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Abstract

Language-conditioned robot manipulation in the continu-
ous spectrum presents a persistent challenge due to the dif-
ficult of mapping states to target actions. Previous meth-
ods face limitations in effectively modeling object states,
primarily due to their reliance on executing ambiguous
instructions devoid of explicit state information. In re-
sponse, we present SD*Actor, a zero-shot robotic manip-
ulation framework that possesses the capability to gen-
erate precise actions in continuous states. Specifically,
given the novel instructions, we aim to generate instruction-
following and accurate robot manipulation actions. Instead
of time-consuming optimization and finetuning, our zero-
shot method generalizes to any object state with a wide
range of translations and versatile rotations. At its core,
we quantify multiple base states in the training set and
utilize their combination to refine the target action gener-
ated by the diffusion model. To obtain novel state repre-
sentations, we initially employ LLMs to extract the novel
state from the instruction and decompose it into multiple
learned base states. We then employ the linear combina-
tion of base state embeddings to produce novel state fea-
tures. Moreover, we introduce the orthogonalization loss
to constrain the state embedding space, which ensures the
validity of linear interpolation. Experiments demonstrate
that SD?Actor outperforms state-of-the-art methods across
a diverse range of manipulation tasks in ARNOLD Bench-
mark. Moreover, SD*Actor can effectively learn generaliz-
able policies from a limited number of human demonstra-
tions, achieving promising accuracy in a variety of real-
world manipulation tasks.

1. Introduction

Learning generalizable robotics policies under the guidance
of instruction has attracted increasing attention in the field
of embodied Al and robotics. Recent language-conditioned
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Figure 1. Zero-shot generalization of SD*Actor. SD?Actor fa-
cilitates language-conditional robot manipulation driven by con-
tinuous goal states. (a) Our model employs LLMs to analyze and
decompose object states in instructions. (b) The model uses linear
combination to represent learned embeddings as novel state fea-
tures and as conditions to guide diffusion to generate actions (c)
where reflects the continuous and previously unseen object state.

robot manipulation [7, 11, 15, 55] have showcased great po-
tential for end-to-end imitation learning that directly maps
goal states to robot actions. However, these methods require
training with a large number of demonstrations and exhibit
poor state generalization.

Recently, previous robot manipulation approaches [11,
14, 18, 28, 46, 49, 55] mainly focus on tasks with discrete
object states, such as “open the cabinet”, where states are
binary (i.e., open and close ). But these approaches ignore
continuity of the states of target object (e.g., cabinet) which
ranges from 0% to 100%. Meanwhile, ARNOLD [12] di-
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rectly inputs continuous state values into PerAct [32] to re-
fine the actions, validating the essentiality of state modeling
in language-conditioned manipulation, specifically in terms
of grounding. However, the state information can be over-
written by a lot of redundant information, resulting in inac-
curate generated actions. Thus, there is an urgent need for
robot systems to learn a mapping from precise goal states
to robot actions in a continuous world. Concurrently, given
that states are continuous, only a finite number of states ex-
ist during training. Therefore, robots have to learn general-
izable policies from finite states to handle novel states. Al-
though there are some zero-shot robot manipulation meth-
ods [10, 19, 39, 42, 51] that have grounded language in
static object properties such as colors and shapes to achieve
generalizability. But they do not attempt in-depth physical
state generalization, neglecting the problem of grounding
language to continuous object states. Therefore, it is crucial
for the robot manipulation system to understand the physi-
cal state and translate it into precise actual actions.

To address these critical challenges of language-
conditioned robot task learning, we propose SD?Actor, a
novel zero-shot state generalization approach that performs
state decomposition for generating the precise action re-
sponding to the instruction. As depicted in Figure 1, our
key insight is to use embeddings to represent different states
to enhance the understanding of the physical state. Subse-
quently, LLMs is used to decompose the novel state value
into multiple learned states in the same task. To general-
ize to the new states, we design the linear combination of
the decomposition coefficients with the appropriate embed-
dings. Considering the continuity of the action distribution
in the continuous state, we leverages the inherent modeling
capabilities of diffusion model [5, 13, 24, 31] to represent
continuous action distribution [9, 27, 33] and generate the
new action consistent with the state.

