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DiffOG: Differentiable Policy Trajectory
Optimization with Generalizability

Zhengtong Xu, Zichen Miao, Qiang Qiu, Zhe Zhang, Yu She∗

Abstract—Imitation learning-based visuomotor policies excel
at manipulation tasks but often produce suboptimal action
trajectories compared to model-based methods. Directly map-
ping camera data to actions via neural networks can result in
jerky motions and difficulties in meeting critical constraints,
compromising safety and robustness in real-world deployment.
For tasks that require high robustness or strict adherence to
constraints, ensuring trajectory quality is crucial. However, the
lack of interpretability in neural networks makes it challenging
to generate constraint-compliant actions in a controlled manner.
This paper introduces differentiable policy trajectory optimiza-
tion with generalizability (DiffOG), a learning-based trajectory
optimization framework designed to enhance visuomotor poli-
cies. By leveraging the proposed differentiable formulation of
trajectory optimization with transformer, DiffOG seamlessly
integrates policies with a generalizable optimization layer.
Visuomotor policies enhanced by DiffOG generate smoother,
constraint-compliant action trajectories in a more interpretable
way. DiffOG exhibits strong generalization capabilities and
high flexibility. We evaluated DiffOG across 11 simulated tasks
and 2 real-world tasks. The results demonstrate that DiffOG
significantly enhances the trajectory quality of visuomotor
policies while having minimal impact on policy performance,
outperforming trajectory processing baselines such as greedy
constraint clipping and penalty-based trajectory optimization.
Furthermore, DiffOG achieves superior performance compared
to existing constrained visuomotor policy.

I. INTRODUCTION

Imitation learning [15] has emerged as a popular paradigm
for endowing robots with complex manipulation skills by
leveraging human demonstrations. By formulating a super-
vised learning problem that maps sensor observations di-
rectly to actions via neural networks, imitation learning-
based visuomotor policies have demonstrated effectiveness
across a broad spectrum of tasks [5, 6, 8, 21, 35]. Yet,
these learned policies often exhibit notable limitations when
applied to real-world settings, where safety, robustness, and
strict constraint satisfaction are paramount. In contrast to
classical model-based trajectory optimization methods which
explicitly account for motion constraints and can ensure
smooth and reliable trajectories [19], imitation learning ap-
proaches may produce suboptimal or jerky actions. Such
trajectories can reduce the robustness of the whole robotic
systems and raise critical safety concerns.

Meanwhile, various challenges in imitation learning, such
as the representation of multi-modal action distributions
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Fig. 1: We introduce differentiable policy trajectory optimization with gen-
eralizability (DiffOG). Visuomotor policies enhanced by DiffOG generate
smoother, constraint-compliant action trajectories in a more interpretable
way. DiffOG introduces a novel transformer-based differentiable trajectory
optimization framework tailored for action refinement in imitation learning.

[5, 9] and training large, generalized policies on extensive
datasets [3, 13, 14], have been the focus of ongoing re-
search. Despite these advancements, ensuring the generation
of high-quality and constraint-compliant trajectories for neu-
ral network-based policies remains a significant and open
challenge. Unlike traditional model-based motion generation
methods, learning-based approaches tend to be less con-
trolled and more difficult to interpret. For instance, learning-
based policies lack mechanisms to directly control trajectory
smoothness or impose motion constraints through tunable
parameters.

Instead, current approaches to improve trajectory quality
are mainly based on post-hoc processing, such as applying
trajectory optimization methods to refine the outputs of the
learned policy. However, because constraints or smoothness
objectives are not inherently considered during the policy
training process, these adjustments can result in trajectories
that deviate from those in the demonstration dataset. This
misalignment can ultimately degrade the policy’s perfor-
mance. This often makes such post-hoc processing methods
difficult to generalize across a wide range of tasks, particu-
larly in scenarios involving high-dimensional action spaces,
such as dual-arm manipulation, or long-horizon tasks with
complex and highly varied trajectories.

In this paper, we introduce differentiable policy trajectory
optimization with generalizability (DiffOG), a generaliz-
able framework that seamlessly integrates transformer-based
trajectory optimization with imitation learning to produce
smooth, constraint-compliant action trajectories for robotic
manipulation, as shown in Fig. 1.

The core contributions of DiffOG can be summarized as
follows:

1. We propose a differentiable trajectory optimization
framework designed to refine the actions generated by robot
policies. The optimized trajectories are capable of accom-
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plishing the demonstrated tasks while satisfying hard con-
straints and exhibiting improved smoothness. Built upon a
supervised learning paradigm, this framework offers high
flexibility and generalizes well across diverse tasks and
policy architectures. Compared to traditional approaches that
enforce constraints through post-hoc processing, which often
lead to actions deviating from the demonstration distribution,
our method improves trajectory quality while maintaining
alignment with the demonstrated behavior, thereby better
preserving policy performance.

2. We integrate a transformer-based trajectory encoder into
the proposed differentiable trajectory optimization frame-
work, which substantially enhances its representational ca-
pacity. This design allows DiffOG to adapt trajectory op-
timization to the specific characteristics of diverse tasks,
including long-horizon dual-arm manipulation, with strong
generalization ability. Furthermore, through a series of
deliberate design choices and theoretical analyses, our
transformer-based differentiable optimization layer aligns
with interpretable theoretical principles while ensuring fea-
sibility and stable training. By combining model-based for-
mulations with neural networks, this approach fully exploits
differentiability to improve both the effectiveness and flexi-
bility of DiffOG.

