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Abstract

Open-World Object Detection (OWOD) enriches traditional object detectors by en-
abling continual discovery and integration of unknown objects via human guidance.
However, existing OWOD approaches frequently suffer from semantic confusion
between known and unknown classes, alongside catastrophic forgetting, leading
to diminished unknown recall and degraded known-class accuracy. To overcome
these challenges, we propose Combinatorial Open-World Detection (CROWIE[),
a unified framework reformulating unknown object discovery and adaptation as an
interwoven combinatorial (set-based) data-discovery (CROWD-Discover) and rep-
resentation learning (CROWD-Learn) task. CROWD-Discover strategically mines
unknown instances by maximizing Submodular Conditional Gain (SCG) functions,
selecting representative examples distinctly dissimilar from known objects. Sub-
sequently, CROWD-Learn employs novel combinatorial objectives that jointly dis-
entangle known and unknown representations while maintaining discriminative co-
herence among known classes, thus mitigating confusion and forgetting. Extensive
evaluations on OWOD benchmarks illustrate that CROWD achieves improvements
of 2.83% and 2.05% in known-class accuracy on M-OWODB and S-OWODB,
respectively, and nearly 2.4 x unknown recall compared to leading baselines.
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Figure 1: Overall Architecture of CROWD showing our novel combinatorial data-discovery guided
representation learning approach to (a) identify unknown objects® and (b) learn distinguishable representations
of both known and unknown objects.

1 Introduction

Object Detection (OD) is central to numerous vision applications [33] 45| 28], but as shown in Figure/[T]
(left) conventional OD models operate under a closed-world assumption, where the object vocabulary
remains fixed throughout deployment. This limitation hinders the model’s ability to generalize to
novel object categories. Open-World Object Detection (OWOD), introduced by Joseph et al. [19],
addresses this by combining open-set recognition [61} (72} [63]] with incremental learning [35} [11]],
enabling models to detect unknown objects and subsequently recognize them with minimal
supervision, thus supporting continual self-improvement. However, recent efforts [62} 75 59] reveal
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two enduring challenges: (1) confusion between known and unknown objects [19} [14}42], and (2)
catastrophic forgetting of previously learned classes [59, 162, 43]]. Confusion arises due to visual
similarity between unknown and known classes (e.g., truck vs. car headlamps), while forgetting
stems from the lack of supervision for unknowns, causing them to be misclassified as background.
Existing methods struggle to address both issues, as evidenced by low unknown recall and high
Wilderness Impact scores [[19] (Table E]) These limitations motivate the need for a framework that
can effectively discover unknown Region-of-Interests (Rols) and learn representations that remain
distinct from known categories, thereby mitigating confusion and preserving prior knowledge.

We cast Open-World Object Detection (OWOD) as a set-based discovery and learning problem.
For each task t, we view the known object classes as a collection of sets K, group all candidate
unknowns into a single pseudo-labeled set U* [19], and treat everything else as background Bt. This
formulation (Section [3.1) facilitates the incorporation of submodular functions into OWOD and gives
rise to our Combinatorial Open-World Detection (CROWD) framework. As illustrated in Figure ]
CROWD tackles OWOD as an interleaved process of data discovery (CROWD-D) and representation
learning (CROWD-L), directly targeting the dual challenges of confusion and forgetting.

Starting from a OD trained only on known instances K (Figure , CROWD-Discover (CROWD-D)
identifies representative unknowns, formulated as a combinatorial targeted selection problem. Specif-
ically, CROWD-D maximizes the Submodular Conditional Gain (SCG, Section between Kt and
candidate subsets, encouraging dissimilarity with known and background objects. Authors in [32]]
provide theoretical guarantees that greedy maximization [50] of SCG results in selection of samples
in Ut which are dissimilar to K* as well as B?, constituting informative pseudo-labeled unknowns.

CROWD-Learn (CROWD-L) then fine-tunes the OD model on both known and mined unknowns as
shown in Figure[T(b) via a novel combinatorial joint objective (Equation (1)), rooted in two families
of submodular functions: SCG [32] and Total Submodular Information [10] (SIM). Maximizing SCG
increases diversity between known and unknown objects, reducing feature overlap and confusion,
as corroborated by Table [5] Conversely, minimizing SIM encourages intra-class cohesion within
each known object, preserving discriminative features and mitigating forgetting. This formulation
closely follows the observation in [46| 47| that submodular functions model cooperation [[18]] and
diversity [36] when minimized and maximized respectively. Finally, we instantiate a family of
submodular-based loss functions within CROWD-L that jointly reduce confusion and forgetting,
achieving notable gains in unknown recall and known-class accuracy (Table [5). We validate our
approach on two standard OWOD benchmarks, M-OWOD [19] and S-OWOD [14], demonstrating
its effectiveness across diverse open-world settings. Our main contributions are -

* CROWD introduces a novel combinatorial viewpoint in OWOD by modeling the identification
of unknown instances of a given task as a data discovery problem (CROWD-D), selecting
unknown Rols which maximize the SCG between and the known object instances.

* CROWD also introduces a novel set-based learning paradigm CROWD-L, based on SCG
functions which minimizes the cluster overlap between embeddings of known and unknown
objects while retaining the discriminative feature information from the known ones.

* Finally, CROWD demonstrates ~2.4x increase in unknown recall per task alongside up to 2.8%
improvement on M-OWODB and 2.1% improvement on S-OWODB in known class performance
(measured as mAP) over several existing OWOD baselines.

2 Related Work

Open-World Object Detection (OWOD) first introduced in Joseph et al. [19]] augmented a Faster
R-CNN [56] model with contrastive clustering and an Energy-Based Unknown Classifier relying
on a objectness threshold based pseudo labeling strategy. Subsequent work such as OW-DETR [14]
adapted deformable DETR [73] and proposed an attention-based pseudo-labeling scheme that
identifies high-activation regions as unknowns without requiring extra supervision. Further, CAT [41]
improves transformer-based models by decoupling localization and classification, while introducing
dual pseudo-labeling strategies, namely - model-driven and input-driven—to robustly mine unknowns.
PROB [75]] advanced the state of the art by modeling objectness probabilistically in the embedding

3Figure a) shows a subset of background and unknown Rols for clarity. The total number of Rols in the
original experiment is set to 512 (as in [59]) while the number of mined unknowns is set to 10 (per image).



space using a Gaussian likelihood, allowing better separation of unknowns from background
without explicit negative examples. Other notable works include 2B-OCD [66f], which integrates
a localization-based objectness head [26]], OCPL [71]] enforces class-prototype separation to reduce
known-unknown confusion, and UC-OWOD [67] employs feature-space regularization to suppress
background misclassification. Some recent methods leverage external supervision, e.g., MViTs [44]],
or multimodal cues such as text for class-agnostic detection, these often fall outside strict OWOD
assumptions but highlight promising directions for future research. Complementary to these, recent
approaches such as RandBox [62] sidesteps detection bias via random bounding box sampling and
dynamic-k filtering, while OrthogonalDet [S9] enforces angular decorrelation in object features to
disentangle objectness and class semantics. Interestingly, Randbox and OrthogonalDet outperforms
larger models like OW-DETR, UC-OWOD etc. while using a simpler Faster-RCNN [56] based
architecture. Despite substantial progress, OWOD methods continue to grapple with confusion
between known and unknown objects and catastrophic forgetting during incremental adaptation
recently evidenced in Xi et al. [68]], motivating the development of our CROWD framework.In
general our work is also related to standard object detection while CROWD-Discover (Section [3.3.1)
is related to combinatorial subset selection, the related work for which is provided in Appendix|A.2]

3 Method

3.1 Problem Definition: OWOD

We largely adopt the problem formulation of OWOD from Joseph et al. [19] with modifications
towards a combinatorial (set-based) formulation. Given an incoming task 7; where ¢ € [1, n], an
object detector h'(.; ) recognizes a set of known classes K' = {K{, K}, ... KL}, |K'| = C*
while also accounting for unknown classes U* that may appear during inference (classes in U? are
not labeled during training). Here, K?, i € [1,C*] indicates examples for each known class in 7T}.
The dataset D* = {(x!,y!)}}, for each task T}, where each label y! contains K object instances
(K can very for each image) defined by bounding box parameters y}. = [ck, Tk, Yk, Wk, hg], with
cx € [1,C*)] representing the class label. The object detection model h*(.;6) is trained to learn
newly introduced instances from labeled examples in K* while identifying unknown objects U*
by assigning them a placeholder label (0). Examples in U? can be reviewed by a human expert
who identifies C* new classes, allowing the model to update incrementally and produce h**1(.; 0)

without retraining on the entire dataset. If Ut indicate the newly labeled set of unknown classes s.t.
|Ut| = O, then K**! = K' U U, enabling continual adaptation to new object categories over time.