The workflow of SD?Actor is as follows: 1) During
training, we utilize diffusion model to model the distri-
bution of the action space. Meanwhile, we incorporate
learnable embeddings into instructions to separately rep-
resent different object states. These embeddings are used
as conditions to generate actions. This approach effec-
tively supplements the information available about the ob-
ject state, which assists the model in understanding the state
and mapping it to the spatial action. 2) During inference, the
comprehensive reasoning capabilities of the LLMs is em-
ployed to analyze and decompose the novel state value men-
tioned in the instructions. By the linear combination among
learned embeddings in same task, the model can generalize
and generate the action corresponding to state, which em-
powers robot to generalize to the new state in the physical
space. To summarize, we have three main contributions:

1) We introduce a novel state modeling framework that ad-
dresses the challenge of understanding continuous object

states and generating the corresponding accurate actions
in language-conditioned robot task learning.

2) We leverage the comprehensive reasoning capability of
LLMs to decompose the novel state and implement linear
combination approach to obtain the new state representa-
tion that assist the agent in generalizing to the new state.

3) We demonstrate state-of-the-art performance and of the
proposed method in a continuous state spectrum.

2. Related Work
2.1. Diffusion policy for Robotic Manipulation

Diffusion models, a powerful class of generative models
that learn to approximate the data distribution by itera-
tive denoising processes, make great breakthroughs in im-
age generation [16, 30, 34, 35] recent years. Owing to
the impressive performance of the diffusion model, it is
also used in robotics applications including robot manipula-
tion [5, 25, 46, 48], visual navigation [6, 36, 50], dexterous
hand [43, 44, 52]. 3D Diffuser Actor [20] proposes to pre-
dict the next 3D keypose for the robot’s end-effector along-
side the linking trajectory. We adopt the model structure of
3D Diffuser Actor, and enhance it by incorporating learn-
able state embeddings. These embeddings aid the diffusion
process, enabling the model to better differentiate between
continuous goal states with greater precision.

2.2. Zero-Shot Robotic manipulation

Zero-shot learning methods [4 1, 45] leverage extensive pre-
training data to facilitate the rapid adaptation of models
to new samples during the testing phase, even without the
presence of any training examples. This technique has been
used in the fields of computer vision [2, 22, 41], natural
language processing [26, 29] and embodied AI [17, 38]. In
robot manipulation, most zero-shot methods [39, 51] tend
to achieve effective manipulation of objects and trajectory
generation by capturing geometric invariance and trajectory
similarity features for generalizing new objects, scenes, and
different tasks. Nevertheless, they lack precise and com-
prehensive metrics for novel state, resulting in limited ef-
fectiveness in the physical world. In contrast, our approach
differs as it focuses on addressing the challenge of general-
ization across various states in a continuous spectrum.

2.3. LLMs for Robotic Manipulation

LLMs have demonstrated exceptional capabilities in gen-
eralization [1, 40], as well as commonsense reasoning [37,
54]. Recently, there has been a growing demand to incorpo-
rate LLMs into robotics systems [8, 23]. LLMs are typically
used mostly for instruction decomposition in robotics, such
as ManipLLM [23], which combines instructions with im-
age embeddings to gradually refine and decompose instruc-
tions into the form of coordinates and directions, maintain-
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Figure 2. Overview of our SD?Actor. (a) During training, we utilize DDPM to generate actions. Simultaneously leveraging the Base
State B for retrieving fine-grained state representation, the state-conditioned diffusion model would generate the accurate and stable action.
Additionally, we introduce the orthogonalization loss which helps to create a distinct separation between embeddings. (b) During inference,
we employ LLMs to decompose states in the instruction into previously observed states during training. By performing the state linear
combination of m learned embeddings, the diffusion process can be guided to generalize the actions in the novel state.

ing a good generalization performance in precisely manip-
ulating different objects. The other category is to decom-
pose a long-horizon task instruction into simple sub-tasks
in a sequential manner, and the model is able to execute the
task sequentially. However, our approach leverages the ro-
bust knowledge-based reasoning of LLMs to analyze and
decompose the goal states specified in the same task. This
enables us to ensure the stability of previously unseen states
and ultimately achieve improved generalization.