3. Through rigorous analysis, we establish the inter-
pretability of DiffOG under this training paradigm and elu-
cidate the underlying principles that guide its operation.
Extensive validation in both simulation and real-world set-
tings demonstrates the broad effectiveness of DiffOG, as
well as the flexibility and generalization capabilities of its
transformer-based trajectory optimization. Overall, DiffOG
provides a practical and scalable example of integrating
visual policies with a rigorous and interpretable optimization
layer.

We evaluated DiffOG across 11 simulated tasks and
2 real-world tasks. The results demonstrate that DiffOG
significantly enhances the trajectory quality of visuomotor
policies with generalizability while having minimal impact
on policy performance, outperforming trajectory processing
baselines such as constraint clipping and penalty-based tra-
jectory optimization. Furthermore, DiffOG achieves superior
performance compared to existing constrained visuomotor
policy [32].

II. METHOD

In this section, the details of the DiffOG will be introduced.

A. Action Space Assumption

We first analyze the action space to introduce the trajectory
formulation of the actions generated by visuomotor policies.

The datasets used in imitation learning adhere to the format
of
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where o represents the observations of the robot, such as
images of the cameras with different views and robot states,
and a 2 RDa represents the demonstrated action aligned with

the observation o. Nd is the total number of demonstrated
trajectories, T is the total length of a trajectory, and Da is
the dimension of action a.

Action can be categorized into two types: discrete actions,
such as controlling grasping and releasing using discrete
values [12], and continuous actions, such as the motion of
the robot. Discrete actions, by their nature, cannot form a
continuous trajectory and therefore do not require trajectory
optimization. To address this distinction, we introduce a
selection matrix S 2 RDc�Da that identifies the action
dimensions to be considered for trajectory optimization.
Specifically, S is used to select: 1) degrees of freedoms
(DOFs) that are inherently continuous and capable of forming
a trajectory, and 2) DOFs that require trajectory optimization
in practical applications. The resulting filtered action variable
is expressed as c = Sa 2 RDc . In this paper, we filter out
the grasping action using S, as grasping typically does not
require trajectory motion constraints and optimization.

Recently, considerable papers demonstrate that using the
training objective of predicting a sequence of actions results
in a more effective policy compared to predicting a single
action [5, 9, 35]. Therefore, at time step t, the action sequence
output of policies adhere to the format of
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where Tp is the length of the predicted action sequence and
at is a sequence of actions a. Apply the selection matrix
S 2 RDc�Da to at, we have
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where S = blkdiag (S; : : : ; S) 2 RTpDc�TpDa is a sequence
of the selection matrix S and ct is a sequence of filtered
actions c.

In discrete trajectory form (2), the time derivative of ct is
expressed as
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Assumption 1. The proposed method assumes that the
discrete-time derivative dct

dt in (3) represents decoupled ex-
plicit accelerations or velocities.

Specifically, among commonly used action spaces for robot
policies, Assumption 1 holds under the following conditions:

1. The action space consists of joint angles, where the
derivative corresponds to joint velocities. This type of action
space is commonly used in systems that collect data through
leader-follower arms, such as ALOHA [35] and GELLO [28].
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2. The action space consists of the robot end-effector linear
position in xyz, where the derivative corresponds to linear
velocity. This action space is used in the push-T task in [5]
and the Meta-World benchmark [33].

Another widely adopted policy action space is
[vx; vy; vz; _rx; _ry; _rz]

T 2 R6; where vxyz = [vx; vy; vz]
T

denotes the translational velocity, and _r = [ _rx; _ry; _rz]
T

is the time derivative of the axis–angle rotation vector
[12, 26, 32, 36]. Taking the time derivative gives
[ _vx; _vy; _vz; �rx; �ry; �rz]

T: The first three elements are
explicit linear accelerations, whereas the last three are
axis-angle second derivatives, not the physical angular
acceleration _ω. Therefore, this type of action space is
not covered by Assumption 1. However, we will show in
experiments that under this type of action representation,
constraints on the action derivative can still effectively
regulate the robot’s physical motion.

B. Overview

As shown in Fig. 2, DiffOG leverages the differentiability
of the optimization problem to directly learn a trajectory
optimizer within a supervised learning framework. This tra-
jectory optimizer is designed to balance objectives including
constraint satisfaction, smoothness, and fidelity to the dataset,
such that the resulting actions remain within the demonstrated
distribution. Moreover, by incorporating transformer into
the differentiable optimization layer, DiffOG significantly
enhances both the generalization ability and representational
power of trajectory optimization, making it applicable to a
wide range of tasks, including long-horizon manipulation
tasks with high-dimensional action spaces.

