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Abstract

Modern data-driven decision-making methods, such as imitation learning (IL) and
reinforcement learning (RL), have achieved great success in solving many complex
tasks. However, these methods often suffer from serious control instability and
robustness issues when applied in real-world applications such as robotics and
autonomous driving, posing notable challenges for their practical deployment.
We argue that this instability issue stems largely from their limitations in solely
supervising and optimizing zeroth-order actions (i.e., the action labels), failing to
account for higher-order action dynamics and temporal consistency. In this paper,
we show that simultaneously supervising both zeroth- and first-order actions can
dramatically enhance policies’ performance and control robustness. To achieve
this, we introduce a novel and elegant loss scheme supported by formal theoreti-
cal guarantees that can equip any off-the-shelf policy model (e.g., deterministic,
stochastic, or flow policies) with the capability for higher-order action supervision,
without requiring any structural modifications. Moreover, our proposed method
can serve as a lightweight plug-and-play module that seamlessly integrates with
a broad spectrum of existing offline RL frameworks. Extensive evaluations on
OGBench and D4RL demonstrate that our approach yields substantial performance
and robustness improvements across a wide range of continuous control environ-
ments. Notably, our method can also enhance policies’ out-of-distribution (OOD)
generalization capability in the challenging low-data regime, making it an ideal
tool in tackling many real-world control problems.

1 Introduction

Learning-based decision-making methods, such as imitation learning (IL) and reinforcement learning
(RL), have achieved notable success in many complex tasks, such as games [1, 2], robotics [3, 4],
and autonomous driving [5, 6]. However, when these learning-based approaches are deployed in
real-world control problems, they are frequently criticized for their control instability and poor
robustness. Examples of such issues include lack of smoothness in action outputs, severe jittering
across consecutive steps, and poor generalization in offline learning under data sparsity [7, 8, 9, 10].

In contrast to conventional control theories [11] that place heavy emphasis on control stability
and higher-order behavior modeling, contemporary learning-based decision-making methods in
the Al community predominantly only focus on supervising and optimizing zeroth-order actions
(i.e., the actual action labels). In realistic control scenarios, the neglect of higher-order temporal
consistency in actions frequently leads to control instability and non-smooth action execution,
which constitutes a critical bottleneck for real-world deployment [7]. Under physical hardware
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Figure 1: Trajectories and zeroth-/first-order actions of policies learned on the maze2d task with 20 successful
trajectories and 500k training steps. Green arrows denote the zeroth-order action a (joint torque), while red
arrows denote the first-order action ¢ (time derivative of joint torque, computed as a’ — a). (a) Standard behavior
cloning (BC) without & supervision, which yields a suboptimal trajectory with highly noisy and temporally
inconsistent first-order actions. (b) Our method with higher-order action supervision, which yields an optimal
navigation trajectory with much smoother and more stable zeroth- and first-order actions.

constraints, such high-frequency action fluctuations can cause excessive mechanical wear and energy
consumption, drastically shortening the lifespan of both the system and its constituent parts [8, 12, 13,
14, 15, 16]. These vulnerabilities pose severe safety risks and degrade operational reliability across
various domains, including drone control [ 13, 17], robotic manipulation [18, 19], and autonomous
driving [20, 21, 22, 23]. Fundamentally, this issue arises because the policy becomes excessively
sensitive to minor state-action perturbations, yielding disproportionately large action variations
[8, 21]. We empirically illustrate this vulnerability using a maze navigation task in Figure 1. As
shown in Figure 1(a), the policy learned via standard behavior cloning (BC), which lacks higher-order
action supervision, produces large and highly oscillatory first-order actions, eventually producing a
suboptimal trajectory. By contrast, jointly supervising both zeroth- and first-order actions enforces
much stronger behavioral regularization, resulting in significantly smoother and optimal execution
(Figure 1(b)).

However, incorporating higher-order action information in policy modeling is not an easy task. As
the 0"-order action a and the 1%'-order action & live in two completely different action spaces, naively
predicting these two sets of actions not only doubles the action space, causing learning difficulties,
but also faces potential conflicting gradient issues that are commonly encountered in multi-task
learning [24]. Therefore, existing works on action smoothness improvement primarily focus on
introducing action fluctuation penalty regularizations [13, 25, 26, 27], or designing special neural
network architectures to constrain the network’s Lipschitz constant, e.g., via spectral normalization
or specialized modules like LipsNet [8, 12]. However, both streams of work suffer from a number
of limitations. Adding smoothness penalties relies on task-specific ad-hoc design and cumbersome
tuning efforts, whereas using specialized, heavily regularized neural network architectures loses
generality and restricts the model’s expressivity to capture complex data distributions.

In this work, we introduce a novel and elegant learning scheme that can achieve simultaneous
0™- and 1%-order action supervision. The best part is, we can easily transform any given policy
model into a more powerful policy class without making any structural modification. The secret
recipe is to leverage the intrinsic property of the policy model’s time derivative for supervision, i.e.,
7(s) = Vm(s) - 5. We provide practical instantiations of loss schemes for deterministic, stochastic,
and generative flow matching policy classes, supported by formal theoretical guarantees for the IL
setting. Moreover, we show that our enhanced policy class is naturally compatible with the continuous-
time RL paradigm, like the Hamilton-Jacobi-Bellman (HIJB) framework. This leads to a plug-and-play
enhancement module that can be seamlessly integrated with a wide spectrum of existing offline RL
algorithms with minimal code modifications. We evaluate our method through extensive experiments
on diverse tasks from the large-scale OGBench [28] and widely used D4RL [29] benchmarks. Despite
its simplicity, our approach achieves consistent and significant performance improvements when
added to different offline policy optimization paradigms. Notably, in challenging small-dataset
settings, our proposed modification excels by providing robust OOD generalization support, enabling
the agent to maintain stable and high performance even on tasks where the base algorithms fail or
severely degrade. This makes our method an ideal tool for tackling many real-world control problems.



2 Related work

Smoothness and robustness enhancement for policy learning. Mitigating action fluctuation and
trajectory drift remains a critical challenge for deploying policies in physical systems [7, 8]. To
enforce action smoothness and robustness, prior studies in continuous control have primarily explored
two directions: penalty-based regularizations [13, 25, 26, 27] and architectural enhancements [8, 12].
Penalty-based regularization approaches, such as CAPS [13], L2C2 [25], and SR2L [26, 27], introduce
action fluctuation penalty regularizations to their policy optimization objectives. However, they
inherently rely on querying or sampling synthetic states to enforce local action consistency. In
the offline setting, where interaction with the environment is not permitted, such state-dependent
sampling may introduce significant OOD extrapolation errors, and often suffer from significant
performance variability across environments [30]. In contrast, architectural enhancement methods
explicitly constrain the network’s Lipschitz constant, e.g., via spectral normalization or specialized
modules like LipsNet [8, 12]. However, imposing extra structural priors can also restrict the model’s
expressivity. This introduces a fundamental trade-off: while the policy becomes smoother, the
restricted capacity commonly leads to underfitting, degraded control performance, and additional
computational overhead during inference. Concurrently, there are also a few attempts to incorporate
higher-order action derivatives to enhance control smoothness, such as TaSIL [3 1], which minimizes
the gap between the Taylor series expansion of the learned and expert policies. Although promising,
it remains more theoretical rather than practical, due to the complex evaluation procedure involved.

Offline RL and continuous-time RL. In this study, we primarily focus on offline policy learning,
such as offline IL (e.g., behavior cloning, BC) and offline RL, which directly imitate or optimize over a
fixed offline dataset without environment interaction. Compared with IL, offline RL is more complex,
which optimizes the cumulative return while being regularized towards the behavior data to avoid
extrapolation error accumulation [32, 33]. Depending on how the learned policy is parameterized,
existing offline RL algorithms can be classified into three categories. The first category employs
deterministic policies and explicitly constrains the learned actions toward the dataset using distance-
based behavior cloning penalties [34, 35, 9]. The second and also the more popular category adopts
stochastic policies (e.g., Gaussian policies) [36, 33, 37, 38, 39, 40, 41,42, 43, 44, 45, 46, 47], which
maximizes the likelihood of high-return actions under some distribution-based data regularizations.
Recently, the third category of offline RL methods has emerged, which leverages expressive generative
models, such as diffusion or flow matching policies, to capture the complex, multimodal action

distributions in the datasets [48, 49, 50, 51, 52, 53, 54, 55, 56, 57]. However, all of the above methods
are restricted to learning policies in the 0™-order action spaces, which suffer from notable control
stability and robustness issues. Incorporating higher-order action supervision in offline RL remains

entirely unexplored.

Another research avenue closely related to our work is continuous-time RL, which transcends the
structural limitations of discrete-time Markov decision processes (MDPs) by modeling state and
action evolution continuously over time [58, 59, 60]. The Hamilton-Jacobi-Bellman (HJB) equation
serves as the core theoretical foundation for this domain [61, 62, 63, 64]. Recent advancements have
successfully utilized HIB-based frameworks to demonstrate how continuous-time structural priors can
directly guide stable policy evaluation and control [65, 66, 67]. Although the HIB-based framework
naturally requires 1%'-order action ¢ information to capture Q-value’s variation in continuous time,
due to the lack of a proper strategy to evaluate a from policy 7, existing methods often resort to a
crude approximation or replace it with a fixed bounding value. This drastically degrades the value
estimation quality under the HIB framework and leads to suboptimal performance.

3 Extending Standard Policy Classes for Higher-Order Action Supervision

In this paper, unlike prior methods that mitigate action prediction instability by using specialized
network architectures or introducing task-specific ad-hoc designs, we propose an elegant, lightweight,
and plug-and-play learning scheme to transform a standard policy model (regardless of deterministic,
stochastic, or generative flow policies) into a more powerful policy class. Our proposed method
enables simultaneous 0™ and 1%-order action supervision for a policy model, maximally utilizing
every bit of information in the offline data.



