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Abstract

Humans do not unconditionally trust what they see, but instead use their meta-
cognition to recognize when a percept might be unreliable or false, such as when
we realize that we mistook one object for another. Inspired by this capacity, we
propose a formalization of meta-cognition for object detection and we present
MetaCOG, an instantiation of this approach. MetaCOG is a probabilistic model
that learns, without supervision, a meta-cognition for object detection systems and
uses this meta-cognition to refine beliefs about the locations and semantic labels of
objects in a scene. We test MetaCOG’s performance when paired with a variety
of modern neural object detectors (Exp 1), and when paired with simulated object
detectors that enable us to test its robustness under different conditions (Exp 2).
We find that MetaCOG can quickly learn an accurate meta-cognitive representation
of object detectors and use this meta-cognition to infer the objects in the world
responsible for the detections.

1 Introduction

Building accurate representations of the world is critical for prediction, inference, and planning in
complex environments [1]. In human vision, these representations are generated by a perceptual
system that transforms light entering the retina into 3D representations of the physical space and the
objects in it [2, 3]. While human perception is generally robust and reliable, it nonetheless suffers
from errors, such as when we confuse one object for another, or when we experience a visual illusion.
In these situations, people use their meta-cognitive representation—their meta-cognition—of the
workings of another cognitive system [4] to help them recognize that their visual system has failed
them and adjust their representations accordingly.

End-to-end object recognition models face a similar challenge: how can we identify when a non-
existent object is incorrectly detected (hallucinations), or when a real object is not reliably recognized
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(misses)? Traditional approaches to this problem have focused on increasing the training data
[5, 6] or improving the model's architecture [7, 8]. While valuable, these methods continue to be
prone to errors, particularly when confronted with data that was not adequately captured in training
[9]. We propose that this problem can be reduced by augmenting object detection models with a
meta-cognitive system that represents the object detector's behavior.

The central component in our characterization of a meta-cognition is a joint distribution expressing
the relationship between the object detections produced by a detector, and the true objects in a scene.
This distribution therefore represents the object detector's performance, which helps determine which
object detections are trustworthy, and which should be questioned or dismissed. The challenge
therefore lies in learning an accurate meta-cognitive representation of the object detector.

Here we propose a formulation that can learn a meta-cognition of an object detector without any
access to its internal architecture or performance metrics and without any human annotation or
feedback. Given a pre-trained object detector and a dataset of images (partitioned into scene-speci�c
sets) and corresponding viewpoints, our approach performs joint inference over the objects truly
in a scene and outputs of the object detector. To construct an accurate meta-cognition we draw
insight from cognitive science. Infants come into the world equipped with a basic form of `core
knowledge' [1, 10], grounding their visual experience in three-dimensional representations of the
world constrained bySpelke principles[11, 12]: objects persist through time and move continuously
through space. By grounding percepts on a 3D representation with object permanence, our model,
MetaCOG (Meta-Cognitive Object-detecting Generative-model), can learn an accurate meta-cognitive
representation of an object detector, and use it to re�ne its inferences about the contents of scenes.

We evaluate MetaCOG in two experiments that evaluate its ability to 1) infer an accurate representation
of the detector's performance and 2) use this meta-representation to identify and correct missed or
hallucinated objects. In Experiment 1, we explore MetaCOG's performance when paired with three
modern object detection networks, testing MetaCOG on a dataset of images of scenes rendered in
the ThreeDWorld (TDW) virtual environment [13]. In Experiment 2, we explore the MetaCOG's
tolerance to faulty inputs.

Our work makes two main contributions. First, we propose a novel formalization of meta-cognition
in the context of object detection, and an inference approach where a meta-cognition can be learned
without feedback by conditioning inferences on cognitively-inspired Spelke principles. Second, we
present MetaCOG, an instantiation of this model that can learn a meta-cognition for object detection
models. We show that MetaCOG can quickly learn an accurate meta-cognition of an object detection
model without feedback and use it to make better inferences about what objects are where.

