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Abstract— Many practitioners in robotics regularly depend
on classic, hand-designed algorithms. Often the performance
of these algorithms is tuned across a dataset of annotated
examples which represent typical deployment conditions. Au-
tomatic tuning of these settings is traditionally known as
algorithm configuration. In this work, we extend algorithm
configuration to automatically discover multiple modes in
the tuning dataset. Unlike prior work, these configuration
modes represent multiple dataset instances and are detected
automatically during the course of optimization. We propose
three methods for mode discovery: a post hoc method, a multi-
stage method, and an online algorithm using a multi-armed
bandit. Our results characterize these methods on synthetic
test functions and in multiple robotics application domains:
stereoscopic depth estimation, differentiable rendering, motion
planning, and visual odometry. We show the clear benefits of
detecting multiple modes in algorithm configuration space.

I. INTRODUCTION

Autonomous integrated systems often depend on a multi-
tude of algorithms interacting with each other and their exter-
nal environment. Despite the recent popularity of deep, end-
to-end trained models [1], robotic systems often depend on
hand-designed algorithms in several parts of the processing
stack. They include motion planning [2], algorithms involved
in sensing [3] and simultaneous location and mapping [4]. As
systems become more sophisticated, they often accumulate
more methods and with them, more parameters that need to
be set and configured by the system designers.

Often the developers of these methods can discover vi-
able configurations by hand but leave many settings open
to configuration by eventual users. Intuitively, these can
include settings can control smoothing, performance and
run-time. Ideal settings in noise-free environments can vary
dramatically from those required in noisy settings. Likewise,
different configurations may exist for optimal online and
offline performance. Tuning such settings to work well in
a deployment environment remains a challenge for many
autonomous systems. Without proper tuning, components
that are expected to be reliable may unexpectedly fail.

While it is possible to tune settings by hand, it is also
possible to use automated methods to find potential configu-
rations. In classic computer science literature, this was done
to optimize runtime performance [5] and was known as the
algorithm selection (or configuration) problem. Researchers
have shown how automated tuning can quickly and robustly
improve the performance of even common tools such as com-
pilers [6]. In an era with many benchmarks [7], [8], [9] and
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Fig. 1: Partitioned Configurations. Instead of finding a
single algorithm configuration for an entire dataset, we
partition the dataset during the process of optimization and
find a different configuration for each partition.

challenge competitions [10], algorithm tuning is performed
on a validation set made to approximate the performance of
the final test set, and ensure the best possible performance
for proposed techniques. To demonstrate consistency and
generalizability, researchers often report performance under
a single configuration.

Considering multiple configurations can greatly expand
the applicability of a particular method [11]. In the case
of multi-objective optimization, a Pareto set exists, where
progress on any one objective regresses performance on
another objective. As such, providing multiple configura-
tions is often done by hardware vendors [3], and selecting
between multiple configurations in robotics is also well
studied [12], [13], [14], along with selecting from ensembles
of solvers [15] and motion-planners [16].

In this work, we propose to discover multiple viable
configurations while an algorithm configuration is being
automatically tuned over a dataset by some black-box op-
timizer [17], [18]. By noticing correlations between data in
response to new configurations, we detect multiple algorithm
modes. Working in algorithm configuration space enables
generalization across several problem domains, as they do
not depend on domain specific features. This allows our
method, with fixed settings, to show benefits in multiple
application areas (see Section IV). We show how multiple
modes can be found online (Section III-E) and how they can
be used to guard against outliers (Section IV-B).
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II. RELATED WORK

There is a long history of work in algorithm configuration
and related areas. Originally studied for performance opti-
mization [5], algorithm configuration has been well studied
in the SAT solver community [19]. These extensions include
large evaluations [20], taxonomies of methods [21] and
methods which adapt the algorithm configuration over a
series of time-steps [22], [23], [24], assuming the algorithms
used have different temporal properties.

Since robotics applications and datasets are reasonably
expensive operations (compared to purely synthetic tasks),
our work is related to work on extremely few function
evaluations, typically on the order of 100 [25]. Typically
this is studied in the Machine Learning community as hy-
perparameter search, finding configurations for ideal neural
network configuration and training [26], [18].