3.1 Notations

We consider the sequential decision-making problem modeled as an MDP, defined by the tuple
M = {S, A, P,7,po,7}. S represents the state space, A C R? is the d-dimensional continuous
action space, P(s’|s, a) denotes the stochastic transition dynamics, r : S x A — R is the reward
function, po(s) specifies the initial state distribution, and v € [0, 1) is the discount factor. In the
offline setting, the agent cannot interact with the environment and is instead provided with a static
dataset D consisting of offline trajectories 7 = {sq, ag, 1o, $1, a1, - . . }. In the offline IL setting, we
aim to learn an imitative policy 7 to clone the expert behaviors specified in the data trajectories;
whereas in offline RL, we aim to learn a policy 7 exclusively from the dataset D that maximizes the
expected cumulative discounted return: J () = Erwr [> o0 7 7 (8¢, a¢)]. In this paper, we use 7(s)
to denote the deterministic policy and 7(+|s) to denote the stochastic policy. Unless told otherwise,
we use a to denote the 0""-order action and & = ‘é—‘t’ to denote the 1%-order action. In the discrete-time
MDP setting, we approximate the time derivatives of the state and actions using finite differences,
ie., $~ (s’ —s)/Atand a = (a’ — a)/At, with the time interval set to At = 1 by default.

3.2 Supervising Both Zeroth and First-Order Action for Imitation Learning

The core difficulty to achieve simultaneous 0" and 1%-order action supervision lies in how to properly
inject @ information within the original model structure of the policy, since conventional policy
models, regardless of deterministic policy 7(s) or stochastic policy 7(-|s) are designed for the
straightforward mapping between state s and the 0"-order action a. However, if we are allowed to
take the time derivative of policy 7, then we will notice the following property (using the simplest
deterministic-policy case as an example):

.. dr(s) dm(s) ds dn(s), )

a=m(s)= 4= ds @ as T Vm(s)s. (1
The above equation suggests that we can express the time derivative of policy 7 as the product of the
gradient of policy V7 (s) and 1%-order state $. As § is directly obtainable from the offline dataset
during training, this offers us a new perspective to supervise 1%-order action signal directly on the
original policy model. In the following, we describe the detailed higher-order action supervision
strategies for deterministic, stochastic, and generative flow-matching policies.

Deterministic policy. With Eq. (1), incorporating 1%'-order action supervision for deterministic
policies under the IL setting is straightforward. We can simply add an extra 1*-order loss term £4°
to the original BC loss:

minE 4 o a)p { I7(s) — al|® + || Vem(s)s — al|? |. )
s N e’
Efliet

where § = s’ — s and @ = o' — a are directly calculated from dataset samples. The second
term £get regresses 7r(s) to the ground truth a, thereby achieving first-order temporal consistency
regularization without the need to make any changes to the original policy network. In practice,
we can directly evaluate V7 (s)$ using Jacobian-vector product (JVP), which is much cheaper to
compute than calculating the Jacobian matrix V7 (s), and is natively supported in modern deep
learning frameworks like JAX and PyTorch 2.0. A keen reader might notice that we do not introduce
any weighting parameter to the two loss terms in Eq. (2), as we find empirically that keeping the
same supervision strength of 0" and 1%-order actions normally provides the best performance.

Stochastic policy. Stochastic policies are often modelled as a Gaussian policy w(als) =
N (a; u(s),diag(%(s))) in practice, with p(s), o?(s) being implemented as parameterized neu-
ral networks outputting mean and dimension-independent variances. They have been widely used in
many offline IL and RL algorithms due to their flexibility in capturing dataset distributions. To enable
1%t-order action supervision on a stochastic policy, one naive approach is to supervise the mean policy
(s) with an additional loss term L™ = ||V u(s)$ — a|| as in Eq. (2). We refer to this version
as "mean supervision". Below, we also provide a more rigorous version consistent with the stochastic
process framework.

Specifically, if we model the stochastic component of the Gaussian policy using an Ornstein—
Uhlenbeck (OU) [68] process, dX; = —AX,dt + vV2AdW;, Xg ~ N(0, I), where A controls



the temporal correlation of the process, and W; denotes a d-dimensional standard Wiener process. By
the stationarity of the OU process, for any ¢, we have X; ~ A(0, I). The action can thus be written
as a = u(s) + o(s) ® X, where ® denotes element-wise multiplication. By the multi-dimensional
1t formula [69], we obtain the stochastic differential equation (SDE) of the action process,

da = [i(s) + (6(s) — Aa(s)) © ((a — u(s)) @ o(s))] dt + V2Aa(s) © AW, A3)

where © denotes element-wise division. The resulting SDE induces a first-order policy distribution
over the time derivative of actions (see Appendix C.1 for detailed derivation),

w(als, a, 8) = N'(a; fu(s) + (6(s) = Ao (5)) © ((a — p(s)) @ 0(s)) , 2Adiag(o*(s))), (@)

where [i(s) = Vsu(s) - $and 6(s) = Vso(s) - § can be evaluated in a similar way as in Eq. (1). The
above distribution specifies the likelihood of the time derivative of stochastic actions conditioned on
the current state, action, and state derivative. We can thus jointly maximize the likelihood of 0" and
1%t-order action for stochastic policies under the IL setting as follows:

minE o oy~p | —logm(als) —log(als,a, 3) } 5)
s D e

sto
L a

Beyond conventional action-level maximum likelihood in the first term, the derivative likelihood Eﬁ;"
in Eq.(5) serves as a probabilistic first-order regularizer that aligns the local temporal evolution of
sampled actions with the expert trajectory. We provide the full derivation in Appendix C.1.

Flow policy. Flow matching provides an effective and powerful framework for generative model-
ing [70, 71], and has gained increasing popularity in recent RL and embodied AI models. The central
idea is to learn a time-dependent velocity field v : [0, 1] x R — R? (note this "time" is different from
the physical time, which we denote as k) that induces a continuous flow 1 : [0, 1] x R? — R% between
a base distribution and the target data distribution, where -L1(k, z) = v(k, ¢ (k,z)),%(0,z) = z.

In this paper, we consider the standard linear interpolation path [70, 71], which defines an interpolation
process for k € [0,1] as 2* = (1 — k)a° + kx', v = 2* — 2° between a noise sample z° and a data
sample z'. For flow policy [54], let a® ~ N(0, I) denote a noise sample and a' ~ D denote an
action. Given the input state s, the generated action is obtained by integrating the learned velocity
field along the interpolation path. Note that under the formalism of flow matching, if we differentiate

the generated action a' = a® + fol v(k, s,a") dk with respect to physical time ¢, we have

dflv(k s,ak) dk L dv(k, s, a®) L ou(k, s, a") ov(k,s,a")
21 0 59 _ 5 99y dk :/ 5 99 . )99 -k dk. 6
“ dt /0 dt 0 Os st dak ¢ ©)

We omit ¢° as the noise sample a° is drawn independently of the physical trajectory, hence calculating
the time derivative on noise is meaningless. Equation (6) shows that first-order action evolution can
be expressed by integrating ¥ (k, s, a*¥) over flow time, analogous to the original action generation
process. This shared structure motivates supervising ©(k, s,a") in a flow-matching manner by
regressing it toward the pointwise target ¢! = a’ — a'. In practice, we approximate v (k, s, a")
with %:ak)s We omit the action-dependent term in Eq. (6) because evaluating it increased
computational cost without improving performance, as discussed in Appendix B.2. Therefore, the
new objective for flow policies with higher-order supervision can be given as:

) ov(k,s,a®) . .
H;_IHEaONN(O,I), (s,al,s’,a’)~D, ke€[0,1] |: Hv(ka 87ak) - (a’l - aO)H + H(as)s - a’l

flow
L a

] %)

Standard flow matching mainly supervises transformation along the probability path at time &, while
leaving the physical-time response of the conditional velocity field largely unconstrained. In Eq. (7),
the additional term £1°% completes this missing piece by aligning the state-directional change of the
velocity field with the observed action evolution. We provide further discussion in Appendix C.2.



3.3 Theoretical Analysis

With the additional first-order supervision, we can show in the following theorems that this scheme
can lead to a tighter error bound for imitation learning under a set of commonly used assumptions
(see Appendix D.2). Specifically, consider the learned policy 7 and expert policy 7* start at the
same state s(0) (we denote s(¢) as the state in continuous time ¢), and define the policy error as
e(s) = m(s) — m*(s). We can show that the policy error can be better bounded with stronger 1%-order
supervision (see Appendix D.4 for the proof):

Theorem 1. Under Assumption | in Appendix D.2, the policy error e(s*(t)) satisfies:

lle(s™ (D1 < lle(s™ (DI + ¢ max,

V.r(s ()8 () - (7).

Theorem | shows that the growth of policy error e(s*) on expert trajectory s* is governed by its
initial value and the accumulated 1%-order discrepancy between the learned and expert policies. Note
that the standard BC objective does not supervise the second term, hence could lead to substantially
increased errors. As Theorem | only provides analysis on the per-state policy error, next, we provide
a stronger conclusion to bound the state deviation d(t) = s(t) — s*(t) between states from policy
rollout s and expert trajectories s*, which captures the closed-loop long-term error accumulation.

Theorem 2. Under Assumptions -4 in Appendix D.2, for 6(0) = 0, the state deviation 0(t) satisfies,
L,

ol < =

(¢7 1) max fle(s" ()]l

The detailed proof and exact forms of constants L, and 3 are provided in Appendix D.5. Theorem 2
decomposes closed-loop policy rollout state deviation into two parts: the policy mismatch error
e(s*) measured on the expert trajectory s*, and the amplification gain %(eﬁt — 1) contributed by
the environment dynamics, capturing the error amplification due to closed-loop policy-environment
interaction. Again, we can see that the long-term state deviation can also be better controlled under
higher-order supervision, due to the tighter error bound ||e(s*(t))|| obtained in Theorem 1.

4 Higher-Order Policy Optimization in Offline RL

The extended policy in Section 3 not only enables higher-order action supervision, but also provides
a practical way to evaluate action derivatives 74 (s), a quantity that existing offline RL methods never
explicitly use. We now show that it has a natural place in critic learning through the Hamilton-Jacobi-
Bellman based continuous-time RL framework, where value learning depends not only on scalar
Bellman consistency, but also on how the value changes along the local state-action flow.

