
Goal-Conditioned Generators of Deep Policies

Francesco Faccio (francesco@idsia.ch)
Vincent Herrmann, Aditya Ramesh, Louis Kirsch, and Jürgen Schmidhuber

AAAI-23



2Overview of the talk
2

Learn a single model to evaluate many policies:
Faccio, Kirsch, & Schmidhuber (2020). Parameter-based value functions.
ICLR 2021
Harb, Schaul, Precup, & Bacon, (2020). Policy evaluation networks.
Faccio, Ramesh, Herrmann, Harb, & Schmidhuber (2022). General Policy
Evaluation and Improvement by Learning to Identify Few But Crucial
States.

Learn a single model to generate many policies:
Faccio∗, Herrmann∗, Ramesh, Kirsch, & Schmidhuber (2022). Goal-Conditioned
Generators of Deep Policies.
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3The RL Framework
3

Markov Decision Process
(Puterman, 2014; Stratonovich,

1960)
• S set of states: s ∈ S
• A set of actions: a ∈ A
• P(s′|s, a) markovian transition

matrix
• R(s, a) reward function
• γ discount factor
• µ0 distribution on initial state

Agent Environment
action at

observation st
reward rt

Policy πθ : S → ∆(A) inducing a stationary distribution over states dπθ(s) in the MDP

Goal-Conditioned Generators of Deep Policies



4Value Functions
4

Traditional Value Functions
(Sutton and Barto, 1998)

Value functions estimate the return Rt =

T−t−1∑
k=0

γkR(st+k+1, at+k+1) of a policy:

• State-value function
V πθ (s) := Eπθ

[Rt|st = s]

• Action-value function
Qπθ (s, a) := Eπθ

[Rt|st = s, at = a]

State and action value functions are related by:

V πθ (s) =


∫
A
πθ(a|s)Qπθ (s, a) da if πθ is stochastic,

Qπθ (s, πθ(s)) if πθ is deterministic.
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PBVFs
Parameter-based Value Functions

(Faccio et al., 2021)

Parameter-based State-Value Function (PSVF)
V (s,θ) := E[Rt|st = s,θ]

Parameter-based Action-Value Function (PAVF)
Q(s, a,θ) := E[Rt|st = s, at = a,θ]

Parameter-based Start-State-Value Function (PSSVF)
V (θ) := Es∼µ0(s)[V (s,θ)]

Goal-Conditioned Generators of Deep Policies



6Parameter-based Start-State Value Function
6

Stochastic or deterministic policies
Find the policy πθ maximizing J(θ):

J(θ) = E[R0|θ] = V (θ)

V

πθ
θ E[R0|θ]

s

a

Taking the gradient of J(θ) we obtain:

∇θJ(θ) = ∇θV (θ)

Goal-Conditioned Generators of Deep Policies



7Parameter-based State-Value Function
7

Stochastic or deterministic policies
Find the policy πθ maximizing J(θ):

J(θ) =

∫
S
dπb(s)V (s,θ) ds

V

πθ
θ

s E[Rt|st = s,θ]

s

a

Taking the gradient of J(θ) we obtain:

∇θJ(θ) = Es∼dπb (s)[∇θV (s,θ)]
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8Parameter-based Action-Value Function
8

Stochastic policies
Find the policy πθ maximizing J(θ):

J(θ) =

∫
S
dπb(s)

∫
A
πθ(a|s)Q(s, a,θ) dads

Q

πθ
θ
s
a E[Rt|st = s, at = a,θ]

s

a

Taking the gradient of J(θ) we obtain:

∇θJ(θ) = Es∼dπb (s),a∼πb(.|s)

[
πθ(a|s)
πb(a|s)

(Q(s, a,θ)∇θ log πθ(a|s) +∇θQ(s, a,θ))

]
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9Parameter-based Action-Value Function
9

Deterministic policies
Find the policy πθ maximizing J(θ):

J(θ) =

∫
S
dπb(s)Q(s, πθ(s),θ) ds

Q

πθ
θ
s
a E[Rt|st = s, at = a,θ]

s

a

Taking the gradient of J(θ) we obtain:

∇θJ(θ) = Es∼dπb (s)

