CoOVD: Continual Open-Vocabulary Object Detection
with Novel Concept Injection
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Abstract

Open-vocabulary object detection (OVD) has made significant progress, enabling
detectors to generalize from seen to unseen categories. However, real-world
category spaces continually evolve, and existing OVD models still struggle with
newly emerging concepts, while repeated full retraining is prohibitively expensive.
To this end, we introduce a new task setting, termed Continual OVD with Novel
Concept Injection (CoOVD), where models sequentially learn incoming novel
concept groups while preserving prior concepts and original open-vocabulary
knowledge, along with a new benchmark, Novel-114. Our key observation is
that pretrained visual encoders often already perceive and represent many novel
concepts, and the main bottleneck lies in the lack of stable semantic alignment
between visual representations and textual concepts. Based on this, we propose
NolnDet, an efficient continual injection framework without additional parameters.
NolnDet freezes the visual encoder, preserves the text representation space using
only texts of common concepts and previously injected concepts, and injects novel
concepts by updating only a small subset of text-branch parameters beneficial to
novel concept learning. Extensive experiments show that NoInDet effectively learns
novel concepts, preserves old knowledge, and consistently outperforms existing
continual learning methods for VLMs without introducing additional parameters.
Novel-114 and NoInDet are available on Hugging Face.

1 Introduction

In recent years, open-vocabulary object detection (OVD) has extended object detection beyond fixed
category sets by leveraging the textual semantic space learned from large-scale vision-language
pre-training and the ability to recombine known semantic concepts. However, real-world category
spaces evolve continuously. New concepts emerge across scenarios, domains, and tasks, including
long-tail categories with scarce data, specialized terms, and domain-specific objects. While existing
OVD methods can generalize to conventional unseen categories inferred from known semantics, they
still struggle to establish reliable vision-language alignment for genuinely novel concepts, leading to
degraded detection performance. When novel concepts emerge continually, full retraining can absorb
new knowledge and preserve existing capabilities, but requires large-scale historical image-text data
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and prohibitive training costs, which further grow as concepts accumulate. Therefore, enabling
open-vocabulary detectors to continually learn novel concepts without repeated full retraining, while
preserving both learned concepts and original open-vocabulary knowledge, becomes an important
and practical problem.

Based on the above observations, we introduce
a new task, Continual Open-Vocabulary Ob-
ject Detection with Novel Concept Injection
(CoOVD), which aims to enable open-vocabulary
detectors to continually absorb novel concepts
after deployment in a parameter-efficient and pro-
gressive manner, without repeated full retraining.
In this setting, the model sequentially learns in-
coming groups of novel concepts and is evalu-
ated at each stage on current concept acquisition,
previously injected concept retention, and preser-
vation of original open-vocabulary knowledge.
Unlike ZiRa [1], which focuses on incremental
adaptation to different downstream tasks while
preserving zero-shot generalization, CoOVD em-
phasizes concept-level continual learning, aiming
to inject novel concepts while retaining both previously injected concepts and the original open-
vocabulary knowledge. Moreover, existing continual learning benchmarks for VLM-based object
detection are insufficient for evaluating genuine novel concept injection. For example, ODinW-
13 [2], used in ZiRa [ 1], mainly introduces common categories already likely covered by large-scale
vision-language pre-training. As a result, gains on such benchmarks may reflect better use of ex-
isting semantic priors rather than true acquisition of novel concepts. To address this, we construct
Novel-114, a benchmark with 114 more challenging novel concepts organized into 7 scenario-based
continual injection groups, enabling systematic evaluation of both novel concept acquisition and
retention of previously injected concepts.

Figure 1: Visualization of features from the pretrained
visual backbone. Backbone outputs are projected to
RGB space using PCA. Although these concepts are
poorly recognized by the initial detector, the backbone
highlights object regions and produces coherent re-
sponses within semantic areas.

Although continual learning for VLMs has been studied, existing methods still have clear limitations.
1) Prompt-based methods [3] often store novel knowledge in external prompts rather than truly
teaching the model novel concepts, and require these prompts to be preserved and managed as
concepts accumulate. 2) Adapter-based methods [4, 5] and mixture-of-experts methods [6] improve
adaptation, but introduce extra parameters and continuously enlarge the model. 3) Parameter-efficient
fine-tuning [7] and reparameterization [|] may also disrupt the original semantic space during novel
concept injection, leading to unstable old knowledge representations. Existing methods rely on
external modules or parameter adaptation for short-term adjustment, rather than truly and
stably internalizing novel concepts into the model, making it difficult to balance novel concept
learning and old knowledge retention.

Setonix brachyurus

More importantly, as shown in Fig. 1, pretrained
visual encoders exhibit strong perception and
representation ability for many novel concepts.

Since novel objects are often composed of famil-
iar visual primitives, such as colors, materials,
textures, shapes, and local structures, the encoder
can map them into a reasonable visual represen-
tation space even if they are not explicitly seen
during training, as illustrated in Fig. 2. There-
fore, the key limitation is not the lack of visual
perception of novel objects, but the absence of
stable and accurate semantic alignment between
their visual representations and corresponding
textual concepts. In other words, the model can
‘see’ novel objects but has not learned their
‘names’ in human semantics. This observation
further suggests that the key to continual novel
concept injection is not to reshape visual repre-
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Figure 2: Illustration of the multi-modal representation
space. After large-scale pre-training, the visual encoder
of a VLM can represent visual cues such as color, mate-
rial, texture, shape, and local structure, and map novel
concepts to reasonable positions in the multi-modal
space based on their correlations. For example, Setonix
brachyurus shares similar fur color, texture, and over-
all appearance with a kangaroo, while its frontal local
shape is closer to that of a mouse; therefore, its visual
representation is closer to those of kangaroos and mice.

Textual representation of the
novel concepts to be injected



sentations [4] or jointly update both vision and language branches [1, 6, 8, 7], as in existing VLMs
continual learning methods. Instead, it should establish semantic bindings between novel concepts
and their corresponding visual representations from the textual side, while keeping the visual space as
stable as possible. This preserves the general perception and representation ability acquired through
large-scale pre-training, avoids unnecessary perturbation to complex visual patterns, and improves
the stability and interpretability of novel concept learning.