4.1 HJB Equation and Value Learning with First-Order Supervision

In the HIB-based continuous-time RL framework, the Q-function is defined by [65]:

Q"B (s,a) := max /0oc e r(s(t),a(t))dt. (8)

acA

The dynamic programming equation of the above Q-function is expressed as an HJB equation, which
is derived by using the Taylor expansion:

QB (s,a) = max [7(s,a) + VsQ"'P(s,a)s + V,Q"B(s,a)a] ©

Unlike the typical discrete-time Bellman equation, which compresses value learning into a scalar
one-step regression, Eq. (9) reveals what is missing in existing offline RL methods. The value function
may match 0"-order Bellman targets, yet its gradient is never required to align with the variation
direction of states and actions in time. This makes the learned value landscape numerically plausible
but structurally under-specified, especially for later policy improvement. However, with the extended
policy class introduced in Section 3, we can easily obtain the time derivative of actions through the



learned policy, i.e., @ = 7p(s) = Vsmg(s) - $. This allows us to jointly optimize the value function
with policy’s higher-order information during Bellman update, which leads to the following objective:

N 2
Q = arg HgnE(&a,r,sﬂa’)ND |: (7;.@(8, Cl) - Q(Sv CL))

- VSQ(S,CL)é an(S’a)#Q(S)
ha <||VSQ(57G)||||5|| i VaQ(S,a)|||7'fe(5)|>}

As $ = s’ — s can be directly calculated from the dataset during offline learning, we can actually
seamlessly transform the original value learning scheme of an existing offline RL algorithm into
a higher-order supervision version by adding the above blue terms, with 7. denoting the specific
Bellman operator used in the offline RL algorithm. Moreover, to improve numerical stability and
to prevent overly large gradient magnitudes of the first-order terms, we normalize the two HJB
directional terms in Eq. (10), similar to existing HIB-based methods [65, 67].

(10)

4.2 Higher-Order Policy Learning

With the Q-function learned with 1%-order supervision, we can also transform the policy optimization
procedure of an existing offline RL algorithm through a plug-and-play modification. This can be
achieved by simply adding an additional 1%'-order imitation loss £ as defined in Section 3,

7 =argmax E(, o ¢ 0/)uD,anr@(8,@) — Ry (s)—AaLa. (11)

where we use Q(s,ad) — Rr(s) to represent the general policy optimization objective of existing
offline RL algorithms, which typically optimize a policy by maximizing the Q-function with some
behavior regularization term R, (s). R (s) can either be an explicit policy constraint, such as the BC
term R (s) = E(5 o)~p||7(s) — al|* in TD3+BC [34], or an implicit behavior regularization scheme
as adopted in many algorithms [38, 40, 72, 53, 47, 56], which results in an advantage-weighted
regression type of learning objective. Depending on the actual policy class used in the original offline
RL algorithm, one can flexibly choose £, to be either Eget, [,Zw, or ﬁgow in Section 3. We introduce a
hyperparameter )\, to balance the regularization strength of the original policy optimization objective
and the first-order supervision term. Both the first-order value supervision term and the £, term in
policy optimization introduce minimal modifications to the original offline RL algorithm, but as we
show in the experiments, they can lead to substantial performance gains, as the policy is taught not
only what to do, but how to evolve reasonably over time.

5 Experiments

In this section, we empirically evaluate our proposed policy class. We first integrate it into a range
of representative offline RL algorithms and benchmark the resulting variants against their original
counterparts. We then conduct ablation studies to isolate the contributions of the first-order policy
constraint and the first-order value consistency regularizer.

5.1 Experimental Setup

Benchmarks. To comprehensively evaluate our proposed framework, we conduct experiments on
two widely adopted offline RL benchmarks. We first evaluate on OGBench [28], a recent benchmark
featuring high-dimensional state spaces, multimodal behaviors, and sparse rewards. We adopt its
reward-based "-singletask" variants so that standard reward-maximizing offline RL algorithms can
be directly applied. We further conduct experiments on D4RL [29] under a more challenging low-
data setting with only 10k transitions per task, which better exposes performance gaps and OOD
generalization since recent offline RL methods have largely saturated the D4RL benchmark under the
full-dataset setting. The benchmark details and task descriptions are presented in Appendix E. 1.

Comparison methods. We integrate our proposed policy class into representative offline RL
algorithms spanning three policy families (deterministic, stochastic, and flow-matching), and compare
each base algorithm with its first-order-supervised variant. For deterministic policies, we adopt
TD3+BC [34] as the base algorithm. For stochastic policies, we instantiate the two strategies
introduced in Section 3.2: a simplified mean supervision variant, which applies first-order supervision
only to the Gaussian mean and is built upon ReBRAC [73] (denoted “mean sup.” in Table 1), and
a standard variant based on the likelihood objective in Eq. 5 and built upon IQL [38] (denoted



Table 1: Average normalized scores on 10 OGBench task categories, each aggregating 5 sub-tasks over 5 random
seeds. Values after £ denote standard deviations. The | marks indicate improvements greater than 1.0, whereas
1" denotes minor improvements. Full per-task results are presented in Table 4.

Det. Policy Sto. Policy (mean sup.) Sto. Policy (standard) Flow Policy
Task Category (Avg. of 5 tasks) TD3+BC TD3+BC+ours ReBRAC ReBRAC+ours IQL 1IQL+ours IFQL  IFQL+ours
antmaze-large-navigate 8344 98+3(115) 81+s 98+2(117) 53+3  68+5(115)  28+13  36+14(18)
antmaze-giant-navigate 4248 65+10(7123) 26+8 61+12(735) 4+1 Dil(TD) 3+2 4+3(11)
humanoidmaze-medium-navigate 3448 4245(18) 2248 55+10(133)  33x2  36+3(13) 60+16  64+13(14)
humanoidmaze-large-navigate 241 4+41(12) 241 4+2(12) 241 3+1(11) 11+2 12+43(11)
antsoccer-arena-navigate 13+3 16+3(13) 0+0 16+4(116) 8+2 23+3(115) 33+6  40+13(17)
cube-single-play 8845 91+4(13) 9142 93+2(12) 8343 92+3(19) T9+2  95+7(7116)
cube-double-play T+1 12£1(15) 12+1 24+3(112) Tx1 8+2(11) 143 42+15(128)
scene-play 44+3 47+2(13) 41+3 47+4(16) 281 33+3(15) 3043 56+7(1206)
puzzle-3x3-play 27+3 29+1(712) 21+1 24+2(13) 9+1 12+44(13) 19+1  43+15(124)
puzzle-4x4-play 6+1 9+1(73) 14+1 17+3(13) T+1 13+2(16) 2545 40+12(115)
Average Score 35 41(16) 31 44(113) 23 30(17) 30 43(113)

Table 2: Average normalized scores on D4RL MuJoCo locomotion tasks with reduced-size (10k) datasets.
Standard deviations are reported after the & sign. The 1 symbol indicates a performance increase greater than
1.0, whereas | denotes minor improvements. All evaluation results are averaged over 5 random seeds.

Det. Policy Sto. Policy (mean sup.) Sto. Policy (standard) Flow Policy
Task Category TD3+BC TD3+BC+ours ReBRAC ReBRAC+ours IQL IQL+ours IFQL IFQL+ours
Hopper-m 40.1+18.6  44.1+12.7(74.0) 9.8+31  32.4+11.0(722.6) 47.7+10  48.5+2. J( 0.8) 50.8+2.3  51.3+2.9(70.5)
Hopper-mr 7.3+6.1 22.3+33(115.0)  19.0£1.0  24.9+258(15.9) 19.3+3.0  19.9+2.0(10.6)  23.1+14  28.2+0.4(15.1)
Hopper-me 17.8+7.9  42.3+10. 8(T21 5)  36.2£31  43.0+3.3(16.8) 34.3+8.7  42.3+3.3(18.0) 45.7+190  47.9+1.7(12.2)
Hopper-e 2324182 93.5+13.6(170.3)  59.2435  97.245.9(138.0)  55.7+22.5  99.5+3.2(74: 3 8)  78.5+13.6  96.9+4.9(118.4)
Halfcheetah-m  16.4+102  31.5+2.4(115.1)  37.1+1.3 38 9+0.5( 38.2+1.4 39 1+0.1(10.9 38.9+14  39.5+1.5(10

T
Halfcheetah-mr ~ 17.9+9.5 21.2+7.1(13.3) 13.0+5.7 5.1+4.1(1
Halfcheetah-me  15.4+10.7  35.6+2.4(720.2)  12.2+6.7 19 T+r7(T

1.8)

2.1) 28.2+1.3 9.5+0.6(7
2 7.5)
Halfcheetah-e 1.7+3.3 3.9+2.1(712.

) )
1.3) 29.6+1.0  31.1+1.2(11.5)
34.4+2.2 36 8+1.5(12.4) 2)
5.6
l

3
4 40.2+0.7  40.4+1.3(10.
5)  18.8x7s  35.9+6.2(117.1)

2
2) 2.340.9 4.0+2.3(11.7) 1.2+41.0 6.7+2.6(7
Walker2d-m T4+131  41.1+10. x(T 3 ) 21.2+4.8  56.9+4.3(135.7)  34.6+9.5  45.0+4.8(110.4)  50.6+6.8  56.7+4.7(16.1)
Walker2d-mr 5.745.8  23.245.7(71 10.042.2  22.8+5.5(112.8)  10.7+11.9  17.6+4.0(16.9) 17.545.4  29.0+2.8(111.5)

)
Walker2d-me 7.9+01  37.8+12.3(7 %).9) 17.6+8.6  58.9+11.8(141.3) 29.1x16.9  41.249. z( l’ 1) 38.8+3.7 57.6+104(118.8)
Walker2d-e 27431 82.3+10.8(179.5) 23.6+9.4  83.9+6.8(160.3)  43.1+60 84.8+13.9(141.7) 95.2+11.8  104.9+3.7(19.7)
Average Score 13.6 39.9(126.3) 21.8 41.5(119.7) 314 42.6(110.2) 44.0 51.6(17.6)

“standard”). For flow-matching policies, we adopt IFQL, an algorithmic variant of FQL [54] that
enables our first-order supervision to be directly applied to the flow policy without any additional
policy-distillation step. Experimental details are provided in Appendix E.2.

5.2 [Evaluation Results

Evaluation results on OGBench tasks. Table | reports the average normalized scores on 50 diverse
OGBench tasks, with complete per-task results provided in Appendix B.1. Our first-order action
supervision yields consistent performance gains across all three policy paradigms. On control-
sensitive navigation tasks, these gains underline the importance of temporally consistent actions,
since small action fluctuations can accumulate over time and easily lead to collisions or failed
navigation. For instance, applying our scheme to ReBRAC raises the score from 26 to 61 on
antmaze-giant-navigate and from 22 to 55 on humanoidmaze-medium-navigate, both re-
vealing over 100% relative improvement.

