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Introduction  

Space vehicles operate in environments that are not known in advance, under severe energy constraints 

and with long delays in signal communication with Earth. To perform efficiently in such conditions, 

spacecrafts must possess some sort of artificial intelligence (AI) that would allow to adapt to the 

specifics of environment and task at hand.  

Deep Neural Networks (DNN) are the most powerful and scalable modern AI systems[1] and therefore 

have enormous potential for space missions. However, offline-trained DNNs poorly generalize to 

unseen scenes. An instructive illustration of this failure is shown in Figure 1. A deep neural network[2]  

trained to estimate depth on outdoor images (left) struggles to correctly estimate depth (right) in an 

indoor scene (center) despite strong similarities in the scene composition. Hence, adaptation to the 

environment and task condition requires a mechanism for real-time learning in DNNs. 

The main issue of real-time learning in DNNs is the limitations of backpropagation of error (backprop) 

— the most effective training algorithm for offline learning. Backprop cannot be executed in real time 

under strict latency, energy, and memory constraints[3]. As a result, backprop in the standard 

implementation is unsuitable for edge applications such as robots and spacecrafts. 

There are two major issues with the backprop when it comes to the real-time learning: the weight 

transport problem and the update locking problem[3]. The weight transport problem results from the 

backprop assumption of symmetrical feedforward and feedback connections, with weight updates in 

one layer explicitly depending on the weights in all downstream layers. This leads to significant 

memory overhead. The update locking problem stems from the requirement that the forward 

(activation) and backward (calculation of error of gradient) passes must be fully completed before 

weights can be updated. This also leads to significant memory, energy and latency overhead.  

There exist algorithms for real-time learning[3], [4], [5], [6], [7], [8], [9], [10], [11], [12], [13], [14], 

[15], [16] that yield massive (up to 3 orders of magnitude) gains in energy efficiency[17], [18], [19], 

when implemented in brain-inspired neuromorphic hardware[3], [6], [7], [9], [12]. Yet, they are not up 

to learning complex tasks onboard, under tight performance constraints.  Most of these algorithms 

perform online learning only at the output layer[5], [6], [7], [9], [10], [12], [14], or, at most, with a 

single hidden layer[4], [11], [13]. They often rely on correlation-based methods that do not guarantee 

convergence[7], [9], [13], suffer from the weight transport problem[4], [15], [16], [20], or include 

alternating inference and learning phases (albeit short) and thus are not truly online[5], [10], [14], [15]. 

Moreover, many of these algorithms[3], [7], [11], [12], [15], [16], [20] have been applied to 



classification tasks, while real-time learning is especially crucial in regression tasks such as ones where 

a control strategy needs to accommodate to changes in the environment to avoid a crash. Along the 

same lines, only a few methods have been used in conditions where energy-efficient real-time learning 

is paramount such as onboard a drone or other edge applications[3], [5], [6], [10], [13], [14]. 

 

      
 Figure 1. Even with large, varying training data sets, learned capabilities may generalize poorly to a robot’s actual real-

world environment. Left: Image used in ref[2]. Middle: image from our lab at TU Delft. Right: application of the trained 

deep network from ref[2] on the lab image. Colormap indicates that purple / blue represents large distances, while red/yellow 

is close by. The distance to the large pillar (the closest obstacle) is estimated very badly and would likely lead to a collision 

in a navigation task. Figure 1. Even with large, varying training data sets, learned capabilities may generalize poorly to a 

robot’s actual real-world environment.  

Since animals are the only known autonomous agents around that are certainly capable of real-time 

learning, it is natural to look to neuroscience for inspiration for a real-time learning algorithm. There 

are a few theories of how supervised learning with deep neural networks can be organized in the 

brain[21]. One particularly promising candidate is called burst-dependent synaptic plasticity or 

burstprop[22].  Burstprop elegantly avoids weight transport and update locking problem by running 

inference and learning signals in two parallel streams and keeping weight information local (see 

Methods for the details).  

In this study, we evaluate the performance of burstprop on a task essential for efficient and safe (crash 

free) visual-based navigation in moving systems ranging from bee to spacecrafts: learning the distance 

to a surface based on its appearance. This information is essential for navigation as it enables the 

disentangling of velocity from distance in optical flow, thereby preventing self-induced oscillations and 

collisions with obstacles, including the landing surface (see Methods for details). The universality of 

this task allows us not only to assess burstprop’s performance in real-world conditions, but also ensures 

that the results can be generalized beyond the specific conditions of the present study.  

