
IMPROVING GENERALIZATION OF REINFORCEMENT LEARNING
USING A BILINEAR POLICY NETWORK

Fen Fang1, Wenyu Liang1, Yan Wu1, Qianli Xu1 and Joo-Hwee Lim1,2

1Institute for Infocomm Research, A*STAR, Singapore
2School of Computer Science and Engineering, NTU, Singapore

ABSTRACT

In deep reinforcement learning (DRL), the agent is usually
trained on seen environments by optimizing a policy network.
However, it is difficult to be generalized to unseen environ-
ments properly, even when the environmental variations are
insignificant. This is partly because the policy network cannot
effectively learn the representation of visual difference that is
subtle among highly similar states in the environments. Be-
cause a bilinear structured model containing two feature ex-
tractors allows pairwise feature interactions in a translation-
ally invariant manner which makes it particularly useful for
subtle difference recognition among highly similar states, in
this work, a bilinear policy network is employed to enhance
representation learning, and thus to improve generalization of
the DRL. The proposed bilinear policy network is tested on
various DRL task, including a control task on path planning
for active object detection, and Grid World, an AI game task.
The test results show that the generalization of DRL can be
improved by the proposed network.

Index Terms— Deep Reinforcement Learning, Bilinear
Policy Network, Generalization.

1. INTRODUCTION
In deep reinforcement learning (DRL), an agent is trained to
learn the optimal actions corresponding to varying states in
the dynamic environment. For an environment, especially a
complex one that contains a large state space, some states are
highly similar to one another. In such environment, the policy
network has to extract distinctive features from these states in-
dependently by analyzing tiny differences among them. Oth-
erwise, the policy network is prone to make identical action
decisions on these similar states [1]. This leads to two un-
desirable outcomes: (i) it will be very difficult for the agent
being trained to converge within reasonable time; (ii) the pol-
icy cannot generalize to environments different from those the
agent was trained on [2]. For example, in a simple obstacle
avoidance task, an agent (white block) shown in Fig. 1 learns
from pixel images to jump to avoid an obstacle (grey square).

This research is supported by the Agency for Science, Technol-
ogy and Research, under the AME Programmatic Funding Scheme
(Project#A18A2b0046).

Fig. 1. Obstacle avoidance task training and testing samples.
An agent (white block) strives to jump over the obstacle (gray
square) with different distances from the agent by taking op-
timal actions (blue trajectories). The task fails if the agent
bumps into the obstacle.
The agent is trained via an RL algorithm on a lot of tasks in
seen environments with varying obstacle locations before it is
hoped to successfully jump on the test tasks in unseen envi-
ronments with subtle obstacle location differences. The chal-
lenge of the task is to generalize the action decision policy
based on obstacle locations and floor heights in seen environ-
ments to the tasks in unseen environments within reasonable
training episodes. Fig.1 (a) and (b) show two sample tasks
in training with the optimal trajectories of the agent shown
as blue curved arrows; (c) is one of the test tasks. Since the
pixel image of the test task is very similar to that of the train-
ing sample in (b), the agent is prone to take the same action
sequence to jump over the obstacle in the test task. However,
due to the subtle visual differences in floor height and obstacle
size in the images, the agent will bump onto the obstacle when
taking the 4th action which fails the task. The example illus-
trates the gap of current DRL methods in dealing with subtle
visual differences of train-and-test environment. A stronger
feature representation learning scheme is critically needed.

Bilinear construct was initially employed in support vec-
tor machine (SVM) classifier for human detection and action
classification in video sequences [3]. It has also been used
in neural networks (e.g., bilinear convolutional neural net-
work (BCNN)) [4, 5, 6, 7, 8] with performance on public
datasets verifying that it works effectively and efficiently on
fine-grained object recognition task. The main advantage lies
in its ability to generalize several widely-used texture descrip-
tors (e.g., Fisher Vector [9], SIFT features [10]). In addition,
it can be trained end-to-end. Inspired by the success of BCNN
in fine-grained object recognition, this study proposes a novel



Fig. 2. The architecture of our proposed method.

