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Research Statement
Liyan Chen (CS PhD, Stevens Institute of Technology)

Artificial intelligence and machine learning models have become essential tools across a wide
range of applications, such as autonomous navigation, immersive virtual environments, and robotics.
However, in many real-world scenarios, obtaining sufficient supervision or ground-truth annota-
tions for training remains a significant challenge. Developing generalizable, reliable, and efficient
learning mechanisms — particularly those based on weak or self-supervision—is therefore critical.
My research in machine learning, computer vision and robotics focuses on building sys-
tems that can effectively learn from limited data and identify the uncertain or unreliable
aspects within the current learning process.

Research Progress

1. Data-Driven Structured Dropout for Convolutional Neural Networks

Convolutional neural networks (CNNs) have become a foundational tool in computer vision. How-
ever, CNNs are prone to overfit when neurons are likely to learn highly similar features due to the
fact that visual inputs usually have strong spatial correlation among neighbors, especially when
training data are limited.

Motivated by prior research [1-3], I introduce a novel structured regularization method
for convolutional layers, called DropCluster [4]. The contributions include: (a) a statistical
measure to assess clustering tendency of activations based on silhouette distances; (b) a data-driven
regularizer for CNNs that randomly drop clustered activations together, aiming to balance between
information preservation and spatial decorrelation of latent features. Empirical results show that
DropCluster leverages the learned spatial structure to mitigate overfitting in CNNs for both clas-
sification and regression tasks under few-shot settings.

2. Precise Uncertainty Estimation by Learning the Distribution of Errors

In most real-world scenarios, even high-performing estimators are not error-free. Associating
confidence or uncertainty with their estimates is of great importance, particularly in critical ap-
plications. Prior uncertainty predictors [5H8] can be used to rank the estimates approximately
according to error, but they fail to match the magnitude of the actual errors. Of course, if we were
able to predict the estimator’s error at each pixel, we could drive all errors down to zero and obtain
a perfect estimator. A more feasible objective is to train an uncertainty estimator whose outputs
follow the same distribution as the true errors.

I present an implementation of this concept via a stereo matching network that jointly es-
timates disparity and its uncertainty from pairs of rectified images, named SEDNet [9],
for Stereo Error Distribution Network. To achieve the objective, I make several contributions:
I first introduce a novel uncertainty estimation subnetwork that extracts information from the in-
termediate multi-resolution disparity maps generated by the disparity subnetwork. To train the
network, we also need to formulate the distribution of errors and uncertainties in a differentiable
manner. Hence, I introduce a differentiable soft-histogramming technique used to approximate the
distributions of disparity errors and estimated uncertainties. Finally, I propose a matching error
loss to to force the estimated uncertainties to match errors at the distribution level, i.e. to com-
pute KL divergence between the differentiable histograms we obtained above. Experiments on both
in-domain and cross-domain settings demonstrate that the proposed pipeline outperforms existing
SOTA methods on both disparity and uncertainty estimation. I believe our method has the potential
to achieve similar success on other pixel-wise regression tasks.

3. Efficient Uncertainty Quantification for Active 3D Reconstruction

Recent advancements in active mapping have demonstrated that effective exploration strategies
can significantly enhance the completeness and fidelity of 3D reconstructions. These approaches
typically incorporate efficient estimation of uncertainty and information gain for candidate views.
On the other hand, NeRF [10] and 3DGS [11] significantly influenced computer vision and graphics
due to their ability to synthesize high-quality images from novel viewpoints even under challenging
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imaging conditions or substantial geometric inaccuracies, while maintaining relatively low training
costs. Following recent literature, I will use the term Radiance Fields (RF) to describe both implicit
and explicit variants. By bridging active mapping (AM) and novel view synthesis (NVS), I develop
three research projects that leverage the strengths of both areas.

First, I propose a novel uncertainty qualification approach called Virtual-Camera-based
Uncertainty of Radiance Fields (currently under review) designed for measuring the inconsisten-
cies among renderings by the RF model in virtual cameras sampled near the target viewpoint. The
key contribution is a novel uncertainty quantification approach that is generally applicable, as
it treats the underlying RF models as black boxes without requiring extra storage. Our approach
also shows superior performance compared to existing uncertainty estimators on standard NVS
benchmarks [[10,[12-15]], and can be applied to downstream tasks such as view selection and floater
pruning.