C. Differentiable Trajectory Optimization

In this section, we introduce the formulation of the dif-
ferentiable trajectory optimization problem, which is the
optimization process that converts an unoptimized action
trajectory to the optimized action trajectory. We first define
the optimized trajectory output by DiffOG as:

yt =
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âT
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The definition of yt follows (1) and â here simply represents
optimized actions. Similarly, from equations (2) and (3), the
following equations of yt can be derived
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dĉt
dt

= AdiffSyt: (5)

Based on all notations we defined, we can write the
following optimization problem which take at as input and
outputs the optimized y?t

y?t =argmin
yt

1

2
yT
t Qyt + aT
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2
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dt

)T dĉt
dt
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subject to dmin�t � ĉt+k+1 � ĉt+k � dmax�t; (7)
k = 0; 1; : : : ; Tp � 2:

In the optimization problem (6), Q is a weight matrix, �
is a scalar, and dmax; dmin are constraint bounds for the
derivatives of the robot actions. Intuitively, � reflects the
degree to which the trajectory smoothness is emphasized.
When the sum of the derivatives of the robot actions ĉt
in the generated trajectory yt is large, it indicates that the
trajectory is less smooth. For instance, excessive acceleration
or velocity contributes to an increase in the cost function.
Therefore, we call � as smoothing weight. Optimization
problem (6) aims to solve for an action trajectory that satisfies
the constraints on action derivatives while achieving greater
smoothness, making it a trajectory optimization problem. Q
also has a intuitive theoretical interpretation, which will be
elaborated in detail in Section V-C. In Section V-C, we will
delve deeper into the trajectory optimization objectives by
incorporating learning-based perspectives.

The optimization problem (6) is a quadratic program,
which is a class of optimization problems. In DiffOG, we
instantiate this class by proposing a specific, learnable trajec-
tory optimization formulation tailored for imitation learning.

D. Parameterize Q with Transformer

So far, both the differentiability discussed in Remark 2
and the derivation of the interpretable learning objectives
in Remark 3 require Q to be symmetric positive definite.
This section will introduce our method for constructing a
symmetric positive definite Q.

Q is the learnable linear transformation. Since actions
are highly diverse after sampling from dataset D, differ-
ent action samples at may require distinct Q matrices to
construct the trajectory optimization problem, ensuring an
optimal balance of the three interpretable learning objectives
described in Remark 3 under the presence of smoothing terms
and constraints. When the task is long-horizon, complex, and
involves a high number of robot DOFs, Q needs to be more
generalizable.

Thanks to the well-posed properties, namely feasibility and
differentiability, of our proposed trajectory optimization for-
mulation, we are able to incorporate a transformer module to
significantly enhance its capacity through a series of careful
design choices. This enhancement enables the optimization
process to generalize to a wider range of more complex
tasks, while preserving interpretability (see Remark 3) and
maintaining feasibility and training stability (see Remark 1).
We use a transformer encoder E� to construct a symmetric
positive definite Q, as detailed in Algorithm 1 and Fig. 1. The
encoder used in Algorithm 1 which computes the embedding
et = E�(at) is shown in Fig. 3. In Algorithm 1, steps
3)–5) construct a lower triangular matrix with positive diag-
onal entries from the embedding output by the transformer.
Additionally, the use of clamping prevents value explosion
caused by the exponential operation. Based on Cholesky
factorization, Step 6) results in a symmetric positive definite
Q. Step 7) further reinforces the symmetry of Q to mitigate
the impact of minor numerical errors introduced during com-
putation, ensuring the desired properties of Q are preserved.
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Fig. 2: High-level Overview of training and inference of DiffOG. A detailed illustration of DiffOG (red block) can be found in Fig. 1.

Fig. 3: Pipeline of the transformer encoder.

Algorithm 1 Constructing a symmetric positive de�nite
matrix Q from at

Input: at 2 RTp D a , small constant� > 0.
Output: Q 2 RTp D a � Tp D a

1) et  Encoder(at )
2) L  et :reshape(TpDa ; TpDa)
3) for each diagonal entry L ii :

L ii  exp(L ii ) + �

4) L  clamp(L ) nn prevent numerical explosion
5) L  tril( L ) nn set upper-triangular elements to zero
6) Q  LL T + � I
7) Q  1

2 (Q + QT ) nn enhance symmetry

In practice, we clamp the values to the range [-10, 10]. For
the small constant� , we use1 � 10� 4.

By Remark 2, we know that optimization problem (6) is
differentiable, andr Q y ?

t can be computed. The operations
in Algorithm 1 are also differentiable. Thenr � Q can be
computed. Therefore, based on the chain rule, DiffOG can
be fully trained in an end-to-end manner. For quadratic
programming solver, we utilize qpth [1], which enables
batch-form quadratic programming computation along with
ef�cient backpropagation.

III. E XPERIMENTS

We validated DiffOG on 13 different tasks as shown in
Fig. 4. Experiments involve two base policies, Diffusion
Policy and 3D Diffusion Policy (DP3), along with a com-
prehensive comparison of trajectory processing baselines,
including constraint clipping and penalty-based optimization.
Additionally, we compare DiffOG with the constrained vi-
suomotor policy [32]. We also conduct ablation studies on
DiffOG.

For the hyperparameters of Diffusion Policy and DP3, we
use the default parameters provided in their respective works
[5, 34]. DiffOG, penalty-based optimization, and constraint
clipping use same constraints and same base policy, either
DP3 or Diffusion Policy, depending on the type of camera in-
put used for the task. For details on the parameters of DiffOG
and trajectory processing baselines, as well as information on
the datasets, please refer to Appendix.