Motivated by the above, we propose NolnDet, an efficient continual novel concept injection frame-
work for OVD. NoInDet introduces no extra parameters and freezes the visual encoder, injecting
novel concepts by only fine-tuning key parameters in the text branch, while using textual constraints
from common concepts and previously injected concepts to maintain a stable representation space.
Specifically, NoInDet first learns current novel concepts through contrastive learning on their cor-
responding region-text pairs, providing basic absorption and alignment of new knowledge. On
this basis, to preserve the stability of the textual representation space, we design Representation
Space Stability Distillation (RSSD), which uses the frozen textual branch from the preceding task
and performs both absolute semantic distillation and relative relational distillation on randomly
sampled common concepts and stored previously injected concepts. Since text is easy to obtain
and store, this strategy provides continual old-knowledge regularization at low cost. Meanwhile,
to mitigate the conflict between novel concept learning and old knowledge retention, we introduce
Knowledge-aware Parameter Decoupling (KPD), which suppresses excessive drift of parameters
sensitive to old knowledge and concentrates updates on parameters more beneficial to novel concept
learning. Unlike existing continual learning methods for VLMs that rely on historical image-text
data, separate modules, external prompts, or parameter adapters to carry new knowledge, NoInDet
emphasizes stably injecting novel concepts into the existing semantic space without expanding the
model architecture.

Our contributions are summarized as follows:

* We introduce CoOVD, a continual novel concept injection task for OVD, and construct
Novel-114 to evaluate concept acquisition and retention of previously injected concepts.

* We propose NolnDet, an efficient continual injection framework without additional parame-
ters. By freezing the visual encoder, updating only key textual parameters, and using RSSD
and KPD to preserve textual representation stability and mitigate novel-old knowledge
conflicts, NoInDet enables injection of novel concepts into the existing semantic space.

* Experiments on Novel-114 and MS COCO show that NoInDet effectively improves novel
concept learning and outperforms existing continual learning methods for VLMs in retaining
both previously injected concepts and original open-vocabulary knowledge.

2 Related Works

Open-vocabulary object detection (OVD). OVD [9] extends detection to categories lacking
bounding-box supervision during detector training, leveraging semantic representations from VLMs
such as CLIP [10] and ALIGN [11]. ViLD [12], OADP [13], and DK-DETR [14] transfer VLM
knowledge through distillation. Detic [15] and OCO [16] exploit image-level supervision and object
mining, while SAS-Det [17], DST-Det [18], and OV-DQUO [19] use pseudo labels or unknown-
object supervision. ProxyDet [20] synthesizes proxy novel classes through classwise mixup, whereas
DetPro [21], LBP [22], and CORA [23] explore prompt learning and region adaptation. F-VLM [24]
exploits frozen VLM features, while CLIPSelf [25] and DeCLIP [26] enhance dense representations
for region recognition. Further developments include region-aware pretraining in RO-ViT [27] and
text-conditioned detection in GLIP [28], GroundingDINO [29], LLMDet [30], YOLO-World [31],
and YOLOE [32]. CLIFF [33] models diffusion-based transfer among object, image, and text latent
spaces; its notion of “continual” concerns latent-space transfer rather than sequential task learning.
We study continual concept injection into LLMDet while preserving its original OVD capability.

Continual learning for VLMs. Continual adaptation of VLMs requires retaining learned task
knowledge and pretrained zero-shot capabilities. ZSCL [34] combines reference-data distillation with
weight averaging. DIKI [3] integrates residual knowledge into a frozen backbone with distribution-
aware calibration. LADA [5] learns label-specific memory units after a frozen image encoder, while
MoE-Adapters [0] combines expert adapters with distribution-based selection between adapted
and original predictions. C-CLIP [8] combines LoRA with contrastive knowledge consolidation,



whereas KeepLLoRA [7] restricts updates through residual gradient adaptation. NoInDet addresses
this balance in OVD by updating a fixed subset of shared textual parameters while freezing the visual
encoder. It couples textual representation preservation with parameter-update control, without task-
or class-specific adaptation modules at inference.

Continual object detection and knowledge preservation. Incremental object detection learns
categories sequentially while retaining previously learned ones. CL-DETR [35] combines detector
distillation with distribution-preserving exemplar replay, while RICO [36] studies domain shifts
with fixed classes and joint class—domain increments. SGVF [4] uses parameter fusion for class-
incremental adaptation, ZiRa [ 1] employs reparameterizable branches, and DitHub [37] maintains
class-specific LoORA modules selected and merged according to textual queries. ZiRa and DitHub
address incremental vision-language object detection (IVLOD), considering downstream adaptation
and zero-shot preservation. Within this broader line, CoOVD focuses on injecting disjoint concept
groups poorly recognized by the initial detector, tracking current-concept acquisition, historical-
concept retention, and original OVD preservation. Novel-114 emphasizes concept acquisition while
reducing confounding effects from extreme imaging conditions. Our protocol permits historical
concept texts but excludes historical image replay, and NoIlnDet adapts shared textual parameters
without an expanding expert library. Its preservation mechanisms build on classical continual learning
principles but differ in their signals and constraints. LWF [38] preserves old-task outputs on current-
task images; RSSD instead uses common-concept and historical-concept texts to align individual
representations and pairwise semantic relations at the text-encoder and projector levels. EWC [39]
uses past-task Fisher information to impose soft quadratic parameter penalties; KPD instead derives
sensitivity from probe gradients of RSSD’s absolute semantic distillation terms and directly masks
parameter-element training gradients. RSSD and KPD share a textual preservation signal, coupling
representation stability with sensitivity-guided update control for continual concept injection.

3 Novel-114: A Benchmark for CoOVD

Motivation. Existing continual learning benchmarks for detection VLMs are insufficient for evaluat-
ing continual novel concept injection in OVD. For example, ODinW-13 [2], used in ZiRa [1], mainly
introduces common concepts covered by large-scale vision-language pre-training, and contains clear
domain shifts such as infrared, grayscale, and underwater imagery. This matches ZiRa’s focus on
gradual adaptation to specialized scenarios, tasks, or domains. Therefore, gains on such benchmarks
may reflect better use of existing semantic priors or domain adaptation, rather than genuine novel
concept learning. Similarly, although LVIS [40] contains rare categories, their number is limited, and
many are supplementary annotations built on COCO, often involving small objects, severe occlusion,
and sparse instances. Thus, their difficulty may arise more from perceptual challenges than from
concept learning. To this end, we construct Novel-114, a new benchmark for CoOVD. Unlike existing
benchmarks, Novel-114 focuses on concepts insufficiently covered by vision-language pre-training
corpora and common detection benchmarks, enabling stricter evaluation of whether models acquire
new conceptual knowledge rather than transfer from existing semantic priors.

