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Abstract
Deploying continuous-control reinforcement learning policies on embedded hardware requires meet-
ing tight latency and power budgets. Small FPGAs can deliver these, but only if costly floating-
point pipelines are avoided. We study quantization-aware training (QAT) of policies for integer
inference and we present a learning-to-hardware pipeline that automatically selects low-bit policies
and synthesizes them to an Artix-7 FPGA. Across five MuJoCo tasks, we obtain policy networks
that are competitive with full precision (FP32) policies but require as few as 3 or even only 2 bits
per weight, and per internal activation value, as long as input precision is chosen carefully. On the
target hardware, the selected policies achieve inference latencies on the order of microseconds and
consume microjoules per action, favorably comparing to a quantized reference. Last, we observe
that the quantized policies exhibit increased input noise robustness compared to the floating-point
baseline.

Keywords: Quantization-aware training, reinforcement learning, FPGA, low-bitwidth quantization

1. Introduction

Deep Reinforcement Learning (RL) has achieved strong results in continuous control with real-time
requirements, such as robotic manipulation (Kalashnikov et al., 2018), unmanned aerial vehicle
(UAV) control (Kaufmann et al., 2023), and fusion plasma control (Degrave et al., 2022).

Beyond high control quality, practical deployment of such systems hinges on latency, energy,
and compatibility with the available hardware: Constraints on latency, i.e. the sensor-to-actuator
delay, usually determine which tasks are feasible: for autonomous-driving tasks, latency commonly
has to stay below 100ms, even at modest driving speeds (Kato et al., 2015). For the inner loop of a
robotic arm or quadcopter control, a latency of only a few milliseconds can be required (Zhang et al.,
2020; Dimitrova et al., 2020). For special-purpose settings, such as nuclear fusion, controllers have
to operate even faster, allowing for a latency of at most 100µs per decision (Degrave et al., 2022).
Note that inference is only one piece of the sense-act pipeline. Therefore, the actual compute budget
available to the processing unit is even smaller. Furthermore, a low latency might also be required to
shrink the sim-to-real gap: delayed sensing and actuation can degrade policy performance, requiring
techniques to model or compensate for too-large latency (Tan et al., 2018; Schuitema et al., 2010).

One way to reduce latency is to move the policy to a faster compute platform, but this typically
raises energy consumption. That trade-off is especially problematic on battery-powered systems,
such as nano-/micro-UAVs, which operate under power envelopes of a few watts or less (Palossi
et al., 2021), as reduced energy draw directly extends mission time before recharge. For com-
parison, high-end GPUs routinely draw hundreds of watts, e.g. up to 700W for one NVIDIA
H100 (NVIDIA, 2025).
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Specialized embedded hardware, notably field-programmable gate arrays (FPGAs), are a promis-
ing way to achieve low latency at low power (Wan et al., 2021; Umuroglu et al., 2017). However,
these gains come with constraints: limited on-chip memory and the high cost of floating-point
(FP32) arithmetic push deployments toward low-precision formats (Rati et al., 2025; Umuroglu
et al., 2017). Overall, there is no universal deployment recipe for neural network policies: latency,
energy, memory footprint, and numerical precision requirements vary by task and platform. In this
work, we concentrate on continuous-control neural network policies learned with RL in simulation,
with the final inference target architecture being FPGAs.

As FP32 operations are costly in hardware, we restrict ourselves to integer-only operations,
matching the computational abilities of FPGAs much better. Hence, standard FP32 networks can-
not be deployed as is. A straightforward path is post-training quantization (PTQ), which converts
a pretrained full-precision model to an integer-only one using calibration data and no (or minimal)
retraining (Gholami et al., 2022). However, PTQ often underperforms approaches that train with
quantization in the loop: quantization-aware training (QAT). Additionally, PTQ often performs
worse on smaller models, which are investigated in this work (Jacob et al., 2018). Furthermore,
Chandrinos et al. (2024) report QAT outperforming PTQ in multi-agent few-bit quantization set-
tings.