Second, I am excited to introduce my work on a carefully designed and comprehensive AM
system called ActiveGAMER [16], for Active GAussian Mapping through Efficient Rendering, that
enables efficient exploration and high-fidelity 3D reconstruction. The core contribution of our sys-
tem is a rendering-based information gain module that efficiently identifies the most informative
viewpoints for next-best view planning under both geometric and photometric reconstruction criteria.
Coarse-to-fine exploration, post-refinement, and a global-local keyframe selection strategy contribute
to an effective trade-off between time efficiency and reconstruction quality in terms of complete-
ness and fidelity. Experiments on Replica [17]] and Matterport3D [18]] validate the performance of
the proposed system on both reconstruction quality (accuracy and completeness) and photometric
quality (NVS metrics).

Most recently, I developed ActiveSGM [[19], the first dense Active Semantic Gaussian Map-
ping system that integrates 3D Gaussian Splatting (3DGS) with semantics-aware exploration.
ActiveSGM leverages both geometric and semantic uncertainty to guide next-best-view planning,
and introduces a sparse semantic representation that retains only the top-k most likely categories
per 3D primitive, reducing memory while preserving semantic richness. Unlike prior methods
that rely on ground-truth labels, ActiveSGM uses noisy predictions from a pre-trained model (One-
Former) [20] and improves segmentation quality through exploration. Experiments on Replica and
Matterport3D demonstrate superior performance of ActiveSGM in both reconstruction quality and
semantic coverage, highlighting the system’s ability to support efficient and adaptive scene explo-
ration.

Ongoing Research and Future Directions

I would keep exploring active vision systems further in the future. I have recently started investi-
gating the following research questions:

e Can we leverage higher-level signals, such as language features, to enhance ac-
tive mapping? Semantic mapping has become an increasingly prominent topic in recent
years, supported by powerful semantic segmentation networks and large language models
(LLMs) [21H23]]. However, the integration of semantic mapping with active vision remains
largely unexplored. A key challenge lies in the nature of language features: it often involves
high-dimensional representations that incur significant computational and memory costs.
Moreover, compressing these high-dimensional features inevitably leads to information loss
and semantic ambiguity, raising the question of how to preserve discriminative power while
maintaining efficiency.

* What metrics would be appropriate for measuring semantic uncertainty? In real-
world scenarios, dense semantic annotations are rarely available, and pseudo-supervision
from pre-trained models is often noisy or uncertain. This makes accurate uncertainty esti-
mation at the semantic level an ongoing research challenge. In closed-vocabulary settings,
evaluation is relatively straightforward — metrics like accuracy or F1l-score can be used to
compare predictions against a fixed label set. However, in open-vocabulary settings, semantic
ambiguity (e.g., desk vs. table) makes it difficult to define consistent ground truth, complicat-
ing both evaluation and supervision. This ambiguity directly impacts uncertainty estimation:
since uncertainty reflects the model’s likelihood of making a mistake, the inability to clearly
define what constitutes an error undermines our ability to measure and interpret uncertainty
effectively.
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* How should active semantic mapping adapt to dynamic environments and multi-
task objectives? Most existing work on uncertainty estimation assumes a static environ-
ment, whereas real-world settings are inherently dynamic and require the robot to balance
multiple tasks (e.g., mapping, tracking, and search). This raises the question of how to design
active vision policies that selectively allocate attention and sensing effort based on semantic
cues and temporal behavior. For instance, in a train station, passengers who have just boarded
a train are unlikely to reappear, and thus should contribute less to the long-term uncertainty
budget than static or recurrent entities (e.g., structural elements, signage, or service desks).
Developing principled ways to encode such semantic and temporal priors into active perception
policies could significantly reduce redundant tracking effort and improve the overall efficiency
and robustness of active semantic mapping in dynamic environments.

Collaborative Research and Coordination

My approach to collaboration and coordination has developed through projects that span academia,
industry, and multi-institution teams. During my internship at InnoPeak, I initiated and drove the
ActiveGAMER project with research staff there, The experience taught me to proactively coordinate
progress and, as first author, to clearly define research goals instead of chasing every possible idea.
After returning to Stevens, I extended this line of work by initiating and leading follow-up projects,
persuading my advisor, an industry mentor, and a PhD collaborator from Purdue University to join
the team. This collaboration has now been running for over a year and has already produced two
projects. Across these efforts, I have learned to take responsibility for the core technical vision
while structuring team meetings, shared codebases, experiment tracking, and division of subprob-
lems—so that it directly advances the main research questions. As a faculty member, I will continue
using this model to manage collaborations and mentor junior researchers without losing focus on
my independent research agenda.
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