We divide the results of our experiments into four sec-
tions for presentation. The detailed results can be found in
Appendix (Section VII).

Benchmark with Baselines Across Tasks: We demon-
strate how DiffOG optimizes the trajectories generated by
Diffusion Policy and DP3 across 13 tasks. Additionally, we
compare its performance with baseline methods, including
constraint clipping and penalty-based trajectory optimization.

Ablation Study on Adjustability of Trajectory : We show
how adjusting the smoothing weight and constraint bounds
allows us to control the properties of the optimized actions
produced by DiffOG. This section further demonstrates the
interpretability of DiffOG.

Ablation Study on Static Q, Matrix Learning, and
Transformer: Through experiments, we demonstrate the
signi�cance of the transformer-based design in DiffOG by
comparing it with staticQ and matrix-learning-basedQ com-
ponents. The results emphasize that the transformer architec-
ture plays a crucial role in achieving superior performance.
Speci�cally, it enables DiffOG to fully leverage differen-
tiability, effectively balance trajectory optimization learning
objectives, and maintain high �delity to demonstration data
trajectories.

Comparison with a Constrained Visuomotor Policy:
We present comparative experiments between DiffOG and
an constrained visuomotor policy Leto [32], showing that
DiffOG achieve superior performance.
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APPENDIX

IV. RELATED WORK

A. Supervised Policy Learning

Supervised policy learning entails training a policy us-
ing supervised learning techniques on a dataset of pre-
collected demonstrations [15]. Recent advancements in ma-
chine learning algorithms and data collection frameworks
have substantially advanced the capabilities and effectiveness
of supervised policy learning in manipulation applications.
For example, various data collection frameworks and devices
have been proposed in [6, 8, 20, 21, 24, 35], enabling ef�cient
data collection and the training of effective manipulation poli-
cies. To better capture the multi-modal action distributions
present in demonstration data, prior works have explored
various techniques, such as using diffusion models [5], VQ-
VAE [9], and energy-based models [7]. Furthermore, various
effective action representations for supervised policy learning
have been proposed, such as �ow by point tracking [27, 30]
and equivariant action representation [25]. Moreover, many of
works have contributed to training more general and scalable
policy policies on large-scale datasets [3, 11, 13, 14].

However, the aforementioned methods largely overlook
the importance of incorporating constraints into the ac-
tions generated by policy outputs. Despite these advance-
ments, ensuring the generation of high-quality and constraint-
compliant trajectories for neural network-based policies re-
mains a signi�cant and open challenge. DiffOG addresses
this issue by applying transformer-based differentiable trajec-
tory optimization, re�ning its generated actions to improve
smoothness, adherence to hard constraints, and �delity to the
demonstration.

B. Policies with Differentiable Optimization

The integration of differentiable optimization into policy
learning has garnered signi�cant attention due to its potential
to combine model-based formulations with the represen-
tational power of neural networks. Previous studies have
investigated the integration of model-based structures with
policies through differentiable optimization, including differ-
entiable model predictive control (MPC) [2] and the Koop-
man operator framework [18]. However, these methods are
predominantly designed for low-dimensional observations,
which limits their �exibility and applicability to the general
formulation of visuomotor policies. The work in [31] presents
a tactile-reactive grasping controller that integrates an image
encoder with differentiable MPC. Although effective for
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speci�c tactile-based grasping tasks, this approach lacks the
formulation required for broader policy learning frameworks.
In the domain of obstacle avoidance, an end-to-end learning
framework incorporating differentiable optimization is pro-
posed in [29]. However, this approach is speci�cally designed
for navigation tasks and lacks applicability to robotic manip-
ulation scenarios and visuomotor policies.

Riemannian motion policies [17] and their extensions
[4, 10, 16] advance the generation of motions in high-
dimensional spaces with complex, nonlinear dynamics into
end-to-end robot learning by leveraging automatic differen-
tiation and Riemannian geometry. However, in the context
of policy learning, Riemannian motion policies are primarily
designed for tasks involving low-dimensional observations,
such as those demonstrated through kinesthetic teaching
[16]. In contrast, DiffOG is tailored for a broader range
of visuomotor policies, re�ning policies that utilize camera
observations as input. DiffOG focuses on generating task-
completing trajectories while enhancing smoothness and en-
suring compliance with hard constraints.

DiffTORI [23] integrates differentiable trajectory optimiza-
tion into the policy representation to generate actions, with
a focus on capturing multi-modal action distributions in the
context of imitation learning. However, DiffTORI lacks ex-
plicit and rigorous formulations for constraints and smooth-
ness, limiting its ability to optimize trajectory smoothness
and enforce compliance with hard constraints. In contrast,
DiffOG incorporates a rigorously designed optimization layer
that not only enables actions to satisfy hard constraints, but
also enhances the interpretability of the policy.

Leto [32], by employing differentiable optimization, en-
ables end-to-end training and inference that embedded tra-
jectory optimization, allowing constraints to be incorporated
as part of the training objectives. However, Leto was de-
signed as a discriminative model, which limits its ability to
represent multi-modal action distributions [7]. Its use of an
optimization layer as the action head makes it dif�cult to
integrate with commonly-used diffusion-based action heads
[5, 11, 13, 34], signi�cantly reducing its �exibility and
applicability. In comparison, DiffOG offers greater �exibility
and enhanced representational capacity, enabling it to achieve
superior policy performance and adapt more effectively to a
wider range of tasks.