Therefore, we adopt QAT for continuous-control policies, training networks directly in the quan-
tized regime. QAT explicitly accounts for limited numerical precision and the non-differentiability
of quantization during training (via straight-through estimators), yielding models trainable with gra-
dient descent and compatible with integer-only deployment.

Contributions. We demonstrate that QAT can be successfully used for learning continuous-control
policies, quantifying how far bitwidths and layer sizes can be reduced while preserving control qual-
ity relative to floating-point on MuJoCo tasks. We also examine the impact of quantization at the
input interface. To probe robustness, we compare QAT and FP32 policies under input-noise in-
jection. Finally, we synthesize trained policies to a representative FPGA using FINN (Blott et al.,
2018), demonstrating better resource-latency trade-offs than a strong, already-quantized reference.

2. Quantized Reinforcement Learning for Integer Hardware

In this section, we outline our pipeline for training and deploying integer-only controllers: RL setup,
QAT of the policy, and FPGA synthesis.

2.1. Deep reinforcement learning for continuous control

In reinforcement learning, an agent interacts with its environment and, through trial and error, learns
to maximize cumulative reward (Sutton and Barto, 2018). This interaction is formalized as a Markov
Decision Process (MDP) specified by the tuple (S,A, P,R, γ), where S is the state space, A the
action space, P (s′ | s, a) the transition dynamics, R(s, a) the immediate reward, and γ ∈ (0, 1] the
discount factor. At each time-step t, the agent follows a policy π selecting an at ∈ A given the
current state st ∈ S; the environment then samples the next state st+1 ∼ P (· | st, at) and returns
a reward rt =R(st, at). An episode is the resulting sequence (s0, a0, r0, s1, . . .), and the learning
objective is to maximize the expected discounted return G =

∑N−1
t=0 γt rt.

In this work, we consider the setting where both S and A are continuous and multi-dimensional.
A variety of algorithms have been proposed to solve for maximizing the discounted return in this
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setting. We focus on off-policy, actor-critic methods, specifically Deep Deterministic Policy Gradi-
ent (DDPG) (Lillicrap et al., 2016) and Soft Actor-Critic (SAC) (Haarnoja et al., 2018). DDPG uses
a deterministic policy, πθ : S → A, that proposes actions for a given state, together with a critic,
Qϕ : S × A → R, that estimates expected returns. At training time, SAC employs a stochastic
Gaussian policy πθ(a |s) = N

(
µθ(s), diag(σ

2
θ(s))

)
together with two critics. At deployment-time,

SAC uses the deterministic maximum-likelihood action. In both cases, the parameters θ and ϕ are
neural-network weights that are optimized end-to-end via gradient-based updates based on a replay
buffer of transitions.

2.2. Quantization-aware training

We instantiate all neural networks, i.e. the policy and the critics, as standard full-precision (FP32)
neural networks with ReLU non-linearities and a final hyperbolic tangent activation function that
bounds action values to [−1, 1], following the implementation in CleanRL (Huang et al., 2022).
Because our goal is integer inference, and the critics networks can be discarded after training, we
must only ensure that the policy network follows integer arithmetic. For SAC, the σθ branch is not
needed at deployment; we therefore implement it as a separate FP32 subnetwork (one hidden layer
with 64 units) used only during training.

To ensure the policy πθ is compatible with integer arithmetic deployment, we impose Quantize/De-
Quantize (QDQ) steps (Jacob et al., 2018), at the input, for all weights, after every ReLU, and before
the final output. For a positive scale s and a FP32 input x, this is defined as