method to enhance the generalization of DRL policy that is
learnt on seen environments and applied in unseen environ-
ments by using bilinear policy network. Bilinear structure
has been utilized in RL for better generalization in [11], but
there is a key difference. In [11], Bilinear structure is em-
ployed to improve generalization of RL by Q-value-shaping,
in our method, it is used to improve RL generalization by
policy-shaping. The framework of the proposed method is
shown in Fig. 2. In the proposed method, each image goes
through both the Policy network A and the Policy network B,
of which outputs are combined at each location of the image
using outer product. Bilinear feature representation is thus
obtained by taking average pooling, square root, and L2 reg-
ularization. The extracted feature is then linearly converted
to a 1-D vector-state value, and an n-D vector-action type,
where n is the action space. The two vectors are added to-
gether to compute the action advantage vector over average.
Finally, the argmax operation is applied on the action advan-
tage vector to make the optimal action decision on the current
state (i.e., the input image). The bilinear structured model al-
lows pairwise feature interactions in a translationally invari-
ant manner which makes it particularly useful for subtle dif-
ference recognition among highly similar states. Thus, bet-
ter generalization of the learnt policy from seen environments
to unseen environments can be achieved by applying bilinear
policy network in DRL.

2. OUR METHOD
In general, key components of a standard DRL are states, re-
ward, environment, and policy network. In this work, all these
components except the policy network are task-dependent,
details of which will be presented in the experiment section.
In this section, we focus on the proposed bilinear policy net-
work and the specific RL algorithm illustration.

2.1. Bilinear Policy Network
The purpose of DRL is to learn how to maximize the reward
by training a policy network over varying states from an en-
vironment. The policy network is usually a linear model:

fw(x) = wTx =

n∑
i=1

wixi, (1)

where x is the feature vector and w is a weight vector to
specify how important the feature is to the model to predict

the action at the current state, and f is the feature function.
However, linear model has many problems, especially in vi-
sual recognition tasks, where the feature is more naturally de-
scribed in the form of tensor or matrix rather than a vector [3].
Alternatively, a bilinear model can be used to extract feature
in vision task, which is defined as

B(x, y) = xTWy =

n∑
i,j=1

wijxiyj . (2)

Basically, the bilinear combination of two stream of a CNN
model at a location l of an image I is computed by

B(fA, fB , l, I) = fA(l, I)
T fB(l, I), (3)

where fA and fB are feature functions that have the same
dimension. The bilinear combination is the outer product be-
tween the outputs of features fA and fB . The global image
representation (ϕ(I)) of bilinear combination features over
the entire image using sum pooling can be computed by

ϕ(I) =
∑
l∈Γ

B(fA, fB , l, I). (4)

Assuming that fA and fB are of dimensions D × M and
D ×N , respectively, ϕ(I) is of dimension M ×N , and will
be reshaped to dimension MN × 1. The bilinear combined
feature has some desirable characteristics: (i) it is orderless
because the sum pooling operation ignores position informa-
tion, and (ii) it is a generic descriptor of an image, and hence
a classifier (softmax) can be applied on it. To improve the
performance for classification, suggested by [9], the signed
square root followed by l2 normalization on x=ϕ(I) is added
before softmax function:{

xsr = sign(x)
√
|x|

xnor = xsr/ ∥xsr∥2
. (5)

Then, to predict the probability for class c out of C classes, a
softmax activation function is computed by

softmax(wT
c xnor) =

ew
T
c xnor∑C

j=1 w
T
c xnor

, (6)

where wc is a learnable vector of dimension M ×N that pre-
dicts the probability of the vector xnor belonging to the c-th.

Based on the above description, the key idea of the bi-
linear model is to explicitly consider feature interactions by
applying outer product on outputs of two steams of the policy



network, similarly to the polynomial kernel in SVMs [12].
This makes bilinear model particularly useful for identify-
ing subtle differences, such as fine-grained image recognition
[13, 14]. Similarly, it is also helpful for tiny visual difference
localization among highly similar states in DRL. The detailed
description of shared convolutional neural network architec-
ture in the bilinear policy network is shown in Fig. 3.

2.2. Reinforcement Learning Algorithm
In supervised learning, model training can be started once
CNN model is constructed because the loss gradient is com-
puted by minimizing error between model output and ground
truth pairs. RL does not require preexisting ground truth. In-
stead, it learns a series of actions by exploring an environment
through trial and error [15, 16]. Thus, RL needs to define
an algorithm to update the loss gradient for the optimization
goal. The RL problem is commonly formulated as a Markov
Decision Process (MDP), defined by a tuple (S, A, P , R, γ,
π), where A is a action set and S is a state set. In the MDP,
there are two functions: a state transition function (P : S×A
→ S) and a reward function (R : S × A → R). The goal of
RL is to maximize reward (computed via reward function) by
optimizing action selection policy π (through state transition
function) for a given task learning. Normally, different RL
algorithms have different ways of reaching this goal. In this
work, the base RL algorithm is deep Q-learning (DQN) [17]
which employs a state-action value function defined below to
determine optimal policy

