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Abstract
A milestone in robot learning is to learn policies that can
manipulate objects precisely and reason about surrounding abstract concepts in the meanwhile. In this project, we
step towards this goal by learning a language-conditioned
policy for visual robotic manipulation through behavioural
cloning. Concretely, conditioned on text description specifying target objects to manipulate, our model aligns RGB
images input with learned object embedding and predicts
movements of the end effector of a robot arm that can solve
the task. Our learned model can solve the manipulation
task of “put an object into another object” with a high success rate above 70%. We also identify the difficulty of recognizing the correct object to manipulate and propose the
solution of aligning RGB image inputs with learned object
embedding. Our experiment shows that this solution significantly improves the performance when there are distractor
objects.

1. Introduction
The recent decade has witnessed the success of applying deep learning to solve robotic manipulation tasks
[1,12,13,17,18,22–25,29,35]. Two main techniques behind
these successes are reinforcement learning [30] and imitation learning [11]. Recently, with the success of large-scale
foundation models [2] such as BERT [6] and GPT-3 [3],
learned deep models can reason about complicated concepts in the form of images [26, 34], videos [31], decisionmaking [29], and so on. The milestone in robot learning
would be combining both strengths from control and reasoning so that the learned agent can reason about surrounding abstract concepts (e.g., a red cup) and manipulate them
precisely (e.g., drag the red cup).
In this project, we study how to apply imitation learning, especially behavioural cloning, to learn languageconditioned visual robotic manipulation tasks to achieve
the goal described above. Specifically, we follow [29, 35]
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to develop a visual robotic manipulation task based on the
simulator PyBullet [5], leverage an oracle agent to generate expert demonstrations, and learn a policy network with
ResNet [10] as the perceiving module to solve this task.
To augment our model with the reasoning ability, we describe tasks with natural language sentences and condition
our model on them. We identified the difficulty of recognizing correct objects to be manipulated. Therefore, we propose the solution of learning object embedding from segmentation to alleviate the burden on object recognition so
that the most compute can be used at the decision-making
side. With inputs of RGB images, aligned segmentation
masks, states of the end effector of the robot, and text descriptions of tasks, our model predicts actions that specify
the movements of a UR51 robot arm to solve target tasks.
Our contributions are threefold:
• We extend the benchmark suite for robotic manipulation from [29, 35] by adding more observation view
and modality and decomposing the primitive robotic
action to make it easier for training.
• We developed a language-conditioned policy that takes
visual inputs to solve a robotic manipulation task. It
can achieve a high success rate above 70% with distractor objects in the workspace.
• We identified the difficulty of recognizing the correct
objects to manipulate and proposed a solution of aligning RGB images with learned object embedding to alleviate the burden at detection side. Our experiment
shows that it significantly improves the performance.

2. Related Work
A considerable amount of work in visual robotic manipulation makes object-centric assumption [8,9,16,20,33,36].
These efforts put huge burdens on data collection. The
Transporter Network proposed in [35] instead makes no
object-centric assumptions and preserves spatial structure
1 https://www.universal-robots.com/products/ur5robot/

for object manipulation with visual inputs. Concretely, consider an example of executing pick-and-place actions, it
can be thought as executing a sequence of spatial displacements. Each segment of displacement can be specified by a
start pose and an end pose. This has been shown to improve
sample efficiencies on several manipulation tasks such as
stacking a pyramid, assembling kits, pushing piles, etc [35].
We adopt the same practices in our network models to learn
policies that can complete a visual manipulation task.
Another problem in robotic manipulation is the difficulty to generalize to new goals or quickly transfer concepts from other tasks. To address, [29] proposes CLIPort,
a two-stream architecture with semantic and spatial pathways for vision-based robotic manipulation. The semantic
pathway contains a contrastively learned model, CLIP [26],
to extract semantic information such that the learned policy
is conditioned on language instructions. The spatial pathway is similar to Transporter Network for precises manipulation. We follow the similar idea to incorporate language
instructions into our robotic manipulation task and learn an
instruction-conditioned policy in favor of generalization to
unseen objects.
Detecting and recognizing objects is hard. Detecting the
right objects to manipulate is even harder in robotic manipulation tasks. The power of decision making in our policy network is hid if too much burden is put on detection
side. To this end, inspired by [4], we propose to leverage
the ground-truth segmentation of objects that can be queried
from the simulator. Note that this does not break the rule because segmentation can be obtained from any off-the-shelf
segmentation models [32]. Our experiment also shows that
our method leads to better learned manipulation policies
compared to not using segmentation masks.