Design principles. In constructing Novel-114, we follow five principles: @ Novelty: Concepts
are not well covered by common detection benchmarks or large-scale pre-training corpora. @
Learnability: Extreme small objects, severe occlusion, and harsh imaging conditions are minimized
to focus evaluation on concept learning. @ Continuity: Concepts support multi-stage incremental
injection to evaluate both knowledge acquisition and retention. @ Diversity: Groups show large
scenario gaps and varied concept numbers, enabling evaluation under diverse learning scenarios.
® Annotation reliability: Instances are carefully annotated and manually verified to ensure clear
definitions, accurate boxes, and consistent train/test labels. Based on these principles, we collect
images from multiple domains and use CLIP [10] and LLMDet [30] to screen candidate categories,
filtering out concepts already well covered by existing VLMs and OVD models. We construct
Novel-114 with 114 categories, organized into 7 continual learning groups by scenario and semantic
relevance, each corresponding to one learning stage. The group names indicate the number of
concepts, e.g., Animals-25 and Clothing-6 contain 25 animal and 6 clothing concepts, respectively.
We adopt a fixed heterogeneous injection order: Animals-25, Clothing-6, Cold Weapons-4, Food-28,
Instruments-8, Plants-25, and Vessels-18. This order is not based on category number, visual difficulty,
or semantic similarity, but alternates across natural objects, man-made objects, specialized concepts,
and daily-life concepts, with group sizes ranging from 4 to 28. This design simulates realistic



scenarios where novel concepts arrive from diverse domains and batch sizes, enabling evaluation
under non-curriculum, cross-scenario, and non-uniform continual learning settings.

Statistics. As shown in Table 1, Novel-114 con- Table 1: Statistics of each task in the Novel-114.
tgins 114 Il.()VCI CODCEptS Orgal}ized .iII.tO 7 an' Task # Concepts Subset # Images # Objects
tinual learning tasks. Each task is splitinto train- —, . 25 train 1049 1334
ing and test sets, yielding 4,424 training images et 1057 1360

h . . . train 184 211
with 9,293 annotations and 4,467 test images  Clothing-6 6 test 187 231
with 9,495 aqnotatlons in total'. The tasks vary 4 Weapons-4 4 ttral? g? 52
substantially in concept count, image scale, and tr:n 307 2003
object instances, forming a continual benchmark ~ Food-28 28 test 1420 3188
\ylth a clearly non-umfprm task.dlstrlbutlon. Un- | cruments-s g ttral? }23 gg
like conventional static detection benchmarks, s :

. . . lants-25 25 train 873 3456

Novel-114 is naturally organized for continual Plants- test 882 3370
learning: the model learns novel concepts task  ~y (i 15 18 train ggz ;g;
by task, and is evaluated at each stage on both u:in i 9393
current concept acquisition and retention of pre-  All Categories 114 test 4467 9405

viously injected concepts. Therefore, Novel-114 provides a more targeted and challenging benchmark
for continual novel concept injection, enabling comprehensive evaluation of the balance between
novel concept learning and old knowledge retention. More details of Novel-114 are in Appendix B.

4 The Proposed Baseline Method

4.1 Problem Formulation

We first formalize the proposed CoOVD problem. At initialization, we are given an open-vocabulary
detector fy,. During continual learning, the model sequentially learns a series of novel concept
sets, denoted by {C*}7_,, where T is the total number of continual learning tasks, C* denotes the
set of novel concepts introduced at task ¢, and C* N C7 = @ forany i # j. For each task ¢t € {1,...,T7},
the correspondmg training set is defined as D' = {(1¢, L!)}*,, where N is the number of training
images in task ¢, It denotes the -th input image, and L¢ denotes its detection annotations. Specifically,
Lt ={(bl,,ct )}~y where K; is the number of annotated objects inI¢, b!, denotes the bounding
box of the &-th object, and c! , denotes its concept label, with ¢! , € C*. ‘At each task, the model can
access only the current-task data D, while image data from all previous tasks are unavailable.

During evaluation, the updated detector fy, is required to detect objects from three sets: the current
novel concepts C*, the previously learned concepts cPs* = Ji_} c*, and the original open-vocabulary
concept set c°v4, where chis:* denotes all novel categories introduced before task ¢, and c°v¢ denotes
the concepts space supported by the initial detector. Therefore, CoOVD requires the model to
continually incorporate novel concepts while preserving detection performance on both previously
learned concepts and the original open-vocabulary categories.

4.2 Overview of the Method

Our goal is to continually inject novel concepts into an open-vocabulary detector LLMDet in a
parameter-efficient and stable manner. As shown in Fig. 3, NoInDet freezes the visual encoder of a
pre-trained open-vocabulary detector and updates only a small subset of key textual parameters. For
each task, it learns current concepts via contrastive learning on region-text pairs, while using sampled
common concepts and stored historical concept texts as lightweight old-knowledge supervision. We
introduce Representation Space Stability Distillation (RSSD) to preserve semantic consistency and
structural stability in the textual embedding space, and Knowledge-aware Parameter Decoupling
(KPD) to suppress drift in old-knowledge-sensitive parameters. Thus, NoInDet enables continual
novel concept injection without additional parameters or historical image replay.

4.3 Representation Space Stability Distillation (RSSD)

In continual novel concept learning, new-task training can shift the textual representation space,
causing old concept forgetting and weakening the open-vocabulary foundation. To address this, we
propose RSSD, which preserves textual-space stability via lightweight stored textual knowledge
distillation without historical images.
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Figure 3: Overview of NolnDet. Built on LLMDet, NoInDet freezes the visual encoder and updates only a
small subset of textual parameters for continual novel concept injection. At each task, it learns current concepts
via region-text contrastive learning, while randomly sampled common concepts and stored historical concepts
provide textual knowledge for stability regularization. Representation Space Stability Distillation (RSSD)
stabilizes representations, and Knowledge-aware Parameter Decoupling (KPD) guides parameter selection,
enabling continual concept learning without extra parameters or historical image replay.

Lightweight textual old knowledge. At task t, we construct an old-knowledge concept set Ct|, =

Clom U CL,., where C!,,, denotes a randomly sampled set of common concepts, and ¢}, = Ji_} c*
denotes the set of all concepts learned before task ¢. Here, C* is the set of novel concepts introduced
at task k. We further denote the current novel concept set by ¢!, = ct. Accordingly, the student
text branch receives ¢t = Ct,, uCt_ ., while the teacher text branch only takes the old-knowledge

texts: Cf,, = C%,. Since common concepts are easy to obtain and historical concept are cheap to store,
this design provides effective old-knowledge supervision without any historical image replay.

