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Abstract: End-to-end driving has emerged as a promising approach for learning complex driving
behaviors directly from human demonstrations. However, its heavy reliance on human-collected data
limits robustness and often demands costly data acquisition. We propose FeedNet, a feedback-based
network combined with maneuver-level data augmentation to enhance robustness across diverse
driving scenarios. The network operates in a closed-loop manner by using the error between
predicted and current velocities as input to generate corrective control outputs. Maneuver-level
augmentation introduces diverse speed error conditions, enabling the model to learn effective error
compensation strategies. Experiments in urban simulations show that our method achieves reliable
longitudinal and lateral control, even in challenging settings such as uphill and downhill roads.
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[Fig. 1] Overall network architecture with a feedback-based control module
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[Fig. 2] Illustration of the maneuver-level data augmentation. When the ego speed is adjusted to be faster, a smaller throttle value is
applied; conversely, when the ego speed is adjusted to be slower, a larger throttle signal is applied
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[Fig. 3] Examples of the camera images in the training dataset

[Table 1] Network architecture configuration

Module Name Value
Kernel: (7, 3, 3)
CNN encoder Stride: (2, 2, 2)
Padding: (3, 1,2)
) Image feature size (45, 80)
Peﬁ;:ﬁt;on Patch size é,5)
Depth / Head 1/2
256 (embedding)
Hidden size 512 (MLP)
64 (head)
Pt)(mh/fﬁ)s)() " Hidden size 128 (}iilgfe%(gpeed)
Planning horizon 15
(GRU) hidden size 128*5+128+64
Control MLP hidden size 128
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[Fig. 4] (a) Vehicle platform for the ego vehicle. (b) We configure our experiments in novel urban scenarios including uphill and
downhill sections where all are not contained in the training dataset. (c) Uphill section. (d) Downhill section
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[Table 2] Quantitative performance evaluation among baseline models

Nominal Driving Uphill Driving Downhill Driving Right-Turn
Progress [%] | Speed [km/h] | Progress [%] | Speed [km/h] | Progress [%] | Speed [km/h] | Progress [%] | Speed [km/h]
E2ENet 100.0 23.24 12.08 100.0 40.91 43.19 64.79
FeedNet 100.0 30.79 100.0 100.0 33.63 100.0 16.49
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