3.2 Preliminaries: Submodularity

Adopting a set-based formulation allows us to explore combinatorial functions for OWOD. In
particular we explore Submodular functions which are set functions exhibiting a unique diminishing
returns property. Formally, a function f : 2¥ — R defined on a ground set V is submodular if
for any subset A;, A; C V, it holds that f(A4;) + f(A4,) > f(Ai UA,) + f(A; N A;) [10]. These
functions have been widely studied for applications such as data subset selection [25] 32, [17]], active
learning [65} 131} 2, 123]], and video summarization [22} 24]. Typically, these tasks involve formulating
subset selection or summarization as submodular maximization [[10} 51] subject to a knapsack
constraint [51]]. A classic result guarantees a (1 — e~!) approximation factor [51]] using a greedy
algorithm, which can be implemented more efficiently via improved greedy strategies [S0]. Within
this framework, Submodular Information Functions (SIMs) [10], such as Facility-Location or
Graph-Cut, promote diversity when maximizing f(A). On the other hand, Submodular Conditional
Gain (SCG), Hy(A; | A;), captures elements in A; most dissimilar to A;. Extrapolating this,
Kothawade et al. [30] defines discovery of unseen, rare examples as a targeted selection problem.
Further works [46| 47]] have demonstrated the utility of these combinatorial functions in continuous
optimization. Majee et al. [46] introduces losses inspired by SIMs to enforce intra-group compactness
(when minimized) and inter-group separation (when maximized), while [47] uses SMI-based losses
to account for interactions between abundant and rare samples in few-shot learning. Motivated by
these insights, CROWD proposes a novel data-discovery guided representation learning framework
to dynamically identify and incrementally adapt to unknown objects.
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Figure 2: Interleaved Data-Discovery and Representation Learning in CROWD on an incoming task 7%.
CROWD takes as input the model weights from 73—, and a small replay buffer of previously known classes
K1, applies (a) CROWD-Learn to discover unknown Rols and (b) CROWD-L to learn discriminative features
of both known and unknown instances to return an updated model 2! and the current task replay buffer Kt

3.3 The CROWD Framework

The problem formulation in Section [3.1] surfaces two unique challenges in the domain of OWOD

- (1) How to identify instances of unlabeled unknown objects U' given labeled examples of

only known ones in K* ? (2) How to effectively learn representations of currently known ob-

jects without forgetting the previously known (classes introduced in 7;, where 7 < t) ones ?
To this end, we introduce

Combinatorial Open-World  Algorithm 1 Discovering Unknown Rols in CROWD-D

Detection (CROWD) framework, -
which models the OWOD task Redquire: A task ¢, set of Rol feature vectors R €

Objectness scores S(.) € R, Task specific Labels yx-,

RNxd’

as a interleaved set-based data

discovery and representation
learning [46] problem. CROWD
achieves this in two stages - namely
CROWD-Discover (a.k.a. CROWD-

budget k

: /** Identify and Exclude outliers **/
2: R+ {r eRIS(r) > 7}
: K < HUNGARIAN-MATCHING(R,yx:) > Known class

D) and CROWD-Learn (ak.a. Rol feat e

CROWD-L) as shown in Figure [2] 4V R\ K

Given an incoming task T} we first > /) Yj Select Background Satmplets Y
train A'(;0) on currently known © B¢ arg max Hy(B" | KY)
classes in D?. At this point, CROWD- B<Yy

. P | wei |BY|<m%| V]
D utilizes the frozen model weights separation from K*

t
of 1" and uses a small replay buffer 7: /%% Select Unknown samples from R\ K* *%/

(typically containing examples from g 77t . argmax Hp(U' | K'U BY) > Unknowns are
both previously known and currently UtCV,|Ut|<k

introduced objects) to discover highly different from K U Bt
representative proposals of unknown 9. peturn Ut

classes U'.  We elucidate this in
Section @ Subsequently, CROWD-L introduces a novel combinatorial learning strategy to rapidly
finetune A' on this replay buffer (we adopt the predefined buffer in Joseph et al. [19]) to distinguish
between known classes K* and unknown U? while preserving distinguishable features from the
previously known classes. We discuss this in detail in Section[3.3.2]

> Large feature

3.3.1 CROWD-Discover

During training of h!(.; #), label information is available only for the currently known classes K*
with no labels of the previously known K‘~! and the unknown classes U*. CROWD-D tackles the
challenge of identifying potentially unknown instances from Region-of-Interest (Rol) proposals
produced by the Region-Proposal-Network (RPN) in h?(.;6). Unlike existing OWOD methods
employ pseudo labeling [19], feature orthogonalization etc. rely on the objectness score
(probability of an Rol proposal to contain a foreground object), whereas CROWD-D achieves this by
modeling this task as a combinatorial data discovery problem [30]]. Given a set of Rol proposals
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Figure 3: Illustration of the data-discovery pipeline in CROWD-D on a synthetic dataset with |R| = 500
and budget k = 10 and the underlying submodular function as Graph-Cut. CROWD-D selects U* which are
both dissimilar to background B* and known K instances.

R and a submodular function f we define the data discovery task (Algorithm[I) as a targeted selection
problem which selects a set of unknown instances U® from V = R\ K that maximizes the SCG H
given a query set comprising of known K and the background B instances (line 8 in Algorithm .

Here, k denotes a budget for the number of unknown samples mined per image. From the definition
of SCG in Section selected examples in U’ are largely dissimilar to examples in XK' U B*
indicating that they are neither background objects nor visually similar to known objects as shown
in Figure c). Interestingly, the number of known Rols K* in R are significantly fewer than the
background Rols B! (typically |R| = 500 (total number of Rols from the RPN) whereas | K| ~ 10
in MS-COCO [38]] which leaves |Bt| ~ 490) in most OD models. To minimize the computation
costs while selecting U* from this large Rol pool we exclude all Rols with low objectness scores
S < 7. (line 2 in Algorithm [I)) and likely background objects B* predicted with high confidence
(line 6 of Algorithm |1). Instances in B® are selected which maximize the SCG between themselves
and known Rols K* under a budget constraint of 7,%|V| (samples that are significantly different
from K*). Known instances are identified by following the hungarian matching technique applied
in Wang et al. [62]] as shown in line 3 of Algorithm [I] The exclusion thresholds 7, and 7, are
empirically determined to be 0.2 and 30% respectively and the underlying submodular function in
our experiments is chosen to be Graph-Cut which has been evidenced in Kothawade et al. [32] to
model both representation and diversity among selected examples.