Teacher-student textual representations. We use the text branch (frozen) from the previous task as
the teacher and the current text branch (trainable) as the student. Let Fiea(-) and Piea(-) denote the
teacher textual encoder and projector, respectively, and let Eg(+) and Psy (-) denote the corresponding
student modules. For the teacher and student branches, old-knowledge texts are encoded as

E)ttea = Etea(céld)v Pzea = Ptea(Ett:ca)z Eztu,old = EStU(Cct)ld)7 P;tu,old = PStu(Egtu,old)v 1

where Ef,, and E!,__, denote the teacher and student encoder-level text embeddings, respectively,
and P!

tea and P!, denote their projected embeddings for old-knowledge concepts.

Dual distillation for representation space stability. RSSD preserves textual representation stability
by imposing two complementary constraints on old-knowledge texts: absolute semantic distillation
and relative relation distillation. The absolute semantic distillation aligns student and teacher
representations of the same old concepts at both encoder and projector levels:

abs abs

L:E’t =1- COS(Eztu,ohh Egea) ’ ‘CP’t =1- COS(Pz,tu,Old7 P%ea) ) 2

where Cos(-, -) denotes average cosine similarity between corresponding student and teacher features.

To preserve old textual-space structure, we impose relative relation distillation. For a feature set

>

N
X = [x1,X2,...,xn] T, its pairwise semantic relation matrix is defined as R(X) = [m]
T =1

where N is the number of concept embeddings in X, and 7, j index corresponding embeddings.

Accordingly, the teacher and student relation matrices are computed as

E{’tEcye;5 = R(Egea)’ Rg;lt = R’(Eétu,old)v RP’t = R(Péea)v R'P‘t = R’(Pétu,old)‘ ©)

tea stu

Then, the relation distillation losses are defined as

rel stu’ ~“tea stu’ - Vtea

rEt — SmoothLl(RE’t RE’t> , Lfe’lt = SmoothLl(R{D’t RP’t> . 4)
Combining the above terms, the overall RSSD loss is written as £h oo, = £5¢ + £5t 4 BF 4 £

Joint optimization with current-task learning. At task t, the visual branch only receives images
of current novel concepts, denoted as Z*, while the student text branch contains both old and new



concept texts. Thus, the student old-knowledge text embeddings are not only regularized by RSSD,
but also serve as negatives in current cross-modal contrastive learning with image features from Z¢.
Let £f., and £Z,, denote the detection loss and cross-modal contrastive loss at task ¢, respectively.

The overall objective is £, = Ll + LL,, + Lhssp- In this way, RSSD preserves both individual

old-concept semantics and textual-space structure, while anchoring newly learned concepts in a stable
semantic space without storing historical images.

4.4 Knowledge-aware Parameter Decoupling (KPD)

Although RSSD preserves old knowledge at the representation level, overly strong constraints may
hinder novel concept injection. We argue that not all trainable parameters should equally serve
old-knowledge retention. To balance retention and injection, we further propose KPD, which uses
old-knowledge distillation signals to identify old-knowledge-sensitive parameters, constrain their
updates, and free the remaining parameters to learn novel concepts.

Restricted trainable parameter subspace. To maintain parameter efficiency, we optimize only a small
text-side parameter subset, including the last several layers of the textual encoder and the projector,
while freezing the rest of the detector. Formally, let © be the full detector parameter set and 6y, C ©
the trainable subset for continual learning. This confines novel concept incorporation to a compact
parameter subspace, thereby reducing the risk of overwriting old knowledge.

Old-knowledge-sensitive probe gradients. At task t, we use the preserved old-knowledge concept
set C!,, to estimate the sensitivity of trainable parameters to old knowledge via a lightweight probe
loss defined only on old-knowledge texts. Using the same teacher-student textual representations
as in RSSD, we define £, = = Bt 4 £l this probe loss is used only to estimate parameter

sensitivity to old knowledge, rather than serving as the final training objective. For each trainable

parameter element 6; € Oy, we compute its probe gradient as g*°"°

k3

ALY obe d th itud
= —Zp, > an the magnitude
‘ ¢Pr°"¢| indicates how sensitive ¢; is to the preserved old knowledge: a larger magnitude suggests that

changing this element is more likely to disturb previously acquired semantics.

Element-wise gradient masking. Based on the probe gradients, we construct an element-wise gradient
mask to suppress updates on old-knowledge-sensitive parameters. Specifically, we collect the absolute
probe gradients of all trainable parameter elements in @, and compute a quantile threshold

“-a(f

where @, (-) denotes the r-th quantile operator, and r € (0, 1] controls the proportion of retained
trainable parameter elements. We then define the binary mask for each trainable parameter element as
mt = 1( gfmbe < Tt>, where 1(-) is the indicator function. Thus, parameter elements with relatively
small probe gradients are retained for updating, while those with large probe gradients are suppressed.
Let g{**" denote the training-loss gradient w.r.t. 6;. KPD modifies it by gi*in = m! © gi*»in, where
denotes element-wise multiplication. The effective parameter update is then performed using g ain
instead of gt*#i». In this way, KPD filters out high-risk updates that are likely to harm old knowledge,
while leaving a safer parameter subspace for continual novel concept learning.

probe
9i

6i € Ou}), ®)

KPD in training. KPD does not replace the original objective, but acts as an update constraint
complementary to RSSD and current-task supervision. During back-propagation, KPD operates
on updates of O, to identify and suppress old-knowledge-sensitive parameters, releasing more
parameter space for novel concept learning. This enables better adaptation to current novel concepts
while avoiding destructive changes to existing semantic knowledge. Overall, RSSD stabilizes the
textual semantic space at the representation level, while KPD decouples retention and learning at the
parameter level, enabling more stable continual novel concept incorporation.

Implementation Details. All experiments are conducted on 8 NVIDIA 3090 GPUs with a total batch
size of 16. The model is trained for 24 epochs using AdamW with an initial learning rate of le-3
and weight decay of le-4, decayed by 0.1 at epochs 11 and 20. We randomly sample 100 common
concepts from ImageNet [41] and Objects365 [42]. The r in Eq. (5) is set to 0.5. At the beginning
of task t, the model is initialized from task t—1, the student and teacher textual branches share this
initialization, after which the teacher is frozen and the student is updated during training.