Qπ(st, at) = E

{ ∞∑
k=0

γkrt+k+1 | st, π

}
, (7)

where at is every action in set A and st is each state in set S,
rt is the immediate scalar reward, γ ∈ [0, 1] is the discount
factor for balancing current and future reward. The DQN up-
dates every state-action value after taking each action a. In
turn, the parameter θ of the policy network can be updated
according to the following time difference (TD) equation

θt+1 = θt + α[rt + γ max
at+1∈A

Q(st+1, at+1; θ
TD)

−Q(st, at; θt)]×▽Q(st, at; θt), (8)

where Q is the state-action value. The term α is the update
step size. rt + γ max

at+1∈A
Q(st+1, at+1; θ

TD) is the target Q-

value, and the term Q(st, at; θt) is the evaluation Q-value.
The mean square error between the two terms is used as loss
to be minimized for parameter (θ) optimization. The evalua-
tion Q-value, as shown in Fig.2, is the output of DQN which is
the combination of state value and averaged action advantage.
It can be computed by the following equation

Q(s, a; θ) = V s(s; θbf , θs)+

(V a(s, a; θbf , θa)− 1

N

∑
a′∈A

V a(s, a
′
; θf , θa)), (9)

where V s is the 1-D state value vector, V a is action advan-

Fig. 3. Description of convolutional neural network (CNN)
architecture used in our Bilinear policy network.

tage value, θbf is the parameters of common part of feature
extractor-bilinear network, θs and θa represent parameters of
state value and action, respectively, N is the action space.
After training, the optimal action can be selected by applying
argmax on the action advantage with the learnt policy.

3. EXPERIMENTAL SETUP
The proposed method is evaluated on two tasks: (i) Active ob-
ject detection (AOD) task, which aims to train a robot (agent)
to find optimal trajectory to actively identify objects, and (ii)
a virtual AI game task, where an agent learns to play in Grid
World game [18]. These two tasks are particularly interest-
ing because the adjacent states of them are fairly similar. This
presents a tough challenge to the agent when it makes optimal
decisions among these states.

In the AOD task as shown in Fig.4 (a), a robot mounted
with a pre-trained object detector is trained to actively change
its viewpoint (black points) on the grid of semi-spherical
surface to obtain useful visual information for the objects
identification. A public dataset-TLESS testing set [19] is
used in this work. The dataset contains 20 scenes of indus-
trial objects, where objects in each scene have 126 viewpoints
(states). To be consistent with [20, 21], benchmarking on the
AOD task is implemented on both seen and unseen environ-
ments (seen and unseen splits are the same as the ones in
[21]). Here, the maximum number of actions per episode
is set as 15. Four actions are available for agent to change
viewpoint: left, right, up and down. If an episode reached
desired viewpoint for object identification, it is considered a
success; otherwise, it is a failure. The rewards of 1 and -1
are given at the last step of a successful and failed episodes,
respectively. Reward is 0 at other steps. For benchmark-
ing, two state-of-the-art methods are employed to speed up
AOD of objects: (i) multiple-step action prediction (MAP)
method-considering steps size on each action type [22, 21];
(ii) multiple objects prediction (MOP) method-considering
AOD of multiple objects at each step [20]. The proposed

Fig. 4. Two tasks used to evaluated our method.



method is implemented on the two methods by replacing the
policy network with the bilinear ones. For MAP, the best
performance is reported by setting step size space as 4. The
same setting is adopted in this work. As MOP explores mul-
tiple objects in a single episode, it needs extra information
(e.g. oriented bounding box [20]). In the experiment, the
benchmarking on MOP method is conducted in two ways: (i)
MOP1- only using image as input; (ii) MOP2- using image
and extra oriented bounding box as input.