Our work is most closely related to portfolio-based algo-
rithm configuration literature [27], [28], [29]. These methods
often design a different configuration for each instance of the
problem in their dataset (e.g. each data example) [30], [31],
[32]. Similar to our work, they cluster methods into groups.
However, their clusters are derived from domain-specific
feature spaces, while we use the response of the instances
to new configurations. Our use of domain-specific features
is limited to test time deployment, using supervised training
to target our obtained algorithm configuration clusters.

In the Machine Learning community, the problem of
coreset discovery [33] is related to our approach. Coreset
discovery finds representative examples from a dataset to
focus training time on a subset of the data. Most related,
methods exist for online discovery of such sets [34]. Of note,
our contribution is orthogonal to coreset research, as our
method could benefit from coreset methods, which would
serve to give us a smaller subset of data to evaluate at each
iteration. Specifically, coreset methods for clustering [35]
could enable more function evaluation steps in a fixed budget
of time and give better resulting minima.

In computer vision, some recent work has explored esti-
mating algorithm configurations for classic algorithms on a
local level, operating on patches within an image [36].

III. METHOD

Our approach consists of evaluating algorithm configura-
tions from a black box optimizer (Section III-B) across a
dataset of examples for the given algorithm (Algorithm 1).
Building upon this baseline, we propose three methods of
partitioning the data during optimization: Post hoc (Algo-
rithm 2), Staged (Algorithm 3), and Online (Algorithm 4).

For our experiments, we always use two partitions, even
when there are more known modes (Section IV-A). This
avoids exploring the area of instance-specific algorithm
configuration and minimizes our risk of overfitting to the
dataset and overstating our performance. We typically report
results between the initialization (the known defaults for an
algorithm) and the oracle. Our oracle is defined as awarding
the best known configuration for each individual datum
across all optimization runs.

A. Partitioning

The optimal partition for a given number of partitions K,
with M algorithm configurations over N datapoints can be
formulated via 0-1 Integer Linear Programming where ci,j
corresponds to the quality of datum i with configuration j.

min ci,j xi,j

subject to
xi,j ∈ {0, 1}

M∑
j=1

xi,j = 1

M∑
j=1

1

[
(

N∑
i=1

xi,j) > 0

]
≤ K

One can also exhaustively evaluate all
(
M
K

)
partitions. Our

experiments do exhaustive evaluation for K = 2 (as with all
results in this paper) and use the optimization formulation
with larger numbers of partitions. We solve the optimiza-
tion problem with a recent solver [37] and implement the
indicator variables using the BigM modeling trick.

As an alternative, we evaluate using a clustering method
such as k-Means [38] on a normalized matrix X̃ , where each
row has zero mean and unit variance. Cluster centers are
in the space of the history of evaluated configurations and
each row is a datum’s response to the history of evaluated
configurations. Clustering approaches treat the algorithm
configuration history as a feature and group results which
behave similarly, but may not be optimally partitioned.

Fig. 2: Partitioning vs K-Means Clustering on the stereo-
scopic depth experiments described in Section IV-B.

B. Black Box Optimizer

Our method is generic to the choice of black box opti-
mizer, also known as gradient-free optimization. For exam-
ple, one could use random search, which is known to be a
strong baseline in higher dimensional optimization [39]. On
the other extreme, if one has expensive function evaluations,
one could fit a surrogate function to the data and optimize its
expected minima, as is done in Bayesian Optimization [40].
Effective black box optimizers in practice often combine a
plethora of optimizers [6], [41].
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We use CMA-ES, an evolutionary method with a mul-
tivariate Gaussian model [17]. CMA-ES is known for algo-
rithm configuration search in robotics [42] and is widely used
in other algorithm configuration comparisons [22]. CMA-ES
is convenient in only requiring an initial configuration and a
σ in parameter space. When tuning existing algorithms, rea-
sonable prior configurations are often available. Approaches
which focus on modeling a bounded volume [40], [41]) can
be wasteful. All of our parameter search is for non-negative
parameters, so we transform our search space with log(x)
to perform unconstrained optimization, making our search
operate on order-of-magnitude scale for all parameters.