The performance gains are even more pronounced beyond navigation. On object-centric play tasks,
applying our proposed scheme to IFQL improves cube-double-play from 14 to 42 (a 200% relative
improvement) and scene-play from 30 to 56 (an 87% relative improvement). In particular, on
several challenging sub-tasks where the IFQL baseline completely fails with a score of exactly
0, equipping it with our scheme lifts the score to clearly non-trivial levels, e.g., from O to 88 on
scene-play-singletask-task2-v0, expanding the set of tasks on which offline policy learning
is feasible at all (see Table 4 in Appendix B.1 for full per-task results).

Improved OOD generalization under small-dataset settings. Our first-order action supervision
is particularly beneficial in small-dataset regimes, where standard offline RL baselines often strug-
gle to recover the expert’s robust control behavior from sparse state-action samples, even though
such samples still encode rich local variations along expert trajectories. Table 2 reports the D4RL
locomotion results on 10k datasets. By supervising the policy’s first-order action derivative, our
scheme enables the local dynamics and control structure of the expert behavior to be effectively re-
covered from an extremely limited dataset, leading to substantial performance gains. For instance, on
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Figure 3: Comparison of TD3+BC and our 1°°-order action supervision on small-sample locomotion tasks.
Scores are averaged over 5 random seeds. The policy rollout distributions of action variation ||@|| = ||a’ — a]|
(a is joint torque) are aggregated from 10 trajectories.

hopper-expert-v2, IQL improves from 55.7 to 99.5, nearly recovering its full-dataset performance.
More notably, on walker2d-expert-v2, TD3+BC collapses to a score of only 2.7, indicating severe
extrapolation failure under such a tiny-data regime; equipping it with our scheme recovers the score to
82.3, an absolute gain of 79.5 points. In addition to the score improvements, our scheme also yields
noticeably smaller standard deviations across most tasks, indicating more stable and reproducible
policy learning under small-dataset settings. Additional limited-data imitation learning results, as
well as full-data D4RL results, are provided in Appendix B.1.

Benefits of utilizing first-order supervision. Figure 2 provides a mechanistic view of how our first-
order action supervision improves performance. With only 10k transitions, deterministic BC produces
a dispersed distribution of ||a||, reflecting erratic action changes during execution. In contrast,
our scheme yields a compact distribution concentrated around small ||a||, indicating smoother and
temporally consistent action evolution. This pattern is even more pronounced for TD3+BC in Figure 3,
where its plain MSE penalty leaves the policy vulnerable to action jittering, whereas our scheme
directly aligns action changes with the local expert dynamics. Overall, by constraining how actions
evolve along trajectories, first-order supervision yields noticeably smoother and more robust policies.
We conduct additional analysis results in Appendix B.1.

5.3 Ablation experiments

Comparing with alternative action-consistency approaches. To further benchmark our method,
we compare against two categories of representative alternatives, using TD3+BC as the shared
backbone. The first category enforces action smoothness, including the penalty-based methods
CAPS [13] and L2C2 [25], which encourage local action consistency on perturbed or interpolated
states, and the architectural method LipsNet [8], which explicitly bounds the network’s Lipschitz
constant. The second category explicitly predicts first-order actions, for which we construct an
auxiliary-head variant of TD3+BC, denoted as +Extra ¢ head, where the actor is equipped with a
dedicated prediction head, i.e., learning a policy 7(s) = (a, @), and the predicted a is also utilized
during inference. All baselines follow their original configurations or exactly the same training
configurations as our method.

For action-smoothness approaches, as reported in Table 3 (+CAPS/+L2C2/+LipsNet columns), our
method achieves consistent improvements across all tasks. Penalty-based methods were originally
designed for online settings; in offline RL, enforcing smoothness on synthetic, unobserved states
risks OOD extrapolation errors, and this degradation is particularly pronounced on high-quality (-e)
datasets, whose narrow and near-deterministic trajectories conflict with isotropic perturbations or



Table 3: Comparison with action-smoothness approaches and explicit first-order action prediction on D4RL
MuJoCo locomotion tasks with reduced-size (10k) datasets. All methods use TD3+BC as the shared backbone.
Arrows show score differences relative to TD3+BC on the same task: 1 indicates a gain of at least 1.0, T a
smaller positive gain, and | a decrease. No arrow indicates no change.

Task TD3+BC | +CAPS +L2C2 +LipsNet | +Extraahead | TD3+BC+Ours
Hopper-m 40.1+18.6 | 42.6+5.1(12.5) 42.7+7.5(12.6) 43.2+3.6(13.1) 41.5+7.8(11.4) | 44.1+12.7(14.0)
Hopper-me 17.8+7.9 | 39.6+82(121.8)  39.848.3(122.0)  32.8418.5(115.0) | 26.6+8.6(18.8) | 42.3+10.8(124.5)
Hopper-e 23.2+18.2 | 57.1+20.7(133.9)  55.2434.5(132.0)  16.9+2.8(}6.3) | 30.6+15.1(17.4) | 93.5+13.6(170.3)
HalfCheetah-m  16.4+10.2 | 29.6+5.6(113.2)  30.3+7.1(113.9) 6.6+3.0(19.8) | 28.1+4.5(11 lAT) 31.5+2.4(115.1)
HalfCheetah-me ~ 15.4+10.7 | 19.8+3.4(14.4)  28.6+3.8(7 l% 2)  3.3x22(112.1) 20.6+3.5(15.2) | 35.6+2.4(120.2)
HalfCheetah-e 1.7+33 1.7+1.6 2.4+1.9(10.7) 0.8+0.6(1.0.9) 0.2+1.8() 1.5) 3.9+2.1(12.2)

Walker2d-m TA4+131 | 24.5+3.6(717.1)  20.4+4.1(113.0) 8.9+2.8(11.5) 8.6+6.5(11.2) | 41.1+10.8(133.7)
Walker2d-me 7.949.1 17.8410.1(19.9)  23.3+0.8(115.4) 5.943.6(.2.0) 8.3+6.1(10.4) | 37.8+12.3(129.9)
Walker2d-e 2.7+3.1 3.9x2.1(11.2) 7.4+3.6(14.7) 13.8+6.8(111.1) 3.9+1.6(11.2) | 82.3+10.8(179.5)
Average Score 14.7 | 26.3(111.6) 27.8(113.1) 14.7 | 18.7(14.0) | 45.8(131.1)

uniform interpolations. Meanwhile, strictly constraining the network architecture (LipsNet) limits
model expressivity, making it difficult to fit offline data from limited samples.

For explicit first-order action prediction, the auxiliary-head variant brings only marginal improvements
over the backbone and substantially underperforms our method (+Extra @ head column). We attribute
this gap to two factors. First, predicting two distinct action outputs converts policy optimization
into a multi-task learning problem, which introduces conflicting gradient directions between the
zeroth-order and first-order action objectives and requires extra hyperparameter tuning to balance
their trade-off. Second, the dedicated head doubles the output dimension and requires structural
modification of the base network, losing compatibility with off-the-shelf policy architectures. In
contrast, our method requires zero architectural changes, acting as a lightweight, plug-and-play
module that preserves temporal consistency without sacrificing network capacity.

Effectiveness of value and policy constraints. cube-single-play antmaze-large-navigate
Figure 4 isolates the respective contributions of
the two components in our IFQL instantiation on

OGBench by sweeping one weight while strictly &

setting the other to zero. The weight Ag con- M
trols the first-order value-consistency regular- . . ——

izer; sweeping it over {0, 0.5, 1} reveals steady " steps ™ s .
performance gains, indicating that aligning the

value landscape with the local state-action flow
provides a highly beneficial training signal.

Normalized Score

—o— Ag=0 Ag=0.5 —o— Ag=1

cube-single-play antmaze-large-navigate
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100k 300k 500k 0 100k 300k 500k
Steps Steps
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Similarly, increasing the first-order action super-
vision weight A, from the same grid {0,0.5,1}
consistently improves performance over stan-
dard IFQL. This confirms that first-order action
supervision offers crucial guidance beyond mere
zeroth-order action fitting, even when the value-
side regularizer is completely disabled. Addi-
tional ablations are deferred to Appendix B.2.

Normalized Score

Xa=05 —o— \=1

Figure 4: Ablation study on value regularization weight
g and 1%-order action supervision weight A, of IFQL.

6 Conclusion

In this paper, we identified the neglect of higher-order action dynamics as a fundamental source of
control instability and poor robustness in contemporary offline RL and IL. methods. To bridge this
gap, we proposed an elegant, plug-and-play learning scheme that enables simultaneous zeroth- and
first-order action supervision for any off-the-shelf policy model, including deterministic, stochastic,
and generative flow policies, without requiring any structural modifications. Supported by formal
theoretical guarantees, our enhanced policy class also integrates seamlessly into the continuous-
time HJB framework, providing additional first-order regularization on both value estimation and
policy optimization. Extensive empirical evaluations confirm that our scheme yields substantial
improvements in control smoothness, robustness, and out-of-distribution generalization, particularly
under challenging small-dataset settings, making it a promising tool for real-world control problems.
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A Limitations

In this section, we summarize the limitations of our proposed method and outline potential direc-
tions for future research. First, applying first-order supervision directly in raw pixel space can be
computationally expensive and semantically noisy. The issue is not that higher-order supervision is
incompatible with visual inputs, but that pixels are a poor coordinate system for measuring dynamics
and control evolution. A practical remedy is to apply the same supervision after mapping observations
into a compact state representation [74], where derivatives reflect task-relevant changes rather than
appearance variation. Pixel-level higher-order supervision therefore requires a good representation.
Second, our higher-order supervision relies on finite-difference estimates of local derivatives, i.e.,
s = s’ — 5. With coarse sampling, these estimated tangents may provide poor approximations of
the true local dynamics. This issue can be alleviated by reconstructing smoother trajectories via
interpolation [75] or filtering [76] before applying supervision.

B Additional Results

In this section, we first present the detailed evaluation results on OGBench in Table 4, followed by the
performance scores on the D4RL benchmark under the full-dataset setting in Table 5. Additionally,
we report the imitation learning results in Table 6. Finally, Section B.2 provides more ablation studies.

B.1 Additional Evaluation Results

Full Evaluation results on OGBench. We present the comprehensive per-task results on OGBench
in Table 4. Note that the baseline performance of TD3+BC [34] is evaluated using the hyperparameters
provided in Appendix E.2, while the baseline results for ReBRAC, IQL, and IFQL are directly sourced
from FQL [54].