QDQb(x; s) =
s

qs
Qb(x; s), Qb(x; s) = clip

(
round

(
x
s qs

)
, qmin, qmax

)
, (1)

where round rounds a value to its nearest integer. The integer bounds (qmin, qmax) are fixed by
the bitwidth parameter b and the intended signedness of the operation: for the inputs, the network
weights, and the final output we use signed quantization: [qmin, qmax] = [−2b−1, 2b−1 − 1]. For
all intermediate layers, a ReLU activation precedes the QDQ step, so negative values cannot occur,
and we use unsigned quantization to fully utilize the available bitwidth: [qmin, qmax] = [0, 2b − 1].
The to-integer scaling factor qs is defined as qs = max(|qmin|, |qmax|). QDQ projects the FP32
value onto the integer lattice (via scaling, rounding, and clipping) and then de-quantizes it back
to FP32, allowing us to retain a standard FP32 training loop while enforcing integer arithmetic at
deployment.

Because rounding is piecewise constant and therefore non-differentiable, we use a straight-
through estimator (STE) to backpropagate through QDQ: during the backward pass, we treat the
quantizer as the identity for gradients (Bengio et al., 2013; Jacob et al., 2018).

In this work, we initialize the activation scales during a 300-step warm-up via an exponential
moving high percentile of the input statistics and, after warm-up, we learned them by gradient
updates. Weight scales are not learned: for each weight matrix, the scale is fixed to its absolute
maximum.

2.3. Integer-only deployment

At deployment time, all quantization scales are fixed. For each weight tensor w with associated
scale sw, we straightforwardly obtain its integer representation w̃ = Qb(w; sw). The input state x0
is quantized on the fly using the floating-point input scale sx, i.e., x̃0 = Qb(x0; sx), and thereafter
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the network runs integer-only. Each layer performs integer matrix-vector products with sufficiently
wide accumulators to avoid overflow; after accumulation ReLU is applied, and the result is requan-
tized to the target bitwidth for the next layer, i.e., it is scaled according to the predetermined scale
of the next layer and clipped to [qmin, qmax]. In our FINN-based deployment, this requantization is
implemented based on stored thresholds (Blott et al., 2018), thus avoiding any FP32 operations. At
the final layer, an analogous requantization takes place with a mapping to [−1, 1] via a hyperbolic
tangent (implemented as a lookup), yielding the action value for the environment.

Ultimately, the only floating-point operation involved is the initial quantization of the input state.
We leave this unmodified, because for real-world systems the needed processing step depends on
the sensors used. For example, sensor readings typically arrive as integers (e.g., from analog-digital
converters), which can be scaled via integer arithmetic or lookup tables.

To deploy the quantized policy network on a hardware platform, it has to be synthesized. For
this, we use the FINN dataflow compiler (Umuroglu et al., 2017; Blott et al., 2018), generating
a streaming dataflow. Layers are connected by FIFO streams, and both weights and activations
are kept on chip, eliminating external DRAM traffic and thereby reducing latency and energy con-
sumption. Each layer exposes two parallelism variables: the number of processing elements (PEs;
parallelism along the matrix rows / output features) and the SIMD width (parallel inputs consumed
per cycle, i.e., columns). Increasing either reduces per-layer cycle count and raises throughput, at
the cost of additional resources. FINN can also target a user-specified throughput and automatically
choose PE and SIMD count to meet it.

3. Experiments

We evaluate QAT on five MuJoCo tasks (Humanoid-, Walker2d-, Ant-, HalfCheetah-, Hopper-v4)
using SAC and DDPG. Our goal is to obtain very small, hardware-friendly policies that match
FP32 returns. We structure the evaluation into three parts: (i) bitwidth sensitivity, where we vary
which components of the policy are quantized to investigate where precision matters; (ii) model
selection, a three-step rule that first fixes the smallest FP32 matching configuration for internal
activations and weight bitwidth, then the hidden layer width, and last the input activation precision;
and (iii) robustness, where we perform noise-injection tests on input states. Finally, we synthesize
the selected policies to an Artix-7 FPGA with FINN v0.10.1, targeting a fixed 100MHz clock and
reporting latency, throughput, power usage, and resources utilized.