2 Related work

Meta-cognition in AI. Previous work has shown promise for the use of meta-cognition in improving
classi�cation accuracy [14, 15]. While previous work focused on engineering an in�exible meta-
cognition to guide learning, we focus on a complimentary problem: learning a meta-cognition without
feedback for monitoring a neural network's detections.

Computational cognitive science.Our work is also related to computational models of human core
knowledge [12, 16]. The difference is that our work uses object principles to learn a meta-cognition,
whereas past work has focused on modeling object principles themselves.

Uncertainty-aware AI. Our work also relates to uncertainty-aware AI. This work focuses on building
end-to-end systems that express uncertainty in their inferences [17, 18, 19]. Our work focuses instead
on how to learn a model of uncertainty over a pre-trained model. These two approaches complement
each other. In humans, meta-cognitive uncertainty supplements the intrinsic uncertainty in visual
perception.

3 MetaCOG

Figure 1 shows a conceptual schematic of MetaCOG and the domain that we apply it to. Here, a set
of images (Fig. 1A) are taken from the a single scene and then processed through an object-detector
to yielddetector observations(Fig. 1B). The goal is to simultaneously infer 1) a representation of the
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Figure 1: Conceptual schematic of MetaCOG in the context of Experiment 1. A) A world stateWt
(consisting of an umbrella and a potted plant in a room). B) Imagesi taken from three viewpoints
sampled from a camera trajectory. C) DetectionsOt output by an object detection network applied to
those images. D) MetaCOG's inferences, estimating the world stateŴt (objects with semantic labels
and locations in 3D space), and a meta-cognitionV̂t (probabilities of missing or hallucinating objects
of each category). E) Re-labeling the images based on MetaCOG's inferences, which can then be
used to re-train the neural network. Throughout the panels, correct detection are illustrated in white,
hallucinations in red, and MetaCOG's �lling in of previously missed objects in blue.

object detector's performance (called themeta-cognitive representationor meta-cognitionfor short;
Fig. 1C), and 2) what objects are actually in the scene (theworld state).

This meta-cognition is characterized by two category-speci�c probability distributions: one which
represents a belief over the number of hallucinated objects (detected, but not actually there) of each
category, and another which represents a belief over the number of missed detections (not detected,
but actually there) of each category. We refer to these collectively as theV -structure as it expresses a
belief about the veracity of the object detector.

MetaCOG consists of a hierarchical generative model with two levels (see Appendix, Figure 4). The
lower level captures a joint distribution between world states and object detections that is dependent
onV . Thehigher level describes the dynamics of the prior overV , capturing the idea that a meta-
cognitive representation can—and should—change with experience. We begin by presenting this
generative model (3.1) and then turn to how we perform joint inference over the world state and the
meta-cognitive representation (3.2).

3.1 Generative model

3.1.1 Object Detection Module

The goal this paper is to present an approach for buidling a meta-cognitive representation of an object
detection model that transforms images into object detections, each detection consisting of a category
and a position in the 2D image. We assume access to the camera's state (its position and orientation)
for each image, which helps with inferring and tracking the location of different objects (as this is
not the main focus of our work). We additionally assume that images are grouped into sets captured
from the same world, but do not assume access to the underlying world state itself. Finally, the object
detector is a black box—MetaCOG does not have any access to its internal state or knowledge about
its performance.

Formally, let us assume as given a set~O = ( O1; : : : ; OT ) of T detector observations. Each observa-
tion Ot = ( NN (i 1); NN (i 2); : : :) is a collection of detections output from a given object detector
NN , which maps an image to detected objects and and their corresponding positions. Speci�cally,
NN (i ) is a collection((x1; y1; c1); (x2; y2; c2); : : :) wherex i andyi are pixel-coordinates andc 2 C
is an object category.
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