3. Methodology

Given a set of manipulation tasks demonstrations, which
includes language instructions /, scene observation o, and
agent proprioception ¢, we aim to generate the action a
based on a full understanding of the state s. The state infor-
mation is included in the instructions /. The action a should
ensure both the stability and reachability of the target po-
sition of the object in the 3D scene, while adhering to the
specified degree of variation required by the instruction.
Our proposed approach, SD2Actor, leverages Denoising
Diffusion Probabilistic Models (DDPM) as the component
of our action generation framework, as depicted in Figure 2
(a). Meanwhile, we introduce a fine-grained action control
branch where we utilize learnable embeddings to represent
different goal state features in the same task and we refer
to as Base State B. During the training phase, the model re-
trieves the corresponding embedding from B based on the
state. The embeddings in B are not shared across tasks.
To enable effective novel state s,,,,¢; control in inference,

we design state decomposition and combination module, as
shown in Figure 2 (b), which explicitly interpolates novel
state embedding based on multiple embeddings in B and
injects it to the diffusion process as an additional condition.
Lastly, we discuss state generalization through the proposed
orthogonal constraint.

3.1. Preliminary

Diffusion models are innovative generative techniques that
iteratively transform a simplistic noise distribution 771 into
a complex data distribution 7y, gradually reversing a diffu-
sion process and adding noise at each step. During the for-
ward diffusion process, the sample xy adds corresponding
noise as the time step ¢ increases, which is represented by
a discrete-time stochastic process {xt}fzo where g ~ 7,
and Ty ~ N(Zt_l; \ &t/@t_lxt_l, (1 - O_Zt/O_lt_l)). The
decreasing scalar function &y, with constraints that &g = 1
and ar ~ 0, controls the noise level through time. The
forward process can be formulated as:

I‘t:\/O_Tt:CO‘F\/l—C_YtC,ENN(O,l), (1)

where « = 1 — 34, ay = H:Zl . B € (0,1) repre-
sents variance schedule which defines how much noise is
added at each time step. For the reverse process, a noise-
predictor €p (x; t) is trained to predict the noise component
€ at each step takes from the noise-added sample x; with the
guidance of condition c¢; until the original distribution g is
recovered. The usual loss can be simplified as:

L=Ey, .l (@xo + V1 - dt@ct,t) —€ll. @
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On account of the above theoretical foundation, we choose
to model the continuous action distribution with the diffu-
sion model. Furthermore, we leverage generalizable state
embeddings to guide the diffusion process during inference.

3.2. Refined Action Generation

In order to ensure accurate action generation, we adopt
the structure of the 3D Diffuser Actor [20], which enables
the direct encoding of point cloud features and facilitates
the modeling of continuous action distributions. However,
providing only a textual description for diffusion model to
comprehensively recover all its components is often a chal-
lenging undertaking. Inspired by [39], we opt for explicitly
integrating state embeddings of the object into the diffusion
to empower the state understanding of the model.

In this work, we initialize a set of learnable embed-
dings {eq, es...e,, } for each task to represent the base states
{s1, $2...8,, } appearing in the training set, where n denotes
the number of goal states of the object. Embeddings can
represent state features and the set that these base state em-
beddings formed is referred to as the Base State B. During
training, we retrieve the state embeddings e; from B accord-
ing to state information s; in the current instruction /. To
strengthen the state understanding capability of the model,
we enhance the attention of the model to the state by fea-
ture fusion between language ! and embedding e;. We use
self-attention, where K and V are defined as follows:

K= WK : (4,0 (l) S Pstate (ei)> B} (3)
V= WV . ((P (l) ©® Pstate (62)) 5 (4)

where @ denotes concatenation operation, Wy, Wy, are
projection matrices, ¢ () represents CLIP text encoder and
©state (+) denotes state encoder consisting of two MLP lay-
ers and one ReLU nonlinear layer. The attention result is
then interacted with scene information to guide the denois-
ing process during diffusion.