All training runs were performed with 1M environment steps; for evaluation, we average over
1,000 (10 where stated) deterministic policy rollouts per trained model, and report mean and stan-
dard deviation across 10 training seeds. All reported rewards are undiscounted.
Baseline (FP32) As a baseline, we train full-precision policies using the CleanRL (Huang et al.,
2022) implementations of SAC and DDPG, utilizing corresponding default hyperparameters and
model sizes (see Appendix A). In addition, we perform running normalization of the input state
space (per-dimension, frozen at evaluation) for SAC, but not DDPG, as we find it to perform better.
Quantized Models We swap the policy network for a QAT variant implemented with Brevitas
v0.12.0 (Franco et al., 2025), using the same hyperparameters as the FP32 baselines. In this case,
we perform running normalization for both DDPG and SAC. An ablation on normalization can be
found in Appendix C.
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Figure 1: Reward vs. bitwidth for full-precision (FP32) baselines (shaded region indicates one
standard deviation) as well as four variants of network quantization: all: all network operations
are quantized to indicated bitwidths; input/output: the quantization of only the inputs/outputs are
varied; core: the quantization of weights and internal activations are varied. In the latter three cases,
all other components are left at 8-bit precision. We achieve FP32-parity with SAC and DDPG across
most quantization scopes and environments. See main text for further discussion of the curves.
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3.1. Bitwidth Sensitivity

To determine where quantization matters, we sweep bitwidth for four quantization scopes, always
using QAT for all weights, activations, and biases but fixing non-swept parts to 8-bit. We investigate
four scopes. all: all network components (input state activation, output, weights, and other activa-
tions) are quantized to varying bitwidths; input: only the bitwidth used to represent the input state
is varied; output: only the final pre-hyperbolic tangent activation requantization is varied; core: all
internal weights and activation values are quantized. Figure 1 reports returns for each scope and
bitwidth; shaded bands show mean plus/minus one standard deviation across 10 models per data-
point. We consider a quantized model to match FP32 returns if its mean return lies within the FP32
band.

SAC For SAC, we find that our quantized models generally match the FP32 baseline down to
at least 3 bits, even in the all setting. The only major exception is HalfCheetah, where we find
that starting at 5-bits reward decreases. This is consistent with a decreasing reward in the input
setting, indicating that input quantization alone can have a major impact on reward. However, we
also find that for HalfCheetah the core setting for 2-bit results in a reward drop; hinting at model
capacity-limited return, which is further supported by layer-width reduction results in Appendix B.
For Humanoid, we observe that the variance between policies is often higher across bitwidths than
the FP32 policy. However, both the core and all settings clearly match the FP32 baseline at 3-
bits, with similar variances. Last, we observe that output quantization only appears to matter at the
extreme of 2-bits.

DDPG With DDPG, we observe lower overall rewards, though the quantized versions generally
match the FP32 baselines. HalfCheetah shows a performance drop similar to the one seen with SAC.
Notably, for the Ant task, lower bit-width quantization appears to improve rewards. We hypothesize
that this behavior relates to findings that RL performance does not always improve monotonically
with model capacity (Bjorck et al., 2021).

For both algorithms, the output quantization has the least influence on performance. However,
as the output quantization also has only a minor influence on the size of the synthesized hardware
model, when compared to other parameters, we leave it at 8-bit for the remainder of this work.

In our environments, if FP32 parity cannot be reached in the all setting, the input bitwidth
can generally be considered the bottleneck, as we observe the core and output setting consistently
outperforming the input setting. We attribute this to the fact that high quantization error in the
first layer prevents the network from clearly differentiating between similar sensor states, causing
a loss of information important for fine control. In contrast, once the signal passes the first layer,
the information is distributed across a latent space with more redundancy. This makes the deeper
layers more resilient to lower bit-widths, as the network is no longer relying on the high-precision
resolution of a single input feature. Similar results of the importance of the first layer have also been
found, for instance, regarding sparsity in convolutional neural networks (Han et al., 2015). As SAC
outperforms DDPG in our setting, we use it in the remainder of this work.

