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Abstract. Autonomous systems need a stable, efficient, and fast percep-
tion of their environments to react appropriately to dangers, navigate,
and interact with others. Adaptation of sensing and processing is one
approach to achieve this. We develop a neuromorphic system for percep-
tion, which uses three modalities, vision, hearing, and tactile, and im-
plements active efficient coding of the sensory input. Thereby, the sensor
properties, including encoding of the signal and the sampling procedure,
e.g., movement of the tactile sensor over a surface, are adapted to yield
efficient encoding and optimal performance in perception tasks like ob-
ject detection. Here, we present results regarding the design of adaptive
neuromorphic sensors, the identification of sensor parameters, which are
most important for performance and efficiency metrics, the development
of a controller to tune the sensor properties, and the system setup to
merge the signals and processing of the different modalities.

Keywords: active efficient coding - adaptive neuromorphic sensors -
control - multi-modality systems.

1 Introduction

Living beings and other autonomous systems like robots need to perceive their
environments reliably, efficiently, and fast to react appropriately to dangers,
navigate, and interact with others. Stable perception is thereby challenged by
the continuously changing inputs and surroundings, which strongly influence the
stimuli to the senses. In this context, adaptation of the senses is discussed as a
possible solution to overcome these challenges [6,24,30], providing sensory inputs
to processing, which are less influenced by environment and stimulus conditions,
thus supporting stable and reliable perception. Besides adaptation, robots and
humans have to work with restricted power/energy budgets and, thus, be as
efficient as possible [19].
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Fig. 1: Overview of the neuromorphic system for implementing active efficient coding
using vision, hearing, and touch as sensory modalities.

Recently, active efficient coding (AEC) [8, 26] was proposed to solve both
challenges, i.e., adaptation to improve perception while simultaneously trying to
be as efficient as possible. AEC is a combination of efficient coding and active
sensing. Efficient coding [3] refers to the reduction of redundant data, i.e., min-
imizing the mutual information between stimulus and sensor output or sensory
signal and cortex representation, and reducing energy/power consumption, e.g.,
by reducing the number of necessary spikes to convey the sensory information.
Active sensing refers to actively changing how the input is sampled and to tuning
properties to optimally detect the desired stimulus [11]. While simulations of the
active efficient coding model demonstrate that its advantages [3], no hardware
realization, particularly for mulitmodal systems, has yet been presented.

We work on developing a neuromorphic system to implement AEC for differ-
ent sensory modalities separately as well as for their combination. A schematic of
the intended system is shown in Fig. 1. Particularly, we use event-based cameras
like DVS [22] for vision, the MEMS cochlea [15] for hearing and neuromorphic
MEMS-based pressure sensors for touch modality. While all these neuromor-
phic sensors are adaptable, the amount of tunable properties and the range of
tuning are quite different, thus requiring adjusted control algorithms. In con-
trast to other adaptive neuromorphic systems, which base adaptation on signal
statistics and stimulus-specifics [6,27], we will combine signal-based adaptation
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(using signal statistics and stimulus-specifics) with the simultaneous adaptation
based on the task performance, which are, e.g., accuracy or confidence in object
identification or sound recognition tasks. Our system is thereby a quadruped
ANYmal robot with neuromorphic senses, which can recognize different terrains
and select an appropriate walking mode, a task that is difficult to accomplish
using only a single sensing modality. To realize this system, we (i) develop adap-
tive neuromorphic sensors, whose sensing and encoding properties can be tuned
dynamically, (ii) identify the important parameters to tune, (iii) develop spike-
based, neuromorphic processing using the input from the different modalities,
and (iii) develop the controller to adapt sensor properties depending on efficiency
and performance. In the following, we will describe our approach and results for
these different steps.