3.3.2 CROWD-Learn

Including unknown examples U? can potentially inject noisy labels into the training data with
detrimental effects. We show in Table [5] that CROWD-D alone does not handle the knowledge
retention from previously known classes K ‘!, despite significant improvements on unknown class
recall, causing forgetting. CROWD-L overcomes the aforementioned challenges by introducing a
novel Combinatorial representation learning strategy inspired from recent developments [46} 47],
that ensures orthogonality (separation) between embeddings in K* and U* while minimizing the

effect of forgetting of K= Here, K~ denotes a replay buffer of previously known classes.
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Given a set of known K' U K1 unknown U? classes alongside a submodular function [ we define
a learning objective Lcrowp(0) as shown in Equation (1)) which jointly minimizes the Submodular
Total Information ( LZ%gWD ) over each known class K! € {K*U K*~'} and the SCG (H  as defined
in Section between known class K and the unknown set U' (L5 ). Note that CROWD-L
is applied during training of task 7 as a finetuning step as shown in Figure 2|b).

Note that f relies on the pairwise interaction between examples in a batch which we represent using

ey

cosine similarity s, (0) = I h}it(ii’“éa)‘)r_'l?;g’”;ﬂg)ll and can be different from the one used in CROWD-
D decided through ablations in Section Our loss formulation in Lcrowp follows the observation

in [46]] which entails that submodular functions model cooperation [[18]] and diversity [36] when



Table 1: Summary of various instantiations of CROWD-L by varying the submodular function
fin Lggss and LEL. - Here, T denotes a batch with instances from K} U U*.
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Figure 4: Characterization of losses in CROWD-L on a synthetic two-cluster imbalanced dataset
by increasing known vs. unknown class separation (cases 1 through 3) similar to the Rol embedding
space of h!(.; 0). The synthetic dataset generation is performed under the same seed.

minimized and maximized respectively. By varying the choice of f between popular submodular
functions - Facility-Location (FL), Graph-Cut (GC) and Log-Determinant (LogDet) we introduce a
family of loss functions summarized in Table and derivations in Appendix Lcrowp is applied
to the classification head of h'(.; #) model during all training stages described in Sec. 4} Our novel
formulation entails some interesting properties -

1) Lzeliown retains informative known class features : Following the insights in Jegelka and Bilmes

(18] L(é:t;zlgwn which minimizes the total information contained in K encourages intra-class com-
pactness retaining the most discriminative features from the known classes alleviating forgetting [47).

(2) Lgrowp models known vs. unknown separation : As shown in Equation (1) L¢ggwp minimizes
the SCG (Hy) between the embeddings of the known and unknown classes. As observed in
Kothawade et al. [32] maximizing SCG models dissimilarity between two sets. In OWOD, LgGin
promotes a large inter-class boundary between K} and U, minimizing their cluster overlap resulting

in reduced confusion. Further, a hyper-parameter 7 controls the trade-off between intra-class

compactness modeled by LZ%ICJ;WD and the inter-class separation in Lcrowp.

(3) Sensitivity to unknown classes with varying f : Table[I] highlights the instances of Lcrowp by
varying f. Such variations injects domain specific properties into CROWD-L critical for the OWOD
tasks. As depicted in Figure @} under varying known vs. unknown class separation, CROWD-FL
explicitly models representation [32] by adopting the FL based submodular function while CROWD-
LogDet injects diversity by modeling cluster volume through Log-Determinant [[16]. CROWD-GC
models both representation and diversity but is not resilient to imbalance between K* and U? as
CROWD-FL [46]]. Thus, CROWD-FL emerges to be the best choice for OWOD modeling both repre-
sentation and resilience to imbalance in the embedding space over Ljecorr [59] (the latest baseline).

(4) Generalization to Incremental Object Detection (IOD) : As observed in several related
works [19} 14,159, [75]], learning from unknown pseudo labels in OWOD benefits Incremental Object
Detection (IOD) tasks. However, its important to note that CROWD relies on mined unknowns (from
CROWD-D) while no unknown objects are provided in the IOD setting. This requires us to slightly

modify our learning objective L&g5wp, to model dissimilarity between currently known K* and the

previously known objects K1 (a replay buffer as in Joseph et al. [19]) instead of unknowns, s.t.
cross ct St —
Légown () = Zi:1 Hf(KﬂKt b 0).



Table 2: Open-world object detection results across incremental tasks. U-Recall and mAP (%)
are reported for various baselines on M-OWOD and S-OWOD benchmarks. Best results are in bold.

Task 1 Task 2 Task 3 | Task 4

Method mAP mAP mAP mAP

U-Recall Curr. U-Recall Prev. Curr. Both U-Recall Prev. Curr. Both ‘ Prev. Curr. Both

M-OWOD Benchmark Results
ORE [19 4.9 56.0 29 527 260 394 3.9 382 127 297 | 296 124 253
OST [[70] - 56.2 - 534 265 399 - 38.0 12.8  29.6 | 30.1 133 259
OW-DETR [14] 7.5 59.2 6.2 53.6 335 429 5.7 38.3 15.8 30.8 31.4 17.1 27.8
UC-OWOD [67] - 50.7 - 33.1 30.5 31.8 - 28.8 16.3 246 | 25.6 159 23.2
ALLOW [43] 13.6 59.3 10.0 532 340 456 14.3 426 267 380 | 335 21.8 306
PROB [75] 19.4 59.5 17.4 557 322 440 19.6 430 222 360 | 357 189 315
CAT [42] 23.7 60.0 19.1 555 3277 441 24.4 42.8 187 348 | 344 166 299
RandBox [62] 10.6 61.8 6.3 - - 453 7.8 - - 394 - - 354
OrthogonalDet [59] 24.6 61.3 26.3 55.5 38.5 47.0 20.1 46.7 30.6 41.3 424 243 37.9
CROWD (ours) 579 61.7 53.6 567 389 478 69.6 480 314 425 429 254 385
S-OWOD Benchmark Results

ORE [19 1.5 61.4 3.9 56.5 26.1  40.6 3.6 387 237 337 | 336 263 318
OW-DETR [14] 5.7 71.5 6.2 62.8 275 4338 6.9 452 249 385 | 382 281 331
PROB [75] 17.6 734 223 66.3 36.0 50.4 24.8 47.8 30.4 420 | 426 31.7 39.9
CAT [42] 24.0 74.2 23.0 67.6 355 50.7 24.6 51.2 32.6 450 | 454 35.1 42.8
OrthogonalDet [59] 24.6 71.6 279 64.0 39.9 513 31.9 52.1 42.2 48.8 | 48.7 38.8 46.2
CROWD (ours) 50.5 73.5 41.7 649 412 531 49.6 547 421 484 498 43.0 464

Table 3: Unknown Class Metrics on M-OWODB. Comparison of U-Recall, WI, and A-OSE across
tasks (excluding Task 4 where all classes are known U? = ¢). Best results are in bold.

Method Task 1 Task 2 Task 3
U-Recall (1) WI({) A-OSE(]) | U-Recall () WI(]) A-OSE(]) | U-Recall (1) WI(]) A-OSE()

ORE [19] 4.9 0.0621 10459 29 0.0282 10445 39 0.0211 7990
OST [70] - 0.0417 4889 - 0.0213 2546 - 0.0146 2120
OW-DETR [14] 75 0.0571 10240 6.2 0.0278 8441 5.7 0.0156 6803
PROB [75] 19.4 0.0569 5195 17.4 0.0344 6452 19.6 0.0151 2641
RandBox [62] 10.6 0.0240 4498 6.3 0.0078 1880 7.8 0.0054 1452
OrthogonalDet [59] 24.6 0.0299 4148 26.3 0.0099 1791 29.1 0.0077 1345
CROWD (Ours) \ 57.6 0.0380 3823 \ 53.6 0.0101 1508 \ 69.6 0.0066 1266

4 Experiments

Datasets : We evaluate our approach on two well established benchmarks - M-OWOD [19] and
S-OWOD([14]. M-OWOD, (Superclass-Mixed OWOD Benchmark) consists of images from both
MS-COCO [38]] and PASCAL-VOC [9] depicting 80 classes grouped into 4 tasks (20 classes per
task). On the other hand, S-OWOD (Superclass-Separated OWOD Benchmark) consists of images
from only MS-COCO dataset. Both benchmarks split the underlying data points into four distinct
(non-overlapping) tasks T3, where ¢ € [1,4]. During training on a task 7} the model in provided
labeled examples from 7} alone while at inference the model is expected to identify objects in tasks
leading up to Ty, s.t ¢t € [1,¢]. No prior knowledge of subsequent tasks ¢ € [t + 1, n] (n refers to
maximum number of tasks in an experiment) are available during training and inference on 7;. In
contrast to M-OWODB, S-OWODB introduces a distinct separation between super-categories (eg.
animals, vehicles etc.) and distributes these super-categories between tasks (each task will have
examples from one or more unique super-categories).

