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“Alexa, please take this food delivery package to Smith Hall. Once you reach the front entrance, go
upstairs, turn left. Go all the way down the hall through the door to Room 200 (across from the elevator) to
drop off the package. If you cannot find 4802 Forbes Ave, drive down the small road between Hamburg
Hall (4800 Forbes) and the Forbes bridge, and pull into the turnaround at the end.” — Me, hopefully soon!

“I'm sorry, I cannot assist with physical tasks or navigation in the real world. I'm here for
any other questions!” is a response of state-of-the-art language models to the inquiry above. Not
surprisingly — to act in the real world, embodied agents require actuators that allow them to
move and manipulate objects and visual sensors that act as the agents’ eyes, capturing crucial
visual information from the environment. The potential for embodied assistants to make this
world a better place is vast, from automating transportation and aiding people with disabilities
to environmental tasks like street and ocean cleaning. However, the current bottleneck is neither
in hardware nor in the capability to process natural language [4]. The critical challenge lies in
equipping these agents with the ability to understand the world through their sensors to enable
safe and effective interactions with the world and to recognize limitations of their understanding
whenever it is not possible to guarantee accurate interpretation of the visual input.

Do not generalize. Memorize. One cannot navigate this world based on the sensory input
alone. Visuals, observed in real-time, do not directly convey where we are, what sequence of
steps takes us to a desired end-point, or what happens if that chicken does, in fact, decide to
cross the road. It is our past experience, in conjunction with readings we receive from the world,
that enable us to accomplish our tasks, such as grasping an apple, predicting the future trajectory
of a vehicle with a blinking turn signal, and understanding that we should not attempt to enter
a Gravity-Defying Loop Junction based on our prior experience with roundabouts and cross-
junctions, because we have never seen one and we are unlikely to navigate in there safely.!

Tracking leads to memorization. Contrary to the common pursuit of generalization for
autonomous operation in unseen environments, we take the provocative stance that learning-
enabled agents, when used for embodied control in safety-critical deployment, should avoid gen-
eralization and operate only in familiar scenarios. An embodied agent’s interpretation of the
sensory data should, therefore, be grounded in an internal memory of an agent, as opposed to
attempting to “generalize by luck”. This suggests that the burden of safety should be put on the
thoroughness of the dataset used to train the model (i.e., do not attempt to generalize your Ann
Arbor-trained model to deploy an autonomous agent in London) and, crucially, the capability to
effectively memorize the training data. However, our training data will not consist of a large cor-
pus of text or image collections, but rather hours, days, months or even years of video, that will
continually expand to widen the area of safe operation. How can we memorize critical aspects of
such video to “ground” our observations to past experiences?

Towards life-long tracking. We posit that video tracking over extremely long periods of time
may be the missing key in learning internal models of the (observed) world directly from the
video. In Sec. 2, we discuss why tracking is a fundamental capability needed to compress raw
video footage into a compact visual representation that can be used to understand and navigate
in an environment captured in this footage and to recognize when our observations exit the
“bounds” of the world covered in our training data. In Sec. 1, we discuss our past contributions
in the context of video understanding in embodied perception.

es, even if your language model has a pretty good idea of what to do in this situation.



1 Past and Related Work

This section briefly summarizes our past contributions to the field of embodied perception, where
learning from video and, more broadly, multi-modal streams of sensory data plays a central role.
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Figure 1: Learning to detect objects from video. Given base object detector, trained to localize K object
classes, we first localize both known and unknown (i.e., those not recognized by the base detector) objects in
video or images (Open World Tracking, tackled in [38, 40, 29]). Next, we learn to group unknown objects
in the video (Video Object Discovery, tackled in [39, 12]). Finally, we re-train the base object detector to
recognize discovered, unknown object classes (Continual Learning, as tackled in [36, 12]).

What is around me? This is the central question in embodied perception, commonly tackled
via (supervised) object detection [54, 11, 47, 46]. Our past work investigates how we can learn to
detect objects we observe in streams of sensory data without exhaustive human supervision (in
Fig. 1, we outline the overall approach that we investigated in a series of publications [38, 39, 40,
29, 12]). In this context, object tracking emerged as a crucial component (Fig. 1a) that allowed us
to compress hours of self-driving video into a compact set of (4D) video-object proposals, building
upon our efforts towards any object tracking in stereo video [38, 40].