Ultimately, the model predicts action a of the gripper at
the next keyframe. The SD?Actor is optimized by sam-
pling a random diffusion step and calculate the ¢-step the
L1 loss of translation a}°®, rotation a}°" and the openness
a;P". The t-step corresponding objective function can be
expressed as:

»Cpas :||619mS (07 lv eivafosv a;‘Ot) - 6€03H7 (5)
Lror =|l€p” (0,1, €5,at”,a;®) — €|, (6)

ﬁopen =BCE (fgpm (07 L, ei, afosa a§0t) ) aopen) , (D

where €y and ¢; denote the predicted noise and ground truth,
respectively. f,”“" represent the openness of gripper, BCE
is binary cross-entropy loss function.

In this way, at the end of training, each trained embed-

ding is capable of representing a distinct object state feature,
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| sixty-three percent open |

State Decomposition

Figure 3. State decomposition and combination Module. LLMs
utilize {s7, s5...57, } to decompose novel state Sy,oye; to obtain the
coefficient {\;...Am }, and then a linear combination with the em-
bedding {e;...e}, } is performed to get a new embedding €y, oy

which gradually improves through the diffusion denoising
process. The trained diffusion model effectively maps states
to spatial locations, enabling us to obtain refined actions by
inputting state embeddings into the diffusion model.

3.3. Generalizable State Decomposition

In the inference phase, our aim is to achieve control over
generated actions in the novel state without influencing
the accurate generative capabilities of the trained diffusion
model. The fact is that the novel embedding e, ye; is not
in the Base State B, 50 e,,,y¢; cannot be retrieved directly.
The straightforward design would be to employ the state
feature extracted from MLPs as diffusion conditions. How-
ever, we argue that such condition states learned from few
demonstrations often suffer from a problem similar to iden-
tity shortcut [47], where the model simply matches learned
states. Herein, the actions generated within the continuous
spectrum are even worse.

Instead, considering that the state values under the same
task are within a continuous spectrum, then the state embed-
dings of the same task should also be correlated. Therefore,
we can utilize the different state embeddings of same task in
B to combine into novel state embeddings. Further, we can
obtain the combination coefficients by analyzing the numer-
ical correlation between $,.,¢; and the states {s1, s2...5, }
in the B. However, due to the diverse forms of expressions
and the lack of direct clarity regarding continuous state val-
ues, manually extracting state values S,,ye; from instruc-
tions is laborious. Therefore, we leverage the knowledge
generalization capability of LLMs to obtain object states in
the language. Especially, as shown in Figure 3, we input
the instruction [/ into LLMs to assist the agent to obtain the
state value $,,,p¢; included in the [. LLMs can retrieve the
m learned states closest to S,,oe; Of this task and decom-
POSE Spover into linear combinations of {s], s5...s,. }. The
intrinsic form is as follows:

Snovel = M S1HA285 + oo + A b,
A At Ay, =1, )

where m < n, s} € {s1, $2...8,} and \; denote ith state
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Figure 4. Orthogonalized embedding space. Scatters in different
colors represent distinct state embeddings, and a certain distance
between them is necessary.

value and decomposition coefficient obtained from the de-
composition. In order to generalize to novel state em-
bedding e, e;, We utilize the decomposition coefficients
{A1, A2...Ar, } and the coherent embeddings {e], e}...el }
to obtain the novel state embedding e,,,,,; Using linear com-
binations. The calculations are as follows:

Cnovel = M€+ A2€h + ... + Ayl 9)

In this way, diffusion model can be guided with a novel
state embedding e;,oy¢; tO generate actions dy,gye; respond-
ing to the novel state s,,44¢;. Our design unifies the state
modeling setting in training and inference, and facilitates
the natural refinement of state representation. So that, our
state decomposition and linear combination module allow
for the seamless implementation of action control in arbi-
trary states, thereby significantly enhancing the generaliza-
tion of language-conditional robot manipulation.