We compare burstptop’s performance with conventional algorithms, namely: linear ridge regression, 

backprop, feedback alignment[23] (see Methods for the details), and burstprop augmented with the 

Kollen-Pollack algorithm that ensures weight symmetry through local learning[22], [24] (see Methods 

for the details). Our key metrics for this comparison are: i) quality of learning an association between 

visual features and surface distance; ii) dependence of the performance on the number of surfaces 



needed to be simultaneously stored in the network memory; iii) generalization to the unseen surfaces. 

Our results demonstrate that burstprop with the Kollen-Pollack algorithm shows the best performance 

for distance estimation for a single surface, while burstprop with random feedback weights provides 

the best performance for multiple surfaces. However, all of the methods fail to generalize to unseen 

surfaces. Despite the promising potential of burstprop in our simulation, the ultimate test of 

performance will be the air vehicle’s ability to achieve a smooth landing. This aspect will be explored 

in future research.  

 

Methods  

Errors, gradients and weight updates 

Before discussing various training algorithms, it would be useful to understand computation performed 

by neural networks and how their performance can be tuned by means of error backpropagation. This 

will provide some intuition about information is transmitted during learning and what are the problems 

that burstprop aims to solve.  

 

Figure 2 Schematic depiction of a neural network (left) together with equations to compute networks forward (center) and 

backward (right) passes. 

Figure 2 schematically depicts a neural network with a single hidden layer. During the forward pass an 

input (row vector) is fed into the hidden layer that multiplies the input by weight matrix Wh and adds a 

bias ah. The result is a weighted sum of the inputs vh that is subsequently transformed into the hidden 

layer activation eh by applying activation function ƒ (Figure 2, Forward Pass). The same operation is 

repeated on the next layer, where eh serves as the input and eo is the final output of the network. To 

improve the performance of this network it is necessary to calculate the error using the loss function L 

and to adjust the network’s weights and biases during the backward pass in order to minimize this error. 

A straightforward way to modify the network parameters is to compute the gradient of the error with 



respect to the parameters and update them accordingly (Figure 2, Backward pass)[1].  

Examining the equations for the backward pass in Figure 2 reveals several problems with backprop. 

First, the gradient of the error in the hidden layer explicitly depends on the error gradient in the output 

layer. While this is not a big problem for a network with one hidden layer, such global dependencies 

would be prohibitively expensive in terms of energy and memory if the network has more layers, as the 

gradient of the error in the very first layer would explicitly depend on the gradient of the error in all 

downstream layers. All of these gradients have to be computed, stored in memory and multiplied with 

each other during the backward pass. This is one side of the so-called weight transport problem.  

There is another problem with the weight transport problem: the weights through which error gradients 

propagate, the derivatives of the pre-activation value v with respect to the input to a layer, are the 

transpose of the feedforward weights. This creates issues for real-time learning in edge applications as 

maintaining perfect symmetry between feedforward and feedback weights requires either centralized 

control or additional hardware for precise synchronization. This is not achievable without a significant 

overhead in highly promising neuromorphic hardware, platforms that operate locally and 

asynchronously.   

Finally, the update locking problem arises from the shared use of the communication channel for both 

forward and backward passes. This temporal constraint locks training in time, requiring strictly 

sequential forward and backward phases. Consequently, all activations from the forward pass must be 

stored to compute gradients during the backward pass, significantly increasing the memory overhead. 

This locking mechanism not only delays updates but also makes simultaneous learning and inference 

impossible, further reducing efficiency in real-time or hardware-constrained systems. 

Burstprop 

From the discussion above, it is clear that to solve backpropagation inefficiencies, it is necessary to 

make computations local. The locality of computation removes global dependencies, allowing greatly 

reduced energy, memory and latency overhead and streamlined learning in real-time systems.  