V. M ORE DETAILS OF METHOD

A. Overview

In imitation learning, the policy learns the demonstrated
task skills through supervised learning on the demonstration
dataset, as shown in Fig. 2. The successful execution of a task
depends on the policy generating action data that matches
the distribution of the demonstration dataset. The objective
of supervised learning in this context is to enable the policy
to generate action that follows the same distribution as the
demonstration dataset. However, traditional policy learning
neglects trajectory constraints and smoothness. As a result,

post-processing the policy's output to enforce these proper-
ties tends to shift the actions away from the demonstrated
distribution, thereby compromising policy performance.

To overcome this challenge, DiffOG leverages the differ-
entiability of the optimization problem to directly learn a
trajectory optimizer within a supervised learning framework.
This trajectory optimizer is designed to balance objectives
including constraint satisfaction, smoothness, and �delity to
the dataset, such that the resulting actions remain within
the demonstrated distribution. Moreover, by incorporating
transformer into the differentiable optimization layer, DiffOG
signi�cantly enhances both the generalization ability and
representational power of trajectory optimization, making it
applicable to a wide range of tasks, including long-horizon
manipulation tasks with high-dimensional action spaces.

The primary objective of DiffOG is to take an unoptimized
action trajectoryat as input and output an optimized trajec-
tory that can accomplishes the demonstrated task, ensuring
constraint satisfaction and improving smoothness. During
training, DiffOG supports two modes:

1. DiffOG dataset training: Supervised learning is per-
formed directly on the demonstration dataset.

2. DiffOG re�ne training: Supervised learning re�nes the
actions generated by a pre-trained policy.

In the inference phase, DiffOG is applied atop the base
policy to optimize the actions. The overall work�ow is
illustrated in Figs. 1 and 2, showing how an unoptimized
trajectory is transformed into an optimized one through
our transformer-based differentiable trajectory optimization
framework. In the following sections, we elaborate on the
process of transforming an unoptimized action sequence into
an optimized one, explain why it is trainable, describe how
this process is designed to be generalizable, and detail the
training procedure.

B. Feasibility and Differentiability

We have introduced the overall formulation of trajectory
optimization in DiffOG. To further enable learning within this
optimization layer, it is essential to emphasize a key prop-
erty: differentiability. A differentiable trajectory optimization
module can be seamlessly integrated with neural networks
for end-to-end training, enabling the optimization process
to acquire stronger representational capacity through data-
driven learning. In what follows, we delve into the details of
differentiability, beginning with the following proposition:

Proposition 1. If dmin < d max and Q is symmetric positive
de�nite, optimization problem(6) is always feasible and
strictly convex.

Proof: The cost function of optimization problem (6)
can be expressed as

1
2

y T
t

�
Q + � ST A T

diff A diff S
�

y t + aT
t y t :

Because rank(S) = D c, rank(S) = TpD c. Becausec is taken
from a subset ofa, it follows that Da � D c. Therefore,S
has full rank. SinceQ is symmetric positive de�nite and the
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smoothing weight� � 0, the matrixQ + � ST A T
diff A diff S is

also symmetric positive de�nite. The conditiondmin < d max

ensures the feasibility of constraints, guaranteeing constraints
are not contradictory.

Therefore, optimization problem (6) is always feasible and
strictly convex.

Remark 1 (Trajectory Optimization). Proposition 1 guar-
antees that optimization problem(6) is feasible and strictly
convex, ensuring the existence of a unique optimal solu-
tion y ?

t . However, optimization problem(6) constitutes a
meaningful trajectory optimization only under Assumption 1.
This is because, under Assumption 1, the constraints in(7)
correspond to physically meaningful velocity or acceleration
bounds, and the smoothing term( dĉ t

dt )T dĉ t
dt represents a phys-

ically interpretable quantity which re�ects the trajectory's
smoothness. For instance, a large( dĉ t

dt )T dĉ t
dt indicates a lack

of smoothness in the trajectory. Consequently, optimization
problem(6) can enforce trajectory smoothing by minimizing
the associated cost. Moreover, Assumption 1 ensures that
the conditiondmin < d max carries explicit physical meaning.
For example, if the action space is de�ned in terms of
joint angles, this condition ensures that the minimum and
maximum joint velocity constraints do not con�ict. Only when
both Assumption 1 and the conditiondmin < d max hold does
the constraining in optimization problem(6) remain valid
and physically meaningful.

In terms of differentiability, by Proposition 1 and the work
in [1], we can get the following remark.

Remark 2 (Differentiability). SinceQ � 0, the optimization
problem (6) is strictly convex, ensuring a unique optimal
solution y ?

t that is continuous and subdifferentiable with
respect to all variables everywhere, and differentiable at all
but a measure-zero set of points. In this case, for example, the
gradient r Q y ?

t can be computed explicitly via the solution
of the KKT conditions, leveraging the fact that the optimality
conditions are differentiable [1].

