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Reproducing Kernel Hilbert Space (RKHS) is the vector valued Hilbert Space 𝐻𝐻𝐾𝐾 where an 
elements 𝐾𝐾 𝑥𝑥,⋅ ∈ 𝐻𝐻 satisfies the reproducing property 𝐾𝐾 𝑥𝑥,⋅ ,𝐾𝐾 𝑦𝑦,⋅ = 𝐾𝐾 𝑥𝑥,𝑦𝑦 . 
(RKHS is dependent on the kernel 𝐾𝐾 𝑥𝑥,⋅ of it !)

 Kernel mapping: 𝐾𝐾 𝑥𝑥,⋅ , mapping vector 𝑥𝑥 in ℝ into 
the RKHS. (which is usually infinite)

 Universal kernel: The kernel is universal when 
𝑓𝑓 𝑓𝑓 = ∑𝑐𝑐𝑖𝑖 𝐾𝐾 𝑥𝑥𝑖𝑖 ,⋅ } = ℂ(ℝ), that means the functions 

in 𝐻𝐻𝐾𝐾 can approximate any continuous functions.

(Infinite)

(RKHS space)



RKHS Policy Gradient
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Policy: Adopting the Gaussian policy, choose the action from a multivariate normal 
distribution 𝑁𝑁 ℎ𝜔𝜔 𝑠𝑠 , Σ : (ℎ is parameterized by 𝜔𝜔)

RKHS policy: Model ℎ directly in RKHS: (ℎ ∈ 𝐻𝐻𝑘𝑘) ℎ → ℎ𝜔𝜔 

The RKHS policy can be updated directly through RKHS gradient:
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(b) Variance: A main factor influencing the performance of policy gradient algorithms. 
In RKHS policy, we find that the use of kernel increase the variance greatly.

(a) Robustness/ Representation: Different environments need different kernel hyperparameters. 
Meanwhile, the policy can also benefit from representation learning in state.
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(b) Variance: A main factor influencing the performance of policy gradient algorithms. 
In RKHS policy, we find that the use of kernel increase the variance greatly.

(a) Robustness/ Representation: Different environments need different kernel hyperparameters. 
Meanwhile, the policy can also benefit from representation learning in state.

Our contributions:
We analyze the high variance issue in RKHS policy gradient, which leads to significant 

instability and high variance during training

 (To solve (a)): We propose Kernel Policy Network (KPN), integrating RKHS and neural 
network by aligning observation distributions with the chosen kernel.

 (To solve (b)): We propose ResKPN, combining the residual layer to effectively reduce the 
variance in RKHS policy gradient.
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Insufficient representational capacity:

Different hyperparameters influence the learning 
performance significantly

Excessive variance:

The use of kernel influences the variance in training 
significantly (all kernel policy got a high variance)
Lemma 1:



Representation Learning for RKHS Policy
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Use neural network                to learn representations for state 𝑠𝑠𝑘𝑘, and the Critic network is utilized. 

KPN (Kernel Policy Network)



Variance Reduction for RKHS Policy
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The advantage function                            is used,  and residual layer                       is added to stabilize the 
training (also help representation learning)

𝜇𝜇𝜄𝜄 𝜓𝜓𝜗𝜗 𝑠𝑠𝑘𝑘     

ResKPN (Residual Kernel Policy Network)
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Why the Theorem 1 work? We display these value respectively for an intuitive explanation:

Theorem 1:

For advantage function                               (𝐴𝐴 = 𝑄𝑄 − 𝑉𝑉) For residual layer 𝜇𝜇𝜄𝜄 𝜓𝜓𝜗𝜗 𝑠𝑠𝑘𝑘     

Recalling the gradient:
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Overall performance in episodic reward and training variance 

Analysis for the effectiveness



Overall Performance
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(An intermediate artifacts)



Effectiveness Analysis
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For the representation learning: The representation learning is adjusting the distribution of the state. 

If we adjust the hyper parameter 𝜎𝜎 to align the distribution in representation learning, will the performance 
increase? Best parameter to adjust the distribution

The representation learning increase the robustness of RKHS policy by adjusting the distribution, while its dynamically 
representation contribute to the overall performance greatly.
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For the variance reduction: We testify the variance of gradient in the training

The use of advantage stabilize the training greatly, and the residual layer further reduce the variance in training.



Conclusion
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Potential Follow-up Studies: 

(a) The use of RKHS serves as an additional module in policy gradient algorithms, where it can be used in 
MARL problem.
(b) The minibatch method can also be used in RKHS gradient method.

Limitations: Computational cost (in minutes):
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