g™ (2) exp (1Q”L(z)) dz. (31)
R4 (0%

Since Q™ is measurable and bounded from above, there exists a m € R such that Q™ (z) < m for
all z € R%. Hence,

1 1
0 < exp (Q”%z)) < exp (m) < 00, (32)
« «
and thus .
0< Z <exp (am> < 00, (33)
and Z is finite, thus 7", defined as
() = (2 exp | ~Q™(2) (34)
T == xp [ — .
L ZQL p o

is well-defined. Since Dy, (m||g*™if) = +o0 for any m| & g™, it is sufficient to consider policies

mL that are absolutely continuous with respect to qt‘nif. Note that

2w (lr). () mr ke

@™ (z)  Z Q"™ (2)
For any m_ < ¢, we have
x mL(z)
D = 1 d 36
awmlm) = [ m()los T8 d (36)
*
= / mL(2) log ZTrl;l(fZ) dz — / m(z) log T;lf(z) dz, (37)
Rd g™ (2) R q™ (2)
; 1
— Dia(m ™) +1os 2 - - [ m(:)Q"(2)dz, (38)
Rd
: 1
= Dyr(mlgt™) +10g Z = —Eorm [Q7(2)]: (39)
Thus, the objective can be written as the KL divergence to 7 * plus a constant:
—E.or, [Q™(2) — aDxy (7| gM™")] = aDky (mL||7*) — alog Z. (40)
Since Dk, (L ||m*) > 0 for all 7 with equality if and only if 7, = 7. *, we conclude that 7 * is the
unique optimal solution to the optimization problem (28). O

C More Theoretical Results

C.1 The Static Flow Issue and Implicit Entropy Regularization in ReFORM

To enforce the latent space support constraint (6, ReFORM [[7] introduces a reflection term during
the integration of the latent flow policy pgg,, . The corresponding modified Euler step is defined as:

Wiy1 = 1{p41 € Bld}ﬁ)k+1+(1—]l{7f1k+1 IS Bld}) (ﬁ}k+1 — <UQB»L(wk?’ kAL, S)At,nk+1)nk+1) ,
41)
where W11 = wy + vgg, (KAL, wy; s)At denotes the standard Euler step, N is the total number

of integration steps, k € {0,...,N — 1}, At = &, ngyq = ngiil\’ and (-, -) represents the inner

product. Integrating this modified step yields the final latent variable z +— wy.

While [[7] proves that this modified integration step guarantees adherence to the latent support
constraint (), it introduces a degenerate behavior we term “static flow”. This occurs when the
proposed step violates the boundary (41 ¢ Bf) and the flow velocity is strictly codirectional with
the outward normal vector (vgs,, 1T nk+1). Under these conditions, the reflection term perfectly
cancels the velocity step:

Wr+1 = ’Lz)k+1 — <v959L(wk, kAt; S)At, nk+1>nk+1

42
= (wi + vog. (Wi, KAL; )AL) — gy, (Wi, KAL; $) At = wy,. (42
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Figure 7: ReFORM fails to maximize the ()-value because of the ‘“static flow” issue. For a given
behavior policy and a ground-truth @-function, the generated latent space distribution (,ugBﬁL)ﬁqB
concentrates on the radius that has the same direction as the flow, instead of moving towards the
boundary of B;i. This makes the flow static, resulting in suboptimal performance compared with
LASER.

Training step

Action space

. J

Consequently, the trajectory becomes stationary. Rather than following the flow field vg,, to the

boundary of Bf, the pushforward distribution of pg,,, unnaturally accumulates along the radial
trajectory. To illustrate this phenomenon, we train ReFORM on the 2D toy environment introduced in
Figure[3] The learned latent distribution and its resulting action distribution are visualized in Figure[7]
We empirically observe that the latent mass inappropriately concentrates along two radii, resulting in
a suboptimal action distribution.

Interestingly, we find that this static flow artifact unintentionally serves as an implicit entropy
regularizer, which partially explains ReFORM’s empirical success. As demonstrated in Figure[7] the
premature halting of trajectories prevents the latent distribution from collapsing to a single point,
artificially maintaining the spread of the distribution.