C. The Learning Objectives of DiffOG

According to Remark 2, we know that optimization prob-
lem (6) is theoretically differentiable with respect to all vari-
ables. However, in practice, we can design the optimization
process such that certain variables remain differentiable while
others are treated as constants. This section will introduce
the rationale behind our design choice of constants and
differentiable variables and provide details on the resulting
learning objectives.

First, let us assume thatQ is a symmetric positive de�nite
matrix. According to Proposition 1, this condition with proper
constraints values ensures that the optimization problem (6)
is both feasible and differentiable. By Cholesky factorization,
there exists a unique upper-triangular matrixR with positive
diagonal entries such thatQ = R T R . BecauseQ is sym-
metric positive de�nite, the factorR is invertible (i.e., full
rank).

Next, suppose we de�ne the vectorgt by the relation

gt = � (R T ) � 1at :

SinceR is full rank and upper triangular, its transposeR T

is also invertible. Hence(R T ) � 1 exists, and the vectorgt

is uniquely determined by the above equation. In addition,
at = � R T gt . Then, part of the cost function of optimization
problem (6) can be rewritten as

1
2

y T
t Qy t + aT

t y t

=
1
2

y T
t R T Ry t + aT

t y t

=
1
2

y T
t R T Ry t � gT

t Ry t

=
1
2

�
y T

t R T Ry t � 2gT
t Ry t + gT

t gt � gT
t gt

�

=
1
2






 Ry t � gt








2
+

�
� 1

2 kgt k2
�

| {z }
independent ofy t

:

Since the term
�
� 1

2 kgt k2
�

is independent ofy t , it does not
affect the optimization process and can be omitted from the
cost function of optimization problem (6). Thus, optimization
problem (6) can be rewritten as:

y ?
t =argmin

y t

1
2




 Ry t � gt




 2

+
�
2

(
dĉt

dt
)T dĉt

dt
; (8)

subject to dmin� t � ĉt + k+1 � ĉt + k � dmax� t;

k = 0 ; 1; : : : ; Tp � 2:

We can observe that if we dropout the constraints and
smoothing term, the solution of optimization problem (8) will
be

y t = � R � 1(R T ) � 1at = � (R T R ) � 1at = � Q � 1at ; (9)

which represent a linear transformation of the original action
at . In the presence of constraints and smoothing terms, the
optimization problem (8) is no longer solely about a linear
transformation; instead, it simultaneously accounts for three
aspects: transformation, constraints, and smoothness. Next,
we demonstrate how differentiability and learning can be
leveraged to integrate these three aspects into three inter-
pretable learning objectives.

As previously mentioned, optimization problem (8) is de-
rived by rewriting optimization problem (6) using Cholesky
factorizationQ = R T R . Therefore, in optimization problem
(8), we can makeQ learnable/differentiable and train differ-
entiable trajectory optimization (8) with the loss function

L = Ea t 2D ky ?
t � at k2: (10)

In this case, 1) the forward pass of DiffOG involves solving
the optimization problem (8) to generatey ?

t , and 2) the back-
propagation process updatesQ using the loss function (10).
The interpretable learning objectives can then be summarized
in the following remark.

Remark 3 (Interpretability). Training differentiable trajec-
tory optimization(8) with loss function(10) results in three
interpretable learning objectives:
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1) The �rst objective is to make the outputy ?
t as close as

possible toat . From the perspective of imitation learning,
this makes thaty ?

t remain �delity to demonstration dataset,
thereby enabling the actions generated by DiffOG to success-
fully perform the demonstrated task.

2) The second objective is to make the output satisfy
the constraints in optimization problem(8). According to
Proposition 1, optimization problem(8) is guaranteed to
have a unique optimal solution, and this solution will always
satisfy the constraints.

3) Due to the presence of the smooth term,y ?
t tends to be

smoother. Speci�cally, the sum of its derivatives across time
steps tends to be smaller during optimization.

Thus, the training of DiffOG balances the three inter-
pretable learning objectives outlined in Remark 3. In essence,
this process can be summarized as learningQ to formulate
a quadratic programming problem that produces a solution
balancing smoothness, enforcing constraint satisfaction, and
ensuring thaty ?

t closely aligns withat .
Moreover, the reason for setting onlyQ as learnable is

that the remaining variables, such as the upper and lower
bounds of the constraintsdmax and dmin, and the smoothing
weight� , have more direct model-based meanings and can be
manually speci�ed based on requirements without the need
for learning. Different values for the smoothing weight� ,
and the bounds of the constraintsdmax anddmin can directly
and controllably in�uence the properties of the outputy ?

t .

D. Inference

The training of DiffOG is on discrete trajectory chunks.
Therefore, to fully constrain the generated trajectory during
inference, the forward pass of optimization problem (6) need
to add a new constraint.

y ?
t =argmin

y t

1
2

y T
t Qy t + aT

t y t +
�
2

(
dĉt

dt
)T dĉt

dt
;

subject to dmin� t � ĉt � ĉt � 1 � dmax� t;

dmin� t � ĉt + k+1 � ĉt + k � dmax� t;

k = 0 ; 1: : : : ; Tp � 2:

ĉt � 1 is the action at the �nal time step from the previous
iteration.

VI. BASELINES

In this section, we introduce two trajectory processing
baseline methods: constraint clipping and penalty-based tra-
jectory optimization. These baselines apply post-hoc process-
ing to action trajectories generated by policies. Since visuo-
motor policies lack mechanisms for enforcing constraints and
adjusting actions, model-based post-hoc trajectory processing
methods are widely adopted in real-world systems.