3. Method
3.1. Problem Formulation
In this project, we study instruction-conditioned robotic
manipulation from visual inputs. Concretely, given a
robotic manipulation task T and its corresponding text instruction y (e.g., put the red cube into the green bowl), we
learn a neural network policy parameterized by θ to make
decisions πθ (at |ot , y) : O → A such that it can successfully complete the task, where O represents the observation
space and A represents the action space. ot ∈ O is the
observation at time step t. Similarly, at ∈ A is the action
at time step t. The observation space O contains RGB images from two views (top view and front view) denoted as
Itop ∈ R3×H×W and Ifront ∈ R3×H×W , the state of the end
effector (i.e., the end effector grasps some object or not)
see ∈ {[1, 0], [0, 1]} represented as one-hot vector, and segmentation masks Mtop and Mfront paired with Itop and Ifront .
Note that the observation of segmentation is not included

in the baseline method. It is leveraged by our method only.
RGB observations from two views are shown in Figure 1.
The action space A contains three parts and is same for
both the baseline method and our method. The first part
pos = (x, y, z) ∈ R3 is the position of the end effector the
agent hopes to move to. The second part rot = (a, b, c, d) ∈
R4 specifies the rotation in quaternion of the end effector
during movement. The third part release ∈ {0, 1} tells if
the agent wants to release the suction cup. Note that the
suction cup end effector will automatically suck objects it
contact, there is no need to define a such action.

3.2. Robot Learning Simulator
We extend upon the Ravens benchmark suite introduced
in [35] and used in [29]. It is based on Pybullet [5] and
includes 10 robotic manipulation tasks. We improve and
modify it in three ways.
We first make the action space easier for training models.
The original action space in [29, 35] is the primitive action
of “pick and place”. Therefore, it involves two poses, one
for the pick pose and the other for place pose. The size
of the original action space |A| is the Cartesian product of
all possible two poses, leading to inefficient and difficult
training [7]. This problem is exacerbated when compute is
limited. To address, we decompose the original primitive
action of “pick and place” into “move end effector” as described in Section 3.1. There is only one pose in our new
action space. Hence, we halve the headroom required to
learn a complicated mapping from observation space to a
large action space.
We also develop another new task for this project under the framework of Ravens. In the new task, the agent is
required to put an object into a container object. We can
also vary the number of distractor objects. The instruction
for this task is “put the object A into the object B”,
where object A and object B are placeholders for the
object being manipulated and the container object, respectively. We instantiate specific objects and full-fill the instruction when a new task instance is created.
The third improvement includes more observation
modality and better observation view. We query the simulator to get segmentation masks paired with RGB images.
These segmentation masks are used in our method as described in Section 3.3.1. Furthermore, agents can only observe RGB images from the front view in [29, 35]. We add
another top-down view such that our agent receives more
information about its surrounding objects.

3.3. Learning Language-conditioned Robotic Manipulation from Visual Inputs
We learn a policy with visual inputs for languageconditioned robotic manipulation through behavioural
cloning. An overview of our method is depicted in Figure 2.

Figure 1. Visualizations of a successful trajectory completed by the oracle agent from both front and top-down views. The text instruction
is “put the cyan star into the pink pan”. There is a yellow bowl distractor.

The vision perceiving module is a ResNet [10] trained from
scratch (specifically we use resnet-18). There are three
critical components in our method, namely 1) aligned RGB
and learned object embedding, 2) frame stacking, and 3)
task descriptions conditioning through pre-trained language
models. We elaborate them in following sections.

mation as the original RGB images have and also aligned
object information. We then pass Ftop and Ffront to the
ResNet. To handle these visual inputs, the input channel
of the first layer of ResNet increases from 3 to 3 + D.