3.2. Model Selection

Guided by the sensitivity results, we select SAC configurations under the previous FP32-parity
criterion (mean within the FP32 mean plus/minus one standard deviation). First, we choose the
smallest core quantization precision, a single bitwidth (bcore) shared by hidden-layer weights and
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Figure 2: Evaluation reward across training time steps for our environments with SAC. Shaded
bands show standard deviation over trained models. Overall, the selected quantized models show
comparable convergence behavior to the floating-point baseline.

internal activations, that matches FP32 with input/output fixed at 8-bit (Figure 1). We prioritize
bcore because it strongly affects hardware cost (e.g., requantization resources scale exponentially
with activation bitwidth in FINN (Blott et al., 2018)). Next, holding that precision, we sweep
the hidden layer width h over {256, 128, 64, 32, 16} and pick the smallest that still matches FP32.
Finally, with bcore and h fixed, we sweep input state quantization bits (bin). Figures showing sweeps
for model selection are available in Appendix B.

Environment h bcore bin

Humanoid 16 3 4
Walker2d 128 2 3
Ant 64 2 3
HalfCheetah 256 3 8
Hopper 16 2 6

Table 1: Selected SAC policies: hid-
den layer width h; core bitwidth
bcore (weights and activations); input
bitwidth bin.

Table 1 reports the resulting models. The selected
models evaluation reward over training environment steps
is shown in Figure 2, with 10 rollouts performed per eval-
uation step, per model. With our staged selection, FP32
parity is always achieved with 3-bit cores, often even 2
bits suffice. The tolerable hidden-width reduction and ob-
servation quantization are environment-dependent. Fur-
thermore, the acceptable input activation bitwidth shrinks
as core precision and hidden layer width is reduced: com-
pare Figure 1 (input sweep with core fixed) to Table 1 (af-
ter fixing the minimal FP32-parity bcore and h), where the
attainable input precision is generally lower.
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Figure 3: Robustness to observation input noise. Reward vs. noise level, σ, for floating-point and se-
lected QAT policies on MuJoCo tasks. Shaded bands show standard deviation over trained models.
The quantized, selected model performs better, or on par, with the FP32 baseline under injection.

3.3. Noise injection

We evaluate robustness to input state perturbations by adding i.i.d. Gaussian noise to the normalized
state at inference: ŝ = norm(s) + ϵ, ϵ ∼ N (0, σ2) with σ ∈ {0.0, 0.1, 0.2, 0.3, 0.4, 0.5}. We
compare the selected quantized model (Table 1) with the FP32 baseline. For each σ and task we
average returns over 10 models (10 episodes each) and report the standard deviation of model means.
Figure 3 shows return vs. σ. Across tasks, quantized policies match or exceed FP32 at higher noise
levels for the quantized models. We hypothesize this to be due to training time discretization of
the state space. While very similar states are often mapped to the same quantization bins, which
filters out small noise, equally small noise can lead to changes in the utilized bins. To achieve high
returns despite these discrete jumps for very similar states, the policy is forced to remain stable
across adjacent bins. In contrast, the FP32 baseline may react to even small perturbations.

3.4. FPGA Synthesis

Resource Quantity

Lookup-Tables (LUTs) 10,400
Flip-flops (FFs) 20,800
Block RAM (36 Kb) 25
Digital Signal Processing 45
Units (DSPs)

Table 2: XC7A15T-FGG484−1 device
resources.

We synthesize policies from Table 1 for an Artix-7
XC7A15T (speed grade −1); available device resources
are listed in Table 2. Note that this is a low-end FPGA,
having a limited number of resources. Larger FPGAs
could improve throughput and latency. For all networks,
we only investigate the performance and hardware re-
quirements for the integer portion; hence, initial floating-
point quantization and final hyperbolic tangent mapping
are not considered. Networks are exported with FINN
and built out-of-context (OOC) as IP cores without a board
wrapper. All action dimensions are padded to multiples of 32 for compatibility with FINN.