Experimental Setup : Following Sun et al. [S9] we adopt a Faster-RCNN [56] based model with
a pretrained ResNet-50 [15] backbone. Our model is trained incrementally on 4 tasks as described
above with a batch size of 12, an AdamW optimizer, a base learning rate to 2.5 x 10~° and weight
decay of 1 x 10~%. CROWD-D utilizes the Rol features (|R| = 500) to mine k = 10 unknown
instances (determined through ablation study in Appendix[A.4.T)) per image. The CROWD-L loss is
applied across tasks as an additional head and operates on Rol features projected to a 256-dimensional
feature space. We train our model on 4 NVIDIA V100 GPUs, provide additional experimental details
in Appendix [A.4]and release our code at https://github.com/amajeellus/CROWD.git.

Metrics : We use mean average precision (mAP) to evaluate known classes, partitioned into
previously seen and newly introduced categories. For unknown object class, we follow OWOD
conventions [[19, [14] and report unknown object recall (U-Recall), as mAP is inapplicable due to
incomplete annotations. To measure confusion between known and unknown classes, we report
Wilderness Impact (WI) [6]] and Absolute Open-Set Error (A-OSE) [49].
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Table 5: Ablation Experiments on the M-OWOD benchmark. We report the U-Recall and mAP
(all known classes) by varying the choice of selection strategies in CROWD-D and learning objectives
in CROWD-L. We show that a joint (data discovery + combinatorial loss) strategy provides the best
overall performance (denoted as CROWD (joint)).

Method ‘ Baseline CROWD CROWD Task 1 Task 2 Task 3 Task 4

-L U-Recall mAP U-Recall mAP U-Recall mAP mAP
OrthogonalDet [59 | v | 2461000 6131011 | 26340000 47.01006 | 29.12001 4134010 | 3792000
CROWD-D (w/ FLCG) ‘ v v 50.740023 6034007 | 52.24033 4574004 | 60.11018  40.61003 | 3831011
CROWD-D (w/ GCCG) v v 57.04017 6124005 | 54.10072 4524002 | 69.64011  40.84001 | 38.1+000
CROWD-D (w/ LogDetCG) ‘ v v 56441046 61240100 | 54141065 4414007 | 69.14026  39.7+4000 | 37.6+008
CROWD-L (w/ FLCG) v v 2504001 6171002 | 2681003 4771016 | 2881030 4244011 | 38.54006
CROWD-L (w/ GCCG) v v 24341003 6134012 | 2710010 4744026 | 31.00044 4024011 | 3824000
CROWD-L (w/ LogDetCG) v v 2271001 5954000 | 27.04014 44.64022 | 2724021 3834014 | 36.04027
CROWD (joint) v v v | 5791033 6171002 | 5362041 4781002 | 69.65026 3141003 | 385007

4.1 Results on Benchmark OWOD and 10D tasks

OWOD: We compare the performance of CROWD against several existing baselines on M-
OWOD and S-OWOD benchmarks as shown in Table 2} Note, that we follow Sun et al.
[S9] and report our results on the same seed and compute settings for fair comparisons.
CROWD surpasses the latest baseline OrthogonalDet [59]]

by up to 2.8% and 2.1% on M-OWOD and S-OWOD Table 4: Results of CROWD on PASCAL
benchmarks while achieving up to 2.4 x gains in U-recall. VOC for three IOD tasks shown in terms of
For approaches like PROB [75], CAT [42] which adopt ~EPrev.. Curr. and overall mAP.

selection strategies to mine unknowns our combinatorial 10 + 10 setting

approach achieves up to 8.4% (on M-OWOD) improve- Prev. Curr. mAP
ments. This can be attributed to the contributions of -
CROWD-D which mines representative unknown exam- 1LOD [58] . 632 632 632
ples effectively increasing the coverage on such objects. Eangé I[I;(S)]D (3l 223 2‘;; gé;
Also, we observe ~ 3% increase in mAP for previously OrthogonalDet [59] 694 718 670
known classes indicating a reduction in forgetting. The

competitive results on the currently known classes (Curr. CROWD (ours) 785 751 720
in Table [2) indicates that h!(.;0) enforces a stronger 15 + 5 setting
TQq t t Ccross

dec.1s10n b(l)u.ndary between K* and lt] through LsCe%S‘)WD 1LOD [38] 683 584 658
while retaining performance on K° through Lipowp- Faster ILOD [53] 716 569 679
Additionally, in TableE]we show that CROWD achieves PROB [75] 732  60.8  70.1
lesser confusion over existing baselines while boosting OrthogonalDet [59] 745 669  72.6
U-Recall establishing the importance of modeling OWOD  cROWD (ours) 762 689 744

as a combinatorial data-discovery problem. This is further

highlighted qualitatively in Figure 5} 19 + 1 setting

. . . . _ ILOD [58] 68.5 627 682
IOD: Our novel loss formulation described in Sec Faster ILOD [53] 689 611 63.5

tion (point 4) is applied to the finetuning stage of ppop 73] 739 485 726
10D across three popular task splits from the PASCAL-  OrthogonalDet [59]  73.5 74.5 736
VOC [9] dataset. Note, that for IOD we do not apply
CROWD-D due to absence of unknown examples. Our
results summarized in Table[d]and detailed in Table [9] (Appendix) shows up to 5.9% boost in overall
mAP showing better generalization to 10D tasks while minimizing the impact of forgetting via
stronger retention of previously known classes, a very common pitfall in IOD.

CROWD (ours) 742 753 74.2

4.2 Ablations

We conduct ablations on the M-OWOD benchmark to analyze the contributions of individual
components of CROWD. On top of the baseline method OrthogonalDet [59] we first introduce
instances of CROWD-D to assess the impact of data-discovery under a fixed budget k = 10. Next,
we decouple CROWD-D and introduce our novel learning objectives in CROWD-L to assess their
impact on forgetting and confusion as discussed in Section[3.3.2] For each of the above steps we
ablate among instances of f - Graph-Cut (GC), Log-Determinant (LogDet) and Facility-Location
(FL). Finally, we combine the best performing instances from CROWD-D and CROWD-L into
a joint formulation (referred to as CROWD (joint)) as shown in Table E] which achieves the best



OrthogonalDet [39]

CROWD (ours)

Figure 5: Qualitative results from CROWD contrasted against OrthogonalDet [59] showing that
our approach mitigates (a) confusion (b) generalizes to unknowns and (c) reduces forgetting.

Table 6: Ablation Experiments on the exclusion criterion 7. and background budget 7, in
CROWD-D. The submodular function is kept constant as Graph-Cut in CROWD-D and a CROWD-
FL based learning objective is chosen in CROWD-L under constant machine seed.

Method Value Task 1 Task 2 Task 3 Task 4
U-Recall mAP | U-Recall mAP | U-Recall mAP | mAP

0.05 57.5 61.7 52.7 47.1 68.2 41.5 38.0
CROWD (7.) | 0.2 57.9 61.7 53.6 47.8 69.6 42.4 38.5
7 = 30% 0.5 53.3 59.5 49.4 459 65.0 40.1 37.8

10% 57.9 61.7 53.1 46.8 69.2 41.3 37.4
CROWD (1) | 30% 57.9 61.7 53.6 47.8 69.6 424 38.5
T =0.2 50% 55.4 60.0 50.0 42.1 63.7 38.9 345

overall performance, balancing the tradeoff between boosting currently known class performance
and retaining performance on previously learnt ones.