C.2 The Ground-truth Base Velocity Field from the Base Space to the Latent Space

As mentioned in Section[3.2] there exists a ground-truth velocity field vg._ that maps samples from
w~ gg = N(0,00]) to z ~ U(B{). We show here how we can find such a ground-truth velocity
field and why we choose not to use it in our implementation.

Since both the base distribution gg = N(0, 021) and the target distribution U (B{) are spherically
symmetric, the optimal transport (OT) mapping between them operates purely along the radial
direction. Let 7, = ||w|| denote the radius of a sample w from the base distribution, and r, = ||z||
denote the radius in the latent space. The cumulative distribution function (CDF) for the uniform
distribution on a d-dimensional ball of radius [ is Fy,(r) = (r/l)¢ for r € [0,1]. Meanwhile, the
radius of the Gaussian base distribution follows a scaled x-distribution with d degrees of freedom,
with its CDF denoted as F) (7).

By matching the quantiles of these radial distributions, we can construct the exact analytical mapping
pB-L : R — B as follows:

w 1

. wlht/d
po-L(w) = T (A (o) = w0

(43)
[[]l

However, although we have derived an exact analytical mapping pg., it is nontrivial to derive the
corresponding velocity field vg.L (w:, 7; s), i.e., the instantaneous velocity of a particle currently
at location w; at time ¢. Under standard optimal transport displacement interpolation, a particle
travels in a straight line from its origin w to its destination ppg. (w) at a constant speed, yielding the
trajectory:

wy = (1 = t)w + tpgsL(w). (44)
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While the velocity of this specific particle is trivially v(w) = pg.L(w) — w, the velocity field must be
expressed independently of the origin w. This requires analytically inverting the trajectory equation
to express w purely as a function of the current state w; and time ¢.

Because our mapping ug.| is purely radial, the vectors w and w; share the same direction, meaning

Tol = ”‘Z—;H Let 7, = ||w| and s = ||w;||. By taking the norm of the trajectory equation, the
relationship between the magnitudes simplifies to:
re= (1= t)ry + -1 Fy ()4 (45)

To compute the velocity at w;, we must find the inverse function g;(r;) that recovers the initial radius
T given ry and t. If such an inverse existed, the exact Eulerian velocity field would be:

we — W w — w w
UB»L('lUtat) = tt = ( tH 'tgt(H t”)> ”wzH (46)

However, the CDF of the scaled x-distribution F, involves the regularized lower incomplete gamma
function. Consequently, the trajectory equation governing 74 and r,, possesses no closed-form
algebraic inverse g;. To evaluate vg.(t, z) accurately at runtime, one would have to execute a
numerical root-finding algorithm to approximate g (]|z||) at every single evaluation step of the ODE
solver. This requirement is computationally prohibitive and highly susceptible to numerical instability,
particularly in high dimensions where the y-distribution concentrates sharply, or near the boundaries
where gradients vanish. By parameterizing the velocity field with a neural network vy, and learning
it via flow matching, we completely sidestep this intractable analytical inversion, yielding an efficient
and stable model for inference.

D Practical Implementation of LASER
We provide a high level summary of LASER in Algorithm [I]

Flow-matching Decoder Learning. We parameterize the velocity field v, , of the decoder pig, .,
with multilayer perceptrons (MLP), and learn it via the flow matching loss (8). The prior latent
space distribution is chosen to be a bounded uniform distribution over a d-ball with radius [, i.e.,
q=U (Bld). After training, we sample z ~ g_ and use Euler integration to get the action samples:

20 ¢ 2,  Zpar = 2t + vo_ (2, KAL; 8) At 47)

where N is the total number of integration steps, At = %, k € {0,...,N — 1}, and the final
generated action is a < 2.

Flow-matching for qE“if. Similarly, the velocity field vgif_e is parameterized with MLP and learned
via the flow matching loss , with prior distribution gg = N(0,031) and the desired pushforward
g™t = U(BS). Note that the v§%° is state-independent.

Critic Learning. The critic is learned via the standard TD learning objective () with K ensembles.