In our ICRA’19 paper [39], we demonstrated we can cluster objects, localized in video, by
transferring knowledge from a (labeled) image domain to the (unlabeled) video, and discover
novel object classes (Fig. 1b). In [36] use clusters of discovered objects as pseudo-labels to train
detectors for novel classes (Fig. 1c), where cluster assignments provide supervision for object
categorization. We have consolidated this intuition in our recent NeurIPS’22 paper [12], where
we train object detectors in an end-to-end manner in unlabeled images (Fig. 1b—c). Our method
consists of a two-stage detection network [47] that alternates between region proposal pseudo-
labeling and updating the network weights given the pseudo-labels. After the initial supervised
training phase (using labels for 80 classes [27]), our method learns to detect over 1200 classes,
labeled in LVIS [16] dataset. This line of work follows our general philosophy of learning rich
representations from hours of video recorded from an embodied agent perspective. The commu-
nity followed this path in the context of learning to detect moving objects in RGB-D [17] and
Lidar [68, 34] sequences. Several recent related efforts focus on the zero-shot (open-vocabulary)
classification of detected objects by connecting visual features with language models [45].

How does it move? Beyond the role of Multi-Object Tracking (MOT, Fig. 2a) in learning to de-
tect objects in video sequences (Fig. 1), object tracking is pivotal in real-time dynamic situational
awareness for embodied navigation [14, 7, 67, 49, 5], as well as in studying animal behavior [41]
and monitoring biological phenomena [1].

3D localization matters. In our ICRA’17 publication [37], we proposed a Combined Image- and
World-Space Tracker (CIWT) that lifts monocular object detections to 3D space to reason object
trajectories jointly, in image domain and 3D space, as needed in embodied navigation. CIWT was
the first 3D MOT entry on the popular KITTI Tracking Benchmark [14] and has sparked several
follow-up methods in 3D MOT in Lidar [58, 59, 66] and video [31, 19]. Our recent NeurIPS’22
paper [8] consolidates the importance of reasoning about object trajectories in 3D space and
suggests that the key feature for improving long-term tracking performance (i.e., in reducing
long occlusion gaps) is to estimate multiple plausible long-term trajectory continuations.

Tracking every point and pixel. Our line of work in class-agnostic MOT (ICRA’18 [38]), where
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Figure 2: Our progression from (2D) multi-object tracking (MOT) (2a) towards unifying object tracking and
segmentation (MOTS) (2b) in video, (2¢) and 4D segmentation in Lidar data (2d).

we aim at tracking any object, led us to conclusions that pixel-precise object localization (i.e.,
segmentation) significantly aids with the disambiguation of object identities over time — the core
challenge in MOT. We consolidated this intuition in the context of closed-set object tracking in
our CVPR’19 paper [55], where we introduce the first dataset and end-to-end network for Multi-
Object Tracking and Segmentation (MOTS, Fig. 2b). MOTS has quickly become a vibrant field of
research and has inspired the community to develop new methods [44, 63, 6] and diverse datasets
(e.g., video instance segmentation [64], BDD100k-MOTS [67]). We take this line of research a
step further in STEP (Segmenting and Tracking Every Pixel, NeurIPS’21 [57]), Fig. 2c, where we
require assigning semantic classes and track identities to all pixels in a video, or all points in a
Lidar sequence (4D Panoptic Lidar Segmentation, CVPR’21 [3], Fig. 2d). This task was recently
adopted by the large-scale NuScenes dataset [5, 13] and has been tackled in several exciting
follow-up papers [24, 69, 33, 65].