Impact of Data-Discovery in CROWD-D : As shown in Table [] irrespective of the choice
of f, CROWD-D boosts the U-Recall over the baseline by introducing additional information
in the form of pseudo labeled unknowns. We observe that CROWD-D (w/GCCG) (f here is
Graph-Cut) provides the best gains in U-Recall up to 2x over the latest baseline OrthogonalDet.
This follows the observation in Kothawade et al. which shows that greedy maximization of
GCCG models relevance (examples which are dissimilar to both K* and U*) while others model
diversity (CROWD-D w/LogDet) and representation (CROWD-D w/Facility-Location). Thus, we
adopt GCCG based selection strategy in Algorithm [I]for our experiments in Table 2]

Impact of k : As stated in Section [3.3.1] k controls the number of potential unknown Rols identified
by CROWD-D per image. We ablate among several plausible values of k € [0, 100] and summarize
the results in Table [I0] of the Appendix. Increasing the number of identified unknowns from 0
(OrthogonalDet) to 10 shows an increase in performance of the underlying model (U-Recall) while
the performance does not increase beyond 20. The increase in U-Recall can be attributed to inclusion
of informative Rols in the training loop. In fact, the mAP on known classes slightly drops below
existing baselines for k = 100 due to inclusion of spurious background Rols in the training pipeline.

Impact of Combinatorial Objectives in CROWD-L : Similar to CROWD-D we ablate on variations
of f to contrast between formulations summarized in Table[I] As shown in Table[5]our learning formu-
lation, particularly CROWD-FL (based on Facility-Location) demonstrates better retention of previ-
ously known class performance while achieving competitive results on latest baseline OrthogonalDet.

This follows the observation in Majee et al. [46] which demonstrates that FL based objectives model

representation, retaining the most discriminative features through Lé;lgWD while enforcing sufficient

inter-cluster boundary between known and unknown Rol features (L&Rg5wp)- This also re-establishes
the properties described in Figure ] wherein CROWD-FL shows larger sensitivity to inter-cluster

separation as compared to CROWD-GC, CROWD-LogDet and L jecor introduced in OrthogonalDet.



Table 7: Ablation Experiments on the variation in 77 in CROWD-L. Given the Graph-Cut based
selection strategy in CROWD-D we vary 7 between [0.5, 1.0, 1.5] and adopt the best performing
value for our pipeline in CROWD-L. The selection budget k in CROWD-D was set to 10 for all
experiments and a fixed seed value.

Task 1 Task 2 Task 3 | Task 4

Method n mAP mAP mAP mAP
U-Recall “ | URecall = o Curr. Both | URe@ “pror Curr.  Both | Prev. Curr. Both
OrthogonalDet [59 ‘ - ‘ 24.6 61.3 ‘ 26.3 55.5 38.5 47.0 ‘ 29.1 46.7 30.6 41.3 ‘ 42.4 24.3 37.9
0.5 57.8 58.8 ‘ 53.4 57.1 32.8 449 ‘ 65.3 50.2 259 421 ‘ 44.0 21.1 38.3
CROWD (ours) 1.0 579 61.7 53.6 56.7 389 478 69.6 48.0 314 425 429 254 385
1.5 579 61.7 ‘ 53.6 55.6 39.1 474 ‘ 69.5 44.0 34.6 40.9 ‘ 44.0 21.1 38.3

Ablation on Exclusion Criterion 7, and 7, in CROWD-D - At first, 7. is an exclusion threshold
which reduces the search space of CROWD-D by eliminating Rols which have a low confidence
threshold. As shown in Table [6] increasing 7. from O to 1 increases performance until 7. = 0.2
and then reduces. A lower value of 7, allows for a large search space but includes a lot of noisy
background objects leading to reduced selection performance. On the other hand a large value of 7,
can potentially earmark unknown foregrounds as unknowns resulting in reduced performance.

Keeping 7. fixed at 0.2 we ablate 73, which controls the selection budget for backgrounds (higher the
value more are the number of background Rols identified). Increasing 7, (percentage here) increases
the fraction of Rols treated as backgrounds. This widens the search space for the combinatorial
function causing a small drop in performance due to confusions between true backgrounds and
foreground unknowns. On the other hand, very large values of 7, shrink the search space oftentimes
considering unknown foregrounds as background objects showing a steep drop in performance.

Ablation on Trade-off between Lz(;i(f)wn and L&gSwp in CROWD-L - The hyper-parameter n
controls the trade-off between known-unknown class separation and known class cluster compactness
discussed in Table[/| A lower value of n does not enforce separation between currently known
and unknown exemplars but enforces intra-class compactness. This results in better retention of
previously known objects but a drop in currently known objects due to increased confusion with
unknown exemplars. On the other hand for a large value of 7 the model enforces large separation
between currently known and unknown objects boosting performance on the currently knowns but
suffers from catastrophic forgetting of the previously known classes.

5 Conclusion, Limitations and Future Work

We introduced CROWD, a novel combinatorial framework in OWOD, which reformulates OWOD as
interleaved set-based discovery (CROWD-D) and representation learning (CROWD-L) tasks. Lever-
aging Submodular Conditional Gain (SCG) functions, CROWD-D strategically selects representative
unknown instances distinctly dissimilar from known objects while CROWD-L consumes mined
unknowns to preserve discriminative coherence over known classes. Our evaluations confirm that
CROWD effectively addresses known vs. unknown class confusion and forgetting, achieving signifi-
cant improvements in unknown recall and known-class accuracy on standard OWOD and IOD bench-
marks. Despite the significant improvements in U-Recall CROWD-D continues to inject a small set
of spurious exemplars into the selected pool which we aim to address in future works by exploring al-
ternative combinatorial formulations beyond SCG, and introducing stricter constraints in CROWD-D.
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* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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Question: Does the paper describe potential risks incurred by study participants, whether
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
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guidelines for their institution.
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A.1 Notation

Following the problem definition in the main paper we introduce the notations used in Table [§]
throughout the paper.

Table 8: Collection of notations used in the paper.

Symbol | Description
t Task identifier for each OWOD task.
T, Each Task in OWOD.
Dt Training dataset for each task.
T The Ground set, here refers to the mini-batch at each iteration.
Kt Complete set of currently known classes in 7.
Kt1 Complete set of previously known classes in 75.
Ut Complete set of unknown classes in 7.
Kt Predefined Replay buffer of currently known classes in 7}.
Kt-1 Predefined Replay buffer of previously known classes in T3.
ht(z,0) Task specific Object Detector used as feature extractor.
clf(.,.) Multi-Layer Perceptron as classifier. In our case a two layer network.
Parameters of the feature extractor.
sa,B(0) Cross-Similarity between sets A, B € V.
sa(0) Self-Similarity between samples in set A € 7.
f(4) Submodular Information function over a set A.

Hi(AlQ) Submodular Conditional Gain function between sets A and Q.
Lcrown(9) Loss value computed over all known and unknown objects.
Lé‘;‘(lgWD(O) Combinatorial loss computed over all known classes K! € T.
LE&Sen(0) | Combinatorial loss computed between known classes K and unknown classes U*.