In some environments, we found that using a pessimistic target-value backup [66] can improve
performance. In that case, the loss function becomes

2
L(95) = E(s0.0~Dar~ma( 19" {(Q@ (s,0) =1 =7 (QE"(s". ") = pQ(s ) ) ) } . 8)

where ¢, is the parameters for the j-th ensemble, Qgean(s’7 a') = % Yo Qd;j (s',a"), di(s’, a') =

2
\/Zk (Qd;j (s',a'") — leean(s’, a’)) , and p is the pessimistic coefficient.

Entropy-regularized Policy Optimization via Adjoint Matching. Practically, we solve all the
ODE:s in the adjoint matching process by Euler integration with fixed step size At = 1/N, where N
is the number of discretization steps. First, we integrate the forward SDE (I6) with

2At(1 — ¢t
Wy A 6 Wy + <2UQBAL(wt,t; s) — %) At + og %nt, wo ~ N(0,0’%I), (49)
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Algorithm 1 LASER

1: while not converged do
2: > Train Critic
3: Sample batch {(s,a,r,s')} ~ D
4 w~N(0,021,)
s =g, (4, (W)
o . . T, uy 2
6: Update ¢ to minimize L(¢) = E[(r(s,a) + 'de;A(s’, a’) — Qi"(s, a))’] H

7: > Train vector field vy, _, in decoder i, _,
8: 0 ~q

9: zl —a

10: t ~U([0,1])

1m: | 2t (1 —t)z" + tz?

12: Update 6 .a to minimize Ly a(6L-a) = E [[lvg_, (2,85 8) — (a — 2)[I?]  (8)

unif

13: > Train vector field 1‘}53“,1‘\ to match qj

14 20 ~ ¢

15 931 ~ qunif

16: t ~U([0,1])

17: b (1 —t)a® + tat

18: Update v§%° to minimize E [[|[vg° (x4, t;s) — (a — 2)||?]
19: > Train Latent-Space Policy using Adjoint Matching

20: wo ~ N(0,021)

21 Wo4A¢, - - -, w1 < Forward simulate SDE (T6) with (@9)
22: §1 «— —évlegL(s,wl)

23: G1-At» - - -» Jo < solve ODE (19) backwards

24: Compute regression targets 0 for ¢ =0, ..., 1 using (T8)

U% (vgBQL(wt, t;s) — @;‘)

2
”

25: Update vg,, to minimize Loy (0g.L) = E [2%\1 >,

26: return policy ma

where ny; ~ A (0, I). Then, we calculate the “lean” adjoint states by integrating the reverse ODE
from g = =1V, Q' (s,wr) following:

Gi—at — Gt + VIP (th <2v'§§|s_e(wt, t:5) — %) , gt) At, (50)

where VJP(-,-) is the vector-Jacobian product. Then, we can calculate the optimal control o*
following (I8) and then calculate and optimize loss (20). Following [16]], we also apply reward
clipping to stabilize training, i.e., after calculating §;, we clip the top 10% largest values to the 10%
threshold.

E Details of the Reach-avoid Example in Figure ]|

In this environment, the agents start from two separate starting ranges at the bottom and tend to reach
the top goal. The action space is the 2-dimensional velocity. When calculating the agents’ next state,
if the agents’ next state is inside the obstacles, we set s’ = s. The “No Entropy Regularization”
baseline is constructed by replacing the adjoint matching component in LASER with plain gradient
ascent, and the generated latent samples z are squashed inside the ball Bf to ensure support constraint.
The “No Support Constraint” baseline is constructed with a QAM [23]] model with a large inverse
temperature 7 that drives the action distribution away from the behavior policy distribution.
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F Experiments

F.1 Environments

We conduct experiments on the widely used OGBench offline RL benchmark [18]. Although
OGBench is designed for offline goal-conditioned RL, it provides the -singletask flag for standard
offline RL. We use 4 environments, including one locomotion environment (antmaze) and three
manipulation environments (cube-single, cube-double, and scene), each with 5 tasks. For each task,
we consider 2 datasets, yielding a total of 40 tasks.

