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Reproducing Kernel Hilbert Space (RKHS)

20\ sye e Tl e D e
iR - vE R 3 HI R e
,1 Isinghua-Berkeley Shenzhen Institute

Reproducing Kernel Hilbert Space (RKHS) is the vector valued Hilbert Space H, where an
elements K (x,-) € H satisfies the reproducing property (K (x,"), K(y,")) = K(x,y).
(RKHS is dependent on the kernel K (x,-) of it 1)

(Infinite)

O Kernel mapping: K (x,-), mapping vector x in R into Mapping -
the RKHS. (which is usually infinite) '

. J |
O Universal kernel: The kernel is universal when * ¥? |
{f | f =Y ¢ K(x;,)} = C(R), that means the functions . *le o o

In H can approximate any continuous functions. .

T2 . . :
R< Space Feature Space

(RKHS space)
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RKHS Policy Gradient
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Policy: Adopting the Gaussian policy, choose the action from a multivariate normal

distribution N(h,(s), 2): (h is parameterized by w)
1 _
thjz(a|3) ¢ — Ee_%(hw(s)_a)—rz 1(hw(3)_a)

RKHS policy: Model h directly in RKHS: (h € Hy,)

1 m— s)—a)' X1 s)—a
mhs(als) = —e 5 (h(s)=a) Z~"(h(s)—a)

A
The RKHS policy can be updated directly through RKHS gradient:

Fas

ViU () () = nK (s, )2 (ar — h(s,))Q™ (ak, sk)
h=h+V,U (m)
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Why RKHS Policy not Work in Complex Env.
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(a) Robustness/ Representation: Different environments need different kernel hyperparameters.
Meanwhile, the policy can also benefit from representation learning in state.

(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.
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Why RKHS Policy not Work in Complex Env.
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(a) Robustness/ Representation: Different environments need different kernel hyperparameters.
Meanwhile, the policy can also benefit from representation learning in state.

(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.

Our contributions:

O We analyze the high variance issue in RKHS policy gradient, which leads to significant
Instability and high variance during training

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

O (To solve (b)): We propose ReskKPN, combining the residual layer to effectively reduce the
variance in RKHS policy gradient.

2025/3/30 6



ANd & Methoo

Analysis for RKHS Policy
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Inverted Pendulum

00000 — 0°=0.01
— 02=0.05
Insufficient representational capacity: £ ™ oecos S ——
i [
Different hyperparameters influence the learning 2
performance significantly B
' i ’ Episode ’
EXxcessive variance: Inverted Pendulum

—— gaussian kernel —— sigmoid kernel
—— linear kernel linear policy

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

Var,, (VU (71,))
Var,, (VoU (7))

Episodic std

E-"' k

E K?(sp., s1) e
ok 3 205 + N1 (a0 Tsp + do)? |

2 3
Episode
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Critic networks

r(ag, Si)
F . F . F V(sk) { d Q™ (ay, si)
C C C » Rewar
>k Gradientin RKHS
Observat VplUgre (T[m,t)
ions
IPT?(SR) ak v
| _F __ F __F __ Represen Rkps  M(WoG0) o, etion Gradients
C C C tations Kernel calculation
Representation networks ~
VoU(Tts,)

Gradient for representation networks parameters

Vh(/\] (ﬂ-h) — nK(Ska ')2_1 (a‘k‘ T h(sk))c’?ﬂ-h (a’ka Sk‘) E— }']K(UI)(SL), ')z_l(ak _ h(?ﬁi’-ﬂ(Sk)))(gﬁw (a'kf: Sk:)

Use neural network /9 (s ) to learn representations for state sy, and the Critic network is utilized.
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Variance Reduction for RKHS Policy ) TBSI 1500 0 e

Critic networks (AW”“ (ak s Sk ) = Q7= (CLk , é;b) — V7= (.Sk ) )
T(ak! Sk)
F F F V(sk) Reward A" (ay, sy)
> —_ >

C C C ewar

Sk Gradient in RKHS

Observat ViUgrs (T[ID',[)
ions
Yocse ay |
| F _, F _ F _ Represen- RKHS h(¥s (si)) @ Mo Action Gradients

C C C tations Kernel calculation

[ Residual | #«(¥o(s10)
'l Layer |

VoU(Tg,)
Gradient for representation networks parameters

nK (Yo (s1), ) S (ar — h(Py(5x)) Q™ (ak, sk) —nK (Vy(si), )= (ar — h(¥o(sk)) — 1. (g (1)) A™= (ay, s1.)

The advantage function A™= (ay, sy is used, and residual layer L,y (s,)) is added to stabilize the
training (also help representation learning)
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Theorem 1: Var,, (VLU (15)) > Vary, (ViUare (15)) > Varg, (ViUsre (T.,))

Why the Theorem 1 work? We display these value respectively for an intuitive explanation:

For advantage function A™= (ag, sip) (A=Q —V) For residual layer Hi(i4(sk))
Hopper Hopper
PP B ak — hlys(sk))
N — Q" (a, sk) Hwe(si))
VT=(sy) "
—— A™(ay, 5¢) e
15 4
[0)
= 104 -
© 3 50 o isote
5] Hopper
ax — h(ws(sk))
1 — ax — h(we(sk)) — . (wslsk))
01 ol
0 500 1000 1500 2000 2500 =
Episode
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Theorem 1: Var,, (VLU (15)) > Vary, (ViUare (15)) > Varg, (ViUsre (T.,))

Why the Theorem 1 work? \We display these value respectively for an intuitive explanation:

For advantage function A™= (ag, sip) (A=Q —V) For residual layer Hi(i4(sk))
Hopper ai — h{ys(sk))
| — Q" (ak, sx) tlws(sk))
V() .
—— A"e(ay, 5) =
5 10 - N
3 ; e e
5 Hopper
ak — h(ya(sk))
0 1 —— ak — h(wa(sk)) — tlws(sk))

0 500 1000 1500 2000 2500

Episode
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OOverall performance in episodic reward and training variance

OAnalysis for the effectiveness
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Overall Performance
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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 ¢ to align the distribution in representation learning, will the performance

Increase?

Hopper

Best parameter to adjust the distribution
Hopper
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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

Humanoid Humanoid standup Walker2d
0.71 0.35
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0.6 0.30 1
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& n n
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0.2+
“ ™ AMMM
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The use of advantage stabilize the training greatly, and the residual layer further reduce the variance in training.
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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):

. Gaussian Laplacian Linear  Sigmoid
Environment KPN  pekpN PPO DPO LUVPN  ResKPN RKPN
Half Cheetah 13.09 13.18 395 4.68 14.21 6.08 6.24
Humanoid Standup 13.70 13.77 208 2.14 12.56 7.37 6.61
Inverted Pendulum  10.29 10.31 3.50 3.86 11.22 2.60 2.63
Walker2d 11.00 11.06 3.69 4.12 10.59 3.55 3.69
Hopper 10.69 10.80 1.54 1.55 13.56 3.30 3.34
Humanoid 13.07 13.23 2.13  2.28 15.43 5.96 6.12

2025/3/30 16




i 1R v A 3R I E B
Tsinghua-Berkeley Shenzhen Institute

Thanks for your listening
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