2 System Description and Results

2.1 Sensor Design

Neuromorphic sensors can both sense the environment and encode the acquired
information into spikes for further processing, with the advantage of being low
power and of transmitting information less frequently than conventional sen-
sors sampled at a fixed frequency. Fixed sensor and encoding parameters define
an operating point at which encoding properties perform optimally only for a
limited set of environmental conditions, not necessarily suited for real world,
highly non-stationary sensory inputs. As an example, an event-based camera
could be calibrated for a static setting, and perform poorly in a dynamic setting
where the camera suffer from motion or vibrations of its support, thus gener-
ating many noisy events [28] or missing weak signals that may be relevant for
the task. Downstream filtering can (partially) mitigate this issue, but these ad-
ditional processing steps still incur energy and computational costs that could
be avoided if the sensor operated closer to an optimal encoding regime. The op-
timal encoding strategy may itself be task dependent. Neural responses in early
sensory areas are modulated according to task demands, with task-informative
neurons showing stronger gain modulation, supporting adaptive representation
of stimulus features relevant for the current task [12], which cannot incorporated
for fixed encoding parameters.

To address these challenges, adaptive mechanisms that dynamically modify
sensor or encoding properties can increase system flexibility and enable more
stable performance across diverse environments. At the sensor level, adaptation
directly modifies the physical transduction mechanism by changing the trans-
fer characteristics of the sensing element, for example, through feedback, thus
altering mechanical or electrical properties [15]. In this approach, the sensing
process is actively shaped by feedback signals before spike generation occurs.
Alternatively, adaptation can be applied at the level of the edge encoder, tun-
ing the analog-to-spike conversion by varying parameters such as event thresh-
olds, refractory period, or bandwidth.This can significantly reduce the load on
downstream processing stages, thereby improving computational efficiency and
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Fig. 2: Architecture of the tactile encoding block implemented in CMOS. Piezoelectric
tactile sensors are directly connected to the input pads of the chip. Each taxel indepen-
dently integrates fast-adapting (FA) and slow-adapting (SA) mechanoreceptor-inspired
circuits that encode the sensor’s analog output into spike trains. The encoding behavior
is controlled by digitally programmable biases.

reducing communication and energy costs. For example, in the work by Delbruck
et al. [0], event rate and noise-related statistics are used to dynamically adjust
sensor parameters to keep the event rate in specified bounds and improve SNR.
In another approach [18], a two time-scale adaptation strategy is used, tuning
first refractory period and secondly bandwidth to keep the event rate in specified
bounds.

While for hearing (MEMS cochlea) and vision (DVS), adaptable sensors are
available, we needed to design an adaptive sensor for touch. To realize an adap-
tive tactile sensor, either piezoelectric or capacitive, can be combined with an
adaptive edge encoding block that replicates two biological tactile mechanorecep-
tors in CMOS technology: fast adapting (FA) and slow adapting (SA) mechanore-
ceptors. The FA mechanoreceptor encodes temporal changes in skin deformation,
while the SA mechanoreceptor encodes sustained pressure and spatial deforma-
tions [4]. Fig. 2 illustrates the developed tactile encoding block. Either piezo-
electric or capacitive sensors can be directly connected to the input pads of the
CMOS chip. Each taxel integrates one FA and one SA circuit and operates in-
dependently of the other taxels. Spike trains are generated and transmitted off
chip by FA and SA inspired circuits, both of which process the analog voltage
produced by the tactile sensor. The biases of the encoding block are configured
through a digital chain of programmable bits, enabling dynamic reconfiguration
of the encoding parameters. Initial bias values were obtained through SPICE
simulations and optimized for a representative range of input voltages; however,
these parameters can be reprogrammed to accommodate different operating con-
ditions. The FA mechanoreceptor is implemented using a circuit derived from
the event-based pixel architecture [16], while the SA mechanoreceptor is imple-
mented using a circuit derived from the DPI neuron [17]. This architecture en-
ables the implementation of closed-loop control strategies, either by regulating
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the output event rate directly or by incorporating feedback from downstream
processing stages to update the encoding parameters. Tunable parameters in-
clude those associated with the event-based pixel, such as threshold and refrac-
tory period, as well as parameters of the DPI neuron, including Vip,, Vigw for
input amplification, V;..y, for the neuronal refractory period, and parameters
governing spike frequency adaptation mechanisms. A controller for active efi-
cient coding relies on adjusting sensor parameters to make the encoding efficient
and shape how information is encoded over time. Thus, it is essential to know
in advance which parameters are most effective in tuning the sensor’s response,
which will be described in the next section.