We consider the following tasks whose given dataset is CLEAN, i.e., the demonstrations are randomly
generated by an expert policy:

* antmaze-large-navigate-singletask-task{1, 2, 3, 4, 5}-v0

* cube-single-play-singletask-task{1, 2, 3, 4, 5}-v0

* cube-double-play-singletask-task{1, 2, 3, 4, 5}-v0

* scene-play-singletask-task{1, 2, 3, 4, 5}-v0
In addition, we consider the following tasks with the NOISY dataset, i.e., the demonstrations are
generated by a highly noisy policy:

* antmaze-large-explore-singletask-task{1, 2, 3, 4, 5}-v0

* cube-single-noisy-singletask-task{1, 2, 3, 4, 5}-v0

* cube-double-noisy-singletask-task{1, 2, 3, 4, 5}-v0

* scene-noisy-singletask-task{1, 2, 3, 4, 5}-v0

More details of the environments and datasets can be found in [[18]].

F.2 Baselines

In this section, we briefly introduce the details of each baseline.

FQL. FQL [21] is an algorithm that uses the statistical distance regularization objective (), instanti-
ating D(mg || 75) as the Wasserstein distance. It begins by training the decoder p,  via the flow
matching loss , assuming a standard normal latent distribution g = A/(0, I). Subsequently, it
fine-tunes this decoder by learning a one-step distilled policy MQLA(:, s): L xS — A. This policy
is optimized to maximize expected return while remaining anchored to the behavior cloning (BC)
decoder pj . Specifically, the one-step policy minimizes the following loss:

Ko/
L(GIL_,A) = Est,zqu |:7Q¢. o (57/!9(_9,\(27 S))] +O‘ES~D,Z’VQL |:||:LL9|'_9A(25 S) - .u“SbA (Z)” , 5D

where the first term optimizes task performance, and the second term enforces the statistical distance
regularization. Although the one-step policy is less expressive than the original flow policy [22]],
training this policy to maximize the ()-value avoids the BPTT process. However, the Wasserstein
distance regularization is not enough to avoid OOD actions [[7].

QAM. QAM [23] is an algorithm that uses the statistical distance regularization objective (@), instanti-
ating D(g || ) as the KL divergence. It begins by training the decoder p1, , via the flow matching

loss , assuming a standard normal latent distribution ¢ = A(0, I'). Subsequently, it fine-tunes the
decoder via adjoint matching to align with the target tilted distribution 74(+|s) exp(7Q""-A (s, -)).
This procedure is mathematically equivalent to optimizing the following KL-divergence-regularized
objective:

1
L(O) = ~Esnp |Bammy(1s) Q" (s, )] + —Dcr(ma (-]s) [ ms(-[5)) | » (52)

where mg(-|s) = (‘uzLA)WL’ and yig, is the fine-tuned flow decoder. QAM avoids the BPTT process

by leveraging the adjoint matching technique, similar to LASER, but the KL divergence regularization
can limit the policy improvement [7]].
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QAM-E. QAM-E [23] is an improved version on QAM, which after training the fine-tuned decoder
/Lzﬁ K they learn another edit policy 7, (als,a) : S x A — A(A) to modify the action output from

mo(-|s) = (/‘Z( A)ﬁ(]l_ by at most o, to additionally maximize the performance. In practice, the

edit policy 7, is parameterized as a squashed Gaussian policy that only outputs values in [—c,, 04].
Empirically, QAM-E outperforms QAM [23]], but it is sensitive to o, and the edit policy distribution
may generate OOD actions.

IFQL. Presented in [21]], IFQL is the flow version of the implicit diffusion Q-learning (IDQL)
algorithm [32]. Similarly to the aforementioned algorithms, it first learns the decoder p , via the

flow matching loss , assuming q. = N(0, I). However, instead of learning the policy Q-function
with an actor-critic structure with loss (2)), they learn the approximately optimal critic via implicit
Q-learning (IQL) [25] with the following loss:

L(9) = Eqausm [(Quls,a) —r — Ve(s)?]. (53)
L(€) = E(s.a-p | L5(Q4(5,a) = Ve(s))] (54)

where L5(u) = |k — 1(u < 0)|u? is the expectile regression loss. To extract a policy from the
learned @-function and the decoder, IFQL uses rejection sampling:

a* argmaXQ(Saai)7 ai,...,aN ~ (M;LaA)ML (55)
ai;---,aN
IFQL satisfies the support constraint by construction, but the rejection sampling is inefficient in
high-dimensional spaces with a complex @Q-function.