[
∇aQ(s, a,θ)|a=πθ(s)∇θπθ(s) +∇θQ(s, a,θ)|a=πθ(s)

]
Goal-Conditioned Generators of Deep Policies



10Actor-Critic algorithm
10
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PARAMETER-BASED VALUE FUNCTIONS
FRANCESCO FACCIO, LOUIS KIRSCH AND JÜRGEN SCHMIDHUBER

{francesco, louis, juergen}@idsia.ch

PROBLEM AND MOTIVATION

• Reinforcement Learning (RL): find optimal policy π∗
• Policy optimization: given a class of policies, find

the policy parameters maximizing J(πθ) (Sutton et al.,
1999):

J(πθ) =

∫
S
µ0(s)V

πθ (s) ds =

∫
S
µ0(s)

∫
A
πθ(a|s)Qπθ (s, a) da ds

• Problem: value functions are defined for a single pol-
icy. During optimization, the information on previous
policies is potentially lost

OFF-POLICY RL
• Given data obtained from a behavioral policy πb, find

optimal policy πθ∗

• The objective to maximize becomes:

J(πθ) =

∫
S
dπb (s)V πθ (s) ds =

∫
S
dπb (s)

∫
A
πθ(a|s)Qπθ (s, a) dads,

where dπb(s) is the limiting distribution under πb

• Problem: when computing ∇θJ(πθ), traditional off-
policy policy gradients ignore∇θQ

πθ (s, a): the gradient
of the action-value function

• When the policy is stochastic, the gradient is often ap-
proximated (Degris et al., 2012) by:

∇θJ(πθ) ≈ Es∼dπb (s),a∼πb(.|s)
[
πθ(a|s)
πb(a|s)

(Qπθ (s, a)∇θ log πθ(a|s))
]

• When the policy is deterministic, the gradient is often
approximated (Silver et al., 2014) by:

∇θJb(πθ) ≈ Es∼dπb (s)
[
∇aQπθ (s, a)|a=πθ(s)∇θπθ(s)

]

PVFS

• We augment traditional value functions by giving as in-
put also the policy parameters

• PSSVF: Parameter based start-state-value function

V (θ) := E[R0|θ]

• PSVF: Parameter based state-value function

V (s,θ) := E[Rt|st = s,θ]

• PAVF: Parameter based action-value function

Q(s, a,θ) := E[Rt|st = s, at = a,θ]

• Parameter-based value functions (PBVFs) are defined
for any policy and can generalize in the policy space

• The term∇θQ(s, a,θ) can be directly computed

• PSSVF directly estimates the RL objective

• PSVF and PAVF are able to both perform direct search
in parameter space AND use Temporal Difference for
learning

PSSVF
• Stochastic or deterministic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) = E[R0|θ] = V (θ)

V

πθ
θ E[R0|θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = ∇θV (πθ)

PSVF
• Stochastic or deterministic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) =

∫
S
dπb(s)V (s,θ) ds

V

πθ
θ

s E[Rt|st = s,θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = Es∼dπb (s)[∇θV (s,θ)]

STOCHASTIC PAVF
• Stochastic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) =

∫
S
dπb(s)

∫
A
πθ(a|s)Q(s, a,θ) da ds

Q

πθ
θ
s
a E[Rt|st = s, at = a,θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = Es∼dπb (s),a∼πb(.|s)
[
πθ(a|s)
πb(a|s)

(Q(s, a,θ)∇θ log πθ(a|s)

+ ∇θQ(s, a,θ))]

DETERMINISTIC PAVF
• Deterministic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) =

∫
S
dπb(s)Q(s, πθ(s),θ) ds

Q

πθ
θ
s
a E[Rt|st = s, at = a,θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = Es∼dπb (s)
[
∇aQ(s, a,θ)|a=πθ(s)∇θπθ(s)

+ ∇θQ(s, a,θ)|a=πθ(s)

]

ACTOR-CRITIC ALGORITHMS

• PSSVF on LQR using deterministic shallow policies

Optimization after 60 episodes
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trajectory optimization for πθ : πb: •

Off-policy actor-critic with PBVFs
Given the behavioral πb, find πθ maximizing J(θ):