3.4. Orthogonal Embedding Regularization

Although we apply a linear combination of learned embed-
dings to realize the generalization of the novel state. Nev-
ertheless, performing effective linear interpolation in the
embedding space requires satisfying two fundamental pre-
requisites: 1) The state embeddings space should satisfy
closure. 2) The state embeddings under each task should
be unique. Inspired by [4], the orthogonality ensures that
the embedding space satisfies closure, preventing interpo-
lation from being out of distribution. It also imposes con-
straints between embeddings so that they will not be iden-
tical. Therefore, to ensure the validity of the linear com-
binations, we adopt the Spectral Restricted Isometry Prop-
erty Regularization [3] during training. Subsequently, to
achieve better separation of tasks, we impose larger con-
straints between tasks and smaller constraints within tasks.
As illustrated in Figure 4, the orthogonal loss is divided into
two parts: inter-task loss and intra-task loss. For inter-task
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loss, we calculate the average E, 4, of the embeddings in
B within each task, and thus compute the orthogonal loss
Linter among tasks. For intra-task loss, we directly com-
pute the orthogonal loss £;,+,, Within the task. The orthog-
onal L, is given by:

Linter = Y10 (Eg;wanEmean - I) y (10)
K

Lintra =72+ » 0 (B{B; = 1), (1)
=1

Lm'th :Linter + Eintrua (12)

where BY represents Base State for the i-th task. v; and
9 are hyperparameters, we set the default values as 5.0 and
1.0.0 (E) = supzeRn’#O% is spectral norm of E. Lis a
unit vector. The orthogonality allows us to achieve a more
stable and robust nonlinear space, resulting in improved ac-
curacy of the linear combination. For a detailed derivation
procedure, please refer to [3], where we replace the network
parameters with those of the embeddings. Therefore, the to-
tal loss Lyo14; can be expressed as:

Liotal = Wlﬁpos +wolyor + Lopen + Lorth, (13)

where wq, wo are hyperparameters. By optimizing L;otal,
we can generalize the robot’s actions for any state. The fea-
tures of novel state are obtained through linear combination
of embeddings, and trained diffusion is used to predict the
target action in a continuous spectrum.

At inference time, the next keyframe action is sampled
via a reverse diffusion process following DDPM:

1—Oét

Vv1—"0oy

ag—1 = €0 (Oa l7 €novel at) ) + Ut67

(14)

j?( .

where § ~ A(0,1I) and oy is the noise level at time step
t. The initial action ar is sampled from Gaussian distribu-
tion A/(0,I). A more detailed example is provided in the
supplementary materials.

4. Experiments

In this section, we conduct our experiments, which include
a comprehensive evaluation on the ARNOLD [12] and then
make comparisons with other methods to illustrate the effi-
cacy of our method in the real world. Finally, we demon-
strate that SD?Actor is capable of solving challenging tasks
which involve generalizable continuous state manipulation
and apply effectively on highly precise manipulation.

4.1. Datasets

In this work, we evaluate our state decomposition model
on ARNOLD. It is a multi-task robot manipulation dataset
specifically designed for continuous states. There are 40



P.OBJECT R.OBJECT O.DRAWER CDRAWER  O.CABINET C.CABINET P.WATER T.WATER Average
6D-CLIPort[53]  6.72 2537 0.00 000 0.00 000 000 270 000 000 000 58 000 000 000 7.14 084 513
PerAct[32] 9478 9552 24.68 2857 36.13 5294 60.14 6824 23.19 4928 30.10 4854 4925 8507 2857 5357 4336 060.22
PerActMT)[32] 90.30 92.54 1429 20.78 2521 4790 33.78 56.76 2029 39.13 1942 37.86 26.87 064.18 17.86 3036 31.00 48.69
3DA[20] 89.55 91.79 1948 20.78 3529 56.30 6149 71.62 2029 42.03 27.18 44.66 5224 86.57 32.14 5893 4221 59.08
SD2Actor 9552 97.76 2597 29.87 5042 7395 7027 8176 31.88 60.87 36.89 5534 5522 9254 3571 66.07 5023 69.77
SD?Actor(MT) 91.79 97.01 1558 24.68 38.66 67.23 4527 6892 2754 52.17 2524 4369 2985 67.16 16.07 32.14 3625 56.62

Table 1. Test set Performance on ARNOLD. We evaluate learned states on 8 challenging tasks from ARNOLD and report mean success
rates (in %) for 20 episodes per task across 3 random seeds. MT denotes the model for multi-task learning. The black figures represent
test performances from scratch. The gray figures indicate performances with the first-phase ground truth to better demonstrate how well
models understand goal states. The table below is similarly applicable.