DSRL. DSRL [8] is a recently proposed latent space RL algorithm, which has several key differences
compared with LASER. First, the latent distribution of the decoder is a standard Gaussian in DSRL, i.e.,
q. = N(0,T). Because the support of ¢_is unbounded, steering g might generate a distribution that
has high density far from the origin, where the samples are not well represented during the training of
the decoder. To avoid this problem, DSRL parameterizes the latent policy 7| with a squashed Gaussian
distribution that only generates samples within the range of [—o ., 0.], where o is a hyperparameter
that requires fine-tuning for each task. DSRL follows a SAC-style loss [12] and explicitly regularizes
the entropy, which is straightforward for a Gaussian latent policy. However, because of the Gaussian
parameterization, DSRL has a suboptimal entropy-performance trade-off as shown in Figure 3]

ReFORM. ReFORM [[7] is another recently proposed latent space RL algorithm, which also uses a
flow latent policy. The BC decoder yj, , learning process of ReFORM is the same as LASER. However,
unlike LASER, ReFORM does not train the latent policy via adjoint matching, but via plain gradient
descent. In addition, ReFORM does not have the explicit entropy regularization term, resulting in the
following loss:

Lg.L(08:1) = —Esap uwmgs [Q™ (5, 1105., (w3 5))] - (56)

Directly using gradient descent on this loss cannot guarantee the latent space support constraint (6],
as the flow p1p,,, can drive the samples outside the closed ball Bf. To address this issue, ReFORM
modifies the Euler integration step to @ when integrating the flow pg, , and proves that this
modified step guarantees latent space support constraint. However, as we introduced in Appendix [C.T}
this modified step causes a “static flow” issue, which acts as an implicit entropy regularization but
makes the final action distribution suboptimal.

F.3 Hyperparameters

We organize the hyperparameters into three distinct categories. Fixed common hyperparameters
(Table[T) are shared across all algorithms and remain constant across all tasks. We do not fine-tune
these, but instead adopt the standard values established in prior work [21} 23| [7]. Environment-
specific common hyperparameters (Table2) are also shared across algorithms but vary by task to
optimize baseline performance. Following [23]], we perform a minimal sweep over two candidate
values for these settings: 1 or 5 for the action chunking length, and 0 or 0.5 for the pessimistic
backup weight. Environment-specific unique hyperparameters (Table [3) are specific to individual
baselines (namely FQL, DSRL, QAM, and QAM- E) and require per-environment tuning. For these, we
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Table 1: Fixed common hyperparameters. These hyperparameters are shared by LASER and all the
baselines, and are fixed in all environments.

Hyperparameter | Value

Learning rate 0.0003

Optimizer Adam [67]]
Maximum gradient norm 1 (QAM, QAM-E), 10 (others)
Target network smoothing coefficient 0.005

Discount factor ~y 0.995

MLP dimensions [512,512,512,512]
Nonlinearity GELU [68]

Flow integration steps 10

Flow time sampling distribution u[o, 1]

Minibatch size 256

Number of ensembles for the Q-function | 8

Q-function aggregation method mean

Actor layer normalization [69] False

Critic layer normalization [69] True

Table 2: Environment-specific common hyperparameters. These hyperparameters are shared by
LASER and all baselines, but are different per environment and dataset.

Environment | Dataset | Action chunk length ~ Pessimistic backup weight p
antmaze-large-navigate | CLEAN 1 0.5
antmaze-large-explore NOISY 1 0.5
cube-single-play CLEAN 5 0.5
cube-single-noisy NOISY 1 0
cube-double-play CLEAN 5 0.5
cube-double-noisy NOISY 1 0
scene-play CLEAN 5 0.5
scene-noisy NOISY 5 0.5

rely on the optimal values reported in their respective papers or tune them empirically. One notable
exception is the edit scale o, for QAM-E. While the original authors sometimes set o, = 0 [23] that
renders it identical to QAM, we enforce a minimum value of o, = 0.01 to ensure the algorithms
remain distinct. Finally, while LASER introduces two unique hyperparameters, we keep them strictly
fixed across all tasks at 1/« = 10 and p(og) = 0.999.