1. Collect data with πb (expensive in RL)

2. Use data to train V (θ), V (s,θ) or Q(s, a,θ)

3. Find πθ following∇θJ(πθ) (offline optimization)

4. Set new behavioral πθ ← πb

5. Repeat until convergence

EXPERIMENTS

• Comparison with DDPG (Lillicrap et al., 2015) and
ARS (Mania et al., 2018) using deterministic policies

Shallow policies
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Deep policies
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• Zero-shot learning performance of PSSVF using deter-
ministic shallow policies

Swimmer-v3
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11Demonstration
11

PSSVF on LQR using shallow policies
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12Experiments
12

Comparison with DDPG (Lillicrap et al., 2015) and ARS (Mania et al., 2018)
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13Limitations
13

Problem:
The method does not scale well with the number of policy parameters

We must reduce the dimensionality of the policy.

Some desirable properties for policy embedding:
Differentiability in policy parameters
Invariances to policy size

Goal-Conditioned Generators of Deep Policies



14Policy Fingerprinting (Harb et al., 2020)
14

To evaluate a policy πθ:
Learn a set of ’probing states’ {s̃k}Kk=1

to feed to the policy
Learn an MLP Uϕ mapping the
’probing actions’ {ãk = πθ(s̃k)}Kk=1

produced in the probing states to the
return r

Probing
States

Probing
Actions

concat.

Environment

Setting w = {ϕ, s̃1, . . . s̃K}:

min
w

LV := min
w

E
(πθ,r)∈B

[(Vw(θ)−r)2] = min
ϕ,s̃1,...s̃K

E
(πθ,r)∈B

[(Uϕ([πθ(s̃1), . . . , πθ(s̃K)])−r)2]

Goal-Conditioned Generators of Deep Policies



15Demonstration: Online MNIST
15

We start with randomly initialized CNN πθ
and PSSVF Vw(θ) and iteratively:

Compute the loss l of πθ and store
(πθ, l) in the buffer
Use the data to train Vw(θ)

Use Vw(θ) to improve the CNN
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Learned probing states are digits
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16Demonstration: Offline MNIST
16

Given an offline dataset {πθi , li}Ni=1 of randomly initialized CNNs and their losses
(maximum accuracy 12%) on a batch of images, we train Vw to evaluate such
CNNs
≈ E[R0|θ]
We randomly initialize a new CNN and take many steps of gradient ascent
through the learned value function, finding θ∗ = argmax

θ
Vw(θ)

Goal-Conditioned Generators of Deep Policies



17Main Results
17
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18Zero-shot learning of new policy architectures
18

A PSSVF trained using deep deterministic policies zero-shot learns a linear policy
with similar performance in Swimmer

0 200 400 600 800 1000
gradient steps

0

100

200

300

400

re
tu

rn

• best deep policy in train-
ing
• linear policy zero-shot
learned
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19Learning optimal policies from few crucial states
19

Policy fingerprinting learns a set of crucial states that are informative for policy
evaluation
A randomly initialized policy can learn near-optimal behaviors in Swimmer
(Hopper) by knowing how to act only in 3 (5) such crucial learned states

Goal-Conditioned Generators of Deep Policies



20Probing States visualization in RL
20

More examples of learned probing states:

Goal-Conditioned Generators of Deep Policies



21Limitations and Future Work
21

Limitations
Different policies may need different probing states for efficient evaluation
If there are many probing states, then the concatenated vector of probing actions
can be very large
In some environments a lot of probing states are needed to evaluate a policy

Future work
Extension to V (s, θ), Q(s, a, θ)

Recursive generation of probing states

Goal-Conditioned Generators of Deep Policies



22(Online) Return-Conditioned Reinforcement Learning
22

A command of the form ’act in the environment and achieve a desired return’ is given
as input to the policy.

General framework (Schmidhuber, 2019; Srivastava et al., 2019):
Act in the environment with a given return command
Use the data to learn a map from return commands and states into actions
Ask for higher return commands at next environment interaction

Most methods are based on the idea of hindsight learning: the agent’s behavior is
optimal if it had had the achiever return as input command

Here we propose instead to learn a generator Gρ : R −→ Θ such that if θ = Gρ(c),
then E[R0|θ] = c.