A.2 Additional Related Work

Data subset selection aims at identifying a distinct set of examples from a large pool which
accurately captures the properties of the data distribution. This has rendered subset selection to
be a natural choice for data-efficient machine learning tasks like Active Learning [29 148l 157, 18],
Continual Learning [27, [1]], Data Summarization [29,32] etc. Traditionally subset selection has been
defined as a subsampling technique based on similarity [21], uncertainty [4] etc. or random [52].
Orthogonally, a new line of work based on combinatorial functions, particularly submodular
functions [10, [16] have emerged which effectively selects informative subsets by modeling the
notions of cooperation, diversity and representation [32]. These functions formulate subset selection
as a greedy maximization task [S0] based on several information theoretic measures like Total
Information, Mutual Information, Conditional Gain etc. (discussed in Section @ of the main
paper). Concurrent to their success in vision [32, [29]], language [37], speech [64] etc. domains,
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subset selection has been used in auxiliary learning mechanisms like meta-learning [34] and
data-discovery [30] targeting identification of rare or unseen examples from an unlabeled example
pool. CROWD exploits this line of investigation adopting a combinatorial subset selection technique
(detailed in Section [3.3.1]to discover unknown objects in the open-world setting).

Object detection (OD) is a fundamental task in computer vision encapsulating both localization
and recognition tasks under the same roof. OD methods are traditionally grouped into two principal
paradigms: single-stage and two-stage detectors. Single-stage detectors, exemplified by SSD [40]],
RetinaNet [39], and YOLO [55| 54], CenterNet [[7] unify the processes of object localization and
classification into a single feed-forward network, enabling real-time performance with relatively low
computational overhead. In contrast, two-stage detectors, such as Faster R-CNN [[13 [12] [56], adopt
a cascaded architecture wherein a Region Proposal Network (RPN) first hypothesizes candidate
object regions, followed by a refinement stage that simultaneously predicts the class and precise
bounding box of each proposal. CNN based architectures struggles with the long-range dependencies,
which is important for understanding the complex spatial relationships between objects at varying
scales (perspective views). Transformer based models [3} (74} 5] improve upon this vulnerability
by introducing a self-attention [[60] mechanism based on an encoder-decoder architecture [3]]. While
these models achieve impressive performance in closed-world settings (all object categories present
during testing are known and predefined in the training data) they under-perform in open-world
scenarios when encountering unknown objects unseen during training.

Preliminaries of Submodularity (continued from Section [3.2) As discussed in Section [3.2] of
the main paper, submodular functions have been recognized to model notions of cooperation [18],
diversity [36], representation [32] and coverage [22]. Following the combinatorial formulation in
Sectionof the main paper we define the ground set V = {4, Ay, -+ Ax}, s.t. [V| = N and
explore four different categories of submodular information functions in our work, namely -

(1) Submodular Total Information (Sy) which measures the total information contained in each
set [10], expressed as Sy(A1, A, ..., An) as in Equation . Maximizing Sy over a set A; models
diversity [36]] while minimizing Sy models cooperation [18].

N
Sp(Ar, A, .., An) = f(A)) 2
1=1

(2) Submodular Conditional Gain (H y) which models the gain in information when a set A; is added
to A;. Hy models the notion of dissimilarity between sets and can be expressed in Equation (3).

Hy(AilAj) = f(AiU Aj) — F(A;) . Vi, j € V] 3

Given a submodular function f (can alterna-
tively be Hy) tasks like selection [17, 25] and
summarization [24, [22] have been modeled Algorithm 2 Greedy Submodular Maximiza-
as a discrete optimization problem to identify tion [51] y

a summarized set of examples A C V via

submodular maximization under a cardinality Require: Submodular function f : 2 — R, car-
constraint (|A| < k), i.e. maxacy jaj<k f(A). dinality constraintk

This can be fairly approximated witha (1 —¢—1) Ensure: Set A C 'V maximizing f(A) under car-
constant factor guarantee [51] using greedy dinality constraint k

optimization techniques [50] as shown in Algo- 1: A

rithm 7] Extending the definition of submodular ~ 2 forj =1tokdo
functions to continuous optimization space € < arg UIEHS\XA [F(AU{v}) = f(A)]

Majee et al. [46] have proposed a set of novel . A+ AU{e}
family of learning objectives which minimize

: . . 5
total information and total correlation among
sets in Dy,.q;, USing continuous optimization
techniques like SGD. These objectives have been shown to be significantly more robust to large
imbalance demonstrated in real-world tasks like longtail recognition [46] and few-shot learning [47].

: return A

A.3 Derivations of Instances of Lcrowp

As discussed in Section of the main paper, varying the choice of Submodular function f in
Equation results in several instances of Lcrowp. Based on three popular choices of f among
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Facility-Location, Graph-Cut and Log-Determinant, we derive the respective formulations of Lcrowp.

Note, that the derivations of Lé;lgWD are adapted from Majee et al. [46] and are thus not included
below.

A.3.1 Derivation of CROWD-FL

Theorem A.l. Given a set of known Rols K}, i € [1,C"], a set of unknown Rols U' (T =
K" U U?) and the Facility-Location based submodular function f defined over any set A s.t. f(A) =
ZiET max;cA Sij, we define CROWD-FL learning objective to learn the parameters 0 of the model

ht, cgn{ain{ng two components Ijé?elgwp and Lgﬁgw p as shown in Equation li Here, s;j resembles
the similarity between samples i and j respectively.

self max s;
1,
Lckowp = E E Je o i(

)
CCT}%%WD Z %max ]?éz}é snk(0) — v 15%%% $nu(0),0)
Proof. From the definition of Lggg5sp in Equation (T)) we find,
(jt
LS = ) Hy(K{U")
i=1
» 5)
Légow = D_ (K[ UU") = f(U")
i=1

Substituting the definition of f(A) over any set from the theorem in the above expression we get -

(7t
L&un = Y He (KU
=1

CTOSS
ROWD = E E max Sy — MAaxsSny,
C 0 keK!luUt ueUt
i=1neT 4 neT
i ©)
L&Swn = E E max | Maxspk, MaXspk | — mMaxsyy,
keK! kU ueUt
i=1neT neT

(jt

L&Swn = E E max(maxsnk — MaX Sy, O)
, keK! ueU?
i=1 neT \ ;) N

Term 1 Term 2

The Term 2 in the above equation controls the degree of separation between K} and U*. Due to this
we introduce a hyper-parameter ~ which we can control during model training. Sine v is a constant it
does not affect the submodular properties of Légiwp- The final loss formulation, normalized by the
size of 7 thus becomes -

LESS E E max | maxsS,r — Vmaxsy,, 0 @)
CROWD — keKt n Ut nus

u
i=1 nET

Additionally, we do not provide proofs for Lé;l(])cWD since this function largely resembles the total
information formulation in Majee et al. [46]. O
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A.3.2 Derivation of CROWD-GC

Theorem A.2. Given a set of known Rols K!, i € [1,C], a set of unknown Rols U' (T =
K*® U U?) and the Graph-Cut based submodular function f defined over any set A s.t. f(A) =
DoieT 2jea Sij — AD_i e a Sij» we define CROWD-GC learning objective to learn the parameters
0 of the model h' containing two components LCROWD(H) and LE2550, 1 (0) as shown in Equation @l
Here, s;j resembles the similarity between samples i and j respectively.

LscellszWD Z t| Z Z sij(60) — A Z 5ij(0)]

ieK!jeT\U? i,jEK? @)
FH5w (0 Z KO ~ 200 ST (o)
keK! ueU}
Proof. From the definition of L& in Equation (IH) we find,
Ct
Lgan =D _ Hy (K|U")
P ©

Ct
Lsim = Y F(K{UUY) = f(U")
i=1

Substituting the definition of f(A) over any set from the theorem in the above expression of

Cross
LégowpWwe get -

Ct Ct
L&gin = Y Hy(K{|U") = Zf(Kf uu') - f(U")
i=1 ]

Eﬁ(g\‘?\/D_ZZ Z Snk_ Z Snk — Z Z Snu+>\ Z Snu

i=1 neT keKtuUt n,ke KIUU? neT uelUt n,ucU?t (10)
EEOS\SVD—ZZZ%HZZSW— > s
i=1 neT keK} neT ueUt n,ke KIUUt
- § E Spu + A E Snu
neT ueU? n,ucU?t

The second term and the fourth term cancels out (same value with opposite signs).