Although conventional implementations of the burstprop algorithm compute gradient globally, the 

chain rule for the gradient computation can be re-written in recursive form, such that the error gradient 

at hidden layer l is an explicit function of the error gradient at layer l+1 only: 

 



𝜕𝐿

𝜕𝑣𝑙
= (𝑊𝑙+1

𝑇 ⋅
𝜕𝐿

𝜕𝑣𝑙+1
) ⊙ 𝑓𝑙

′(𝑣𝑙)   (1) 

𝜕𝐿

𝜕𝑊𝑙
=

𝜕𝐿

𝜕𝑣𝑙
⋅ 𝑒𝑙−1   (2) 

 

Thus, in principle one can keep gradient computations local. Therefore, a lot of research on alternatives 

to the backprop algorithm is focused on developing learning rules that allow robust learning, while 

keeping gradient computations local.  

The brain also uses neural networks, faces the weight transport and update locking problems and, as 

evident from day-to-day life, is able to solve both of these problems. Hence, it is useful to study 

bioinspired solutions for hierarchical credit assignment. Burstprop is one of the algorithms that have 

been proposed to explain learning in the brain. Burstprop cleverly avoids the weight transport and 

update locking problems[3] by employing key properties of biological neurons: bursts, local synaptic 

plasticity, and separate signal integration in basal (feedforward inputs from shallower layers) and apical 

(feedback inputs from deeper layers) dendrites[22]. Below we give a short account of how burstprop 

achieves real-time learning across multiple layers (Figure 3).  

There are two types of electrical output signals in biological neurons: spikes and bursts[25], [26]. Spikes 

are all-or-none rapid changes in neuronal membrane potential that mediate signal transmission in the 

brain[27]. In contrast, bursts are simply occurrences of multiple (at least 2) spikes within short intervals 

of time[22], [25].  These bursts participate in local learning[22], [28](see Figure 3). When an input 

spike causes a burst of output spikes, the connectivity between input and output neurons strengthens, 

while when there is only a single output spike, the connectivity weakens. To be more precise, the change 

in connectivity averaged over time would depend on whether bursting occurs more or less frequently 

than a certain baseline burst probability[22]: 

𝛿𝑊𝑙 = (𝑏𝑙 − 𝑏) ⋅ 𝑒𝑙−1 = (𝑝 − 𝑝𝑏) ⋅ 𝑒𝑙 ⋅ 𝑒𝑙−1  (3) 

 

 



Whether there will be a spike or a burst depends on the feedback inputs to the apical dendrite: one 

hypothesis is that coordinated feedforward and feedback inputs lead to bursts and that plasticity in the 

feedforward pathway is mediated by the spread of electrical excitation from apical to baseline 

dendrites[22]. Learning in deep networks can be achieved via a feedback pathway. Moreover, a 

supervisory (or self-supervisory) signal applied to the output layer of the network would trickle down 

downstream along the feedback pathway[22]. 

 

The crucial point about separating signals into spikes and bursts is not the sign of local plasticity but 

the solution of the update locking problem via the multiplexing of the feedforward and feedback 

signals[22]. To multiplex means to send multiple signals within a single transmission channel. In the 

case of neural networks, this channel is neuronal output. The conventional algorithm of 

backpropagation runs into the update locking problem due to multiplexing a signal in time: alternating 

inference and learning phases.  Burstprop avoids the update locking problem because multiplexing is 

done by two types of signals - bursts and spikes, with bursts being proportional to feedback inputs and 

Figure 3. Burst-dependent synaptic plasticity. (Left) A two compartment neuron that separately integrates 

feedforward and feedback inputs. (Right) A schematic representation of burstprop. When an input spike causes 

only a single output spike, the connectivity weakens. 



spikes to the feedforward inputs[22].  

Such arrangement effectively allows the neural network to compute the error gradient and weight 

update in a recursive manner[22], [29], [30]. A mathematical formulation of burstprop is presented 

below.   

The signal flow through basal dendrites (feedforward pathway) is identical to the forward pass shown 

in Figure 2, therefore we focus on the backward pass (feedback pathway). Neurons in a layer l have a 

dendritic potential u, which is a function of bursting input from neurons in layer l+1 weighted by weight 

matrix Y and some function of the neuron’s feedforward (or event) output g(el). We define the output 

g(el) to be equal to the ratio of the derivative of a neuron’s activation function to its activity: 

 

𝑢𝑙 = 𝑌𝑙 ⋅ 𝑏𝑙+1 ⊙ 𝑔(𝑒𝑙)  (4) 

 