F.4 Computation Resources

Most of our experiments are run on a 13th Gen Intel(R) Core(TM) i7-13700KF CPU with 64GB
RAM and an NVIDIA GeForce RTX 4090 GPU. We report the training time of all the algorithms in
Table ]

F.5 Additional Results

Ablation study of the standard deviation of the base distribution. We study the sensitivity
of LASER w.r.t. the standard deviation o( of gg. We vary o such that the ball Bf contains the
p-confidence level of the Gaussian distribution (0, 021). We report the results in Figure[8| The
results show that LASER is not sensitive to og.

Ablation study of the reward clipping technique. A known drawback of adjoint matching is its
tendency to produce large gradients, which can destabilize the training process [16} 23]]. To address
this, we employ reward clipping (mentioned in Appendix D)), following [16]. Notably, QAM encounters
a similar challenge and mitigates it using gradient clipping instead. In Figure |8} we compare the
training curves across three configurations: an unclipped baseline, reward clipping, and gradient
clipping (max_grad_norm = 1). The results demonstrate that while the unclipped baseline suffers
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Table 3: Environment-specific unique hyperparameters. These hyperparameters are unique for
some algorithms and require fine-tuning per environment. LASER, ReFORM, and IFQL do not have
such hyperparameters, thus do not require environment-specific fine-tuning.

Environment | Dataset | FQL (o) DSRL (6.) QAM(7) QAM-E (7,04)
antmaze-large-navigate | CLEAN 3.0 1.25 10.0 (1.0, 0.1)
antmaze-large-explore NOISY 0.3 1.25 10.0 (1.0,0.1)
cube-single-play CLEAN 300 0.5 1.0 (1.0, 0.01)
cube-single-noisy NOISY 30 0.5 1.0 (3.0, 0.5)
cube-double-play CLEAN 300 1.5 1.0 (1.0, 0.01)
cube-double-noisy NOISY 30 1.5 1.0 (1.0, 0.01)
scene-play CLEAN 300 0.75 1.0 (1.0, 0.01)
scene-noisy NOISY 30 0.75 1.0 (1.0, 0.01)

Table 4: Training time comparison. We report the number of iterations per second (it/s) for LASER
and all the baselines.

Algorithm | FQL QAM QAM-E IFQL DSRL ReFORM LASER
it/s | 220 163 125 210 165 138 123

from severe instability, both reward clipping and gradient clipping successfully resolve the issue and
yield comparable overall performance.

Detailed results. The full results for each algorithm across all tasks are provided in Table[5] Success
rates are bolded for algorithms achieving at least 95% of the best performance per task. We observe
that LASER yields the best overall performance, approaching near-perfect success rates on multiple
tasks.

Training curves. All algorithms’ training curves of all tasks with both the CLEAN and the NOISY
are provided in Figure[9]- Figure[T6]

F.6 Code

We provide the code of LASER in ‘laser.zip’ in the supplementary materials.
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Figure 8: Additional ablation studies. LASER demonstrates robustness to the choice of (. Further-
more, applying reward clipping effectively improves training stability, with gradient clipping yielding
a comparable stabilizing effect.
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Figure 9: Training curves for the antmaze-large environment with the CLEAN dataset.
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Figure 10: Training curves for the antmaze-large environment with the NOISY dataset.
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Figure 11: Training curves for the cube-single environment with the CLEAN dataset.
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Figure 12: Training curves for the cube-single environment with the NOISY dataset.
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Figure 13: Training curves for the cube-double environment with the CLEAN dataset.
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Table 5: Full results on 40 OGBench tasks. The results are over 3 seeds and 50 runs per seed. The
results are bolded for algorithms achieves at or above 95% of the best performance following [18]].
We omit the -singletask tags from the task names to save space.