2.2 Sensor Characterization

For controller design, there is a need to understand how its internal parameters
affect the way signals are processed. Thereby, sensor characterization focuses not
only on basic properties such as sensitivity, linearity, signal-to-noise ratio, but
also on the influence on efficient encoding, i.e., the information content in the
signal given by entropy measures, and the signal processing itself, analyzed by
parameters like accuracy or confidence of sound/object recognition. Depending
on the modality and the chosen sensor, several internal parameters might be
adaptable to control its behavior. While this flexibility is useful, it is not practical
to consider all parameters as controllable. Using many tunable parameters later
on can increase system complexity, power consumption, and design effort, and
can make it difficult to predict or explain system behavior. For this reason,
relevant parameters have to be identified.

As an example how to identify relevant parameters, the strategy is discussed
for the MEMS cochlea for hearing modality. The MEMS cochlea is composed of
an active cantilever, which acts as a transducer with frequency filtering effect
and whose properties can be controlled with electronic feedback. The cantilever
voltage output is high-pass filtered and amplified, and then fed into an envelope
detection circuit and a spike generation circuit based on a leaky-integrate-and-
fire neuron. In each stage, several parameters can be tuned, thus affecting the
sensor output. To cover a larger frequency range, an array of sensors with dif-
ferent geometries is required, each with its own controller.

For characterisation, a pure-tone stimulus at the sensors resonance frequency
and different amplitudes was applied, while changing one parameter step-by-
step and keeping all other parameters at their nominal values. Each recording
included a pre-stimulus silence period, which was used to estimate the noise
floor for subsequent signal-to-noise ratio calculations. Thus, a total of seven
parameters were characterized under identical acoustic conditions: envelope gain
and low-pass filter (LPF) cutoff frequency f. (envelope generation circuit), high-
pass filter (HPF) f. (second-stage amplification), integration time constant and
threshold voltage (spike detection circuit), and self-feedback gain a; and DC
bias ug. (feedback circuit). Their effect on sensor performance is studied by
analyzing signal-to-noise ratio, sensitivity, time constants (envelope signal), spike
rate and offset, and mutual information between sensor signal and stimulus.
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Fig. 3: Impact score matrix demonstrating the influence of each parameter (column
label) on different sensor output properties (row label). LPF and HPF denote low-pass
and high-pass filters with cut-off frequency f., TC denotes time constant, th. denotes
spike threshold, fdbk denotes feedback, and MI denotes mutual information.

Based on the influence of each parameter on these output metrics, an impact
score is computed as the signed, normalized end-to-end change across the tested
range:
Am;(p;
S, = i(pj) (1)
max ‘Ami (px) ’

where Am;(p;) =m; (p;“ax) —m; (p;.“i“) is the signed change in metric m; when
parameter p; is swept from minimum to maximum value, normalized by the
largest absolute change observed for metric m; across all parameters. A score of
+1.0 indicates that a parameter has the strongest influence on a given metric,
scores close to zero indicate little or no effect.