𝑔(𝑒𝑙) =
𝑓′(𝑣𝑙)

𝑒𝑙
   (5) 

 

The sigmoid of the dendritic potential ul yields burst probability pl, which is multiplied with event 

output el to generate burst output bl: 

𝑝𝑙 = 𝜎(𝑢𝑙), 𝑏𝑙 = 𝑝𝑙𝑒𝑙   (6) 

We assume that the change in burst-rate is equal to error gradient with respect to neural pre-activation:  

𝛿𝑏𝑙 =
𝜕𝐿

𝜕𝑣𝑙
  (7) 

Then, the burstprop weight update rule (3) would be very similar to the backprop weight update rule 

(2): 

𝛿𝑊𝑙 = 𝛿𝑏𝑙 ⋅ 𝑒𝑙−1 (8) 

 

To ensure that burstprop is also able to propagate the error gradient, we combine  𝛿𝑏𝑙 = 𝛿𝑝𝑙 ⋅ 𝑒𝑙 and 

equation (6) to get equation (9): 

𝛿𝑏𝑙 = 𝛿𝑝𝑙 ⋅ 𝑒𝑙 = 𝛿(𝜎(𝑌𝑙 ⋅ 𝑏𝑙+1 ⊙ 𝑔(𝑒𝑙)  )) ⋅ 𝑒𝑙   (9) 

Now, assuming a linear range of σ outputs and keeping in mind equation (5) we arrive at equation (10): 



𝛿𝑏𝑙 = 𝑌𝑙 ⋅ 𝛿𝑏𝑙+1 ⊙ 𝑓′(𝑣𝑙)   (10) 

Since in equation (7) we define the change in burst rate as the gradient of the error with respect to neural 

pre-activation, equation (10) shows that burstprop indeed supports the propagation of error gradients 

up to a weight factor Yl.  When Yl is equal to WT
l+1 equation (10) becomes identical to equation (1).  

Note that although the assumption about the approximately linear range of σ(ul) can be enforced by 

additional mechanisms[22], here we opted not to do so, because it has been shown that even in the non-

linear regions of the sigmoid function equation (9) approximates (1)[29]. 

To fully mimic backrprop, we also need feedback weights Yl to be equal to WT
l+1, which is not trivial 

to ensure in the brain and neuromorphic hardware. There are two potential solutions that rely on local 

mechanisms: feedback alignment[23] and the Kollen-Pollack algorithm[24]. Here, we implemented 

both of these solutions and compared their characteristics. 

The feedback alignment algorithm was proposed in a study by Lillicrap et al.[23], who showed that it 

is not necessary to propagate exact gradients, and that even random set of the feedback weights would 

lead to efficient learning. In fact, studies have shown that proper  alignment of error sign[31] is the most 

crucial information for learning and feedback alignment does just that.  Indeed, although in the feedback 

alignment errors are sent via random weights, these random weights contribute to the update of 

feedforward weights. Hence, the network learns to change its feedforward weights such as to minimize 

the error transported through the random feedback matrix.  

The Kollen-Pollack algorithm was proposed[32] and further modified[24] to ensure symmetry between 

feedforward and feedback weights. It has been shown[24] that one can ensure symmetry between 

feedforward and feedback weights if i) weights have equal update A and ii) weights have equal decay 

λ to offset any initial difference in feedforward and feedback weights: 

         

𝛿𝑊𝑙 = 𝐴 − 𝜆𝑊𝑙 

 

𝛿𝑌𝑙 = 𝐴 − 𝜆𝑌𝑙 

Therefore, we update weights Yl following ref.[22]: 

𝛿𝑌𝑙 = 𝑒𝑙
⊤ ⋅ (𝑏𝑙+1 − 𝑏𝑙+1) − 𝜆𝑌𝑙    (11) 



 

 Case study: learning an association between visual appearance and distance 

             
                  Figure 4. Case study: Learning an association between visual appearance and distance 

 As a case study to test burstprop’s performance in the robotics context we adopted an approach 

developed by de Croon et al. [5] and trained a network to learn the distance to a surface from its visual 

appearance in a visual-based landing task. The eventual goal of the training was to augment classical 

optical-flow based navigation strategy[33] with a distance estimation mechanism to avoid self-induced 

oscillations in the final landing stage. The benefits of our approach were two-fold. On one hand, we 

tested a bioinspired learning rule on a biologically relevant task. On the other hand, the task has 

immediate practical application for any air vehicle, including spacecraft.  