3.3.1

We hypothesize that the policy can make better decisions
when also conditioned on previous observations. An example is that when different degrees of occlusions occur at different time steps, the model can combine observed images
from several previous time steps to make up an occlusionfree observation, which then helps predicting the correct action at the current time step.
To provide history to the model for better decision making, we stack previous x frames of Ftop and Ffront . Denoting the frame at time step t as Ftop,t and Ffront,t , we
stack a sequence of {Ftop,t−x+1 , Ftop,t−x+2 , . . ., Ftop,t } and
{Ffront,t−x+1 , Ffront,t−x+2 , . . ., Ffront,t } to obtain Ftop,t ∈
Rn×(3+D)×H×W and Ffront,t ∈ Rn×(3+D)×H×W . They
are now temporally extended. We then pass them to the
ResNet. Notice that this is similar to “early fusion” [14].
In our experiment detailed in Section 5.3.2, we find that
stacking four frames (n = 4) achieves the best performance
while keeps the entire computation manageable compared
to stacking more.

Aligning RGB Observations with Object Identities

Detecting and recognizing objects is hard. It becomes even
harder when coupled with policy learning. Fail to detect and
recognize the correct objects to be manipulated can lead to
poor policy learning. We therefore propose to align RGB input images with learned object embedding from segmentation masks. Note that any off-the-shelf segmentation models can be used to obtain such segmentation masks. Here
we use ground-truth segmentation masks queried from the
simulator such that the most compute can be used for policy
learning.
To this end, we introduce learned object embedding. Object embedding embeds object IDs to dense vectors vobj ∈
RD where D is the dimension of embedding. Recall that as
described in Section 3.1, the segmentation masks Mtop and
Mfront are paired with RGB images. They have the same
spatial dimension and relationship. Because Mtop and Mfront
only contain segmented objects represented as separate IDs,
we pass Mtop and Mfront to object embedding to get embed′
′
ded segmentation masks Mtop
∈
∈ RD×H×W and Mfront
D×H×W
′
′
R
. We then concatenate Mtop and Mfront with Itop
and Ifront along the channel dimension, respectively. Denoting the concatenated results as Ftop ∈ R(3+D)×H×W and
Ffront ∈ R(3+D)×H×W , they now contain all visual infor-

3.3.2

3.3.3

Frame Stacking

Task Descriptions Conditioning

The ability to understand natural languages is the most powerful tool to help a trained agent to generalize to unseen
scenes and objects. Consider two tasks with exactly the
same workspace including a red cube, a green cube, and

a red bowl. The first task asks the agent to put the red cube
into the bowl, while the second task asks to put the green
cube into the bowl. If the agent can understand and differentiate phrases “red cube” vs “green cube”, then it can apply
the same control policy to successfully complete both tasks.
Motivated by this, we condition our model on task descriptions by leveraging pre-trained language models. Specifically, given a text instruction y, we use a lightweight pretrained DistillBERT [27] to extract a feature vector vy ∈
R768 and then pass to our model. Note that the entire DistillBERT is frozen during training.
3.3.4

Learning through Behavioural Cloning

We learn policies parameterized by θ through behavioural
cloning [11]. Concretely, we assume an offline dataset
DT = {τ (1) , τ (2) , . . . , τ (N ) } containing N trajectories.
Each trajectory τ (n) = {o0 , a0 , o1 , a1 , . . . , oT } is a sequence of observations and actions. Section 4 elaborates
how to obtain such an offline dataset. Given each transition pair (ot , at ) in a trajectory τ (n) ∈ DT , denoting the
predicted action from our policy πθ (·) as ât , we define the
loss function L(at , ât ) : A × A → R and update our policy
network using stochastic gradient descent with gradient calculated from ∇θ L(at , ât ) = ∇θ L(at , πθ (ot , y)). The loss
function L can be L2 loss for continuous action or crossentropy loss for discrete action. In our case we find that
predicting continuous actions and hence optimizing L2 loss
works better than discrete action and cross-entropy loss.
The final loss we optimize is a weighted combination of
three parts, namely
Lpos =