The resulting impact score is shown in Fig. 3. It reveals, that the parame-
ters fall into two groups. The feedback parameters ay and ug. show high impact
scores across multiple metrics simultaneously, while parameters such as thresh-
old and integration time show moderate impact on spike-domain metrics, but
relatively small effects on metrics such as sensitivity or SNR. This suggests that
the feedback parameters set the overall operating point of the sensor, while
the spike circuit parameters offer more selective control over the encoding stage.
However, in terms of spike output and mutual information, other parameters are
important as well and can even have a negative impact. In particular, the enve-
lope LPF cutoff frequency stands out as having negligible influence on spectral
amplitude metrics (sensitivity, spike rate) but strong impact on time constant
and mutual information. This suggests that it primarily shapes the temporal dy-
namics rather than steady-state levels. Whether this is relevant depends strongly
on the specific application: for signals whose discriminative features are mainly
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amplitude-based (e.g. speech recognition), this parameter may be of secondary
importance, whereas for tasks where temporal dynamics play a greater role, e.g.
sound localization or sound event detection, it should be included as controllable
parameter.

This characterization was carried out using a single pure-tone stimulus, which
is a controlled but simplified input condition, while real-world acoustic environ-
ments involve broadband and non-stationary signals. Thus, the influence of a
subset of parameters onto processing performance was studied for spoken digit
recognition, with and without added noise, using a reservoir computing scheme
for recognition [14]. Results show that the number of sensors and the feedback
factor have the strongest impact on accuracy (up to 30%) while other parameters
have only a negligible effect (< 3% in accuracy). However, for some speakers,
changing gain is important, while under noisy conditions, a frequency-dependent
bandwidth distribution can increase accuracy by 10%. Although both studies
reflect only single-parameter effects without accounting for interactions between
parameters, they provide a useful ranking of parameter importance and a struc-
tured basis for deciding which parameters to treat as controllable in the AEC
controller, and which can be fixed at a default hardware setting. The example
from the MEMS cochlea shows how to distinguish parameters which mainly af-
fect output scaling from parameters that fundamentally change response timing,
dynamics, and processing performance. The latter are particularly important for
developing a controller to implement Active Efficient Coding.

3 SNN based processing

Besides the simple signal-based statistics, processing performance will be in-
cluded in the controller as well. While for characterization of MEMS cochlea
influence on performance, analog signal processing and artificial neural networks
were applied, the final systems should use spiking neural networks (SNN) for
processing. Due to its maturity, we first developed SNNs-based processing for an
event-based camera mounted on the ANYmal D robot from ANYbiotics [13]. The
tested task that the robot follows a target person based on walking-gait-based
identification.

The proposed pipeline consists of two neural networks. The first network per-
forms pedestrian detection and tracking using YOLOv8x. It detects individual
pedestrians over time and accumulates their output bounding boxes. The second
network is a three-layer spiking convolutional neural network (S-CNN), which
takes temporally stacked cropped bounding boxes from the first network as input
and performs person identification in an open-set scenario. In this setting, the
individuals appearing during the test experiments are not present in the training
set.

After training the S-CNN, we use its penultimate layer as an embedding
function. From this layer, an Ly-normalized feature vector is extracted for each
detected pedestrian. Before the live experiments, feature vectors of the target
individuals are extracted and stored in a gallery. During deployment, the fea-
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person I0:4 (0.81) Subjects: S21
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Fig. 4: Live identification and following results for subject S21 in (a) with only one
pedestrian walking and (b) with multiple pedestrians. Green bounding boxes indicate
the tracked preselected target detected and identified by our system; red boxes denote
other detected pedestrians. The first row are the event images used by our system,
while the second row are the RGB images, which are shown only for visualization and
are not used by the proposed algorithms.

ture vector of each detected pedestrian is compared against the gallery, and the
identity is assigned according to the closest match. Qualitative results from the
experiments are shown in Fig. 4.

3.1 Controller Design

The controller aims to establish a learnable mapping from the current sensor
parameters (and therefore statistics) and task performance to the next possible
sensor state. Its primary objective is to balance resource consumption for size- or
power-sensitive applications with the desired performance on the objective task,
conditioned on the current environmental stimuli [26]. Feedback loops influence
the sensor’s characteristics to provide optimal information for a given task in a
specific environment, in contrast to fixed sensor transduction.