The classical vision-based landing strategy[33] relies on optical flow - changes in scene contrast 

distribution due to relative motion between scene and observer. Specifically, the rate of image 

expansion, also known as divergence of optical flow, is very useful for landing. Indeed, divergence of 

optical flow is equal to the ratio between the speed with which a surface is approached and the distance 

to this surface. Hence, by keeping the divergence constant it should be possible to safely land as the 

velocity decreases upon approach.  

However, in practice, delays between sensing and actuation lead to self-induced oscillations close to 

the landing surface (Figure 4)[34]. If not addressed, these oscillations would not allow the drone to 

actually land, leading to a crash. To avoid oscillations, it is possible to decrease the gain that is used in 

the control policy upon getting closer to the landing surface. The dilemma here is that a low gain does 

not ensure that the agent follows the policy, while a high gain leads to the oscillations.  Thus, the gain 

should be properly adjusted based on the distance to the landing surface[34].  

To achieve this, de Croon et al.[35] proposed to learn the distance to a surface from its visual appearance 
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(Figure 4). Since the distance at the onset of self-induced oscillation depends linearly on the control 

gain[34], one can infer the relationship between the visual appearance of a surface and the distance to 

it by learning an association between visual features of the surface and the value of the control gain at 

the onset of oscillation. As a result, air vehicles are able to regulate the control gain depending on the 

distance to the surface to achieve smooth landing (Figure 4). de Croon et al.[35] showed how one can 

use linear regression to achieve onboard learning of association between visual features and the distance 

to a surface. 

 

Here, we compared the performance of five different training algorithms (linear regression, backprop, 

feedback alignment, burstprop with feedback alignment, burstprop with Kollen-Pollack algorithm). We 

used the dataset from de Croon et al.[35], which contained processed images and height values 

recalculated from the control gain values upon onset of self-induced oscillations, for 9 different 

surfaces. The processed images represented visual scenes as texton histograms. Each texton 

corresponded to a spatial pattern in the visual scene extracted using a model-based algorithm. Thus, 

each image was represented as a 30-dimensional vector, where each value corresponded to the 

prevalence of the corresponding texton in the visual scene (the so-called visual bag of words 

method[35]). Here, we focused on the comparison between different algorithms in simulation, while 

onboard implementations will be addressed in forthcoming studies.  

Network  

To align with memory and energy constraints of the real-time onboard implementation, we aimed 

to train a lightweight model with a single hidden layer of 50 neurons and one output neuron that 

reports height (Figure 2).  For the hidden layer, we chose the sigmoid activation function. In the 

output layer, since we were interested in predicting absolute height, we selected a function capable 

of producing unbounded positive values. Specifically, we designed a custom-made function called 

SqRRL that provides leaky signal rectification to generate unbounded positive values and has a 

smooth derivative (Figure 5).  



 

Figure 5. SqRRL function (black) and its derivative (red) 

The loss function for the burstprop learning was computed as the difference between the output 

activation eo and the ground truth height. The output layer had a fixed baseline input probability pb 

during the inference phase. During learning, the error, which is calculated as the difference between the 

network output and the ground truth, is used to compute the output burst probability po using the 

squashing function inspired by previous implementations[22], [29]: 

𝑝𝑜 = 𝑝𝑏 (
(target − 𝑒𝑜) ⋅ SqRRL

′(𝑒𝑜)

𝑒𝑜
+ 1)    (12) 

 po was further clamped to ensure that it is always between 0 and 1. Note that (target-eo), up to a scaling 

factor, equals the gradient of the error with respect to eo when the mean squared error (MSE) loss 

function is employed.  Therefore, in the non-burst implementation (backprop and feedback alignment), 

we employed MSE as the loss function. 

Controls  

To gain insight into the mechanics of learning with burstprop, we performed experiments using five 



training algorithms: ridge linear regression, backprop, feedback alignment (FA), burstprop with 

feedback alignment (burst+FA), burstprop with Kollen-Pollack algorithm (burst+KP). A comparison 

of the results achieved with different algorithms served to highlight the importance of i) deep learning 

(linear regression vs. other algorithms), ii) precise gradients (FA/burst+FA vs. backprop/burst+KP), iii) 

burst-like signal processing (backprop/FA vs burst+KP/burst+FA). 