Synthesis follows a throughput-driven procedure: for each policy, we sweep target throughputs
in powers of 10, while FINN selects folding factors, SIMD width and the number of PEs, to approx-
imately hit the target at a fixed 100MHz clock. We retain the highest target whose build completes
and meets timing. The resulting resources, latency and estimated power are summarized in Table 3.

8-bit models exceed XC7A15T capacity, because FINN’s integer-only requantization memory
cost grows exponentially with bitwidth (Blott et al., 2018). We therefore use a reference that pre-
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Environment LUTs FFs BRAM DSP Latency P [W] TP E.p.A. [J]
Se

le
ct

ed
M

od
el

Humanoid 2.3 k 3.1 k 1.5 45 15.4 µs 0.33 6.5× 104 5.1× 10−6

Walker2D 1.9 k 1.6 k 2 4 162.2 µs 0.17 6.2× 103 2.8× 10−5

Ant 2.7 k 4.5 k 3 45 2.3 µs 0.39 4.4× 105 8.9× 10−7

HalfCheetah 4.3 k 4.6 k 15 11 243.2 µs 0.33 4.1× 103 8.0× 10−5

Hopper 2.4 k 2.0 k 0 45 0.2 µs 0.31 4.8× 106 6.5× 10−8

R
ef

er
en

ce
(8

-4
-8

)

Humanoid 8.4 k 9.5 k 25 22 243.3 µs 0.58 4.1× 103 1.4× 10−4

Walker2D 5.8 k 5.7 k 25 11 243.3 µs 0.40 4.1× 103 9.7× 10−5

Ant 4.6 k 5.9 k 25 11 243.3 µs 0.37 4.1× 103 9.0× 10−5

HalfCheetah 5.3 k 5.7 k 25 11 243.3 µs 0.38 4.1× 103 9.2× 10−5

Hopper 4.4 k 5.4 k 25 11 243.3 µs 0.35 4.1× 103 8.5× 10−5

Table 3: Post-synthesis resource utilization, end-to-end latency, power estimated by the Xilinx
Power Estimator (P) in Watts, peak throughput (TP) in actions per second, and energy per action
(E.p.A.) in Joule on a Artix-7 XC7A15T−1 at 100MHz.

serves the original architecture (width 256) with a 4-bit core (I/O at 8 bit) and the prior folding
selection. Except for Humanoid, these designs use similar resources as padding yields matched
widths; Humanoid differs due to its larger input dimension. Latency and energy per action improve
for all selected models relative to this reference except HalfCheetah, where our selection (256, 3-bit)
mainly reduces BRAM usage compared to the 4-bit reference. Walker2d gains a ∼ 1.5× speedup
while remaining wide (128), but overall resource and power needs drop substantially. Ant and
Humanoid exhibit order-of-magnitude latency gains (10×–100×), and Hopper reaches a 21-cycle
latency, corresponding to a ∼ 1000× improvement. Note that a 4-bit reference is already a strong
baseline; prior work (Krishnan et al., 2022) reported collapse on Walker2d at 4-bit quantization.

4. Related Work

Quantized training for RL. The most closely related works are Krishnan et al. (2022); Lu et al.
(2024) and Ivanov et al. (2025), who also study QAT for MuJoCo tasks. Of these, only Krish-
nan et al. (2022) investigates QAT for low bitwidths in MuJoCo, as we do here. Specifically, they
study both post-training quantization (PTQ) in a distributed actor-learner setup, and QAT on Atari
and some MuJoCo tasks for different RL methods, including DDPG but not SAC. Unfortunately,
their public implementation does not cover the low-bitwidth experiments, and key QAT details are
missing from the manuscript. Known setting differences include a much larger budget of environ-
ment steps (10M steps), where QAT is enabled only after 5M steps, whereas we train for 1M steps
with QAT from scratch. Furthermore, the environment versions differ. Therefore, only a qualita-
tive comparison with their results makes sense: Krishnan et al. (2022) report QAT experiments for
HalfCheetah and Walker2d with DDPG. For both tasks, they report substantial return degradation
starting at 4 to 5 bits. In our work, the core setting for these tasks shows reward degradation only
at 2 bits, or none, respectively (Figure 1, DDPG). Note that the baseline reward they obtain with
Walker2d is comparable to ours, whereas our baseline obtains much higher returns for HalfCheetah.