Table 4: Average normalized scores on 50 OGBench tasks over 5 random seeds. Values after £ denote standard
deviations. The 1 marks indicate improvements greater than 1.0, whereas | denotes minor improvements.

Det. Policy Sto. Policy (mean sup.) Sto. Policy (standard) Flow Policy

Task Category TD3+BC TD3+BC+ours ReBRAC ReBRAC+ours IQL IQL+ours IFQL  IFQL+ours
antmaze-large-navigate-singletask-task 1-v0 (x) 92+8 99+2 (17) 91+10 100+1 (19) 48+9  80+10(132) 24+17  56+14(132)
antmaze-large-navigate-singletask-task2-v0 8543 91+4 (16) 88+4 92:+4 (14 42+6 42+15 8+3 16+11(18)
antmaze-large-navigate-singletask-task3-v0 72410 1000 (128) 51+18 100+1 (1 40) 7247 906 (118)  52+17  T2:+10(120)
antmaze-large-navigate-singletask-task4-v0 85+5 9941 (114) 84+7 100+1 (116) 5140 52+22(T1)  18+s  40+17(122)
antmaze-large-navigate-singletask-task5-v0 82+10 990 (117) 902 99+1(19) S5d+22  T8x9(124)  38+18 4819 (110)
antmaze-giant-navigate-singletask-task1-v0 (x) 52420 57+19 (15) 27+22 39+21 (112) 0+0 0+0 0+0 0+0
antmaze-giant-navigate-singletask-task2-v0 47430 Tl+36 (124) 16+17 T0+26 (154) 141 2+1(11) 0+0 0+0
antmaze-giant-navigate-singletask-task3-v0 44+13 44£12 3422 40+15 (16 ) 0+0 0+0 0+0 0+0
antmaze-giant-navigate-singletask-task4-v0 344 6331 (160) 5412 6733 (162) 0+0 1+1(11) 0+0 0+0
antmaze-giant-navigate-singletask-task5-v0 65+7 92+11 (127) 49422 963 (147) 1947 41x6(722)  13+9  21+17(18)
humanoidmaze-medium-navigate-singletask-task1-v0 (x) 2411 26+4 (12) 16+9 3619 (120) 3247 34+5(12)  69+190  Tlxi6(12)
humanoidmaze-medium-navigate-singletask-task2-v0 45+13 499 (14) 18+16 6824 (150) 41+9  51xs5(110)  85+11  91+17(16)
humanoidmaze-medium-navigate-singletask-task3-v0 40+26 6019 (120) 36+13 6622 (130) 2545 2746 (12) 4940 56432 (17)
humanoidmaze-medium-navigate-singletask-task4-v0 30+20 44+9 (114) 15+16 30+21 (115) 0+1 0+0 1+1 1+1
humanoidmaze-medium-navigate-singletask-task5-v0 31+13 31x7 24+20 78+16 (154) 664 66:£4 98+2  100+1(12)
humanoidmaze-large-navigate-singletask-task 1-v0 (x) 3+3 3+2 21 T£7(15) 3+1 4x1(T1) 6+2 8+4(12)
humanoidmaze-large-navigate-singletask-task2-v0 0+0 0+0 0=0 0=0 0+0 00 00 0+0
humanoidmaze-large-navigate-singletask-task3-v0 844 1746 (19) 844 11+6(13) T+3 T+1 48+10 52416 (T4)
humanoidmaze-large-navigate-singletask-task4-v0 1+1 2+1(11) 11 2+1(11) 1+0 2+1(11) 1+1 11
humanoidmaze-large-navigate-singletask-task5-v0 0+0 1+1(11) 2+2 2+1 141 3+1(12) 0+0 00
antsoccer-arena-navigate-singletask-task 1-v0 943 11+5(12) 13+6(113) 1445 36x10(122) 6lx2s  68+21(17)
antsoccer-arena-navigate-singletask-task2-v0 19+s 19+2 13+4(113) 1747 37+5(120) 7543 83+12(18)
antsoccer-arena-navigate-singletask-task3-v0 25+8 27+10 (12) 32+11 (132) 6+4 19+7(113)  ldx22 22418 (18)
antsoccer-arena-navigate-singletask-task4-v0 (x) 1+1 1+1 204 (120) 342 9+3(16) 16+9 16+8
antsoccer-arena-navigate-singletask-task5-v0 1247 20+9 (18) 6+5(16) 242 11+7(19) 0+1 8+7(18)
cube-single-play-singletask-task 1-v0 89+3 942 (15) 942 (15) 88+3 90+5 (12) T9+4 9649 (117)
cube-single-play-singletask-task2-v0 (x) 87+5 88+2(11) 9344 (11) 8548 93+3(18) 73+3 10041 (127)
cube-single-play-singletask-task3-v0 93+3 96+3(13) 94+2(11) 91+s5 9545 (14) 88+4 10041 (112)
cube-single-play-singletask-task4-v0 87+4 89+3(12) 92+4 7346 90+5(T17) 7946 88+16(19)
cube-single-play-singletask-task5-v0 8545 851 904 (13) T8+9 906 (112)  TT+7  92+10(115)
cube-double-play-singletask-task1-v0 30+4 4646 (116) 45+6 45+6 2745 33x7(16)  35x9  T6xs (141
cube-double-play-singletask-task2-v0 (x) 6+1 9+1(13) T3 3247 (125) 11 2+1(11) 945 40+22(131)
cube-double-play-singletask-task3-v0 141 2+1(11) 4+1 17+5(113) 0+0 1+1(11) 8+5  25+13(117)
cube-double-play-singletask-task4-v0 0+1 1+1(11) 1+1 3+1(12) 0+0 0+0 141 12+10(111)
cube-double-play-singletask-task5-v0 141 1+1 442 2247 (118) 443 442 1746 55421 (138)
scene-play-singletask-task 1-vO 9543 96+1 (11) 95+2 95+3 94+3 95+2 (11) 9843 99+2 (11)
scene-play-singletask-task2-v0 (x) 54+10 58+4(14) 50+13 60+13 (110) 1243 1746 (15) 0+0  88+17(188)
scene-play-singletask-task3-v0 68+10 78+7(110) 55+16 7510 (120) 3247 52+0(120) 54419 92417 (138)
scene-play-singletask-task4-v0 443 4+2 3+3 5+3(12) 0=+1 1+1(11) 0+0 0+0
scene-play-singletask-task5-v0 00 00 0x0 0x0 0+0 0+0 0+0 0x0
puzzle-3x3-play-singletask-task1-v0 96+3 98+3(12) 97+4 98+3(11) 33+6  39+17(16) 9443 100+1 (16)
puzzle-3x3-play-singletask-task2-v0 13+9 14+4(11) 1+1 4+2(13) 443 946 (15) 12 60432 (159)
puzzle-3x3-play-singletask-task3-v0 546 6+1(11) 3+1 4+4(11) 342 341 0+0  28+17(128)
puzzle-3x3-play-singletask-task4-v0 (x) T+4 1144 (14) 241 4+2(12) 241 241 0+0  16+12(116)
puzzle-3x3-play-singletask-task5-v0 14+7 152 (11) 53 1146 (16) 3+2 4x2(T1) O+0  12+11(112)
puzzle-4x4-play-singletask-task 1-vO 1+2 14+2(113) 26. 33+9(17) 1242 20+6 (18) 49+9 5346 (14)
puzzle-4x4-play-singletask-task2-v0 T+3 9+2(12) 1244 13+7(71) T+4 10+3(13) 444 1249 (18)
puzzle-4x4-play-singletask-task3-v0 342 8+2(15) 15+3 1946 (14) 9+3 14+6 (15)  50+14  84+16(134)
puzzle-4x4-play-singletask-task4-v0 (x) 542 T+2(12) 10+3 10+4 542 10+2(15) 2111 30+17(19)
puzzle-4x4-play-singletask-task5-v0 641 6+1 T+3 8+4(11) 441 8+5(14) 242 21+14(119)




Table 5: Average normalized scores on D4ARL MuJoCo locomotion tasks under full-datasize. Standard deviations
are reported after the & sign. The 1 symbol indicates a performance increase greater than 1.0, whereas | denotes
minor improvements. All results and standard deviations (4) are averaged across 5 random seeds.

Det. Policy Sto. Policy (mean sup.) Sto. Policy (standard) Flow Policy
Task Category TD3+BC  TD3+BC+ours ReBRAC ReBRAC+ours QL IQL+ours IFQL IFQL+ours
Hopper-m 55.5+7.7  58.9+7.4(13.4) 84.9+2.6 85.7+1.3(10.8) 67.3+5.7 68.8+5.5(11.5) 89.5+5.7 94.2+7.2(14.7)
Hopper-mr 57.9+17.6  58.4+0.2(10.5)  81.2+25.1  94.3x10.1(7 l.'»’.l) 91.7+86  94.245.5(12.5) 96.2+4.7  96.3+2.3(10.1)
Hopper-me 89.8+15.2  89.9+8.4(70.1)  106.4+10.7  106.6+5.4(10.2)  91.5+14.3 109.2+0.8(117.7) 77.1+255  89.8+8.7(112.7)
Hopper-e 108.3+6.7 110.5+0.2(12.2)  108.5+4.1  108.6+3.8(10.1)  99.3+9.2  106.5+5.1(17.2)  96.8+12.2  106.2+8.6(19.4)

Halfcheetah-m  47.8+0.4  47.9+0.4(70.1
Halfcheetah-mr  41.6+0.3  42.3+0.2(7(
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Table 6: Imitation learning performance on D4RL MuJoCo locomotion tasks with 10k datasets. Average normal-
ized scores across deterministic, stochastic, and flow-based policy paradigms. The 1 indicates a performance
increase > 1.0, whereas | represents marginal gains. All results and standard deviations (=) are averaged across
5 random seeds.