Results  

To evaluate the performance of various training algorithms, we conducted three types of experiments. 

First, we assessed how effectively a training algorithm could learn an association between height and 

texton distribution for a single landing surface (Figure 6). This represents the minimum required 

performance for an onboard AI system. 

Next, we gradually increased the number of surfaces in the dataset in order to test the ability of the 

model to learn an association between height and visual appearance for various surfaces. Compared to 

learning for a single surface, this task demands a higher level of generalization from the learning 

algorithm. For a single surface, a decrease in distance typically corresponds to an increased prevalence 

of one or two textons[35]. However, for another surface, the dominant textons could differ entirely. 

Thus, the network must either i) learn a general principle - where decreasing distance leads to peaks in 

the texton histogram; or ii) memorize each specific texton distribution-height pair. Both tasks pose 

significant challenges. 

Finally, we examined whether the learning algorithm enables the network to generalize to the principle 

that “shorter distances result in sharper peaks in the texton distribution”[35]  by testing its performance 

on unseen surfaces. 

Learning of an association between distance and appearance: single surface 

In the simplest possible case, the network should learn an association between distance and texton 

distribution for a single landing surface. To compare training with different algorithms, we performed 

tests with various randomly selected surfaces. In each experimental run, we randomly selected 90% of 

the data for training, while the remaining 10% served as a testing dataset. In each experimental run, the 

neural network was initialized and trained de novo. In total, we performed 100 experimental tests for 

ridge linear regression, 50 for backprop, and 20 tests for FA, burst+FA and burst+KP algorithms. 

 

Figure 6A shows comparison of the mean absolute error (MAE) in distance estimation across for all 



five training algorithms. Linear regression (purple) performed the worst among all of the algorithms, 

with median (across different experiments) MAE of 0.29 meters, highlighting the benefits of the deep 

learning for this task. Burstprop aided with the Kollen-Pollack algorithm (green) had the best 

performance with median MAE of 0.2m, while backprop (blue), FA (orange), and burst+FA (red) had 

similar median errors of ~0.25m. Burst+KP performed significantly better than backprop (p=2e-3, two 

sample t-test). 

 

Figure 6B qualitatively compares the ground truth height with the height inferred using the burst+KP-

trained network for a test dataset in one of the experimental runs. Apart from the highest distance of 

6m, where the network estimate error is very high (~2.8m), the network output closely follows the 

ground truth.  

 

Dependence of the error in distance estimation on the number of different surfaces in the 

dataset 

 

Next, we tested how the performance of the network depends on the number of surfaces for which an 

association between distance and texton distribution needs to be learned.  To do so, we randomly 

sampled n surfaces from the full dataset and allocated 10% of examples for testing and 90% for training. 

Just like in the experiments with a single surface, we performed multiple experimental runs in each of 

which we de novo sampled input data and initialized neural networks. In total we performed 100 

experiments for linear regression and bakcprop, and 20 experiments for FA, burst+FA, and burst+KP 

for each n (2 to 9) selected surfaces. 

 

The results achieved with each of the algorithms are compared in Figure 7. It shows that the 

performance of linear regression (purple) becomes consistently worse with the increase in number of 

surfaces, from median MAE of 0.3m (1 surface) to median MAE of 0.38m (9 surfaces). For backprop 

(blue) and FA (orange) the decrease in performance is less pronounced but similar: from MAE of 

0.25/0.26m to MAE of 0.3/0.29m. Although burst+KP showed the best performance for a single 

surface, as soon as the number of surfaces increased to 6, its performance was indistinguishable from 

backprop and FA. For the burst+FA model (red) there were no significant differences between median 

MAE for 1 and 9 surfaces (p=0.32, two sample t-test). Overall, burst+FA had the best performance and 

performed significantly better than the backprop (MAE of 0.24m vs MAE of 0.3m for 9 surfaces, p=2e-

30, two sample t-test).  