C. Post hoc Partitioning

The post hoc method is simple and straightforward: per-
form black box on the dataset as a whole, noting each
datum’s response to each configuration. Afterwards, partition
the data following Section III-A. This approach allows clear-
est evaluation against the non-partitioned CMA-ES baseline,
which it outperforms in all of our experiments. Algorithm 2
outlines the Post hoc method in detail. As a method with
no change in exploration, it can be be run on existing single
mode optimization or simply using coherently evaluated
random configurations [39], as in Section IV-F.

D. Staged Partitioning

In staged partitioning, we spend half of the function
evaluations exploring the space to find adequate minimia,
and we spend half of the function evaluations exploiting
the discovered partitions in isolation. While the scale of a
particular problem may suggest different balance of explo-
ration and exploitation stages, we use a ratio of 1

2 for our
experiments. Algorithm 3 performs partitioning in the middle
of optimization and tunes the results for each partition. This
enables more explicit exploitation of the partitions, at the
expense of less exploration time to find good partitions.

E. Online Partitioning

To balance exploration and exploitation in an online fash-
ion, one could use a multi-armed bandit. Algorithm 4 dy-
namically assigns data points to partitions during the course
of optimization. Since CMA-ES only evaluates relative order,
we can readily switch data assigned to each partition during
the course of evaluation. For the online method, we setup
a multi-armed bandit (MAB) for each datum. Since our
function evaluations are unbounded, we use classic Thomp-
son Sampling [43], [44] with a Gaussian distribution. We
perform one CMA-ES step to sample the space, and use
that to initialize the distributions for each arm of the bandits
identically. Each iteration, we sample a partition assignment
for each bandit. That datum then evaluates the configuration
given by that optimizer and records its result for that arm.
The optimizers record the mean cost of the data assigned to
them that iteration.

This approach allows us to simultaneously perform mul-
tiple optimizations and partition assignments on the fly.

Algorithm 1 Optimize algorithm configuration over a dataset

Input: x0 Initial Configuration
Input: f1...N (x) dataset queries for algorithm
Input: M Maximum number of function evaluations

1: procedure OPTIMIZE(x0, f1...N (x),M )
2: for i← 1 to N do
3: xi ← OPTIMIZER CANDIDATE()
4: for j ← 1 to N do ▷ Evaluate all data
5: Xi,j ← fj(xi)
6: end for
7: gi ← MEAN(Xi)
8: OPTIMIZER TELL(gi) ▷ Report average
9: end for

10: Yi ← MEAN(Xi,j) ▷ Per configuration scores
11: x ← xargmin(Yi) ▷ Best configuration
12: end procedure

Algorithm 2 Finding modes with post hoc partitioning

Input: K Number of partitions
Output: x1..K Per partition configurations
Output: c1..N Per datum partition assignments

1: procedure POSTHOC(x0, f1...N (x),M,K)
2: OPTIMIZE(x0, f1...N (x),M)
3: cj ← PARTITION(XT ,K) ▷ Get partitions for data
4: Yk ← MEAN(Xi,(cj=k)) ▷ Per partition scores
5: xk ← xargmin(Yk) ▷ Configuration for partitions
6: end procedure

Algorithm 3 Finding modes with staged partitioning

1: procedure STAGED(x0, f1...N ,M,K)
2: POST HOC(x0, f1...N (x), M

2 ,K)
3: for k ← 1 to K do ▷ Separate optimization
4: OPTIMIZE(x0, fcj=k(x),

M
2 )

5: end for
6: end procedure

Algorithm 4 Finding modes with online partitioning

1: procedure ONLINE(x0, f1...N ,M,K)
2: Bk ← BANDIT(N) ▷ K arms for each datum
3: OPTk ← OPTIMIZER() ▷ K optimizers
4: for i← 1 to M do
5: for j ← 1 to N do
6: bj ← BANDIT PULL(Bj) ▷ Sample bandit
7: end for
8: for m← 1 to K do ▷ Separate Evaluation
9: xi,k ← OPTkCANDIDATE()