Task | Dataset | FQL QAM QAM-E IFQL DSRL ReFORM | LASER
antmaze-large-navigate-task1-v0 CLEAN 64+45 96+3 93+2 79+13 90+3 91+2 95+1
antmaze-large-navigate-task2-v0 CLEAN 31443 60+42 94+3 6545 81+5 78+2 89+2
antmaze-large-navigate-task3-v0 CLEAN 71412 8543 97+1 8549 94+3 74+6 9243
antmaze-large-navigate-task4-v0 CLEAN 33+41 93+1 91+1 31+43 75+14 69+4 85+1
antmaze-large-navigate-task5-v0 CLEAN 88+6 95+1 93+4 83+2 91+4 83+1 91+1
antmaze-large-explore-task1-v0 NOISY 97+1 0+o0 0+o0 50+36 040 91+4 97+2
antmaze-large-explore-task2-v0 NOISY 97+1 0+o0 0+o0 342 0+0 88+9 87+2
antmaze-large-explore-task3-v0 NOISY 100+0 0+o0 0+0 95+1 0+0 100+0 98+3
antmaze-large-explore-task4-v0 NOISY 89+3 0+0 0+0 36+13 0+0 8249 89+2
antmaze-large-explore-task5-v0 NOISY 94+6 040 0+0 47+34 040 93+2 92+3
cube-single-play-task1-v0 CLEAN 95+4 9443 95+4 79+2 95+5 99+2 100=+0
cube-single-play-task2-v0 CLEAN 97+1 99+1 99+2 7045 9047 96+3 10040
cube-single-play-task3-v0 CLEAN 99+1 100+0 99+1 82+7 97+4 9843 100+0
cube-single-play-task4-v0 CLEAN 90+4 91+2 85+4 8243 98+2 87+2 99+1
cube-single-play-task5-v0 CLEAN 81+2 89+4 85+4 75+6 85+3 86+13 93+5
cube-single-noisy-task1-v0 NOISY 100+0 100+0 100+0 1+1 93+6 100+0 100+0
cube-single-noisy-task2-v0 NOISY 100+0 100+0 99+1 7+6 9249 100+0 100+0
cube-single-noisy-task3-v0 NOISY 10040 100+0 10040 8549 53425 10040 10040
cube-single-noisy-task4-v0 NOISY 100+0 100+0 100+0 0+o0 91+4 100+0 100+0
cube-single-noisy-task5-v0 NOISY 100+0 100+0 99+2 0+o0 9145 100+0 100+0
cube-double-play-task1-v0 CLEAN 78+2 96+2 97+1 1942 95+1 91+7 97+1
cube-double-play-task2-v0 CLEAN 5243 83+11 83+1 15+4 63+4 83+7 89+1
cube-double-play-task3-v0 CLEAN 40+6 69+11 75+6 947 63+17 T3+7 81+7
cube-double-play-task4-v0 CLEAN 743 2141 2044 141 1745 2244 49412
cube-double-play-task5-v0 CLEAN 37410 81+10 73+2 8+3 73+1 54413 70+6
cube-double-noisy-task1-v0 NOISY 53417 8944 97+2 1+1 8745 8043 9242
cube-double-noisy-task2-v0 NOISY 542 7443 80+4 0+0 79+11 29+14 81+10
cube-double-noisy-task3-v0 NOISY 542 5545 53+6 0+0 60+5 2943 61+12
cube-double-noisy-task4-v0 NOISY 1+1 43+13 51+2 1+1 58+18 9+2 65+5
cube-double-noisy-task5-v0 NOISY 243 3544 3044 040 40+11 11+6 38+13
scene-play-task1-v0 CLEAN 100+0 100+0 100+0 99+1 100+0 100+0 100+0
scene-play-task2-v0 CLEAN 10040 100+0 99+1 342 100+0 10040 10040
scene-play-task3-v0 CLEAN 93+5 9345 94+3 8044 99+1 93+8 100+0
scene-play-task4-v0 CLEAN 66+13 16+19 T+4 3+1 100+0 60+42 58+29
scene-play-task5-v0 CLEAN 13+9 0+0 0+0 0+0 0+0 0+0 0+0
scene-noisy-task1-v0 NOISY 86+12 100+0 100+0 99+2 100+0 T1+17 100+0
scene-noisy-task2-v0 NOISY 70+8 98+2 98+2 0+0 96+3 97+4 100+0
scene-noisy-task3-v0 NOISY 040 2546 39+16 4444 100+0 45427 80427
scene-noisy-task4-v0 NOISY 040 8+11 1+1 1+1 37439 040 67131
scene-noisy-task5-v0 NOISY 0+0 0+0 0+0 0+0 0+0 0+0 0+0
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Figure 14: Training curves for the cube-double environment with the NOISY dataset.
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Figure 15: Training curves for the scene environment with the CLEAN dataset.
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Figure 16: Training curves for the scene environment with the NOISY dataset.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: All the claims have been justified in the paper.