P.OBJECT R.OBJECT O.DRAWER C.DRAWER O.CABINET C.CABINET PWATER T.WATER Average
6D-CLIPort[53] 0.00 0.00 0.00 000 0.00 057 0.75 .13 000 083 0.00 278 000 000 0.00 1681 009 277
PerAct[32] 0.68 238 048 000 1006 1293 1358 18.11 0.00 622 000 833 215 161 588 252 410 6.5]
PerAct(MT)[32] 2.04 3.06 0.95 238 920 1868 698 11.13 000 373 278 11.11 645 914 168 420 376 793
3DA[20] 1.02 1.70 143 048 1034 1379 1396 1830 124 747 139 1250 269 161 672 420 485 7.51
SD?Actor 340 544 1095 16.19 25.86 32.47 26.04 3585 871 17.01 556 16.67 7.53 9.68 12.61 17.65 12.58 18.87
SD?Actor(MT) 1.02 238 7.14 1381 16.67 2931 2075 2660 6.64 1245 139 972 161 161 840 1513 795 13.88

Table 2. Novel State set Performance on ARNOLD. We evaluate the unique novel state per task on 8 challenging tasks from ARNOLD
and report mean success rates(%) across 3 random seeds.
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distinct objects and 20 diverse scenes which include eight
tasks with various goal state variations. We divide each task
following ARNOLD into train set, test set, novel and any
state set. The test set includes the 773 demos with goal
states that have been learned during training. The novel
state set contains 2000 demos with only one unseen goal
state. The any state set contains 2000 goal states (learned
and unlearned) covering the entire manipulation state space.
Notably, our method is based on base states, not base skills.

Figure 6. Qualitative result of our SD>Actor on novel state set.
Blue figures are the state value.

4.2. Quantitative Evaluations

We evaluate our method against the previous state-of-the-art
methods 6D-CLIPort [53] and PerAct [32] on ARNOLD.
For a fair comparison, we reproduced the baseline 3D Dif-

Metrics. We have adopted success rate as the evaluation fuser Actor [20](3DA) in ARNOLD. We show quantitative

metric in the ARNOLD. A task instance is regarded as a
success when the success condition is satisfied continually
for 2 seconds, which requires the current state to be within
a tolerance threshold of the goal state.

Implementation Details. During training stage, we use
AdamW [21] optimizer with an initial learning rate of
1 x 107° and a cosine scheduler with warmup in the first
2k steps. In practice, we initial 3 embeddings for each
task, which represent 3 different goal states. At every itera-
tion, we use Farthest Point Sampling(FPS) to sample 4096
points to reduce computational effort. We train our diffu-
sion model for 800K iterations with a batch size of 96 on 2
x NVIDIA GeForce RTX 3090 GPUs.

results in test set, novel state set and any state set. The de-
tailed results with mean and standard deviation of success
rates (%) across 3 random seeds in the supplementary.

State Modeling Performance. As shown in Table I,
On test set, our method achieves the best performance
with an average success rate of 50.23% and 69.77% on
the single task, an absolute improvement of 8.02% and
10.69% over 3D Diffuser Actor. Especially in tasks
such as open drawer, close drawer, open cabinet and
close cabinet, where the agent is required to have com-
prehensive state understanding and accurate action genera-
tion, state modeling yields better results. It indicates that
our model possesses the ability to generate actions with
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P.OBJECT R.OBJECT O.DRAWER  C.DRAWER O.CABINET C.CABINET P.WATER T.WATER Average
6D-CLIPort[53] 1045 29.10 130 260 0.84 000 0.68 1.35 0.00 580 0.00 291 0.00 149 000 7.14 1.66  6.30
PerAct[32] 4851 47776 1429 1429 21.01 33.61 23.65 2838 435 24064 6.80 1359 2687 3134 1429 19.64 1997 26.66
PerActMT)[32] 46.27 47.01 1299 1299 12.61 2353 1486 2635 435 580  4.85 8.74 1642 2537 3.57 536 1449 19.39
3DA[20] 47.01 47776 1558 16.88 22.69 3529 2500 31.08 870 21.74 874 1553 2836 3433 16.07 21.43 2152 2801
SD2Actor 50.75 51.49 1948 24.68 3697 52.94 37.84 50.00 1449 36.23 12.62 2330 31.34 3881 19.64 30.36 27.89 38.48
SD?Actor(MT) 4925 4925 16.88 20.78 29.41 4622 29.05 46.62 13.04 2899 9.71 18.45 2537 2836 1607 2500 23.60 32.96