5 Experiments

5.1 Setup

CoOVD settings. We build the continual novel concept incorporation benchmark on Novel-114. As
described in Sec. 3, Novel-114 is divided into seven sequential tasks: Animals-25, Clothing-6, Cold
Weapons-4, Food-28, Instruments-8, Plants-25, and Vessels-18. Unless specified, all experiments
follow this order. The model incorporates concepts task by task. At task ¢, it can access only
current-task training images and annotations, without historical images. This setting evaluates novel
concept learning and old knowledge retention without image replay. After each task, we evaluate the
model on the current and all previous tasks to measure acquisition and retention, and on MS COCO
to examine whether original open-vocabulary generalization is preserved.

Comparison methods. Since this paper studies a new task, continual concept injection for OVD, and
introduces a new benchmark, there is no directly applicable standard baseline in existing literature.
We therefore select baselines from the perspectives of task relevance and method representative-
ness, including ZiRa [1] and SGVF [4], which are more related to detection-style VLMs, and
MoE-Adapters [6], LADA [5], C-CLIP [&], and KeepLoRA [7], which represent adapter, MoE,
reparameterization, and LoRA paradigms in continual learning for classification VLMs. For fair com-
parison, we adopt LLMDet-Tiny as the unified base model, adapt each method to the LLMDet [30]
framework while preserving its core design as much as possible, and compare them under the same
training configuration and evaluation protocol.

Evaluation protocol and metrics. To evaluate the stability—plasticity trade-off in continual novel
concept injection, we report results from three perspectives: @ Original knowledge retention, @
Novel concept acquisition, and ® Historical injected concept retention. The gray row in Table 2
reports the zero-shot performance of LLMDet before injection. Its low performance on most
Novel-114 tasks shows that these categories cannot be well detected using existing open-vocabulary
knowledge alone, validating the need for Novel-114. For original knowledge retention, we evaluate
MS COCO [43] after each stage, with red cells indicating preserved OVD capability. For novel
concept acquisition, we test the current task after training, with yellow diagonal cells showing
adaptation to novel concepts. For historical concept retention, we evaluate all previous tasks after
each subsequent stage, with white cells reporting retention performance. Finally, the blue cells
summarize the final average performance after all seven tasks, jointly reflecting acquisition, retention,
and original OVD preservation. All experiments use COCO-style detection metrics, A Psg.95 and
APsq, with each entry reported as A Psg.95/ A Psg.

5.2 Main Results

Table 2 compares our method with existing approaches on MS COCO and Novel-114 under continual
novel concept injection. Overall, our method achieves superior performance across most tasks and
protocols. Compared with prior SOTA methods such as SGVF and MoE-Adapters, our method obtains
the best final average performance (44.3%/53.5%), demonstrating strong capability in balancing
stability and plasticity during continual learning. @ Original knowledge retention. From the red-
highlighted regions, which reflect the performance on MS COCO after each stage of novel concept
injection, our method maintains significantly higher accuracy compared to other methods. This
indicates that the proposed approach effectively mitigates catastrophic forgetting and preserves the
original open-vocabulary detection (OVD) capability. @ Novel concept acquisition. From the yellow
diagonal entries, which correspond to the performance on the current task after each training stage,
our method achieves competitive or superior results across all tasks. This demonstrates that the
model retains strong plasticity and is able to rapidly adapt to newly introduced concepts without
sacrificing learning efficiency. ® Historical injected concept retention. From the off-diagonal white
regions, our method shows more stable performance on previously learned tasks compared to baseline
methods. This suggests that the proposed design enables better knowledge consolidation, reducing
the degradation of earlier learned concepts during subsequent training stages. Overall performance.
Finally, the blue-highlighted results show that our method achieves the highest average performance
among all approaches, confirming that it effectively balances preserving original knowledge, learning
new concepts, and retaining historical knowledge. In contrast, KeepLoRA and C-CLIP suffer from
severe forgetting or insufficient adaptation, while SGVF shows strong plasticity but weaker stability.
Our method achieves a better trade-off, leading to consistent improvements across evaluation metrics.



Table 2: The main results on MS COCO and Novel-114 (%).