The goal of both constraint clipping and penalty-based
trajectory optimization is to regulate the action outputs of
base policies, ensuring adherence to prede�ned constraints.
These methods are formulated within model-based optimiza-
tion frameworks. Constraint clipping can be viewed as a

greedy optimization approach, whereas penalty-based opti-
mization performs global optimization across all time steps
by leveraging penalties.

According to equation (2), for the sake of simplicity,
we only include the action dimensions to be considered
for trajectory optimization in the formulas presented in this
section. For action dimensions that do not require trajectory
optimization, such as grasping actions, the corresponding ac-
tion dimensions from the base policy output can be retained.
These can then be concatenated with the optimized trajectory
actions after the trajectory optimization process. In this case,
the input of the optimization problem becomes

ct = Sat =
h
cT

t ; cT
t +1 ; : : : ; cT

t + Tp � 1

i T
2 RTp D c ;

where S is for selecting the the action dimensions to be
considered for trajectory optimization. Similarly, we de�ne
an output variable

ĉ t =
h
ĉT

t ; ĉT
t +1 ; : : : ; ĉT

t + Tp � 1

i T
= Sy t 2 RTp D c ;

and we denotêc ?
t as the optimized output variable. For

continuous trajectory optimization, like what we do in Sec-
tion V-D, a previous action̂ct � 1 from last prediction is also
needed as input.

Based on equation (7), the optimization is subject to
constraints de�ned by two vectors,dmin� t anddmax� t , which
specify the minimum and maximum allowable bounds for the
change in each dimension of the action vector.

A. Greedy Constraint Clipping

The goal of constraint clipping is to compute an optimized
sequence of actionŝct that satis�es the given constraints by
greedy strategy.

For the initial time step, the optimized action is initialized
as ĉ?

t � 1 = ĉt � 1: Then, for each subsequent time step
t + k; k = 0 : : : Tp � 1, the difference between the input
actionct + k and the optimized action from the previous time
step ĉ?

t + k � 1 is calculated as� ct + k = ct + k � ĉ?
t + k � 1. This

difference� ct + k is then clipped element-wise to ensure it
lies within the boundsdmin� t � � ct + k � dmax� t , resulting
in

� cclip
t + k = clip(� ct + k ; dmin� t; dmax� t):

The optimized action at timet + k is then updated as

ĉ?
t + k = ĉ?

t + k � 1 + � cclip
t + k :

Through this process, the optimized trajectoryĉ ?
t satis�es

the constraints at each time step while remaining as close as
possible to the input trajectoryct by greedy optimization.

B. Penalty-Based Trajectory Optimization

The goal of penalty-based optimization is to compute an
optimized sequence of actionŝct that satis�es the given
constraints by leveraging penalties to perform global opti-
mization across all time steps. Unlike constraint clipping,
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which operates greedily on each time step, penalty-based
optimization considers all time steps jointly.

Denotect � 1 =
h
ĉT

t � 1; cT
t ; cT

t +1 ; : : : ; cT
t + Tp � 2

i T
2 RTp D c :

Then de�ne the difference sequence� ct = ct � ct � 1: At
each iteration, the violations of the constraints are computed
as:

vmax = max(0 ; � ct � dmax� t);

vmin = max(0 ; dmin� t � � ct );

where dmax =
�
dT

max; dT
max; : : : ; dT

max

� T
2 RTp D c is a se-

quence of upper constraint bounds, and we can also de�ne
the sequence of lower constraint boundsdmin following
this format. Here, the max and min operations are applied
element-wise to the vector, meaning that each element of
the vector is individually processed through the max or min
operation. The penalty for the global optimization is then
expressed as:

r = vmax � vmin:

We can initializeĉ t = ct for warm start. The optimized
trajectoryĉ t is updated using penalty:

ĉ t  ĉ t � � r ;

where� is the step size. This process is repeated for a �xed
number of iterations or until the maximum violation across
all time steps falls below a given tolerance� v , denoted as
kvmaxk + kvmink < � v : Then we can get the optimized tra-
jectoryĉ ?

t . Through this approach,ĉ ?
t satis�es the constraints

while remaining as close as possible to the original input
trajectoryct by penalty-based optimization.

VII. E XPERIMENTAL DETAILS

A. Benchmark with Baselines Across Tasks

In this section, we demonstrate how DiffOG optimizes the
trajectories generated by base policies across 13 tasks. The
13 tasks span three types, corresponding to the three action
spaces described in Assumption 1. For the end-effector 6-
DOF velocity action space, we include �ve tasks: lift, can,
square, tool hang, and transport, all sourced from Robomimic
benchmark [12]. For the end-effector linear position action
space, we include six tasks: push-T from [5], along with
pick place wall, shelf place, disassemble, stick push, and
stick pull from Meta-World [33]. Notably, we selected all
the “very hard” tasks identi�ed in Meta-World as marked in
[34]. Lastly, for the joint angle action space, we include two
real-world tasks, arrange desk and move the stack, with data
collection and policy experiments conducted using ALOHA
[35].