To exemplify the objectivity of our neuromorphic controller, object detection
is considered as task. For this purpose, we use an off-the-shelf event-based object
detector [10,31]. However, a major hindrance in this approach is the changing
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sensor input characteristics when the sensor parameters are adapted dynami-
cally. If not handled effectively, this results in constant poor performance by the
detector, which introduces a bias in our feedback loop. To ensure that the model
is robust to a wide range of input characteristics, and thereby that the score is
reflective of the environmental and sensory-adaptation requirements, we retrain
and test the model with an expansive set of sensor configurations. This training
across diverse sensor parameters enhances the models’ robustness by leveraging
multi-source domain generalisation and effectively mitigates performance degra-
dation due to fluctuating sensor characteristics.

To validate the idea of adaptive control for a neuromorphic sensors, we con-
sider here neuromorphic vision for vehicular object detection. Therefore, we
set up a closed-loop simulation environment in CARLA [7]. At each simula-
tion timestep, sensor readings are retrieved along with ground-truth bounding
boxes. The sensor readings serve as input to the detector, whose results are
compared against the ground-truth to generate a performance score. Addition-
ally, spike statistics like the firing rate (FR), interspike intervals (ISI) [5] are
computed from sensor readings, to characterize the efficiency of sensory trans-
duction. These, alongside the performance metric, are forwarded to our sensory
controller as inputs. The controller, in turn, provides the sensor parameter states
for the next simulation step. An overview of the closed-loop control is provided
in Fig. 5.

While the described sensory controller operates at the level of DVS sensor
parameters, globally modulating event generation across the entire focal plane,
a complementary and parallel spatial controller operates at the level of image
patches. The two controllers act at different levels of the perception hierarchy:
the sensory controller governs how the sensor generates events, while the patch
controller governs where computational resources are directed within the scene.
Together, they constitute a two-level closed-loop active perception system [1,2].
The motivation for patch-level control arises from a fundamental asymmetry in
event camera scenes: at any given timestep, the spatial distribution of informa-
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Fig. 6: The same threshold, tuned manually on one sensor characteristic (top row), is
applied to another (second row). Shaded regions denote patches that are masked. Note
how a single spike modality is not sufficient to filter out the objects of interest while
discarding redundant background data, even when tuned.

tive activity is highly non-uniform. Regions containing moving vehicles generate
dense, structured spike trains, while static background regions produce sparse
or silent responses. Forwarding all patches uniformly to the detector is therefore
computationally wasteful and, in principle, detrimental; background patches con-
tribute redundant data without an informative signal. Selective spatial alloca-
tion, informed by the statistical structure of the event stream, offers a principled
route to improving the performance-efficiency tradeoff. Rather than operating
on raw events, which are high-dimensional, simulator-specific, and difficult to
transfer across hardware, the patch controller is driven by neuro-scientifically
grounded spike statistics aggregated at the patch level. Concretely, for each spa-
tial patch at each timestep, spike statistics including the silence ratio (ratio of
pixels with a firing rate of 0), ISI, and entropy can be used to characterize the
local spiking regime, distinguishing active foreground and silent background in
a hardware-invariant manner [5].

Analogously to the sensory controller, the patch controller operates in a
closed loop: spike statistics from the current timestep and detector confidence
from the previous timestep jointly constitute the controller state. Detector feed-
back is used as an online observation that informs the controller of whether the
current patch selection is sufficient for the task, enabling the system to tighten or
relax spatial selectivity dynamically. This closed-loop structure distinguishes the
proposed framework from prior work on adaptive or dynamic inference [21,29],
which typically operate feedforward without explicit task-performance feedback.

As a precursor to the full closed-loop patch controller, we conduct a series
of controlled experiments in CARLA. Fig. 6 demonstrates that static, manually
tuned thresholds, while partially effective, are brittle across scene conditions,
thereby motivating the need for adaptive control. The poor performance, even on
the tuned settings, demonstrates the need for a weighted combination of different



Towards Adaptive Neuromorphic Sensing based on Active Efficient Coding 11

statistics to fully utilize their potential in reducing information redundancy,
while ensuring stability in performance on the objective.