10: yi,k ← MEAN(fbj=k(xi,k))
11: OPTkTELL(yi,k)
12: end for
13: end for
14: cj ← BEST ARM(Bj)
15: yk ← BEST CONFIG(OPTk)
16: end procedure
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IV. EXPERIMENTAL RESULTS

We evaluate our approach on several application domains.
We start with a synthetic function whose structure and modes
are known and is quick to evaluate. This enables us to char-
acterize our different methods of finding partitions. We then
proceed to show successful benefits to robotics methods like
stereoscopic depth generation [3], differentiable rendering
[45], motion planning [46], and visual odometry [4].

A. Synthetic Function

A synthetic function allows us to characterize our methods
across arbitrary many dimensions and modes. Our synthetic
function has K modes, each the sum of N hard-to-optimize
functions, leading to a simulation of KN data points. We use
four hard-to-optimize functons: Ackley, Griewank, Rastrigin,
Zakharov (for details of these functions and their visual-
izations see [47]), and rescale them to have a minima of
value zero, a random rotation, and to have a maximum value
of around one near the minima. This paradigm and these
functions can be generated in arbitrary many dimensions,
allowing us to understand how these partitioning methods
scale as algorithm hyper-parameters scale from two to forty
dimensions.

For the synthetic function optimization, the staged method
works best across most dimensions and number of function
evaluations. Close behind, especially with fewer evaluations,
is the post hoc method. In contrast, our online bandit
method is typically only slightly better than the single mode
baseline. Of note is that all methods begin to perform better
with hundreds of function evaluations, suggesting that the
improved performance of the partitioning may come from
improved efficiency in low numbers of evaluations, and not
the multi-modal nature of the synthetic function.

Fig. 3: Synthetic Function Partitioning (Section IV-A).
Graphs shows the quality of the best found minima for all
methods, between the initial configuration and an oracle.
Shaded regions indicate standard error of the mean.

Fig. 4: Dense Stereo Matching Partitioning quality on the
training set. The posthoc and staged methods perform well
while the online method is indistinguishable from CMA-ES.

B. Dense Stereo Matching

Robotics applications often use stereoscopic depth sensors.
Here we optimize the performance a classic Dense Stereo
Matching method, namely Semi-Global Block Matching
(SGBM) [48] as implemented by OpenCV [49]. We obtain
47 image pairs by combining the Middlebury 2014 and
2021 Stereo datasets [9]. We split the data into 23 training
examples and 24 test examples, shown in Section IV-B. The
algorithm settings control the regularization of the SGBM
algorithm, the post-processing filters used to cleanup the
data, and the block size used for initial matching. Results
of the four methods on the training set are shown in Fig. 4.

In deploying the discovered configurations to new data,
we show the efficacy of a simple supervised classifier.The
classifier used is k-nearest neighbors with a k = 1, returning
the partition index to be used. We use a pre-trained neural
network’s top level feature space as the feature space. Specif-
ically we use SqueezeNet 1.1 [50] pre-trained on ImageNet
in PyTorch [51] and its 512 dimensional space for images.

The test set performance is improved with partitioning, as
shown in Fig. 5c with quantitative estimates and Fig. 5b with
two qualitative examples from the test set.

We find that the optimal hyperparameter configuration
typically focuses on regularization and filtering. The first
configuration usually has less regularization, but a more
aggressive filter to discard bad matches, while the second
configuration has more regularization and less aggressive
filters to discard bad data.

C. Differentiable Rendering

We optimize the parameters of a recent differentiable
renderer [45]. Our dataset includes 20 sequences from the
KITTI odometry dataset [7] and 20 synthetic shapes. The
KITTI sequences use k-Means to build a quick model of
10 consecutive LIDAR frames, from the center of the scene
looking out. In contrast, the synthetic sequences all have
the object densely in front camera. The differentiable render
has four hyperparameters, two controlling the sharpness of
the silhouettes, one controlling surface smoothness and one
controlling how opaque objects are. We optimize all four for
depth and silhouette accuracy, similar to the original paper.
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(a) Middlebury Stereo Data with training data shown as parti-
tioned by our staged method after 250 evaluations. The test set is
shown with the predicted classification colors for each image.

