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Scaling Issue in RL

The conventional wisdom states that RL provides too few bits of feedback (sparse rewards)
to train deep networks.
Can we achieve emergent phenomena by scaling RL itself?

Sparse Reward | | Q-Regression | | Limited Batch Size
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The 5 Building Blocks of Scalable RL

Sparse Reward

Limited Batch Size

Q-Regression
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1. Self-Supervised
Learning

Exploring without
rewards via

Contrastive RL
- Benjamin Eysenbach:

Contrastive Learning as Goal-Conditioned
Reinforcement Learning
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2, Signal Density

Utilizing Hindsight
Experience Replay
(HER) to turn every
failed trajectory into
a labeled learning
sample
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3. Classification
Paradigm

Generalizing cross-
entropy using an
INfoNCE objective
rather than regressive

TD learning
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4. Data Scale

Generating massive
online data via
GPU-accelerated
environments
(JaxGCRL)
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Michat Bortkiewicz

5. Stabilized
Architecture

Custom residual
blocks to prevent
training instability at
extreme depths




Empirical Results
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Scaling Depth Outperforms Width Scaling

e Prior RL research focused on scaling network width, often reporting negative returns for depth

e Inthe Humanoid environment, doubling depth to 8 (width 256) easily outperforms a massive width
4096 network
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Scaling Depth Unlocks Batch Size Scaling

e In NLP and Vision, larger batch sizes reliably

o Depth4 ) | ~ Depth8 B improve training
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Depth 4

Depth 16

Depth 64

Depth 256
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Increasing depth results in new capabilities:
Row 1: A humanoid agent trained with network
depth 4 collapses and throws itself towards the
goal, as opposed to in

Row 2, where the depth 16 agent gains the
ability to walk upright.

Row 3: At depth 64, the humanoid agent in U-
Maze struggles to reach the goal and falls.

Row 4. An impressively novel policy emerges at
depth 256, as the agent exhibits an acrobatic
strategy of compressing its body to vault over
the maze wall.
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Deep networks exhibit improved generalization.
(Top left) We modify the training setup of the Ant U-
Maze environment such that start-goal pairs are
separated by <3 units. This design guarantees that no
evaluation pairs (top right) were encountered during
training, testing the ability for combinatorial
generalization via "stitching."

(Bottom) Generalization ability improves as network
depth grows from 4 to 16 to 64 layers.
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Depth 4
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Depth 64

Deep networks learn better representations.

In the U4-Maze, the start and goal positions are
indicated by the (® and G symbols respectively, and the
visualized Q values are computed via the L. distance in
the learned representation space, i.e., Q(s,a,9) = lo(s,a) -
v(g)l2. The shallow depth-4 network (left) appears to
naively rely on Euclidean proximity, exhibited by the
high Q values of the semicircular gradient near the start
position, despite the maze wall.

In the depth-64 heatmap (right), the highest Q values
cluster at the goal, gradually tapering along the maze's
Interior boundary. These results highlight how increasing
depth is important for learning value functions in goal-
conditioned settings, which are characterized by long
horizons and sparse rewards.
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How Far Can We Scale Depthe

Humanoid U Maze
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Exploring the limits of scaling.

We push the boundaries of network depth scaling up
to 1024 layers. In Humanoid Big Maze, performance
plateaus. However, on Humanoid U-Maze, we
observe continued performance improvements with
network depths of 256 and 1024 layers. This may be
because the maneuver being learned (flipping over
the wall) is exceptionally complex (see Figure
above), and requires greater network depth to learn.
Note that for the 1024-layer training runs, we
observed the actor loss exploding at the onset of
training, so we maintained the actor depth at 512
while using 1024-layer networks only for the two
critic encoders.
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Figure 13: Depth scaling yields limited gains for SAC, SAC+HER, TD3+HER, GCSL, and GCBC.
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