Method Train Test MS COCO Animals-25 Clothing-6 Cold Weapons-4 Food-28 Instruments-8 Plants-25 Vessels-18 Avg.
LLMDet - 54.4/70.8 5.9/13 10.7/22.4 27.1/32.0 9.5/13.5 31.3/32.7 3.5/5.1 4.1/4.8 18.3/23.6
Animals-25 46.4/60.7 86.6/94.5 - - - - - - -
Clothing-6 43.7/57.2 85.2/93.2 43.9/49.1 - - - - - -
Cold Weapons-4 43.0/56.4 69.1/75.5 37.0/40.5 30.0/36.0 - - - - -
ZiRa Food-28 34.5/45.5 58.9/66.3 14.8/22.7 20.2/24.8 70.5/80.7 - - - -
Instruments-8 35.8/47.2 61.6/69.1 13.8/20.0 18.6/23.3 68.7/78.8 44.0/51.0 - - -
Plants-25 19.7/26.4 27.0/30.4 11.3/17.6 29.2/34.0 1.3/1.5 13.5/15.0 66.3/85.8 - -
Vessels-18 17.7/23.2 31.3/35.1 11.8/15.8 20.8/24.1 38.2/45.8 21.5/24.3 61.0/78.8 55.9/59.4 32.3/38.3
Animals-25 39.4/52.3 84.5/91.6 - - - - - - -
Clothing-6 36.4/48.7 64.9/70.7 33.5/37.4 - - - - - -
Cold Weapons-4 31.3/42.5 58.6/64.6 32.0/34.0 59.0/64.8 - - - - -
MoE-Adapters Food-28 31.3/42.5 65.4/72.3 25.7/29.0 34.7/40.4 64.8/74.2 - - - -
Instruments-8 38.1/52.0 49.5/55.1 28.0/31.2 30.6/35.4 62.5/72.0 31.1/32.2 - - -
Plants-25 33.5/45.7 56.0/63.2 27.2/33.0 20.7/23.9 48.7/57.5 12.4/17.6 42.7/55.0 - -
Vessels-18 30.7/42.0 58.4/65.1 28.8/36.8 23.2/26.8 47.1/55.4 16.2/19.8 38.5/50.0 60.3/61.3 37.9/44.7
Animals-25 35.7/47.2 87.9/95.0 - - - - - - -
Clothing-6 17.6/22.6 69.7/80.9 64.2/68.2 - - - - - -
Cold Weapons-4 20.2/26.7 63.6/71.1 39.7/44.9 75.3/81.8 - - - - -
LADA Food-28 32.4/43.8 34.8/41.1 13.8/19.3 26.1/28.7 74.3/84.9 - - - -
Instruments-8 18.1/24.4 15.4/20.6 17.9/23.5 23.9/28.1 56.5/66.7 57.9/61.9 - - -
Plants-25 23.4/31.8 20.2/25.0 5.6/10.6 20.2/25.0 27.5/35.0 34.2/38.9 70.1/89.3 - -
Vessels-18 20.8/27.9 16.0/20.5 6.0/10.6 20.6/23.6 9.3/13.1 38.4/52.6 12.3/14.1 70.9/71.9 24.3/29.3
Animals-25 48.3/64.0 64.4/71.7 - - - - - - -
Clothing-6 43.3/58.0 59.0/66.0 42.0/45.7 - - - - - -
Cold Weapons-4 45.2/61.5 27.6/32.5 30.4/32.8 51.4/60.6 - - - - -
C-CLIP Food-28 45.4/63.1 17.6/20.9 11.3/19.3 34.2/40.4 46.8/55.9 - - - -
Instruments-8 46.6/62.6 14.8/17.1 17.9/26.3 30.7/35.3 31.5/37.4 41.9/45.5 - - -
Plants-25 32.7/45.4 9.0/11.1 17.4/25.4 26.8/31.1 12.0114.7 12.5/17.5 32.6/43.0 - -
Vessels-18 32.7/45.6 4.4/59 16.3/24.2 25.7/31.6 7.1/10.0 10.8/16.5 18.6/24.3 23.7/26.3 17.4/23.1
Animals-25 26.6/35.9 83.7/92.0 - - - - - - -
Clothing-6 29.5/39.1 82.2/91.6 61.1/67.4 - - - - - -
Cold Weapons-4 26.3/35.1 78.8/88.4 39.1/45.6 73.4/79.3 - - - - -
SGVF Food-28 24.7/33.7 60.1/76.5 24.3/31.9 44.8/51.0 71.2/82.0 - - - -
Instruments-8 24.0/32.6 52.0/70.5 16.9/20.4 40.0/46.8 64.3/74.1 64.2/68.6 - - -
Plants-25 24.7/33.7 59.8/70.9 16.5/20.4 41.1/46.8 52.3/62.7 47.2/50.4 65.9/85.9 - -
Vessels-18 19.3/26.4 52.1/63.1 11.9/15.1 39.4/47.0 42.7/52.0 36.3/39.1 39.3/54.5 73.4/74.7 39.3/46.5
Animals-25 50.2/67.6 14.9/19.8 - - - - - -
Clothing-6 29.5/40.6 2.6/3.8 8.7/17.7 - - - - - -
Cold Weapons-4 34.5/47.1 5.4/7.0 9.8/22.5 26.7/32.0 - - - - -
KeepLoRa Food-28 45.1/60.3 7.1/8.8 6.7/18.1 29.6/36.8 17.3123.6 - - - -
Instruments-8 31.9/46.2 4.9/6.2 9.4/17.9 21.0125.9 6.9/10.4 23.8/26.8 - - -
Plants-25 44.7/59.9 7.019.2 13.2/29.0 26.5/32.7 9.3/14.0 26.7/30.4 5.5/8.0 - -
Vessels-18 43.8/59.7 6.1/7.6 10.1/18.8 25.2/31.0 8.4/13.3 28.2/32.1 3.7/5.2 6.8/8.9 16.5/22.1
Animals-25 49.8/65.1 87.9/95.2 - - - - - - -
Clothing-6 49.5/64.3 80.7/88.6 47.1/54.6 - - - - - -
Cold Weapons-4 49.1/63.7 81.9/89.0 40.5/53.5 71.0/79.6 - - - - -
NolInDet Food-28 47.0/62.0 73.3/81.0 24.3/32.7 55.8/62.7 72.8/82.9 - - = -
Instruments-8 47.1/61.9 75.9/83.4 14.9/25.0 51.0/61.3 68.8/78.7 62.5/67.1 - - -
Plants-25 45.7/60.2 48.7/54.5 20.6/29.6 44.7/50.1 55.3/64.8 63.3/69.5 69.6/89.1 - -
Vessels-18 41.7/54.8 50.1/57.3 18.2/26.7 31.1/38.8 43.2/54.1 35.7/39.2 63.7/83.3 70.4/73.7 44.3/53.5

Table 3: Component ablation of RSSD and KPD on MS COCO and Novel-114 (%).

Method Protocol MS COCO | Animals-25_| Clothing6 | Cold Weapons-4 | Food28 | Instruments-8 | Plants-25_| Vessels-18 Ave.
LLMDet - 54.4770.8 59713 10.7/22.4 27.1532.0 9.5/13.5 313327 35051 21748 183/23.6
() OVD retention = 39.0/54.4 382/505 45.2/60.3 439588 453/59.8 31.3/429 | 3047404 | 39.0/524
+RSSD (ii) Current-task acquisition - 87.4/94.8 45.6/56.3 73.8/81.9 72.5/82.7 62.4/66.9 69.2/88.6 | 67.3/703 | 68.3/77.4
(iii) Final performance 30.4/40.4 46.7/55.0 | 20.9/28.9 29.7/37.8 43.7/52.0 24.9/302 59.8/80.1 | 67.3/70.3 | 40.4/49.3
L RSSD +KPD | OVD retention - 29.8/65.1 19.5/64.3 29.1/63.7 47.0/62.0 47.1/61.9 457602 | 417548 | 47.1/61.7
(NolnDet) (if) Current-task acquisition - 87.9/95.2 47.1/54.6 71.0/79.6 72.8/82.9 62.5/67.1 69.6/89.1 | 70.4/73.7 | 68.8/77.5
(iii) Final performance 41.7/54.8 50.1/57.3 | 18.2/26.7 311388 43.2/54.1 35.7/39.2 63.7/833 | 704737 | 44.3/53.5

5.3 Ablation Study

Component ablation. As shown in Table 3, we conduct ablation studies on MS COCO and Novel-
114 to evaluate the contributions of RSSD and KPD in NolnDet. Since KPD relies on the stable
gradient signals induced by RSSD for parameter-level constraints, it cannot be applied independently.
We therefore adopt a progressive ablation strategy: adding RSSD first to stabilize the representation
space, and then adding KPD to further constrain parameter updates.