Lrot

1
3

1
=
4

X

2

(apos,dim − âpos,dim ) ,

our agents’. Therefore, to generate the dataset, we rollout the oracle agent πoracle in task T , record the observations and actions at each time step and construct the tra(n)
jectory τπoracle , and append new trajectory into the dataset
(n)
DπToracle ← DπToracle ∪ τπoracle . As the oracle is a stochastic
one, there is still a small probability that it will fail. We
therefore exclude failed trajectories and only include sucT
cessful trajectories such that feval
(τ ) = 1, ∀τ ∈ DπToracle ,
T
where feval (τ ) ∈ {0, 1} is an evaluation function that takes
an observation-action sequence and evaluates whether the
task is successfully completed or failed.
We generate 1, 000 successful trajectories for the task we
are interested in (i.e., the task “put the object A into the
object B”). Note that 1, 000 successful trajectories are
not insufficient because [29] already shows that this order
of magnitude of data are enough to learn good manipulation policies. Each trajectory contains 5 observations (including the terminal observation) and paired 4 oracle actions. Therefore, we have roughly 4, 000 successful transitions to imitate. We thus use all of them as the training data
and evaluate our model through online evaluation. In other
words, we test our trained model by letting it attempt to
complete the task and record success rates. One successful
oracle trajectory is shown in Figure 1. Algorithm 1 illustrates our dataset collection pipeline.
We use an image size of 128 × 256 for both RGB images
and segmentation masks. We normalize RGB pixel values
to be within [0, 1] by dividing 255 before passing to our
model. We follow the procedure described in Section 3.3.1
to process segmentation masks. We do not include any data
augmentation now.

(1)

5. Experiments, Results, and Discussion

(2)

In this section, we start with instantiation details of our
robotic manipulation task. We also briefly present important
hyper-parameters used during training. We then introduce
the primary metric we care about and elaborate the experiment results.

dim∈{x,y,z}

X

2

(arot,dim − ârot,dim ) ,

dim∈{a,b,c,d}

and
2

Lrelease = (arelease − ârelease ) .

(3)

Note that we omit the timestep subscript t for simplicity.

4. Dataset Collection
The previous section implies that we can only learn a
good policy only if the offline dataset we imitate has a high
quality. To collect such a dataset, we leverage a stochastic
oracle provided by [35] to generate successful trajectories.
The oracle agent leverages ground-truth information such as
noiseless top-down images from a near-orthographic camera and is programmed with task-specific trajectories (e.g.,
which object to manipulate, where to move the end effector). The action space of the oracle agent is same as

5.1. Task Instantiation Details
We instantiate manipulation tasks from a single template
“put the object A into the object B”. Both object
placeholders contain two part, a color adjective and a noun.
All colors and objects are listed in Table 1. Every time we
sample a specific combination. We also add a distractor into
the workspace. We sample a combination of color and object for the distractor as well. Positions of all objects are
randomly sampled from the workspace.

5.2. Hyper-parameters
During training we use a mini-batch size of 20 due to
our GPU memory limitation. We use Adam optimizer [15]

Figure 2. Schematic of our model architecture. Symbol ⊕ denotes concatenation.

with an initial learning rate of 5 × 10−4 . We decay the initial learning rate to 1 × 10−5 following a Cosine annealing
scheme [19] because it is empirically proven to be able to
stabilize the training. We train all models for 450 epochs.
Each trial takes approximately 8 hours on a RTX 2080 Ti
GPU.

5.3. Main Results
The primary metric we care about is (averaged) success
rate. Specifically, we alternate between training and evaluation every 10 epochs. During evaluation, we let the (partially) trained model rollout in the simulator for 40 episodes
and then compute the average success rate.
Table 2 shows the main experimental results. Figure 3
shows the curve of success rate vs training epoch of our
method described in Section 3.3. Our model is able to
achieve an average success rate around 70% after training
for 200 epochs. The best success rate it achieved is 85%.
This result is promising and suggests that our model is able
to reason about its complicated surrounding environment
meanwhile complete manipulation tasks precisely. We then
ablate our different design components to investigate each
part’s contribution to the performance.
The evaluation performance also demonstrates that our
method does not overfit. Although at the first glance it
seems that ours can easily overfit because we only have
4, 000 observation-action pairs to imitate. However, it indeed does not because the entire state space is very large.
Roughly, the state space is at the order of the area of the
workspace to the power of number of objects. This huge
amount of possible task instances prevents our model to
overfit.