Goal-Conditioned Generators of Deep Policies



23Fast Weights / Hypernetworks (Schmidhuber, 1992; Ha et al., 2016)
23

Each weight matrix of the policy is split
into slices
For each slices we learn an embedding z

A shared MLP H receives as input a z
and outputs a slice
further context information can be given
to H in form of an additional
conditioning input c
The policy weights are finally combined
concatenating the generated slices
The parameters of the generator Gρ are
the parameters of H and all the
embeddings z

MLP
re-

shape

Goal-Conditioned Generators of Deep Policies



24Goal-Conditioned Generators of Deep Policies
24
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PARAMETER-BASED VALUE FUNCTIONS
FRANCESCO FACCIO, LOUIS KIRSCH AND JÜRGEN SCHMIDHUBER

{francesco, louis, juergen}@idsia.ch

PROBLEM AND MOTIVATION

• Reinforcement Learning (RL): find optimal policy π∗
• Policy optimization: given a class of policies, find

the policy parameters maximizing J(πθ) (Sutton et al.,
1999):

J(πθ) =

∫
S
µ0(s)V

πθ (s) ds =

∫
S
µ0(s)

∫
A
πθ(a|s)Qπθ (s, a) da ds

• Problem: value functions are defined for a single pol-
icy. During optimization, the information on previous
policies is potentially lost

OFF-POLICY RL
• Given data obtained from a behavioral policy πb, find

optimal policy πθ∗

• The objective to maximize becomes:

J(πθ) =

∫
S
dπb (s)V πθ (s) ds =

∫
S
dπb (s)

∫
A
πθ(a|s)Qπθ (s, a) dads,

where dπb(s) is the limiting distribution under πb

• Problem: when computing ∇θJ(πθ), traditional off-
policy policy gradients ignore∇θQ

πθ (s, a): the gradient
of the action-value function

• When the policy is stochastic, the gradient is often ap-
proximated (Degris et al., 2012) by:

∇θJ(πθ) ≈ Es∼dπb (s),a∼πb(.|s)
[
πθ(a|s)
πb(a|s)

(Qπθ (s, a)∇θ log πθ(a|s))
]

• When the policy is deterministic, the gradient is often
approximated (Silver et al., 2014) by:

∇θJb(πθ) ≈ Es∼dπb (s)
[
∇aQπθ (s, a)|a=πθ(s)∇θπθ(s)

]

PVFS

• We augment traditional value functions by giving as in-
put also the policy parameters

• PSSVF: Parameter based start-state-value function

V (θ) := E[R0|θ]

• PSVF: Parameter based state-value function

V (s,θ) := E[Rt|st = s,θ]

• PAVF: Parameter based action-value function

Q(s, a,θ) := E[Rt|st = s, at = a,θ]

• Parameter-based value functions (PBVFs) are defined
for any policy and can generalize in the policy space

• The term∇θQ(s, a,θ) can be directly computed

• PSSVF directly estimates the RL objective

• PSVF and PAVF are able to both perform direct search
in parameter space AND use Temporal Difference for
learning

PSSVF
• Stochastic or deterministic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) = E[R0|θ] = V (θ)

V

πθ
θ E[R0|θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = ∇θV (πθ)

PSVF
• Stochastic or deterministic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) =

∫
S
dπb(s)V (s,θ) ds

V

πθ
θ

s E[Rt|st = s,θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = Es∼dπb (s)[∇θV (s,θ)]

STOCHASTIC PAVF
• Stochastic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) =

∫
S
dπb(s)

∫
A
πθ(a|s)Q(s, a,θ) da ds

Q

πθ
θ
s
a E[Rt|st = s, at = a,θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = Es∼dπb (s),a∼πb(.|s)
[
πθ(a|s)
πb(a|s)

(Q(s, a,θ)∇θ log πθ(a|s)

+ ∇θQ(s, a,θ))]

DETERMINISTIC PAVF
• Deterministic policies
• Find the policy πθ maximizing J(πθ):

J(πθ) =

∫
S
dπb(s)Q(s, πθ(s),θ) ds

Q

πθ
θ
s
a E[Rt|st = s, at = a,θ]

s

a

• Taking the gradient of J(πθ) we obtain:

∇θJ(πθ) = Es∼dπb (s)
[
∇aQ(s, a,θ)|a=πθ(s)∇θπθ(s)