In the Grid World task as shown in Fig.4 (b), the agent
is put at the same place (S) at the beginning of each attempt
(episode). The goal (G) is at a fixed location; and some fixed
walls (black blocks) are distributed in the GridWorld. Once
the agent bumps onto a wall, it stops moving. The agent is
allowed to take four actions: left, right, up and down. The ex-
periments on the task is conducted in two levels of difficulty-
state spaces that are of 10×10 (training in 20,000 episodes)
and 20×20 (training in 40,000 episodes) grids. When the
agent is moving, the reward is 0 at each step unless it encoun-
ters one of three scenarios. (i) When the agent bumped onto
the wall, the reward is -0.1. (ii) If no further step is allowed
for the agent, the reward is -0.1. (iii) If the agent reached the
goal, the reward is 1. On this task, the proposed method is
benchmarked by the DQN with the linear policy network.

In the agent training process, prioritized experience replay
[23] is used to sample a mini-batch of experience for DQN
model parameter’s optimization after each step. Epsilon-
greedy policy [24] is adopted so that the agent can compro-
mise between exploration and exploitation. Adam optimizer
is used in the training. The mini-batch size is set as 64. The
learning rate is 0.001. The capacity of replay buffer is 10,000.
The discount factor is 0.99. On AOD and Grid World tasks,
the target Q-value is updated by evaluating Q-value after ev-
ery 400 and 100 episodes, respectively. The DQN framework
is implemented in Pytorch on a NVIDIA GeForce GTX 1080
GPU machine with 8GB of graphic memory.

The evaluation metrics used for AOD task are the same as
ones in [20, 21], namely, success rate (SR↑) and average path
length (APL↓). The metrics adopted for Grid World task is
average score [25] obtained in training process.

4. RESULTS AND DISCUSSIONS
The evaluation results on the AOD task are shown in Table 1.
MAP-L and MOP-L are results of MAP and MOP methods
using linear policy network. MAP-ours and MOP-ours are re-
sults by applying bilinear policy network. From the results, it
can be see that MAP-Ours and MOP-Ours outperform MAP-
L and MOP-L, respectively, with higher SR and shorter APL,
especially on unseen environments. This verifies that the bi-
linear policy network is more effective in generalizing knowl-
edge learnt from seen environment to unseen environment.
Comparing MAP-Ours with MAP-L, performance improve-
ment on seen environment is not significant. But it achieves
9% higher SR and almost the same APL on unseen environ-
ment. Comparing MOP1-L and MOP2-L, there is a slight

Table 1. Evaluation results of AOD task on TLESS dataset.
SR-seen ↑ APL-seen ↓ SR-unseen ↑ APL-unseen ↓

MAP-L 96.2% 3.36 68.3% 5.69
MAP-Ours 96.6% 3.29 72.5% 5.73
MOP1-L 82.2% 4.44 62.4% 9.26

MOP1-Ours 89.9% 6.32 78.6% 8.83
MOP2-L 81.9% 4.79 55.8% 9.08

MOP2-Ours 86.1% 5.16 76.5% 8.62

Fig. 5. Average score obtained in the agent training process
of Grid World task.

performance drop in SR on seen environment and 7% drop in
SR on unseen environment without using extra input as state.
This trend also existed between MOP1-Ours and MOP2-Ous.
The difference is that, without using extra input, SR drops 2%
on unseen environment which is not significant. More impor-
tantly, even without using extra input (reduced rely on prior
knowledge) in state, the proposed method (MOP2-ours) still
outperforms MOP1-L on both seen and unseen environments
(especially on unseen environments by 14% higher on SR).

Further comparison between linear and bilinear network
is shown as the visualized average scores in terms of the num-
ber of training episodes on Grid World task (Fig. 5). In the
10× 10 grid (Fig.5 (a)), both methods are converged, but the
method with bilinear policy network (our method) converges
much earlier and is more stable after converging. In 20 × 20
grid (Fig.5 (b)), the method with linear policy network can-
not converge within specified episodes, while the proposed
method can converge within the given episodes. These ob-
servations show that bilinear policy network learns the subtle
visual representation better than linear policy network, and
hence generalizes to unseen environment (different paths to
the goal) more effectively.

5. CONCLUSIONS
In this paper, a method using a bilinear policy network as
feature extractor in DRL is proposed to effectively learn the
representation of subtle visual difference among highly sim-
ilar states in environments. The bilinear policy network al-
lows pairwise feature interactions in a translationally invari-
ant manner which makes it particularly useful for insignifi-
cant difference recognition among highly similar states. Thus,
better generalization of the learnt policy from seen environ-
ments to unseen environments can be achieved by applying a
bilinear policy network in DRL. The effectiveness of the pro-
posed method is demonstrated on AOD and Grid World tasks,
which show that the proposed method can achieve better per-
formance especially on unseen environments.
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