Tracking every object. Our work on MOT, MOTS, and STEP (Fig. 2) tackle pixel-precise track-
ing of objects that correspond to a pre-defined (closed) vocabulary of known objects for which
labeled data is available. Towards our long-term vision of learning to model new objects from
video modality continually (Fig. 1), we need the ability to localize any object in videos. Our
early efforts (ICRA’18 [38], ICRA’20 [40]) rely on early data-driven object proposal generation
and segmentation methods [42, 43] in conjunction with depth and motion cues to localize objects
in 4D space-time, derived from stereo video. Our recent CVPR’22 publication consolidates this
research direction as Open World Tracking (OWT), i.e., any object tracking in the open world
(Fig. 3), outlining benchmark methodology and baselines derived from our early work on stereo-
based any object tracking [38, 40]. We are thrilled that our work has sparked the community’s
interest to suggest alternative evaluation metrics [25, 2], extended OWT with open-vocabulary
classification [26, 35] and improved tracking performance using recent foundation models for
class-agnostic segmentation [22].

Figure 3: Each pair left: The standard approach to MOT(S) is to detect and track objects that correspond to
specific, pre-defined semantic classes, such as cars and pedestrians [55]. Each pair right: In OWT, methods
must track objects that may not labeled in the training set, freeing us from the tedious task of having to
label every possible object category in the world.

Where am I, and where am I going? Localization and mapping are crucial for embodied nav-
igation. Our CVPR’22 paper [23] is the first investigation in natural language-based localization:
given a 3D map of the environment our Text2Pos localizes an arbitrary location on a city scale
based on a natural-language description of the visual surroundings. Building upon our dataset
and baseline, recent community efforts [56, 62] significantly improved the localization accuracy.
Our recent work [60], presented at CVPR’23, suggests that we can map our environment from
monocular videos via data-driven, cross-modal retrieval.



2 Research Philosophy and Future Work

We will work towards safety-centered neural architectures for visual dynamic scene understand-
ing. From our point of view, autonomous agents should not attempt to generalize and hallucinate
how a never-observed-before object will move, what action to take in an unfamiliar junction, or
which path to take in an entirely unknown environment. Instead, we posit that an embodied
agent should operate within the bounds of the visual world, captured explicitly in our training
data. Our strategy is influenced by the concept of “Explanation by Example” [28], a principle
based on the idea that observed instances should be relatable to prior observations, as used, for
example, in the legal profession to justify an action based on prior legal precedent. This principle
guides our approach of leveraging past examples to interpret new, unseen data.

The data. Our research endeavors necessitate training data in the form of unlabeled video
sequences that capture glimpses of a persistent, dynamic environment. Our “Explanation by
Example” based approach necessitates models that compress hours, days, months, or, eventually,
years of such video into a compact internal representation that embodied agents can query and
use to ground online observations to past visual experience. Toward this goal, we plan to uti-
lize real-world footage and virtual worlds. For synthesizing data, we will build upon our prior
work [10], however, by contrast, we will focus on modeling a persistent virtual world and syn-
thesize videos from different characters’ perspectives over extended time periods. In the context
of real-world footage, we will utilize video such as full-length movies and TV shows (by contrast
to prior works that focus on understanding short movie clips [48, 20, 51, 53, 15]), as well video
recordings captured from a mobile platform, such as OxfordRobotCar dataset [32]. OxfordRobot-
Car contains over 20/ of unlabeled driving video recorded Oxford over the span of two years.

Attending your memory. State-of-the-art computer vision models [9, 30, 18] utilize self-
attention mechanism [52] to capture global relationships among visual elements in the data,
which limits their applicability to short temporal windows due to the quadratic complexity of
the attention operation w.r.t. number of visual tokens. By contrast, our research goals necessi-
tate attending to extremely long sequences of visual memory and, therefore, rethinking existing
paradigms tailored towards learning representations from single images. A promising direction
was recently outlined in the field of natural language modeling that suggests retrieving a fixed
set of the k£ most relevant queries [61] from offline storage to effectively “expand” the memory.
Such an approach may already be applicable for grounding image recognition models to external
memory, where N visual tokens extracted from training examples would act as a database index.
Pilot experiments suggest similarity scores between such an index and visual inputs can be com-
puted in milliseconds for N ~ 100M via fast nearest-neighbor libraries such as FAISS [21]. This
suggests that brute-force inference may be possible for moderately large training sets (such as the
400M examples used to train vision-language foundation models such as CLIP [45]). However,
such exhaustive evaluation may still be slow for a dataset with truly massive N. For example,
a training dataset of 1K minute-long videos sampled at 10 frames/sec composed of 1024 x 1024
images split into patches of size 32 x 32 pixels would generate 614B tokens.