Lu et al. (2024) find that 8-bit QAT under their protocol performs worse than FP32 networks
on MuJoCo tasks. Ivanov et al. (2025) pretrain in full precision and then fine-tune with QAT for
8-bit weights while keeping activations in FP32, thereby avoiding activation quantization error but
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also limiting end-to-end efficiency gains. Chandrinos et al. (2024) study both PTQ and QAT in a
multi-agent environment with discrete actions. They find that QAT substantially outperforms PTQ.

Gil et al. (2021) study PTQ for continuous control by quantizing and pruning pretrained policies.
They find that 4-bit weights largely preserve return on a real inverted pendulum setup, whereas 3-bit
and below resulted in a substantial loss of reward.

Pruning for RL. Pruning—removing parameters or connections—can reduce multiply-accumulate
(MAC) operations and memory traffic at inference. In reinforcement learning, very high levels of
unstructured sparsity (often > 95%) have been reported without return loss across diverse settings
(Ivanov et al., 2025; Tan et al., 2023; Arnob et al., 2024; Graesser et al., 2022), and scaling studies
suggest that larger, and pruned, policies can even improve reward scaling (Ma et al., 2025). Pruning
has also been studied in combination with QAT (Lu et al., 2024; Ivanov et al., 2025). However,
unstructured sparsity is generally difficult to exploit in hardware, and we therefore do not consider
it in our work. Nevertheless, these works show that standard RL networks are typically severely
overparameterized, inspiring our architecture search.

Related Directions. At the quantization extreme, work on binarized policies targets discrete ac-
tion spaces (Kadokawa et al., 2021; Lazarus and Kochenderfer, 2022; Valencia et al., 2019), with
some studies binarizing only parts of the network (Chevtchenko and Ludermir, 2021). Additionally,
several works discretize only parts of the RL pipeline for practical reasons: discretizing the con-
tinuous action space to change the algorithmic regime (Dadashi et al., 2022), or quantizing inputs
to reduce replay-buffer memory with negligible return loss (Grossman and Plancher, 2023). Last,
performing training in half-precision has been explored (Björck et al., 2021). These target different
bottlenecks than end-to-end integer inference.

5. Discussion & Future Work

In this work, we show how to use quantization-aware training to obtain deployment-ready, integer-
only policy networks that match the returns of full-precision networks on MuJoCo tasks. A key
finding of our work is that network weights and internal activations can be quantized quite aggres-
sively (a bitwidth of 2 or 3 suffices), allowing an implementation on low-resource FPGA hardware
with sub-millisecond inference latency and consuming microjoules per action inference. Further-
more, input quantization should be treated separately, because it can have a major influence on the
policy quality. We also find that quantized models are often more robust under input noise, presum-
ably because the noisier gradient updates during training act as implicit regularization. We therefore
hypothesize that QAT-trained policies may be more robust in the real world under sensor noise.

Despite the promising results, a number of limitations and open questions remain. First, our
study reflects the situation of training and deployment in simulation only. Clearly, for real-world
systems, additional complications can emerge. For example, aspects such as safety and security
need to be taken into account besides the expected reward that we use in our analysis to judge
policy quality. Also, real-world noise can have different and more challenging characteristics than
the analytically injected noise in our experiments.