The goal of the arrange desk task is to organize two cups
and a bowl placed on the table. This is a dual-arm, long-
horizon manipulation task. As shown in Fig. 5, the two arms
�rst individually grasp a bowl and a cup, stacking them
together. Next, one arm moves the stack to the location of
the coaster. Finally, the other arm picks up the remaining
cup and stacks it on top of the stack already placed on the
coaster.

The goal of the move the stack task is to pick up a glass
cup with a spoon placed on top of it and move it to the
target coaster, as shown in Fig. 6. Since the spoon is balanced
on the glass cup, the task requires smooth robotic motions;
otherwise, the spoon may fall off. Therefore, this task cannot
tolerate excessively jerky motions.

For real-world tasks, we randomize the initial positions and
orientations of each object while maintaining a consistent
placement layout to test the policy's generalization ability;
details are provided in the supplementary video. For the move
the stack task, the primary goal of our testing is to evaluate
the impact of trajectory smoothness on task performance.
Therefore, instead of randomizing the placement of cups
and coasters across the entire table for data collection and
policy rollout, we placed them on opposite sides of the
table. This reduces the number of demonstrations required
for generalization.

The purpose of the experiments are to investigate the
impact of applying trajectory processing, which enforces spe-
ci�c constraints on action trajectories, on policy performance
across a wide range of tasks. Additionally, we aim to evaluate
whether this approach effectively makes action trajectories
smoother and more constrained. The experimental results are
shown in Tables I, II, III and Figs. 8 and 9. By analyzing the
experimental results, we can draw the following conclusions.

1. In the simulation benchmarks, we evaluate trajectory
smoothness by analyzing the �rst-order derivatives of actions.
Speci�cally, we compare the maximum values and standard
deviations of these derivatives throughout the policy roll-
outs. In Robomimic, the �rst-order derivative corresponds to
angular acceleration in Euler angles, while in Meta-World
and push-T, it represents linear velocity. For the real-world
tasks, in addition to computing the maximum and standard
deviation of the �rst-order derivatives (i.e., joint angular
velocities), we also assess the second-order derivatives (joint
angular accelerations) using the same metrics.

These values serve as indicators of trajectory smoothness:
the jerkier a trajectory is, the more abrupt and random the
variations in the derivatives of the quantities represented
in the action space, which is captured by higher standard
deviations. Furthermore, jerky trajectories tend to exhibit
sharp peaks in velocity or acceleration when sudden changes
occur. Therefore, comparing the maximum values of velocity
and acceleration also re�ects the degree of smoothness.

Trajectory metrics are evaluated under a uni�ed standard,
with rollouts terminating upon task completion. To ensure
fair and statistically meaningful comparisons, we perform
extensive rollouts for each method to obtain quantitative
results. For trajectory metrics of simulation benchmarks, we
report the average over 1500 rollouts per method (across 50
environments, 3 seeds, and the last 10 checkpoints per seed).

According to Figs. 8 and 9, both DiffOG, constraint clip-
ping, and penalty-based trajectory optimization effectively
constrain action trajectories. For Meta-World tasks, DiffOG
and trajectory processing baselines achieve lower maximum
velocity and reduced velocity standard deviation compared
to the base policy trajectories. Similarly, for velocity control
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Fig. 4: We validated DiffOG on 13 different tasks. The 13 tasks span three types, corresponding to the three action spaces described in Assumption 1.

Fig. 5: The process of the arrange desk task.

Fig. 6: The process of the move the stack task.

tasks from the Robomimic benchmark, both the maximum
acceleration and the standard deviation of acceleration are
lower when using DiffOG and trajectory processing baselines
compared to the base policy trajectories. Moreover, results of
real-world tasks consistently indicate that applying DiffOG
and trajectory processing baselines reduces these metrics.

The comparison of these metrics demonstrates that Dif-
fOG, constraint clipping, and penalty-based trajectory opti-
mization can all optimize the action trajectories generated by
the policy, making them smoother and more constrained.

2. Based on Tables I, II, and III, we conclude that
compared to constraint clipping and penalty-based trajectory
optimization, DiffOG generates action trajectories that not
only satisfy the constraints but also maintain �delity to the
dataset. As a result, DiffOG outperforms constraint clipping
and penalty-based trajectory optimization across all tasks.
This demonstrates that DiffOG effectively minimizes the
impact on the base policy while further optimizing action
trajectories to make them smoother and more constraint-
compliant.

3. Although constraint clipping and penalty-based opti-
mization achieve acceptable performance on some tasks, they
lead to a signi�cant decline in base policy performance for
more challenging tasks, such as square, tool hang, transport,
and arrange desk. This decline occurs because the base
policy was not trained with constraints as part of its learning
objectives. Applying constraint clipping or penalty-based
trajectory optimization introduces information loss, resulting
in action trajectories that deviate from the demonstration
dataset.

As shown in Fig. 7, a common failure in the arrange
desk task is the inability to grasp the bowl. This issue arises
because trajectory processing baselines cause the actions to
deviate from the �delity of the demonstration, leading to task
failures.

In contrast, DiffOG, through a data-driven approach, ef-
fectively balances the objectives of trajectory optimization
and �delity to the dataset. Consequently, for these challeng-
ing tasks, DiffOG signi�cantly outperforms both constraint
clipping and penalty-based trajectory optimization. On the
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