Figure 3. Success rate of our method and ablated methods

5.3.1

Ablation on Aligned RGB and Object Embedding

We ablate the aligned RGB and object embedding as introduced in Section 3.3.1. Surprisingly, we find that using
aligned RGB and object embedding contributes the mostly
to the final performance because the model without it cannot
even solve the task (success rate around 3%). This finding
supports our hypothesis that we cannot learn a good policy
for decision making if the burden on object detection is too
heavy. Indeed, aligning RGB images with learned object
embedding helps to alleviate the learning difficulty at the
perceiving side, which then fully showcases the ability to
do complicated reasoning.
5.3.2

Ablation on Frame Stacking

We then ablate the effects of stacking multiple frames to
provide historical information to the model as described in

Algorithm 1: Imitation Dataset Collection
Pipeline.
Input: πoracle (a|o): policy of the oracle agent
Input: env(o, done|a): simulator environment
function that accepts an action, forwards one
step, and returns a new observation and a
termination signal
T
Input: feval
(τ ): an evaluation function that outputs
if the task is successfully completed or not
T
1 Initialize an empty dataset buffer Dπoracle ← ∅;
2 while have not collected N successful trajectories
do
3
Initialize an empty buffer to store the current
(n)

4

trajectory τπoracle ← ∅;
Reset the simulator to get the initial observation
(n)
τπoracle ;

5
6

o and append to
while the current episode is not terminated do
Obtain oracle action a = πoracle (o) and
(n)

7

8
9
10
11
12

append a into τπoracle ;
Obtain new observation and termination
signal from the simulator
o, done = env(a);
(n)
Append the new observation to τπoracle .
Terminate the episode if done.
end
(n)

T
if feval
(τπoracle ) = 1 then
(n)
T
Dπoracle ← DπToracle ∪ τπoracle
end

Red, blue, orange, cyan, purple
Block, L-shaped block, round, star, flower
Container object

Colors:
Objects:

5.4. Failure Case Analysis
We now qualitatively analyze failure cases of our
method. We find that in most failed cases, our agent can
successfully pick up the correct object. However, it fails to
put it into the correct container. One representative trajectory is visualized in Figure 4. We hypothesize that this is
because we use continuous actions. The policy head predicts position in R3 and rotation in R4 . Any small disturbances can cause the output values change. A potential solution is to discretize the action space and use discrete actions. However, our preliminary results (not included here)
show that training with discrete actions is worse than training with continuous actions. We leave the investigation as
future work to improve the robustness of the learned policy.

6. Conclusion and Future Work

Object to be manipulated
Colors:
Objects:

with 4 frames stacked and a model without frame stacked.
Both of them achieve a similar sample efficiency. The best
success rate of the model without frame stacking is slightly
lower than ours (82.5% vs 85%). Nevertheless, frame stacking is a common practice used in deep reinforcement learning (RL) to provide historical context to RL agents such that
they can have better estimation of state (or state-action) values and better policy [21, 28]. We hypothesize that the reason that frame stacking does not offer significant helps in
our case is our training paradigm is much easier and more
stable than deep RL. Our agent does not require much history to complete the manipulation tasks.

Green, pink, yellow, brown, white
Bowl, frame, box, pallet, pan

Table 1. All colors and objects used to instantiate tasks.

Method

Success Rate

Ours
Without aligned object embedding
Without frame stacking

85%
3%
82.5%

Table 2. Best success rates of our method, without aligned object
embedding, and without frame stacking.

Section 3.3. We find that it has minimal impacts on the final
performance as shown in Figure 3. We compare our method

Learning agents that can reason about their complicated
surrounding environments and do precise control is a longstanding goal in robot learning and embodiment learning.
In this project, we step towards this goal by learning a
language-conditioned model to solve robotic manipulation
tasks from visual inputs. Our learned model is not only able
to follow specific instructions to complete tasks but also can
precisely manipulate objects. We verified our hypothesis
that the difficulty to learn object detection can obstacle the
learning of decision making. We therefore propose the key
component behind our method to align RGB images with
learned object embedding. In our experiments, we also ablate the effects of frame stacking and do not find a huge
difference, which is probably due to the fact that imitating noiseless successful trajectories already stabilizes the
training process. Meanwhile, we qualitatively study failure
cases of our learned model and identify possible directions
for further improvements.
One direction of future work is to improve the robustness
of the learned model. For example, can the model still work
reliably under different workspace with different illumination conditions? Other promising directions include to scale
up the richness and quantity of manipulation tasks such that

Figure 4. Visualizations of our method’s failed trajectory. The text instruction is “put the cyan round into the brown pan”. There is a brown
pallet distractor. Our model successfully picks up the correct object but fails to put it into the container.

we can use the same framework to solve more diverse problems.

7. Contributions and Acknowledgements
In this project, we extend upon codebases from Transporter2 and CLIPort3 . As non-CS231N collaborators, Jim
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or journals. Part of experiments in this project is conducted
using GPUs from Stanford Vision and Learning Lab.
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