3.2 System Integration

Neuromorphic sensors are increasingly being used in robotic applications. For ex-
ample, event-based cameras enable fully neuromorphic vision and control for au-
tonomous drone flight [20], neuromorphic auditory sensors support sound source
localization [23], and event-based tactile sensors enhance robotic manipulation
by detecting slip [9]. However, like humans, relying on a single sensory modal-
ity is rarely sufficient for robots. Vision alone cannot capture texture or surface
compliance; audio cannot reveal shape; and touch is limited to local interactions.
Therefore, multimodal sensing systems are necessary.

Some recent work has begun to explore multimodal neuromorphic sensing.
For instance, [25] combined an event-based camera with two biologically in-
spired tactile sensors on a robotic manipulator to classify liquid containers with
different fill levels. In their approach, two spiking neural networks (SNNs) inde-
pendently encoded visual and tactile information into spike trains, which were
subsequently concatenated and processed by a task SNN to infer both container
type and weight. The experimental results showed that the multimodal sys-
tem achieved better performance compared to systems using individual sensory
modalities in isolation. Despite such promising results, existing systems that
typically integrate different neuromorphic modalities are still unexplored. By
combining event-driven vision, audition, and tactile sensing, multimodal neu-
romorphic perception becomes possible, enabling robots to perceive the world
in a more biologically inspired manner by integrating complementary streams
of sensory events to build a richer and more robust understanding of their sur-
roundings.

To demonstrate the power of such sensor integration, this project proposes
a multimodal event-based sensory system comprising an event-based camera,
a MEMS cochlea, and event-driven tactile sensors, integrated into an ANYmal
quadruped robot [13], which can recognize different terrains and select an appro-
priate walking mode. The tactile sensors are mounted on a stick, allowing the
robot to interact with the environment while simultaneously acquiring tactile
feedback. During interaction, the robot applies controlled forces to the stick, in-
ducing changes in the terrain such as deformation, displacement, motion-induced
sounds, or texture variations. The event-based sensors continuously capture sen-
sory events, providing rich information about the properties of the terrain. How-
ever, not all captured events are useful. Irrelevant signals, such as background
noise, external sounds, bouncing phenomena, and especially ego-events resulting
from the robot’s own motion, can obscure meaningful data. To solve this prob-
lem, a preprocessing pipeline is employed, including filtering and debouncing, to
suppress noise and ego-events while retaining task-relevant information.

After preprocessing, the refined event streams are directly fed into SNNs.
Each sensory modality is processed by a dedicated SNN that learns to extract
meaningful spatiotemporal patterns from the raw event data. These networks
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Fig. 7: Overview of the multimodal neuromorphic sensory system integrated into a
quadruped robot for terrain recognition and adaptive locomotion selection.

generate spikes encoding features such as motion dynamics, surface textures,
and acoustic characteristics derived from visual, tactile, and auditory inputs,
respectively. The resulting spike representations capture key properties of the
interacted terrain. The modality-specific spikes are then forwarded to a fusion
stage, where multimodal information is integrated and dynamically modulated.
Finally, the fused representation is processed by a decision-making SNN that de-
termines the terrain type and selects an appropriate locomotion strategy. During
operation, the system automatically adjusts the relative weighting of each sen-
sory modality through an outer loop controller based on environmental condi-
tions and the current reliability and performance of each sensor. The processing
pipeline is illustrated in Fig. 7.

4 Conclusion

In this work, we presented a system design for building a neuromorphic per-
ception based on multiple modalities and implementing active, efficient coding.
In particular, we demonstrated the design of adaptive tactile sensors, the anal-
ysis of sensor parameters most important for efficiency and processing for the
MEMS cochlea to support controller design, the development of a neuromorphic
controller to implement active, efficient coding using global or path-based sen-
sor adaptation, the processing system based on SNNs and the system setup to
integrate the input from different modalities for the intended use case.
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