Table 3. Any State set Performance on ARNOLD. We evaluate the continuous states per task on 8§ challenging tasks from ARNOLD and

report mean success rates (%) across 3 random seeds.

State State Ortho Novel Any
Repre. Decom. © State State
X X X 4.85+0.81  21.52+0.98
v X X 5.73+078  22.6140.56
v v X 10.844+0.78  25.19+0.64
v X v 6.26+0.18  24.87+0.38
v v v 12.58+0.38 27.89+0.41

Table 4. Ablation on each component of our pipeline. Note the
absence of state representation during ablation results in the non-
existence of the subsequent two parts as well.

higher accuracy based on the goal states.

Novel State Generalization Performance. To valid the ef-
fectiveness of SD?Actor for state generalization, we ana-
lyze it on the novel state. The results in Table 2 demon-
strate that SD?Actor achieves the highest average success
rate of 12.58% and outperforms all previous methods by a
wide margin across all tasks. Moreover, we observed that
in novel state set, in tasks like open drawer, SD2Actor is
superior to prior work by a large margin, demonstrating that
the model can be generalized to unlearned states.
Continuous State Generalization Performance. Further-
more, as shown in Table 3, SD?Actor establishes a new
state-of-the-art with an average success rate of 27.89%
across all 8 tasks, achieving the highest success rate in most
tasks. Specifically, on the open drawer and close drawer
tasks, SD?Actor shows the most performance improvement
compared to the other methods, indicating that SD?Actor
can be applied in generalizing to arbitrary states of the con-
tinuous spectrum. A more in-depth analysis on all experi-
ment indicates that the model achieves better performance
when ground truth is provided in the first stage, suggesting
its effectiveness in capturing the correspondence between
states and actions. For example, in close drawer task, The
model improves the performance by 12.16% after providing
the ground truth in the first stage, while the Peract is only
4.73%. It shows that the generalization of the model mainly
works in the second phase of grasping, i.e. controlling the
object to reach the target state.

4.3. Qualitative Evaluations

In the test set setting, we show the four manipulation results
of the model in the learned states. As shown in Figure 5, it

Num Novel State Any State
0 4.85 21.52
1 6.74 22.27
2 12.58 27.89
3 11.62 26.44

Table 5. Ablation on the number of combination embeddings.

indicates that the model is capable of accurately matching
target state instructions with actual manipulation actions. In
the zero-shot setting, as illustrated in Figure 6, our method
demonstrates stable and precise manipulation action in the
novel state. While only being trained on a few demonstra-
tions, our method shows superior generalization capability
to novel states. Subsequently, as evidenced in Figure 8 in
the supplementary, we visualize the experimental results for
8 tasks in any state split. We observed that our model can
learn a mapping from language instructions to precise goal
states in a continuous spectrum.

1 3 5
Model Novel  Any Novel  Any Novel  Any
PerAct [32] 129 524 214 730 410 1997
3DA [20] 173 7.24 2.87 10.30 485 2152
SD?Actor 6.84 11.83 893 1847 12.58 27.89

Table 6. Model Accuracy. We evaluate the novel and any state
success rate with different success ranges in comparison to PerAct
and 3D Diffuser Actor(3DA). Number 1, 3, and 5 indicate that the
range is 1/5, 3/5, and 1 times the original range, respectively.

4.4. Ablation Study & Model Analysis

Effectiveness of different components. We explore three
key variations: Fine-grained state representation, Orthog-
onalization loss and State decomposition and combination.
The embeddings preserves the state features of the manip-
ulation tasks, which assist in generating accurate actions.
The orthogonalization loss further facilitates the separation
of embeddings, which we use to assess the effectiveness of
linear combinations. The state decomposition and combi-
nation module aids the model in generalizing to new states.