Effect of RSSD. Compared with LLMDet, LLMDet+RSSD improves original OVD knowledge
retention. As shown by the red-highlighted results, the model retains higher COCO performance after
continual learning, indicating that RSSD mitigates forgetting by stabilizing the textual representation
space. Meanwhile, strong current-task performance shows that RSSD does not hinder plasticity.

Effect of KPD. Adding KPD brings further gains. COCO retention improves from 39.0%/52.4% to
47.1%/61.7%, and final average performance increases from 40.4%/49.3% to 44.3%/53.5%. This
shows that KPD strengthens knowledge consolidation while preserving novel concept learning.

Overall analysis. RSSD and KPD are complementary: RSSD stabilizes the semantic representation
space, while KPD regularizes parameter updates at a finer granularity. Together, they achieve a better
stability—plasticity trade-off and superior overall performance.

Effect of fine-tuned layers in the textual encoder. We further study how the number of fine-tuned
top layers in the textual encoder affects RSSD, as shown in Table 4. We vary the number of updated



Table 4: Effect of the number of fine-tuned textual encoder layers in RSSD (%).

Method Protocol MS COCO | Animals-25_| Clothing6 | Cold Weapons-4 | Food-28 | Instruments-8 | Plants-25 | Vessels-18 Avg.
LLMDet B 5447708 59773 10.7722.4 27.1/32.0 95/13.5 313327 3505.1 4.1/48 183/23.6
NolnDet () OVD retention B 41.2/53.0 38.1/53.9 37.6/49.0 3935515 70.7/52.8 70.8/54.1 | 2037283 36.97489
(12 lnyersy | (i) Current-task acquisition - 86.9/94.6 55.6/60.1 74.8/82.4 73.4183.7 59.9/66.0 69.9/89.1 | 683/70.2 69.8/78.0
- layers (iif) Final performance 20.3/28.3 44.4/61.6 23/4.8 15.7/21.4 30.7/47.9 29.3/43.4 46.3/643 | 68.3/70.2 3220427
NotDet () OVD retention = 43.9/58.1 39.3/51.6 43.5/56.6 41.5/55.0 43.4/56.4 43.0/57.8 | 342448 41.3/54.3
(10 lnyersy | (i) Current-task acquisition - 88.8/96.0 55.4/63.0 71.1/79.8 72.2/82.4 66.2/70.4 70.4/89.6 | 67.9/70.9 70.3/78.9
4Yers) | (i) Final performance 34.2/44.8 71.1/79.9 7.9/13.0 19.4/29.4 50.7/64.0 27.9/38.1 63.1/82.0 | 67.9/70.9 42.8/52.8
NofmDet () OVD retention = 250575 36.4/48.3 38.7/51.6 2557341 312/412 30.1/535 | 29.8/39.4 34.9/465
(8‘}"' e_) (i) Current-task acquisition - 88.1/95.4 51.0/58.3 66.8/76.1 71.1/81.7 61.3/66.6 68.7/88.6 | 69.7/71.6 68.1/76.9
ayers, (iif) Final performance 29.8/39.4 61.7/72.6 14.3/19.7 27.7/39.5 48.4/58.1 32.4/39.5 56.5/74.9 | 69.7/71.6 42.6/51.9
NofmDet () OVD retention = 48.4/63.7 42.8/56.1 50.3/65.7 40.7/55.2 19.8/65.2 4057554 | 4147553 1487595
((",," e) (i) Current-task acquisition - 87.4/94.4 52.4/55.9 72.3/80.3 72.6/82.6 62.8/66.4 69.8/89.3 | 66.3/70.1 69.1/77.0
> 1ayers, (iif) Final performance 41.4/55.3 58.1/66.4 8.1/132 14.5123.8 49.4/55.9 46.9/51.5 62.0/812 | 66.3/70.1 43.3/52.2
NofmDet () OVD retention = 49.8/65.1 49.5/64.3 49.1763.7 47.0/62.0 717619 4570602 | 4177548 4717617
p o _e) (i) Current-task acquisition - 87.9/95.2 47.1/54.6 71.0/79.6 72.8/82.9 62.5/67.1 69.6/89.1 | 70.4/73.7 68.8/77.5
ayers (iif) Final performance 41.7/54.8 50.1/57.3 18.2/26.7 31.1/38.8 43.2/54.1 35.7/39.2 63.7/833 | 704737 | 443/535
NofmDet () OVD retention = 5277685 51.6/672 51.6/672 47.0/63.0 50.0/65.5 46.3/60.8 | 4047533 48.5/63.6
(2"]:‘ o ) | (i Cumenttask acquisition - 86.6/94.2 47.9/51.9 71.4/80.2 68.6/78.8 54.9/59.0 69.0/88.4 | 69.0/71.7 66.8/74.9
ayers (iif) Final performance 40.4/53.3 19.4/27.0 5.7/8.9 15.9/20.9 40.4/48.6 31.6537.2 63.0/819 | 69.071.7 35.7/43.7
Nolnbet () OVD retention = 53.7770.0 53.5/69.7 53.5/69.7 52.5/68.2 52.9/68.9 523/68.1 | 350.2/65.7 52.7/68.6
(0"];‘ c: ) (if) Current-task acquisition - 27.0/31.0 10.121.8 24.6/30.1 19.3/24.4 20.4/22.9 5315 7.418.6 16.3/20.9
L, (iif) Final performance 50.2/65.7 47182 1538 6.419.8 18.7/24.2 9.0/13.8 3.6/5.5 7.418.6 1271175

Table 5: Sensitivity analysis of the update ratio r in KPD on MS COCO and Novel-114 (%).