For future work, it would be interesting to move beyond classical MuJoCo tasks and investigate
additional scenarios, such as vision-based policies for mobile robots or sparse rewards. An addi-
tional direction is evaluation on different hardware targets (other FPGAs and non-FPGA platforms)
and on physical systems to capture sensor/actuator overheads and measured power.
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Appendix A. Hyperparameters

Default models use the ReLU activation function and a hidden layer width of 256 neurons.

Table 4: SAC hyperparameters used in our experiments.

Hyperparameter Value Notes

Total timesteps 1,000,000 Environment steps during training.
Replay buffer size 1× 106 Transitions stored.
Discount γ 0.99 Future reward discount.
Target smoothing τ 0.005 Soft target update rate.
Batch size 256 Minibatch size for updates.
Learning starts 5× 103 Steps collected before learning.
Policy LR 3× 10−4 Adam LR for policy.
Q-network LR 1× 10−3 Adam LR for critics.
Policy update frequency 2 Update policy every 2 critic steps.
Target network frequency 1 Target update every critic step.
Entropy autotune Adapted online.

Table 5: DDPG hyperparameters used in our experiments.

Hyperparameter Value Notes

Total timesteps 1,000,000 Environment steps during training.
Learning rate 3× 10−4 Optimizer step size (actor & critic).
Replay buffer size 1× 106 Transitions stored.
Discount γ 0.99 Future reward discount.
Target smoothing τ 0.005 Smoothing for target nets.
Batch size 256 Minibatch size for critic/actor updates.
Exploration noise (std) 0.1 Gaussian action noise during data collection.
Learning starts 2.5× 104 Steps collected before learning.
Policy update frequency 2 Update policy every 2 critic steps.

Appendix B. Model Selection
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Figure 4: Return vs. hidden width for SAC under the minimal FP32-matching core precision (2-bit
except 3-bit for HalfCheetah/Humanoid). FP32 mean and its one-standard deviation band shown
for reference.
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Appendix C. Input Normalization

SAC For SAC, we find that running input normalization improves returns for the floating-point
baseline (except HalfCheetah, but results are close with standard deviations overlapping); see Table
6. Due to this, and SAC’s better overall returns, when compared to DDPG, we generally apply nor-
malization across this work. We hypothesize that input normalization improves returns, specifically
in the quantization context, because it improves optimization of the quantization scale parameter in
the first layer, which we show to have major impact on returns in Section 3.

Environment No Input Normalization Input Normalization

Ant 5.0 k ± 1.7 k 5.1 k ± 0.9 k
Hopper 2.4 k ± 1.0 k 2.7 k ± 0.7 k
HalfCheetah 11.6 k ± 1.0 k 11.1 k ± 1.2 k
Walker2d 4.3 k ± 0.9 k 5.0 k ± 0.4 k
Humanoid 4.7 k ± 1.4 k 6.3 k ± 0.5 k

Table 6: Floating point baseline, with and without input normalization. Mean and standard devi-
ation over 10 trained models and 1000 rollouts per model. The floating point baseline with input
normalization performs on par or better than without normalization.

DDPG Figure 6 shows a floating point baseline and various quantization scopes trained with DDPG,
as described in Section 3. The results for the left-hand side plots were obtained without input nor-
malization (as implemented in CleanRL), whereas we use running, per-dimension input normaliza-
tion for the right-hand side plots. While the floating-point baseline with running mean performs
worse than its non-normalized counterpart, we observe the opposite behaviour for the quantized
networks. Importantly, the quantized networks with input normalization consistently perform on
par with the floating-point networks without input normalization (which are the stronger baselines).
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Figure 6: DDPG; Reward vs. bitwidth for full-precision (FP32) baselines (shaded region indicates
one standard deviation) as well as four variants of network quantization: all: all network operations
are quantized to indicated bitwidths; input/output: the quantization of only the inputs/outputs are
varied; core: the quantization of weights and internal activations are varied. In the latter three cases,
all other components are left at 8-bit precision. We achieve FP32-parity on most task bitwidth
combinations with DDPG when we utilize input normalization.
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