 

To gain qualitative intuition about distance estimation across multiple surfaces, we compared the 

ground truth and estimated height in Figure 8 for linear regression (Figure 8A), backprop (Figure 8B) 

and burst+FA (Figure 8C). The left side of Figure 8 shows the performance in terms of absolute values, 

therefore there we sorted values from highest to lowest ground truth height value. The right side of 

Figure 8 focuses on correlations between estimated and ground truth height. Therefore, there we plotted 

height values in a so-called “chronological order”, i.e., following the order in which they appear in the 

testing dataset.  

 

 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
  

Figure 6. Learning an association between distance and texton distribution. (A) MAE for different 

algorithms. (B). Qualitative comparison between ground truth and the output of the network trained 

with Burst+KP and ground truth 



 

Figure 7. Dependence of MAE in height estimation on the number of different surfaces in the dataset 

The left side of Figure 8 shows that the neural network trained with burst+FA performs best at 

estimating absolute distances. Apart from heights in the range of 3.5–4 m, the network's outputs closely 

follow the ground truth height (Figure 8A). Some variance in the height estimates is present, but this is 

expected given the inherent complexity of the task. In contrast, the backprop-trained network performs 

noticeably worse, particularly for ground truth heights >2.5 m, but still manages to approximate the 

general trend in ground truth (Figure 8B). Linear regression performs the worst, with its corresponding 

plot appearing nearly flat, indicating that it provides a poor estimate of the ground truth height (Figure 

8C). 

Although estimation of absolute distance is important, sometimes it might be enough to obtain a rough 

understanding of whether the distance is increasing or decreasing. Therefore, to understand whether 

different training methods help the network learn not only the absolute distance, but also the general 

trend in the ground truth data, we plotted the ground truth and estimated the height in chronological 

order, i.e. as a function of a frame index in the testing dataset (Figure 8 right). The figure shows that 

for all three visualized algorithms the estimated output is more or less correlated with the ground truth 

output. For the quantitive evaluation, we calculated the correlation between the estimated and ground 



truth height in the testing dataset for each experimental run in the experiments with 9 surfaces (Figure 

9). Figure 9 shows that linear regression has the worst median correlation with the ground truth height 

(0.48), while burst+FA again has the best performance, with median correlation of 0.75, for the 

remaining three algorithms this correlation was 0.65.  

Thus, deep learning methods helped the network to learn not only absolute scale of the distance, but 

also improved estimates of the general trend of changes in height upon change in visual appearance. 

Burst+FA method led to the best overall performance, regardless of the metric. 

 

Figure 8. Distance estimation with burst+FA (A), backprop (B) and Ridge Linear Regression (C) for learning associations 

between height and texton distribution for 9 surfaces. Values sorted by ground truth height (left) and chronological order 

(right).  



.  

 

 Figure 9. Correlation of the network output with ground truth. 

.  

Evaluation on an unseen scene  

Figure 10. Summary of the tests on unseen surfaces. A - absolute error, B - correlation with ground truth. 

  

Next, we tested how well the learned associations between distance and texton distribution generalizes 

to unseen surfaces. To do this, we performed 9 training iterations, each time excluding one surface from 

the training dataset and using that surface for evaluation. Figure 10 shows that overall all of the 

algorithms performed poorly in terms of absolute error (Figure 10A) and correlation with the target 

(Figure 10B).  

However, in certain cases some generalization was present. Specifically, each of the algorithms showed 

the highest correlation with the ground truth for surface 4. The likely reason is that this surface is similar 

to many other surfaces in the dataset. In terms of texture, fish were similar to flower centers on surfaces 



1 and 2, clouds on surface 5, and houses on surface 7. 

 

Discussion  

Here we explored burstprop as a potential algorithm for continuous real-time onboard learning. 

Specifically, we tested i) how well burstprop can learn an association between the distance to a surface 

and its visual appearance (Figure 6); ii) how this performance depends on the number different surfaces 

in the training dataset (Figures 7-9); and iii) whether training results generalize to unseen surfaces. We 

implemented burstprop in two versions: with random feedback weights (burst+FA) and with trainable 

feedback weights (burst+KP). We compared the performance of these two algorithms with linear ridge 

regression, backprop, and feedback alignment. We found that burst+KP had the best performance with 

learning associations between distance and visual appearance for a single surface, while burst+FA 

showed the best performance for learning distance-appearance associations for multiple surfaces. Yet, 

neither of the tested algorithms showed an ability to generalize to unseen surfaces. 