Det. Policy Sto. Policy (standard) Flow Policy
Task Category base base + L3 base base + LI° base base + £V
Hopper-e 21.5+135  67.3+14.3(145.8) 57.5+152  93.1+10.7(135.6) 722492  97.2+12.3(125.0)

Halfcheetah-e ~ 2.4+1.2 5.7+1.5(13.3) 2.8+1.6  16.2+10.1(713.4) 114445  17.9+6.9(16.5)
Walker2d-e 26.7+12.2  91.1+14.7(164.4) 46.4+152  91.6+9.5(145.2)  89.8+146  91.5+6.3(11.7)

The empirical results show that integrating our first-order action supervision yields consistent per-
formance improvements across a diverse range of offline policy optimization paradigms. Notably,
our scheme can improve policy learning in cases where baseline algorithms fundamentally fail. On
several complex, sparse-reward tasks, baselines collapse and obtain a score of exactly 0, indicating
that they cannot extract any meaningful learning signal from the offline dataset. Equipping the same
algorithm with our first-order supervision lifts these scores from 0 to clearly non-trivial levels. For
example, on scene-play-singletask-task2-v0, IFQL completely fails (0), whereas IFQL with
our first-order supervision reaches 88, a near-expert level. The same breakthrough is observed on the
puzzle-3x3-play domain (e.g., task3-v0 and task4-v0), where the baselines obtain no useful
learning signal (scoring 0), while the augmented policies acquire the temporal consistency required
to achieve non-trivial success rates. Beyond raising scores on already-learnable tasks, our scheme
thus expands the set of tasks on which offline policy learning is feasible at all.

The improvements are also consistent across all three policy paradigms. On high-dimensional
dexterous manipulation tasks such as cube-double-play-singletask-task2-vO0, our scheme
raises the score of IFQL from 9 to 40. On locomotion and navigation tasks such as
antmaze-giant-navigate-singletask-task5-v0, integrating our scheme into ReBRAC fur-
ther raises the score from 49 to 96, approaching expert-level proficiency with noticeably reduced
seed-level variance. Together, these results highlight the broad applicability of our scheme and
indicate that supervising higher-order action dynamics is crucial for stable offline policy learning and
reliable closed-loop execution.

Evaluation results on D4RL under the full-dataset setting. To further evaluate the effectiveness
of our scheme, we additionally conduct experiments on the D4RL MuJoCo locomotion tasks under the
standard full-size dataset setting. As reported in Table 5, integrating our first-order action supervision
yields consistent performance improvements across all four base algorithms, which further confirms
the broad applicability of our scheme, showing it reliably stabilizes and improves offline policy
learning across varying dataset sizes.

Evaluation results of imitation learning methods on the D4RL 10k setting. Within each policy
paradigm, “base” denotes the standard behavior cloning baseline natively implemented under the

corresponding framework, while “base + Lg)” denotes the same baseline equipped with our first-
order action supervision loss. As shown in Table 6, our first-order supervision consistently improves
all three behavior cloning baselines, demonstrating its standalone effectiveness even without any
reward signal or RL-based optimization objective. In particular, on the deterministic Walker2d-e
task, adding Df‘ raises the standard BC score from 26.7 to 91.1, an absolute improvement of 64.4.
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Figure 5: Comparison of vanilla stochastic BC and our 1°*-order action supervision on small-sample locomotion
tasks. Scores are averaged over 5 random seeds. The policy rollout distributions of action variation ||a|| =
|la’ — a| (a is joint torque) are aggregated from 10 trajectories.
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Figure 6: Comparison of vanilla IQL and our 1°-order action supervision on small-sample locomotion tasks.
Scores are averaged over 5 random seeds. The policy rollout distributions of action variation ||a|| = ||a’ — a|
(a is joint torque) are aggregated from 10 trajectories.

Such a substantial gain reveals that, under small-dataset settings, standard BC is highly susceptible
to compounding errors along the rollout trajectory. By directly supervising higher-order action
dynamics, our scheme provides the missing temporal regularization that aligns rollout actions with
expert dynamics and effectively recovers the expert behavior. More detailed ablation studies that
further validate the mechanism of first-order supervision are provided in the following subsections.

Learning curves and policy rollout distributions of ||a||. We additionally present learning
curves and rollout distributions of ||a|| for several baseline policies and their first-order action
supervised variants, covering both imitation learning and offline RL settings. These results extend
the analysis in Figure 2 and Figure 3 to additional algorithms and tasks, and they consistently show
that adding our first-order supervision yields smoother learning curves and more concentrated |||
distributions, confirming that our scheme produces temporally consistent action evolution beyond the
cases highlighted in the main text.

Training time comparison. Table 7 compares the training time of each base algorithm against
its variant equipped with our first-order action supervision on hopper-medium-v2 (D4RL) and
cube-double (OGBench). Across all four policy parameterizations, integrating our scheme only
moderately increases the training time, indicating that our scheme is computationally efficient and
practical for real-world use. All algorithms are trained on a workstation equipped with an Intel Xeon
Platinum 8336C CPU @ 2.30 GHz and NVIDIA A100-SXM4-80GB GPUs, running Ubuntu 22.04.5
LTS 64-bit.

Table 7: Training time comparison between each base algorithm and its variant equipped with our first-order
action supervision. All runs use the same number of training steps and are conducted on a single GPU.

Det. Policy Sto. Policy (mean sup.) Sto. Policy (standard) Flow Policy
Task Category TD3+BC  TD3+BC+ours ReBRAC ReBRAC+ours IQL IQL+ours IFQL IFQL+ours
Training time (D4RL) 28 min 30 s 33min6s 25min 8 s 30 min 34 s 34min44s 39min56s 30min49s 35min52s

Training time (OGBench) 28 min 23 s 38 min 56 s 25min 11s 3l min54s 35min7s 42min5 s 32min0s 36 min51s

Generalizing to online RL. To evaluate the versatility of our approach beyond the offline setting,
we integrate both the first-order action supervision and the continuous-time HJB value regularization
into the standard SAC [77] algorithm, and evaluate on three MuJoCo benchmarks over 1M training
steps. We keep SAC’s original hyperparameters intact, and set A, = Ag = 0.1 for Hopper-v2 and
Walker2d-v2, and Ay = 0.01, Ao = 0.1 for HalfCheetah-v2.
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Table 8: Performance snapshots of SAC and SAC+Ours on online MuJoCo benchmarks over 1M training steps.
Results are averaged over 5 random seeds, with standard deviations reported after the & sign. Bold indicates the
better result at each snapshot.

Environment Method 100k 300k 500k 700k M
Hopper-v2 SAC 1767.1+1005.9 2399.1+1391.8 3076.8+405.9 3389.6+162.2 3530.4+32.6
SAC + Ours  2375.8+1036.4 3273.9+111.6 3226.4+101.1 3359.2+116.4 3531.8+33.2
HalfCheetah-v2 SAC 5659.2+676.4 8564.9+1699.7 9750.7+1228.6 10805.1+804.7 11557.44493.4
SAC + Ours  5790.9+553.5 8614.441423.9 9954.8+1126.3 10893.5+612.1 11858.2+414.1
Walker2d-v2 SAC 702.9+343.5 2413.7+1150.3 2989.8+1820.9 4291.2+950.5 4768.9+393.1

SAC + Ours 869.94310.3 3300.3+879.6  4141.44572.9 4805.8+184.5 4991.1+264.5
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Figure 7: Ablation study on value regularization Figure 8: Ablation study on value regularization
weight A\g and 1¥-order action supervision weight weight A\g and 1¥-order action supervision weight
Ae of TD3+BC. Aa of IQL

As reported in Table 8, incorporating our first-order supervision leads to noticeably faster convergence,
which is particularly evident at 300k steps, alongside reduced performance variance across seeds.
These results confirm that our lightweight, plug-and-play module generalizes effectively to the
online RL paradigm, improving sample efficiency and training stability without modifying the base
algorithm.

B.2 Additional Ablation Results

To verify that the benefits of our scheme are not specific to a single algorithmic instantiation, we
conduct ablation studies on TD3+BC (deterministic policy) and IQL (stochastic policy), evaluated
on the D4RL hopper-expert-v2 and walker2d-expert-v2 tasks under the 10k dataset setting.
We sweep one of the two weights over {0, 0.5, 1} while strictly setting the other to zero, so that the
contribution of each component can be attributed independently. All results are averaged over 5
random seeds.

As shown in Figures 7 and 8, both algorithms exhibit the same trend: increasing either the first-
order action supervision weight )\, or the value regularization weight Ag from O to 1 yields steady
performance gains. This confirms that the policy-side and value-side first-order regularizers are
robustly beneficial across both deterministic and stochastic policy classes.

To evaluate the action-dependent term omitted from Eq. (7), we compare Ours with an ablation

denoted as AK. AK adds %ﬁ;“’“)ak from Eq. (6) to the state-directional term, uses the same
objective as Eq. (7), replacing ,Cgow with

k k
EéK:HGU(k,s,a ),+5v(k,s,a )k o1 a2

§ at —a
Os Oak

Here ¢* = ka' on the linear interpolation path.
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Table 9: Performance on OGBench environments. Results are reported as mean + standard deviation. Bold
indicates the highest mean in each environment.

Environment (OGBENCH) IFQL  +Ours +AK (A, =0.5) +AK(\, =0.1) +AK(\,=1)
humanoidmaze-medium-navigate-singletask-task1-v0  69+19  71+16 73.2+7.0 51.2+32.4 67.6+7.1
humanoidmaze-medium-navigate-singletask-task4-v0 141 1+1 0.0+0.0 0.4+0.8 0.0+0.0
antsoccer-arena-navigate-singletask-task2-v0 75+3 83412 66.8+15.3 40.4+33.6 35.2420.4
antsoccer-arena-navigate-singletask-task4-v0 16+9 1648 13.6+9.6 20.4+20.8 6.4+7.3
cube-single-play-singletask-task2-v0 73+3 10041 90.0+7.0 27.2+33.5 94.0+2.8
cube-single-play-singletask-task4-vO 79+6  88+16 93.6+2.3 26.8+34.2 92.0+4.0
cube-double-play-singletask-task 1-vO 35t9  T6+s 23.6+7.5 29.6+5.6 25.6+10.8
cube-double-play-singletask-task4-v0 1+1 12+10 1.2+1.0 1.2x1.0 1.2+1.0
puzzle-4x4-play-singletask-task2-v0 4+4 1219 2.8+5.6 0.0+0.0 8.4+4.3
puzzle-4x4-play-singletask-task3-v0 50+14 84+1e 5.6+10.2 0.0+0.0 37.2+7.8

Table 10: Computational cost and GPU memory usage of Ours and AK. Additional overhead is measured relative
to Ours.

Metric Ours AK Additional overhead
Computational cost (per update) 2.498 GFLOPs 4.978 GFLOPs  +2.480 GFLOPs (+99.3%)
GPU memory 1.141 GiB 1.266 GiB +0.125 GiB (+11.0%)

Overall, Table 9 shows that Ours performs more consistently across OGBench environments. It
matches or improves upon IFQL on every task and generally outperforms AK across the tested
values of \,. Although AK benefits a few tasks, it produces substantial drops on others, particularly
cube-double and puzzle-4x4. Thus, including the action-dependent term does not yield a reliable
performance benefit.