Guidelines:

e The answer [ N/A| means that the abstract and introduction do not include the claims made in
the paper.

* The abstract and/or introduction should clearly state the claims made, including the contributions

made in the paper and important assumptions and limitations. A or [N/A] answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The limitations are discussed in Section

Guidelines:

* The answer [N/A]| means that the paper has no limitation while the answer means that the
paper has limitations, but those are not discussed in the paper.

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

* The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to
provide closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?

Answer: [Yes]

Justification: A full set of assumptions and complete and correct proof are provided in the
appendix.
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Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.
* All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
* All assumptions should be clearly stated or referenced in the statement of any theorems.

» The proofs can either appear in the main paper or the supplemental material, but if they appear
in the supplemental material, the authors are encouraged to provide a short proof sketch to
provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

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

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experi-
mental results of the paper to the extent that it affects the main claims and/or conclusions of the
paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have discussed the implementation details and provided hyperparameters in the
appendix. We also include code with the submission.

Guidelines:

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

* If the paper includes experiments, a answer to this question will not be perceived well by
the reviewers: Making the paper reproducible is important, regardless of whether the code and
data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be necessary
to either make it possible for others to replicate the model with the same dataset, or provide
access to the model. In general. releasing code and data is often one good way to accomplish
this, but reproducibility can also be provided via detailed instructions for how to replicate the
results, access to a hosted model (e.g., in the case of a large language model), releasing of a
model checkpoint, or other means that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how to
reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either
be a way to access this model for reproducing the results or a way to reproduce the model
(e.g., with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]
Justification: We have included code in the supplementary material along with the commands.

Guidelines:
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» The answer [N/A] means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.cc/public/

guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
o) is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

* The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://neurips.cc/
public/quides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how to access

the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: All details are provided in the appendix.
Guidelines:

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

» The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We report error bars in all figures and tables that contain experimental results.
Guidelines:

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

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

It should be clear whether the error bar is the standard deviation or the standard error of the

mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should preferably
report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of
errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g., negative error rates).
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* If error bars are reported in tables or plots, the authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experi-
ments?

Answer: [Yes]
Justification: We have included this information in the appendix.
Guidelines:

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

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it
into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics|https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms, in every respect, with the NeurIPS
Code of Ethics.

Guidelines:

e The answer [IN/A| means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer , they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?

Answer: [Yes]
Justification: The work does not have negative societal impacts.
Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

* If the authors answer [N/A] or , they should explain why their work has no societal impact
or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate Deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for
optimizing neural networks could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.
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12.

» If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for
monitoring misuse, mechanisms to monitor how a system learns from feedback over time,
improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release
of data or models that have a high risk for misuse (e.g., pre-trained language models, image
generators, or scraped datasets)?

Answer: [N/A]
Justification: The paper does not contain such data or models.
Guidelines:

» The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary

safeguards to allow for controlled use of the model, for example by requiring that users adhere

to usage guidelines or restrictions to access the model or implementing safety filters.

Datasets that have been scraped from the Internet could pose safety risks. The authors should

describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the
paper, properly credited and are the license and terms of use explicitly mentioned and properly
respected?

Answer: [Yes]
Justification: We have cited the original papers.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

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

* The authors should state which version of the asset is used and, if possible, include a URL.

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

For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We provide the commands along with the code.
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.
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15.

» At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as well as
details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribution of
the paper involves human subjects, then as much detail as possible should be included in the
main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
(or an equivalent approval/review based on the requirements of your country or institution) were
obtained?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research with
human subjects.

Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-
standard component of the core methods in this research? Note that if the LLM is used only for
writing, editing, or formatting purposes and does not impact the core methodology, scientific rigor,
or originality of the research, declaration is not required.

Answer: [N/A]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer [N/A] means that the core method development in this research does not involve
LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not be
described.
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