(b) Qualitative examples of test set results with our classifier cor-
rectly assigning the better configuration to each example. Disparity
error shown in parenthesis for each configuration and example.

(c) Test set performance based on the configurations preferred by
our supervised classifier described in Section IV-B.

Fig. 5: Dense Stereo Matching Test Set Performance.

In rendering, the optimizer is unable to find a better single
mode configuration than the initialization. However, all pro-
posed methods show a statistically significant improvement
over the baseline, with the staged method performing the
best. In addition, we report the ability of the methods to
properly partition the disparate datasets in Fig. 6a.

D. Motion Planning

We evaluate a popular motion planning method, Informed
RRT* [52] in the Sampling-Based Motion Planner Testing
Environment [53]. We setup three start-goal pairs for three
testing environments. We use the geometric mean of run-
time (as estimated by the number of expanded notes) and
performance (as estimated by the quality of the first found
solution). This balance of runtime and quality is essential
to obtaining an interested configuration. Results are shown
in Fig. 7, with only the post hoc method outperforming the
baseline. Other methods perform poorly, and we suspect the
problem is insufficient samples and lack of exploration in
the online and staged methods; especially as RRT*-based
planners are stochastic, making evaluations noisy.

(a) Partitioning Accuracy in splitting the KITTI data from syn-
thetic data in Section IV-C. All methods show some success.

(b) Differentiable Renderer Partitioning hyper-parameter opti-
mization for depth and silhouette fidelity. Section IV-C. In this case,
reasonable defaults restrict the progress of the baseline while the
exploitation-focused staged optimization performs best.

Fig. 6: Differentiable Renderer Experiments

We find that the optimal partition finds different param-
eters focused on the goal sampling frequency (0.2 and 0.3;
single mode 0.26) and the rewiring radius (1500 vs 7500;
single mode 6000). Of our three start/goal pairs in each of
three different environments, optimal partitioning typically
grouped one environment together.

We also performed some experiments with RRdT* [54],
which we report briefly report. Often, one partition would
focus on a configuration that frequently spawned new trees,
while the other focused on expanding existing trees.

As it is unclear how to parameterize motion planning
goals and environments for supervised classification, we
were unable to do experiments on a hold-out test set.

Fig. 7: Motion Planner Partitioning on a set of environ-
ments and planar planning tasks. Section IV-D for details.
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Fig. 8: Partitioned TUM-VI Visual Odometry Dataset

TABLE I: Visual Odometry Partitioning for the DM-VIO
on the TUM-VI dataset. See Section IV-E for details.

Method Func. Evals. Quality
(0 is init., 1 is oracle)

CMA 50 0.34 ±0.14
CMA 100 0.40 ±0.19
CMA 150 0.49 ±0.07

Post hoc 50 0.84 ±0.02
Post hoc 100 0.84 ±0.08
Post hoc 150 0.90 ±0.01

E. Visual Odometry

We perform experiments on a subset of the TUM VI
Visual-Inertial Dataset [55] using DM-VIO [56]. DM-VIO
has many parameters but we focus our optimization on just
five (number of points, number of immature points, min
frames, max frames, max optimization steps). TUM VI has
5 environments, and we select the third sequence from each
environment as our dataset.

We prioritize a geometric mean of runtime (frame time)
and quality (best-aligned absolute pose error [57]), while
penalizing trajectories which do not complete success-
fully.Results are shown in Table I and Fig. 8. Reliably, the
algorithm partitions a separate configuration for the slide3
sequence, which includes fast motion through a closed pipe.
We find that this configuration typically has a large set of
immature points (400 vs 200; single mode of 200) and a
larger minframe size (6 vs 2; single mode of 2) to handle
the high-velocity, highly occluded part of the sequence.