Table 10 further shows that AK nearly doubles computation per update (+99.3%) and increases GPU
memory usage by 11.0% relative to Ours. Together, these results support our empirical choice of the
state-directional approximation.

C Derivation of the Higher-Order Supervision

This section provides the derivations of the higher-order policy as demonstrated in section 3. Specif-
ically, Appendix C.1 derives the action differential for stochastic Gaussian policies, while Ap-
pendix C.2 derives the time derivative of the generated action for flow-based policies.

C.1 First-Order Stochastic Gaussian Policies Derivation in Eq. (3)

Consider the Gaussian policy with diagonal covariance
m(als) = N (a; (), diag(0?(s))) , (13)

where a, 11(s), o (s) € R, and 0%(s) denotes the element-wise variance. We use o (s) to denote the
element-wise standard deviation, i.e., the element-wise square root of the variance output.

We represent the stochastic component of the sampled action by
a=pu(s)+o(s)© Xy, (14)

where © denotes element-wise multiplication, and X; € R is assumed to follow the stationary
vector OU process [68]

dX, = =AX,dt +V2XdW,,  Xo ~N(0,1). 3

Here 17, is a d-dimensional standard Wiener process. By stationarity, X; ~ N(0, I) for all ¢. Under
the diagonal covariance assumption, the stochastic perturbation is applied independently across action
dimensions. Therefore,

a=pu(s)+o(s) ® Xy, Xy ~N(0,I) = a~N(u(s),diag(c?(s))).
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We condition on (s, $) and treat s = s(t) i.e., ds = $dt as a differentiable trajectory. For notational
simplicity, we omit the explicit dependence of s on ¢. Define

F(t,X,) = p(s) +o(s) © Xy, a=F(t X,).
For each action dimension 7, define
a; = Fi(t,Xt) = Ni(s) + O'i(S)Xt7Z'. (16)

Since X is a vector Itd process, applying the multi-dimensional Itd formula [69] to F; (¢, X;) and
substituting the OU dynamics of X; gives,

da; = 3;;1' FVXEX)T (CAX,) + %Tr ((\/ﬁI)THXFi(t, Xt)(\/ﬁl)) ] dt

+ Vx Fi(t, X;) "V2XI dW,

"OF,
— a@t ~ AVxFi(t, X)) " X + A Tr (Hx Fi(t, Xt))] dt
+V2AVxFi(t, Xy) T dW,. (17)
From Eq. (16), F; is linear with respect to X;.
HxF;(t,X:) =0. (18)
Moreover,
oF;, . .
T f1i(8) + 7i(8) X i, VxFi(t, Xy) = oi(s)ei, (19)

where e; is the i-th standard basis vector. Substituting these identities into the previous expression
gives

da; = [f1i(s) + (64(s) — Aoi(s)) Xp.i] At + V2X 0(s)dW, ;. (20)
Stacking all action dimensions yields
da = [fu(s) + (6(s) — Aa(s)) ® X ] dt + V2Xa(s) © dW. 1)
Using Eq. (14), we obtain
X = (a—u(s)) @o(s), (22)
where © denotes element-wise division. Hence
da = [ju(s) + (6(s) — Ao (s)) @ ((a — p(s)) @ o(s))] dt + V2X o (s) © AW, (23)

Since the infinitesimal Wiener increment satisfies dW; ~ N(0, Idt), Eq. (23) implies that the
infinitesimal action increment conditioned on (s, a, $) follows

da ~ N ([iz(s) + (6(s) — Ao (s)) ® ((a — p(s)) @ o(s))] dt, 2Xdiag(c?(s))dt) . (24)

As mentioned in Section 3.1, in our discrete-time implementation, we use the finite-difference
approximation & =~ (a’ — a)/At with At = 1. Under this unit-step finite-difference approximation,
the induced first-order policy distribution over the action derivative is

w(als,a,3) = N(a; fu(s) + (6(s) — Aa(s)) © ((a — pu(s)) @ a(s)), 2xdiag(o?(s))) . (25)
C.2 First-Order Flow Policies Derivation in Eq. (6)

Given the state s and initial noise sample a°, the generated action is obtained by solving

da” _
% =v(k,s,a"), a"=0 =40, (26)
and taking a! = 7(s),
1
al =a° +/ v(k, s, a") dk. 27
0
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Assuming sufficient smoothness, differentiating o' with respect to physical time ¢ and applying the
Leibniz integral rule gives

1

d
21 _ -0 k
a =a + i ), v(k,s,a”)dk

1
d
=q° —|—/ —u(k, s,a") dk. (28)

Since v(k, s, a"”) depends on ¢ through both s and a*, the chain rule gives
d oy ov(k,s,a®) . Ov(k,s,a*)
Ev(k‘,s,a )= s s+ Sk

Conditioning on the sampled noise a” when taking the physical-time derivative gives @° = 0.
Combining Egs. (28) and (29) yields

(29)

1 1 k k
. . ov(k,s,a”) .  oOv(k,s,a”),
1 k 9y 99y Lk
= k dk = dk. 30
a /0 0(k,s,a") /0 ( Ep 5+ Fra (30)
We consider the linear interpolation path used in flow matching,
a* =1 -k)a®+ka', Ekelo,1]. (31)
Taking its physical-time derivative while holding a° fixed gives
a* = (1 - k)a® + ka' = ka'. (32)
Equation (30) therefore takes the following form along this path,
1 k k
i ov(k,s,a") . ov(k,s,a") .
1 ES) ) 1
= k dk. 33
“ /0 ( Os ot aak (33)

As in the zeroth-order action generation process in Eq. (27), the first-order action is obtained by
integrating a vector field over flow time k. For the linear path, the sample-wise flow-matching target
is 44- = q! — a". Taking its physical-time derivative while holding a° fixed gives 4 (a' — a”) = a'.
Thus, &' = a’ — a' provides a pointwise target for ©(k, s, a*). The shared integral structure motivates
supervising this first-order field in a flow-matching manner.

Based on the computational cost and performance results in Appendix B.2, we approximate ©(k, s, a”)

*
by %é. Accordingly, Eq. (7) supervises this approximation at sampled values of k; the integral
describes action generation rather than the training loss.

D Theoretical Analysis

We first introduce the formal notation, assumptions, and auxiliary lemmas used in the analysis. Then
we provide the proofs of Theorems | and 2.

D.1 Notation

We briefly recap the formal notation used in Section 3.3, with the time dependence made explicit
for the analysis below. Let 7 and 7* denote the learned and expert policies, and let s(¢) and s*(¢)
denote their corresponding trajectories. The closed-loop dynamics are $(t) = f(s(t), m(s(t))) and
§*(t) = f(s*(t),7*(s*(t))). The policy error and state deviation are denoted by e(s) = 7(s) —7*(s)
and 6(t) = s(t) — s*(t), respectively. For each time ¢, define T'(t) = {s*(t) + 7(s(t) — s*(t)) : 7 €

[0,1]}.
D.2 Assumptions
Assumption 1 (Domain and regularity). There exists a convex compact set Q C R? such that

s(t), s*(t) € Q for all t under consideration. The policies m and * are continuously differentiable
on ), and the policy error e admits the Jacobian V e on ().
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Assumption 2 (Lipschitz dynamics). For any s1,s9 € €2 and any a € R™, the dynamics f is
Lipschitz continuous in the state variable with constant Ly, i.e.,

[f(s1,0) = f(s2,a)|| < Lsls1 = s2]l.

For any s € Q and any a1, ay € R™, the dynamics f is Lipschitz continuous in the action variable
with constant L, i.e.,

[f(s,a1) = f(s,a2)|| < Lallar — az]|.

Assumption 3 (Lipschitz expert policy). The expert policy 7* is Lipschitz continuous with constant
L.« onf, ie., forany s1,s2 € €,

[7%(s1) = 7" (s2)[| < L

s1 — S|

Assumption 4 (Bounded Ve). For all t under consideration, the Jacobian of the policy error is
bounded on T'(t) by L. That is, for any z € T(t),

IVse(2)]| < Le.
D.3 Auxiliary Lemmas

Lemma 1. Under Assumption 1, for any s1, so € Q, letting A = s1 — so and (1) = s2 + TA for
T € [0, 1], we have

1
e(s1) —e(s2) = / Vse(v(r)) Adr.
0
Consequently, for any time t, along the segment T'(t), we have

le(s@)Il < lle(s™ ()] + sup, IVse(2)| [ls(t) = s™ ()]l

Proof. Fix s1,s2 € 2, and define A = s1 — so and v(7) = so + 7A. By Assumption 1, v(7) € Q
forall 7 € [0,1]. Let g(7) = e(y(7)). Since e is continuously differentiable by Assumption 1, the
chain rule gives

g'(r) = Vse(v(1)) A.
By the fundamental theorem of calculus,

1 1
e(s1) — e(s2) = 9(1) — g(0) = / J(r)dr = / Vee(y(r) Adr.

Now take s1 = s(t) and so = s*(t). By the definitions of §(¢) and T'(t), we have A = §(t) and
~(7) € T(t). Therefore,

e(s(t)) —e(s™(t)) =/0 Vse(y(7))0(t) dr.
Taking norms yields
lle(s(ENIl < [le(s™ @)l +/O IVse(y(7)) 6(8)| dr
< [le(s™ @)l +/O IVse(y(m) [16(2) ] dr
< lle(s" @)l + sup [[Vse(2)ll l6@)]-
z€T(t)
Using 6(t) = s(t) — s*(t), we obtain

le(s@)I < lle(s™ ()l + sup [[Vse(2)] [Is(t) — s™(#)]].

z€T(t)

This completes the proof. O
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Lemma 2 (Gronwall’s lemma). [78] Let T' € (0, c0). Assume w is absolutely continuous on [0,T")
and satisfies the differential inequality

u(t) < a(t) u(t) + b(t), forae t € (0,T),
for some a,b € L1(0,T). Then u satisfies the pointwise estimate

t
u(t) < AOu(0) + [ 4(s) A0 A ds vee o),
0

where we define
t
At) = / a(s) ds.
0

This is the differential form of Gronwall’s inequality, see Proposition 2.2 of [78] for a proof.
D.4 Proof of Theorem 1

Theorem 1. Under Assumption I, the expert-trajectory policy error e(s*(t)) satisfies:

lle(s™ DI < lle(s™(ODI + ¢ max.