Video object tokenization. A possible path forward would be to condense extensive video
collections into a visual memory explicitly in an offline phase. Such an approach would involve
(i) initially segmenting videos into object tracks using foundation models for image segmenta-
tion [22] in conjunction with our prior work on any object tracking [29], followed by (ii) encoding
these segments as visual tokens across the entire dataset. Representing each video sequence as a
set of instance-level tokens reduces the number of tokens by 1000z (by assuming any one-minute-
long video contains at most 1000 objects). Ultimately, we will store these exemplars as key-value
pairs, which can be retrieved by the model online. The safeguarding model can then attend over
the (compressed) datastore to compute the final representation, which will be used to ascertain
if the observed instance can be grounded to our past observations, condensed in the VM.

Track to memorize. We argued that tracking may be central for the construction and com-
pression of visual memory from raw video. However, ideally, memory construction should not be
manual, but implicit, and learned in an end-to-end manner. We argue, that such visual memory
may automatically emerge as a by-product of life-long tracking (LLT), which we pose as a task
of tracking the identities of all pixels at all times over a large time periods.



Challenges and emerging properties. LLT is a challenging problem, as the set of (dense)
plausible correspondences grows exponentially with the length of the video (i.e., the number of
video frames), while establishing dense correspondences is challenging due to the self-similarity
of structures and poorly-textured regions. We hypothesize that due to the aforementioned chal-
lenges, along with limited computational and memory resources, we can expect the following
capabilities to emerge in the process.

Pixel and semantic grouping (i.e., segmentation&categorization). The number of correspon-
dences in a video containing 7 frames grows exponentially, in the order of O(w” x hT), where
w X h denotes the image resolution. Even when considering only short-term tracking (e.g., two
consecutive frames), there are O(w? x h?) possible correspondences that can be reduced signif-
icantly by quantizing consecutive images to N and M regions. While this simplifies the corre-
spondence search to NV x M plausible associations across two consecutive frames, it can be further
reduced if we constrain the region-wise correspondence search to semantically related concepts,
determined based on appearance similarity. Image segmentation and appearance-based object
categorization may be an emergent phenomenon of LLT.

Visual memory. While image quantization and categorization may be pivotal in short-term track-
ing given constrained resources, the problem of combinatorial complexity w.r.t. number of frames
T persists. We hypothesize that successfully addressing LLT neccissitates summarizing past
visual observations in visual memory. Short-term memory may help us to keep track of iden-
tities to bridge occlusions, while re-identifications of pixels, objects, or regions after substantial
temporal gaps necessitate long-term memory. As this memory is bounded, models will require
a “forgetting” mechanism, implying that obtaining perfect accuracy in life-long tracking would
require infinite memory. Therefore, the forgetting mechanism must operate in such a way as to
maximize the final model performance under memory constraints.

Place recognition, localization, and mapping [50]. We do not expect all objects at all places at all
times — locations of objects and regions are commonly geographically constrained. Recognizing
a particular constellations of objects and regions (place recognition) should further simplify the
problem of LLT. We do not assume that such a memory will store metric-precise 3D maps of our
surroundings, but rather into an internal representation that enables agents to navigate and
perform tasks in an environment captured in video sequences. Place recognition and mapping
may emerge from memory organization in the process of LLT.

Vision for the future. Our ultimate goal is to create a paradigm shift in how embodied agents
perceive and interact with their environment. We envision a future where these agents, equipped
with advanced visual perception capabilities, can safely and efficiently navigate and operate in
complex, dynamic environments. Our research plan is based on the philosophy that sensory
interpretations and understanding of how an object can be used to accomplish a task or may in-
terfere with our trajectory must be grounded in past experiences that will be condensed in visual
memory. We will work on a family of safety-centric perception models that summarize their past
sensory experiences in visual memory, constructed explicitly, or may emerge implicitly in the pro-
cess of life-long tracking. Embodied agents should always relate to these past experiences when
interpreting sensory inputs and not attempt to act when encountering unfamiliar situations, as
this could compromise their, and, importantly, our safety.
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