As our VO partitions depend on properties of the sequence,
we were unable to construct a reasonable test set based on
the first frame. Instead, our multiple configurations may be
used in on-the-fly configuration selection [13],

F. Commercial Depth Sensor

Lastly, we demonstrate our partitioning method on a Intel
RealSense D435 [3] and its 35 parameters for estimating
depth. We generate a set of 500 randomly configurations. We
evaluate all configurations on 10 scenes, for which we have
collected their pseudo ground truths using a moving laser
pattern [3]. We partition the configurations using the post
hoc method. Results for four scenes are shown in Fig. 9.

The optimal K = 2 partition included the best single
mode configuration as well, allowing us to show it and
the alternative configuration. The single mode configuration
produced small holes, but dense results outdoors. While the
alternative configuration produced smoother, denser walls in
indoor environments in exchange for more artifacts outdoors.

Fig. 9: Intel RealSense D435 Partitioning with 500 ran-
domly generated configurations on 10 scenes. Two are
shown, with both configurations (and its error). Section IV-F.

V. DISCUSSION

Many algorithms in robotics operate in environments with
multiple modes. These natural partitions are easy to under-
stand, and can be discovered naturally by analyzing how
different datums respond to different algorithm configura-
tions. The modes were found because they affected algorithm
response, not because they happened to be grouped together
in some domain-specific feature space.

All the proposed methods for partitioning show some
efficacy. Across the board, the post hoc method works well.
This is likely due our extremely small number of evaluations
for algorithm configuration [25], leading to more benefits for
exploration. The online method typically performs poorly in
this setting and it is possible that more sophisticated bandit
algorithms [58] could perform better.

Our experiments focused on two partitions for all methods.
Even when problems had more modes by construction, two
partitions were able to clearly improve performance.

VI. CONCLUSION

Automatically finding modes during the course of algo-
rithm configuration is a viable way to improve algorithm
performance in several different areas of robotics. More
study is needed to understand what typical algorithm modes
exist and how such modal configurations might be used long-
term deployed autonomous systems.

11269



REFERENCES

[1] OpenAI, M. Andrychowicz, B. Baker, M. Chociej, R. Jozefowicz,
B. McGrew, J. Pachocki, A. Petron, M. Plappert, G. Powell, A. Ray,
J. Schneider, S. Sidor, J. Tobin, P. Welinder, L. Weng, and W. Zaremba,
“Learning dexterous in-hand manipulation,” 2019.

[2] D. Coleman, I. Sucan, S. Chitta, and N. Correll, “Reducing the
barrier to entry of complex robotic software: a moveit! case study,”
2014. [Online]. Available: https://arxiv.org/abs/1404.3785

[3] L. Keselman, J. I. Woodfill, A. Grunnet-Jepsen, and A. Bhowmik,
“Intel realsense stereoscopic depth cameras,” 2017. [Online].
Available: https://arxiv.org/abs/1705.05548

[4] J. Engel, V. Koltun, and D. Cremers, “Direct sparse odometry,” 2016.
[Online]. Available: https://arxiv.org/abs/1607.02565

[5] J. R. Rice, “The algorithm selection problem,” Adv. Comput., vol. 15,
pp. 65–118, 1976.

[6] J. Ansel, S. Kamil, K. Veeramachaneni, J. Ragan-Kelley, J. Bosboom,
U.-M. O’Reilly, and S. Amarasinghe, “Opentuner: An extensible
framework for program autotuning,” in International Conference
on Parallel Architectures and Compilation Techniques, Edmonton,
Canada, Aug 2014. [Online]. Available: http://groups.csail.mit.edu/
commit/papers/2014/ansel-pact14-opentuner.pdf

[7] A. Geiger, P. Lenz, and R. Urtasun, “Are we ready for autonomous
driving? the kitti vision benchmark suite,” in Conference on Computer
Vision and Pattern Recognition (CVPR), 2012.

[8] M. Menze and A. Geiger, “Object scene flow for autonomous ve-
hicles,” in Conference on Computer Vision and Pattern Recognition
(CVPR), 2015.

[9] D. Scharstein, H. Hirschmüller, Y. Kitajima, G. Krathwohl, N. Nešić,
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