V(s ()8 () = (5 (0)|

Proof. Recall the definition of the expert-trajectory policy error:

e(s™(t)) = 7w (s™(t)) — 7" (s7(t)).
Define the expert action derivative along the expert trajectory as

w(s7(t) = %ﬂ*(S*(t)) = Ve (s7()) 87 (1)

By Assumption | and the chain rule, the time derivative of the expert-trajectory policy error is

d * o * .k < kK
Srels (1) = V(57 (1) 8°(8) — (" (1)

Integrating over time yields:

Taking norms:

Jets* @) < e(s* Ol + [ [Vt 8°67) = ()
Therefore,
Je(s DI = lels" O] + ¢ s |[¥.r(s()8°(5) = #°(6°() |
This completes the proof. O

D.5 Proof of Theorem 2

Theorem 2. Under Assumptions 14, for 6(0) = 0, the state deviation 6(t) = s(t) — s*(t) satisfies

L

o)) < Fa(eﬁt - 1) lle(s*(7))||, where B =Ls+ LoLy++ LoLe.

max
0<7<t
Proof. From Lemma | and Assumption 4, we have:

le(s@)I < lle(s™ ()] + Lells(t) = s™(B)]]- (34)
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The time derivative of the state deviation is:

o) = f(s(t), m(s(t))) — f(s™ (1), 7" (s*(¢)))

By Assumptions 2 and 3, we have

16 = 1If(s(8), m(s(£))) = F(s™(8), 7™ (s" (D))
< F(s(2), w(s(2))) = f(s(), 7™ (s + 1 (s(2), 77 (s(2))) = f(s™(£), 7" (s (D)) |
< Lallm(s(t)) = 7" (s@))]| + [ (s(8), 7 (s(2))) = f (7 (@), 7" (s(£)))
+ (7 (@), 77 (s(2))) = f(s™ (&), 7" (s* (D))l
< Lalle(s@)]l + Lslls(t) = s* (O] + Lal[7*(s(t)) — 7" (s* (1))
< Lalle(s@)Il + Lsllo@)| + LaLa-[6(2)]]
= Lalle(s)]| + (Ls + LaLz- ) [6(t)]-

Using the bound in Eq. (34), we get:

18] < Lalle(s™ ) + (Ls + LaLa- + LaLe) [15(2)]]-
Let3=Ls+ LyL,+ + LyL,. Then:

1)1 < BISE + Lalle(s* ().

Let u(t) = ||0(t)||. Under Assumptions | and 2, the trajectories s(¢) and s*(t) are absolutely
continuous. Hence, 6(t) = s(t) — s*(t) is absolutely continuous. Since the norm is Lipschitz
continuous, u(t) is also absolutely continuous. Moreover, for almost all ¢ € (0,7'), we have

a(t) < ().
Therefore,
W(t) < Bu(t) + Lolle(s™ ()], forae. t € (0,7). (35)
For Eq. (35), applying Lemma 2 with a(t) = 8 and b(t) = L,||e(s*(t))]| yields

t
561 < e”[16(0)]| +La/0 P le(s™ (7)) dr.
This can be further bounded as:

0<r<t

l6) < e”[l6(0)]] + %(e’” —1) max [le(s"())[l

Assuming 6(0) = 0, we get:

oI < &(eﬁt —1) max [le(s"(r))[l

B 0<r<t

This completes the proof. O

E Experimental Details

We evaluate our method on two widely used offline RL benchmarks: OGBench [28] and D4RL [29].
OGBench provides high-dimensional, long-horizon, and structurally diverse tasks that go well beyond
standard locomotion, while D4RL offers a well-established testbed of MuJoCo locomotion tasks
with datasets of varying behavioral quality. Together, they cover a broad spectrum of state and action
dimensionalities, task structures, and dataset qualities, providing a comprehensive evaluation of our
scheme. All methods are trained on the offline datasets only, with no online interaction.
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E.1 Benchmarks and Tasks

OGBench. Since OGBench was originally designed for goal-conditioned RL, we adopt its reward-
based single-task variants (denoted by the -singletask suffix) to benchmark standard reward-
maximizing offline RL methods. In total, we evaluate on 50 state-based tasks drawn from 10 envi-
ronments (5 tasks per environment), covering long-horizon locomotion (antmaze, humanoidmaze),
object interaction (antsoccer), and robotic manipulation (cube, scene, puzzle), where scene ad-
ditionally requires long-horizon multi-object manipulation and puzzle involves more combinatorial
reasoning.

These tasks pose substantial challenges in high-dimensional continuous control, with state dimen-
sions ranging from 28 to 83 and action dimensions from 5 to 21. For instance, humanoidmaze
has a 69-dimensional state space and a 21-dimensional action space, while cube-double, scene,
and puzzle-4x4 have 37-, 40-, and 83-dimensional state spaces, respectively. We use the standard
reward-based datasets provided by OGBench, which are highly suboptimal as they aggregate trajecto-
ries from policies performing diverse random tasks (e.g., reaching different goals or manipulating
different objects). This makes it particularly difficult for offline RL methods to extract task-relevant
behaviors from such heterogeneous data.

D4RL. We further evaluate our method on the MuJoCo locomotion tasks from D4RL, in-
cluding halfcheetah, hopper, and walker2d, with the standard medium, medium-replay,
medium-expert, and expert dataset types collected from behavior policies of varying quality.
The full-size datasets contain about 1M transitions for the medium and expert settings, 2M tran-
sitions for medium-expert, and around 200k—400k transitions for medium-replay. Beyond the
standard full-data setting, we additionally consider a small-dataset setting to study the data efficiency
of our scheme. Specifically, for each task we first split the original dataset into individual trajectories,
and then sample a small set of complete trajectories until the accumulated transitions reach 10k,
rather than randomly sampling individual transitions. This trajectory-level sampling preserves the
temporal continuity and dynamical consistency of the original demonstrations, which is essential for
our first-order action supervision since it relies on consecutive transitions (s, s, a,a’) to compute
the local state and action derivatives ($, a). To ensure a fair comparison, all methods use the same
subsampled dataset under the same random seed.

E.2 Methods and Hyperparameters

We instantiate our first-order action supervision on four representative offline RL algorithms covering
deterministic, stochastic, and flow-based policies: TD3+BC [34], ReBRAC [73], IQL [38], and
IFQL [54]. For a fair comparison, all algorithms are implemented on top of the FQL [54] codebase
and share the same network architectures and default hyperparameters unless otherwise specified. For
OGBench tasks, we follow the hyperparameter settings reported in FQL [54] for ReBRAC, IQL, and
IFQL. After integrating our scheme, we keep all baseline-specific hyperparameters unchanged, and
only specify the two additional weights Ag (the value-side regularization weight) and A, (the policy-
side first-order supervision weight) introduced by our scheme. The basic shared hyperparameters are
summarized in Table 11.

TD3+BC. We re-implement TD3+BC on top of the FQL [54] codebase. On OGBench, we sweep the
Q-value scaling coefficient v over {1, 3, 10, 30, 100, 300} and select the best value per environment.
Intuitively, a smaller « is preferable in complex environments where the Q-function is hard to learn
reliably, while a larger o works better on simpler ones where the learned Q-function offers stronger
policy improvement signals. We also observe Q-learning instability on several challenging OGBench
tasks, and apply layer normalization to the Q-network to mitigate this issue. On D4RL, we follow the
hyperparameter settings of the original TD3+BC paper [34], and use the default values for all other
hyperparameters (e.g., noise standard deviation, noise clipping threshold). For our scheme, we set
Ag = 0.1 on all OGBench tasks, A\; = 1.0 on antmaze and \; = 0.1 on all other OGBench tasks;
on D4RL, we set A\g = 0.1 and A\, = 1.0.

ReBRAC. We follow the hyperparameter settings reported in the original ReBRAC paper [73] on
DA4RL, including the actor and critic BC coefficients («a,, c..). For our scheme, we set Ag = 0.1 on
all OGBench tasks, A\; = 1.0 o, on antmaze, humanoidmaze, and antsoccer, and \;, = 0.1 o,
on cube, scene, and puzzle; on D4RL, we set A\g = 0.1 and Ay = 1.0 ag.
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IQL. We follow the hyperparameter settings reported in the original IQL paper [38] on D4RL,
including the expectile value and the AWR inverse temperature. For our scheme on OGBench, we
set A9 = 0.5 on scene and A\g = 0.1 on all other tasks, and A; = 1.0 on antmaze and scene and
A¢ = 0.1 on all other tasks; on D4RL, we set Ag = 0.1 and A, = 1.0.

IFQL. For IFQL, we use N = 32 action samples on D4RL tasks, and follow all other settings from
FQL [54]. For our scheme, we set Ao = 1.0 and A4 = 1.0 on all OGBench and D4RL tasks.

Table 11: Shared hyperparameters used across all four offline RL algorithms.

Hyperparameter Value

Learning rate 3x 1074

Optimizer Adam [79]

Gradient steps 1,000,000

Minibatch size 256

MLP dimensions [512, 512,512, 512] (default); [256, 256, 256, 256] (IQL)

Nonlinearity GELU [80]

Target network smoothing coefficient ~ 0.005

Discount factor ~y 0.99 (default); 0.995 (antmaze-giant, humanoidmaze,
antsoccer)

Temporal correlation coefficient A 1.0

F Broader Impact

Modern learning-based decision-making methods, such as imitation learning (IL) and reinforcement
learning (RL), often suffer from control instability and poor robustness when deployed in real-world
systems, due to their sole reliance on zeroth-order action supervision. To address this, we propose
a lightweight and plug-and-play learning scheme that simultaneously supervises zeroth- and first-
order actions, transforming any standard policy model into a more powerful policy class without
structural modifications. Our method substantially improves action smoothness, control stability, and
out-of-distribution generalization, especially in challenging low-data regimes, making it well-suited
for safety-critical domains such as robotics, drone control, and autonomous driving, where high-
frequency action fluctuations can cause mechanical wear, energy waste, and safety risks. By bridging
classical control principles with modern policy learning, our work offers a promising pathway toward
more reliable and deployable learning-based controllers. A potential limitation is that, like other
offline methods, the learned policy may still inherit unsafe or suboptimal behaviors present in the
historical dataset.
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