As shown in Table 4, compared with SD?Actor, the per-
formance of vanilla diffusion model dropped by 7.48% and
6.37%, which demonstrates the effectiveness of the state
modeling. Most importantly, state decomposition module

13757



(a) Pickup object.

(b) Translate object.

(c) Reorient object.

(d) Slide block. (e) Rotate pen.

Figure 7. A presentation of 5 tasks in the real world.

is a critical part of generalization, which yields superior re-
sults. Lastly, we can analyze that the orthogonalization term
enhances the embedding separability and improves the ac-
curacy of the linear combination.

Effectiveness of the number of linear combination. We
use the different numbers of embeddings as combination
vectors to represent novel states for validating the effect of
the number of embeddings on the generalization capability
of the model. Since there are only 3 different states in B
within each task in ARNOLD, the number of embeddings
is also at most 3. The result is reported in Table 5, which
shows that using 2 embeddings yields the best performance
in the ARNOLD environment. When the number is set to 0,
SD?Actor degrades to the 3DA. We observe that that the
performance is already higher than the 3DA when using
1 closest embedding, indicating the importance of embed-
dings, which is consistent with the conclusions above.

Model Accuracy. We show the single-task novel and any
state results by reducing the success range in ARNOLD and
ultimate success rate in Table 6. The original success range
of ARNOLD is in the supplementary material. The data in-
dicates that the success rate improves as the range increases,
demonstrating the accuracy of the proposed method. It is
apparent that SD? Actor demonstrates more stable inference
results, with reduced performance degradation as the ranges
decrease. Similar to the aforementioned experimental re-
sults, our approach exhibits higher performance on novel
and any states, showing the relative accuracy of SD?Actor
even in the context of generalization.

Test States 3DA  SDZActor
0~ 30 7/20 12/20

Task Train States
10, 20, 30 (cm)

Pickup

Translate 10, 20,30 (cm) 0~ 30 8/20 14/20
Reorient 10,90, 135(°) 0~ 180 4/20 9/20
Slide 0,70,100 (%) 0~ 100 6/20 13/20
Rotate 0, 45, 180 (°) 0~ 180 3/20 10/20

Table 7. Real-world results. A brief description of the collected
data and single-task state generalization performance on 5 real-
world tasks compared with 3D Diffuser Actor(3DA).

4.5. Real Robot Experiment

We further evaluate our model on five real-world tasks:
pickup object (pickup), translate object (translate),
reorient object (reorient), slide block (slide) and
rotate pen (rotate). We illustrate these tasks in Figure 7,
and the novel state is extracted offline. We employ a Uni-
versal Robot arm with a 2F-140 gripper and utilize a sin-
gle Azure Kinect RGB-D sensor at a front view. The cap-
tured RGB-D images are downsampled from a resolution
of 2048%1536 to 128x128. We calibrate the robot camera
extrinsic and transform point cloud to robot base frame.

For each task, we collect 20 demonstrations with three
essential states for training, and subsequently uniformly
sample 20 continuous states corresponding to the positions
at other target locations in the space for inference. Each
task is evaluated across 20 episodes. Table 7 reports suc-
cess rates of SD?Actor and 3D Diffuser Actor in real-world
experiments. Results show our method is 30% higher than
the baseline, which shows that SD2Actor learns state gener-
alization with noisy and limited real-world demonstrations.

5. Conclusion

This paper presents SD?Actor, a diffusion policy that en-
ables robots to perform novel states from language instruc-
tions by state decomposition. It employs learnable embed-
dings to learn continuous and comprehensible state rep-
resentations directly from visual and language demonstra-
tions. Through integrating hierarchical state decomposition
and embeddings combination with conditional actions gen-
eration, SD?Actor can comprehend and execute arbitrary-
state action for robot manipulation. Extensive experiments
on the continuous state manipulation benchmark demon-
strate state-of-the-art performance, highlighting its effec-
tiveness for state composition tasks and ability to general-
ize to any arbitrary state within a continuous spectrum. We
envision our work will inspire future research on state gen-
eralization policies and feature fusion in robotics.
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