+ ∇θQ(s, a,θ)|a=πθ(s)

]

ACTOR-CRITIC ALGORITHMS

• PSSVF on LQR using deterministic
shallow policies

Optimization after 60 episodes
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trajectory optimization for πθ : πb: •

Off-policy actor-critic with PBVFs
Given the behavioral πb, find πθ maximizing J(θ):

1. Given command c, generate θ = Gρ(c)

2. Simulate πθ and obtain return r

3. Use data to train Vw(θ)

4. Minimize LG(ρ) = E
c∈D

[(Vw(Gρ(c))− c)2]
to learn the parameters ρ of the generator

5. Choose new command c

6. Repeat until convergence

EXPERIMENTS

• Comparison with DDPG (Lillicrap et al., 2015) and
ARS (Mania et al., 2018) using deterministic policies

Shallow policies
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Deep policies
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• Zero-shot learning performance of PSSVF using deter-
ministic shallow policies

Swimmer-v3

0

50

100

150

200

250

300

350

re
tu

rn

policy learned
best policy in buffer

0 200 400 600 800 1000
gradient steps

0

100

200

300

re
tu

rn

best policy in buffer
closest policy
policy zero-shot learned

0 200 400 600 800 1000
gradient steps

0

100

200

300

re
tu

rn

0 200 400 600 800 1000
gradient steps

0

100

200

300

re
tu

rn

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
time steps 1e6

REFERENCES
T. Degris, M. White, and R. S. Sutton. Off-policy actor-critic. In Proceedings of the 29th International Coference on International

Conference on Machine Learning, ICML’12, pages 179–186, USA, 2012. Omnipress. ISBN 978-1-4503-1285-1.
T. P. Lillicrap, J. J. Hunt, A. Pritzel, N. Heess, T. Erez, Y. Tassa, D. Silver, and D. Wierstra. Continuous control with deep

reinforcement learning. arXiv preprint arXiv:1509.02971, 2015.
H. Mania, A. Guy, and B. Recht. Simple random search of static linear policies is competitive for reinforcement learning. In

Advances in Neural Information Processing Systems, pages 1800–1809, 2018.
D. Silver, G. Lever, N. Heess, T. Degris, D. Wierstra, and M. Riedmiller. Deterministic policy gradient algorithms. In

Proceedings of the 31st International Conference on International Conference on Machine Learning - Volume 32, ICML’14, pages
I–387–I–395. JMLR.org, 2014.

R. S. Sutton, D. McAllester, S. Singh, and Y. Mansour. Policy gradient methods for reinforcement learning with function
approximation. In Proceedings of the 12th International Conference on Neural Information Processing Systems, NIPS’99, pages
1057–1063, Cambridge, MA, USA, 1999. MIT Press.

Probing
States

Probing
Actions

concat.

co
nc

at
.

co
nc

at
.

co
nc

at
.

Environment

Goal-Conditioned Generators of Deep Policies



25Experiments
25

Goal-Conditioned Generators of Deep Policies



26Testing the Generator
26

100 0 100 200 300
Return Command

100

0

100

200

300

Ac
hi

ev
ed

 R
et

ur
n

Swimmer-v3
Return Command

0 500 1000 1500 2000
Return Command

0

500

1000

1500

2000

Ac
hi

ev
ed

 R
et

ur
n

Hopper-v3
Return Command

200 400 600 800 1000
Return Command

0

200

400

600

800

1000

Ac
hi

ev
ed

 R
et

ur
n

InvertedPendulum-v2
Return Command

40 20 0 20 40 60 80 100
Return Command

50

25

0

25

50

75

100

Ac
hi

ev
ed

 R
et

ur
n

MountainCarContinuous-v0

Return Command

Goal-Conditioned Generators of Deep Policies



27Testing the Generator
27

Goal-Conditioned Generators of Deep Policies



28Limitations and Future Work
28

Limitations
Policies created by an untrained generator might have weights that are far from
typical initialization schemes
The method is based on the episodic return signal
Different policies may need different probing states for efficient evaluation
In some environments a lot of probing states are needed to evaluate a policy

Future work
Extension to state-based evaluation and generation of policies
Context commands different than desired return
Richer policy generation through VAEs

Goal-Conditioned Generators of Deep Policies
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