 

Below we discuss why burstprop-based algorithms performed relatively well, the feasibility of its 

onboard implementation and their potential for space-based applications.  

 

Reasons for burstprop’s success 

Our experiments demonstrate that burstprop-based algorithms outperform backprop, feedback 

alignment, and linear regression in experiments with both single (Figure 6) and multiple (Figures 7-9) 

landing surfaces. Intriguingly, while for a single landing surface the best performance was shown by 

the burst+KP algorithm, for the multiple learning surfaces the best performance was shown by 

burst+FA.  

 

Why did burst+KP outperform backprop in learning an association between distance and visual 

appearance for a single learning surface (Figure 6)? Examining the equations of these algorithms (see 

Methods for the details) reveals that burst+KP is nearly identical to backprop due to the plasticity of its 

feedback weights. However, two key differences likely account for the observed performance gap: i) 

the learning rate and ii) additional non-linearities in the burst+KP backward pass. Specifically, the 

squashing function in the output layer (equation (11)) and the dendritic sigmoid function (equations (6) 

and (9)) introduce slight distortions to the error gradient, which may help avoid local minima. 



Nevertheless, we believe that the main factor behind difference in performance  is the learning rate.    

In backpropagation, the learning rate is the same for the output and hidden layers. In contrast, burstprop 

(both burst+KP and burst+FA) achieves optimal performance when the learning rate in the output layer 

is 1000 times higher than in the hidden layer. For example, our preliminary results showed that in tests 

with 9 surfaces, equalizing the learning rates in the output and hidden layers increased the MAE of the 

burst+FA trained network from 0.3m to 0.36m. A plausible explanation for the importance of a higher 

learning rate in the hidden layer is that this layer contains 50 neurons interacting with 30 input neurons, 

thus having much higher representational capacity than the output layer, which has only a single neuron.  

 

However, different learning rates in the output and hidden layers cannot alone explain why with 

multiple surfaces burst+FA performs the best, as it has the same learning rates as the burst+KP, which 

performs significantly worse (Figure 7, p=2e-7, two sample t-test). A plausible explanation is that in 

the random feedback weights (the only difference between burst+KP and burst+FA) act as a form of 

regularization, helping the algorithm avoid overfitting to the training dataset.  

 

Additionally, there appears to be a synergistic effect between learning rate asymmetry and random 

feedback weights. Neither feature alone - random feedback weights (FA vs. backprop) nor asymmetric 

learning rates (burst+KP vs. backprop) - achieved the performance observed with burst+FA. Together, 

however, these features create a complementary dynamic that drives the algorithm's success. 

In future studies, we plan to investigate the importance of the learning rate in a more rigorous way. 

 

Potential for onboard implementation and future directions 

 

In the present work, we conducted experiments in simulation and evaluated algorithm performance 

using MAE. However, since the ultimate goal of learning associations between distance and visual 

appearance is safe landing, smooth landing is the ultimate criterion for an algorithm’s performance.  

 

A study by de Croon et al. [35] demonstrated that for a single landing surface, a MAE of 0.3m achieved 

with linear regression is sufficient for a safe landing - at least for the specific drone used in that study. 

The performance threshold may vary for different vehicles. However, while linear regression performs 

adequately for single-surface tasks, it struggles when associations between distance and visual 

appearance across multiple surfaces need to be learned. This limitation underscores the potential 



advantages of burstprop-based algorithms.  

 

On the other hand, no algorithm tested so far performs well on unseen surfaces (Figure 10), highlighting 

the critical need for real-time onboard learning. From this perspective, the best algorithm is one that is 

easiest to implement directly on a drone. On conventional hardware, simulated on a laptop, linear 

regression holds an edge due to its short training time, which is on the order of seconds, whereas other 

algorithms take a few minutes[35].  

 

However, we believe the future of onboard applications lies in neuromorphic hardware due to its 

unparalleled energy efficiency[17]. Compared to traditional algorithms, burstprop is far more 

compatible with such hardware. In future work, we aim to explore burstprop implementation on 

neuromorphic hardware, such as Loihi 2[18], and its deployment onboard a drone. This direction is 

especially promising given that the learning task explored here – mapping texton distributions to 

distance – is only a simple starting example. Real-world space applications involve far more complex 

challenges, such as learning to construct texton distributions from raw data or executing sophisticated 

control tasks.  
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