L(CZ%%S\;G\/D Z Z Z Snk — ( Z Snk + Z 5nu>

i=1 nETkEKt n,k€ KIUU? n,ucU?

. (an
Lt = 3 % snk—x( T iz Y )
i=1 nGTkEKf n,keK? n,uclU?
Now, rearranging the terms of the equation we get -
Ct
L&i5t0 = z(z IPTEES DR R o
i=1 \neT kEK? n ker n,ucU?
(12)
Lérowo *Zf (K) +2A Z Snu
- Term 1 n,uel*
—_———
Term 2
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Similar to CROWD-FL the Term 2 in the above equation controls the degree of separation between
K! and U'. Due to this we introduce a hyper-parameter v which we can control during model
training. Sine v is a constant it does not affect the submodular properties of Lggwp- The final loss
formulation, normalized by the size of 7 thus becomes -

L&Swn = Zf (KD +23w > snu (13)

n,ueU?

Additionally, we do not provide proofs for Lé;léfWD since this function largely resembles the total
information formulation in Majee et al. [46]. L]

A.3.3 Derivation of CROWD-LogDet

Theorem A.3. Given a set of known Rols K!, i € [1,C"], a set of unknown Rols U' (T =
K*® U U?) and the Log-Determinant based submodular function f defined over any set A s.t. f(A) =
log det(s4), we define CROWD-LogDet learning objective which contains two components LZ;%CWD
and L& 35w p as shown in Equation @ Here, s;j resembles the similarity between samples i and
J respectively.

ot
sel
LchOWD Z |Kt| IOg det(SKt (0) + )\H|K"‘ )

(14)
Ehown(0 Z 7y Log det(sicy (0) = sy ue (O)sgrt (D)3 0 (0))
Proof. From the definition of L&gg5wp in Equation (T) we find,
ot
LS = ) Hp (KHU")
i:tl (15)
Légown = Z FEG VT = (U
i=1

Substituting the definition of f(A) over any set from the theorem in the above expression of

Cross
LégowpWwe get -

Ct
L&&wn = > Hp (KU = > f(KIuU") = f(U")

=1 i=1

ct
LEgown = Zlog det(sgtupe) — log det(sy) (16)
i=1

det SKtuUt)

N Z %8 " det(sye) det SUt)

From Schur’s complement which states that given two sets A and B det(saup) =
det(sa).det(saup \ sa). Replacing the term det(s ) with the above definition we get -

det SUt det(SKtpuUt \SUt)

(c:’;{%s\‘?s\/D - Z 0og det(SUt)
o an
= Zlog det(sgruue \ sut)
i=1
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Table 9: Generalization performance on Incremental Object Detection (I0D) where we show
that our CROWD approach (here only CROWD-L) when applied to the fintetuning stage of IOD
tasks show better generalizability. Best results are in bold while new classes introduced in the task
are shaded ' gray .

10 + 10 setting aero cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv mAP
ILOD (58] 69.9 704 694 543 48 68.7 789 684 455 58.1159.7 727 735 732 663 295 634 61.6 693 622 632
Faster ILOD [53] 72.8 757 71.2 60.5 61.7 704 83.3 76.6 53.1 723 36.7 709 668 67.6 66.1 247 63.1 48.1 57.1 43.6 62.1
ORE [19 63.5 709 589 429 341 762 80.7 763 34.1 66.1 56.1 704 802 723 818 427 716 68.1 77.0 67.7 64.5
Meta-ILOD [20 76.0 74.6 67.5 559 57.6 75.1 854 77.0 43.7 708 60.1 66.4 760 72.6 746 39.7 640 602 685 60.7 66.3
ROSETTA [69] 742 762 649 544 574 76.1 844 68.8 524 67.0 629 633 79.8 728 781 40.1 623 612 724 66.8 66.8
OW-DETR[14] 61.8 69.1 67.8 458 473 783 784 78.6 36.2 71.5 57.5 753 762 774 79.5 40.1 668 663 756 64.1 65.7
PROB [75 704 754 673 48.1 559 735 785 754 428 722 642 738 760 748 753 402 662 733 644 64.0 66.5
CAT [42] 76.5 757 67.0 51.0 624 732 823 83.7 42.7 644 56.8 74.1 758 792 781 399 65.1 59.6 784 674 67.7

OrthogonalDet [59]' 82.9 80.1 75.8 643 60.6 81.5 87.9 549 48 82.1 57.7 63.5 80.5 77.6 782 389 69.8 628 769 642 69.41
CROWD (ours) 84.1 845 739 60.0 65.1 80.1 89.3 82.7 533 77.4 /634 785 809 834 839 465 726 609 779 715 735

15 + 5 setting aero cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv mAP
ILOD [38] 70.5 79.2 68.8 59.1 532 754 79.4 78.8 46.6 59.4 59.0 758 718 786 69.6 [33.7 615 63.1 71.7 622 65.8
Faster ILOD [53 66.5 78.1 71.8 54.6 61.4 684 82.6 82.7 52.1 743 63.1 786 80.5 784 804 367 61.7 593 679 59.1 679
ORE [19 754 81.0 67.1 51.9 557 772 85.6 81.7 46.1 762 554 76.7 862 785 82.1 328 63.6 547 777 64.6 68.5
Meta-ILOD [20] 784 79.7 669 54.8 562 71.7 84.6 79.1 47.7 750 61.8 747 816 715 802  37.8 58.0 546 73.0 56.1 67.8
ROSETTA [69] 76.5 77.5 65.1 56.0 60.0 78.3 855 78.7 49.5 682 674 712 839 757 820 43.0 60.6 641 728 674 69.2
OW-DETR [14 77.1 765 69.2 51.3 613 79.8 842 81.0 49.7 79.6 58.1 79.0 83.1 67.8 854 332 651 620 739 65.0 69.4
PROB [75 779 77.0 77.5 56.7 639 750 855 82.3 50.0 78.5 63.1 75.8 80.0 783 77.2 | 384 69.8 57.1 73.7 649 70.1
CAT [42] 753 81.0 84.4 645 56.6 744 84.1 86.6 53.0 70.1 724 834 855 816 810 320 58.6 60.7 816 635 722

OrthogonalDet [39]' 81.8 79.3 71.0 71.0 58.8 62.1 82.6 89.7 79.8 47.0 80.5 61.1 79.9 802 81.6 442 655 715 756 742 726
CROWD (ours) 82.8 80.6 72.5 59.6 61.3 83.1 89.3 83 492 86.1 622 837 8 803 828 461 80 637 795 75.6 744

19 + 1 setting aero cycle bird boat bottle bus car cat chair cow table dog horse bike person plant sheep sofa train tv mAP
ILOD (58] 69.4 793 69.5 574 454 784 79.1 80.5 45.7 763 64.8 772 80.8 77.5 70.1 423 675 644 767 62.7 682
Faster ILOD [53 64.2 747 73.2 555 537 70.8 829 82.6 51.6 79.7 58.7 78.8 818 753 774 43.1 738 61.7 69.8 61.1 68.5
ORE [19 673 768 60 484 588 81.1 86.5 758 41.5 79.6 54.6 72.8 859 81.7 824 448 758 682 757 60.1 68.8
Meta-ILOD [20 782 775 694 55.0 56.0 78.4 842 79.2 46.6 79.0 63.2 785 827 79.1 799 441 732 663 764 57.6 70.2
ROSETTA [69] 753 779 653 562 553 79.6 84.6 729 49.2 737 683 71.0 789 777 80.7 440 69.6 685 76.1 683 69.6
OW-DETR [14] 70.5 77.2 73.8 540 55.6 79.0 80.8 80.6 43.2 80.4 53.5 77.5 89.5 82.0 747 433 719 66.6 79.4 62.0 70.2
PROB [75] 80.3 789 77.6 59.7 63.7 752 86.0 839 53.7 828 66.5 82.7 80.6 83.8 779 489 745 699 77.6 485 72.6
CAT [42] 86.0 85.8 78.8 653 61.3 714 84.8 84.8 529 784 71.6 82.7 83.8 81.2 80.7 43.7 759 585 852 61.1 73.8

OrthogonalDet [59]' 81.8 82.6 77.0 563 66.0 74.4 88.5 78.7 51.2 84.3 63.1 844 81.3 788 809 468 77.9 68.6 74.1 745 73.6
CROWD (ours) 81.7 80.3 774 572 668 80.7 87.1 67.9 494 873 65.6 842 854 799 81.6 48,6 77.0 69.0 822 [753 74.2

Following Schur’s complement .ye.t aga}in which states that s 4B \.s A4 = S — si Bsgls A,B>
where s4_p refers to the cross-similarities between sets A and B while s4 and sp represent the
corresponding self-similarities and substitute this definition into the aforementioned equation as -

Ct
cross  __ —-1.T
Lérowp = E log det(st — SKIUtSyt SK:_’Ut) (18)
=1

Normalizing this term with the size of the ground set | 7| and introducing the hyper-parameter v which
trades-off between inter-cluster separation and intra-cluster compactness, we derive the function for

Cross
Legown as -
Ct
[cross - _ 1 d 2 —-1.T ]9)
CROWD — 7|7-‘ 0og et(SK; -V 3K§,U‘5Ut5Kf,Ut) (
i=1

Similar to previously derived objectives, we do not provide proofs for Lé;lécWD since this function
largely resembles the total information formulation in Majee et al. [46]]. O

A.4 Additional Experimental Details

In this section we provide additional experimental details for training our CROWD approach on
M-OWOD, S-OWOD and IOD benchmarks discussed in Section 4 of the main paper.

M-OWOD and S-OWOD benchmarks - M-OWOD and S-OWOD benchmarks are created from
MS-COCO [38]] and split into 4 tasks T3, where ¢ € [1,4] detailed in the "Datasets" section in
Section4} For each task, the model in provided labeled examples from 7} alone while at inference
the model is expected to identify objects in tasks leading up to T3, s.t ¢ € [1,t]. We split the training

'This is a reproduction of the results from OrthogonalDet from their public repo.
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Table 10: Ablation Experiments on the variation in k in CROWD-D. Given the Graph-Cut based
selection strategy in Algorithm [Ijof CROWD-D and the CROWD-FL based learning objective in
CROWD-L we vary k in [0, 100] and adopt the best performing budget for our pipeline.

Method Budget Task 1 Task 2 Task 3 Task 4
k U-Recall mAP | U-Recall mAP | U-Recall mAP | mAP
OrthogonalDet [59] ‘ - ‘ 24.6 61.3 ‘ 26.3 47.0 ‘ 29.1 41.3 ‘ 37.9
5 51.2 61.0 49.1 45.9 62.7 40.3 37.4
10 57.9 61.7 53.6 47.8 69.6 42.4 38.5
CROWD (ours) 30 584 617 | 535 480 | 701 424 | 385
100 57.5 59.3 53.7 443 70.9 38.8 32.0

into two splits. In the first stage the model is exposed only to the currently known classes K and the
learnt model 1! biases on labeled examples in K. At the end of the first stage CROWD-D kicks in
and selects representative unknowns as described in Section Lets call in U?. Next, we store a
replay buffer of the currently known objects K¢, s.t. K* C K*. Following this, we combine K*, K*
and a replay buffer from the previous task Kt lintoa single dataset to finetune h* using CROWD-L.
As detailed in Section[3.3.2]this ensures known vs. unknown separation wile retaining discriminative
features from known classes.

I0OD benchmarks - In contrast to OWOD, IOD does not encounter unknowns during model training
but experiences heavy catastrophic forgetting on previously known classes K*~!. Following recent
benchmarks like Sun et al. [59]], Zohar et al. [75]], Joseph et al. [19] we evaluate the IOD performance
of CROWD on PASCAL-VOC benchmark on three settings produced by varying the number of
newly added classes - 10 + 10, 15 + 5, 19 + 1 as shown in TableE} In the absence of unknowns
we do not apply CROWD-D and only rely on CROWD-L applied to the finetuning stage of IOD.
Following latest works we adopt a replay based learning technique whichh stores a small subset of
the previously known objects K*1in a buffer. K'~! combined with the newly introduced classes
K' is used to finetune h'. This also requires us to slightly modify the formulation of L&gse as
detailed in Section For each setting h! is trained on a batch size of 12 for 3000 iterations using
an AdamW optimizer, a base learning rate to 2.5 x 10~° and weight decay of 1 x 1074,

A.4.1 Ablation on Selection Budget k

As detailed in Section [3.3.1] the parameter k dictates how many candidate unknown Rols CROWD-D
selects per image. We conduct an ablation over several plausible settings of k within the interval
[0, 100], and present the outcome in Table Fo this experiment we keep the choice of submodular
function f in CROWD-D as Graph-Cut and Facility-Location (CROWD-FL) for CROWD-L following
the results of the ablation experiments in Table [5|in the main paper. Notably, raising k from 0 (i.e.,
OrthogonalDet) to 10 yields a marked uplift in the model’s unknown-recall (U-Recall), yet further
increases beyond k = 20 confer no additional gains. This initial boost in U-Recall stems from the
integration of truly informative Rols into the training loop. However, when k reaches its upper bound
of 100, the mean average precision (mAP) on known classes experiences a slight decline relative to
existing baselines—a consequence of inadvertently incorporating spurious background proposals.

A.4.2 Results on Synthetic Datasets - CROWD-D

In addition to the illustrations provided in Figure 3| we contrast the selection performance of CROWD-
D by varying the underlying submodular function f between Grap-Cut (GC), Facility-Location (FL)
and Log-Determinant (LogDet) on synthetic datasets as shown in Figure[6] The use of synthetic
datasets provide us with complete control over the embedding space allowing us to pathologically
inject imbalance, inter-cluster separation etc. in a compute efficient fashion. Particularly in our
experiments we use a two-cluster imbalanced setup mimicking the Rol embedding space in Faster-
RCNN [56] model. Similar to Sun et al. [59] the number of known class and unknown class feature
vectors are severely imbalanced with total number of Rols R = 500 and the number of knowns
|K*| = 10. R and K" are sampled from a normal distribution with fixed variance values. The LogDet
based selection strategy enforces the notion of diversity in the selection mechanism which does not
select representative unknowns negatively impacting OWOD performance as shown in Table[5] The
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Figure 6: CROWD-D results on synthetic dataset contrasted against instances of popular sub-
modular functions - Graph-Cut, Facility-Location and Log-Determinant. Graph-Cut based selection
strategy models both representation and diversity resulting in the best possible choice of unknown
instances in U*.

FL based selection strategy models representation as shown in Figure[6]alone during selection resulting
in erroneous selection of background instances negatively affecting OWOD performance. Lastly,
GC based selection strategy shown in Figure @models notions of both diversity and representation
selecting diverse backgrounds B! farthest to K as well as representative unknowns U?. This results
in GC based selection strategy to produce the best overall results as shown in Table 2]

29



	Introduction
	Related Work
	Method
	Problem Definition: OWOD
	Preliminaries: Submodularity
	The CROWD Framework
	CROWD-Discover
	CROWD-Learn


	Experiments
	Results on Benchmark OWOD and IOD tasks
	Ablations

	Conclusion, Limitations and Future Work
	Appendix
	Notation
	Additional Related Work
	Derivations of Instances of LCROWD
	Derivation of CROWD-FL
	Derivation of CROWD-GC
	Derivation of CROWD-LogDet

	Additional Experimental Details
	Ablation on Selection Budget k
	Results on Synthetic Datasets - CROWD-D