Method Protocol MS COCO Animals-25 Clothing-6 Cold Weapons-4 Food-28 Instruments-8 Plants-25 Vessels-18 Avg.
LLMDet | - 54.4/70.8 59713 10.7/22.4 27.1/32.0 9.5/13.5 31.3/32.7 35/5.1 4.1/48 183/23.6
Nommber | ® OVD retention = 415555 45.4/39.2 48.4763.1 39.8/53.8 44.4758.6 312/834 | 4120545 | 4175554
(7'(—0 l? (i) Current-task acquisition - 87.9/95.1 47.0/54.5 68.7/78.3 71.5/81.7 65.8/72.7 69.5/89.2 | 61.6/639 | 67.4/765
= (iif) Final performance 41.2/54.5 51.9/60.4 1.7/5.8 18.6/28.9 52.9/62.8 29.2/33.9 67.0/86.5 | 61.6/63.9 | 40.5/49.6
() OVD retention - 38.6/52.6 35.7/47.0 132/56.7 30.7/55.0 IT4554 376/51.0 | 3905525 | 39.5/529

NolnDet

(03) (ii) Current-task acquisition - 86.6/93.5 53.6/60.3 71.8/80.5 69.0/79.5 55.1/60.6 69.6/889 | 64.2/67.4 | 67.1/75.8
= (iif) Final performance 39.0/52.5 44.4/53.9 4.0/8.5 15.5/24.6 37.0/51.6 28.2/31.9 63.5/824 | 6420674 | 37.0/46.6
Nomber | OVD retention = 49.8/65.1 49.5/64.3 79.1763.7 47.0/62.0 717619 4570602 | 4175548 | 4717617
05 (if) Current-task acquisition - 87.9/95.2 47.1/54.6 71.0/79.6 72.8/82.9 62.5/67.1 69.6/89.1 | 70.4/773.7 | 68.8/775
s (iif) Final performance 41.7/54.8 50.1/573 18.2126.7 31.138.8 43.2/54.1 35.7/39.2 63.7/833 | 704/73.7 | 44.3/535
Nofnbet | OVD retention - 4827638 46.7/61.1 47.3/62.0 47.9763.7 485642 41.4/557 | 402/53.0 | 45.7/60.5
(06 (if) Current-task acquisition - 86.6/94.3 54.4/63.5 71.5/80.7 71.6/81.5 62.2/65.8 69.7/89.5 | 69.0/71.5 | 69.3/78.1
r=0.6) (iif) Final performance 40.2/53.0 48.8/56.8 5.4/10.7 10.4/17.5 49.9/59.7 34.8/39.1 65.3/844 | 69.0/71.5 | 40.5/49.1
Nofnbet | OVD retention - 47.5/62.1 41.1/54.1 46.7/60.7 48.9/64.0 48.7/63.6 4200555 | 39.9/52.9 | 45.0/59.0
(r05) (if) Current-task acquisition - 87.5/94.9 50.6/56.2 68.3/78.0 72.1/82.3 58.9/63.9 69.4/88.4 | 6241650 | 67.0/755
= (iif) Final performance 39.9/52.9 59.9/67.6 4212 21.1/29.3 39.7/49.6 24.8/28.3 66.0/85.1 | 6241650 | 39.7/48.1
Nofnbet | OVD retention = 39.0/54.4 38.2/50.5 45.2/60.3 4397588 4537598 31.3/429 | 304/404 | 39.0/524
(ro10) (if) Current-task acquisition - 87.4/94.8 45.6/56.3 73.8/81.9 72.5/82.7 62.4/66.9 69.2/88.6 | 673703 | 68.3/77.4
= (iif) Final performance 30.4/40.4 46.7/55.0 20.9/28.9 29.7/37.8 43.7/52.0 24.9/30.2 59.8/80.1 | 67.3/70.3 | 40.4/49.3

layers from O to 12 to analyze the stability—plasticity trade-off. Updating no layers best preserves
original knowledge (52.7%/68.6%) but provides limited adaptation. As more layers are fine-tuned,
novel concept acquisition improves, especially with 4—-10 updated layers, but OVD retention gradually
decreases, indicating stronger forgetting. Updating too few layers limits learning, while updating too
many layers disrupts the original semantic space. The best final performance is achieved by fine-tuning
a moderate number of layers, e.g., 4 layers, which obtains the highest average score (44.3%/53.5%).
This suggests that lower textual layers encode more general and transferable semantics and should
remain stable, whereas higher layers are more task-adaptive. Selectively updating top layers therefore
enables effective concept injection while preserving the core representation space.

Effect of update ratio in KPD. We analyze the update ratio r, which controls the proportion of
trainable parameter elements selected for updating, as shown in Table 5. Performance varies non-
monotonically with r, reflecting a stability—plasticity trade-off. While = 0.6 achieves the highest
current-task acquisition (69.3%/78.1%), r = 0.5 yields the best final performance (44.3%/53.5%)
and stronger COCO retention (47.1%/61.7%). In contrast, updating all trainable elements at 7 = 1.0
results in the lowest COCO retention (39.0%/52.4%) and a final score of 40.4%/49.3%. These results
support selective parameter updates, with = 0.5 providing the best overall balance among the tested
configurations. Additional experimental results are provided in Appendix A, and qualitative
comparisons are presented in Appendix B.4.

6 Conclusion

In this paper, we introduce CoOVD, a new task that continually injects novel concepts while preserving
previously injected concepts and original OVD knowledge. To support CoOVD, we construct Novel-
114, a benchmark with 114 novel concepts organized into seven sequential stages. We propose
NolnDet, a parameter-efficient framework that freezes the visual encoder and selectively updates
the textual branch. With Representation Space Stability Distillation (RSSD) and Knowledge-aware
Parameter Decoupling (KPD), NolnDet stabilizes the semantic space and constrains old-knowledge-
sensitive parameters. Experiments on Novel-114 and COCO show that NoInDet effectively balances
novel concept learning, historical concept retention, and original OVD knowledge preservation,
consistently outperforming existing continual learning methods.
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Appendix

A More Results

A.1 Second-round Concept Injection

To further evaluate the scalability of our method, we conduct a second round of concept injection
by initializing from the final model obtained after the first round and repeating the same training
protocol on Novel-114. As shown in Table 6, our method continues to achieve strong performance
under extended continual learning. In particular, it obtains the best final average performance of
55.1%/64.7%, clearly outperforming SGVF (49.2%/56.3%), ZiRa (44.8%/52.0%), and MoE-Adapters
(39.5%/45.3%).

Knowledge accumulation. Compared with the first round, our method improves from 44.3%/53.5%
to 55.1%/64.2% in final average performance, indicating that the model can accumulate knowledge
across multiple injection rounds rather than merely relearning or overwriting previous concepts.

Retention and stability. Despite undergoing an additional round of concept injection, our method
maintains stronger original OVD retention than competing methods. After the final second-round task,
our method still achieves 39.5%/52.5% on MS COCO, while SGVF and ZiRa drop to 16.9%/23.3%
and 15.0%/19.5%, respectively. This further confirms that RSSD and KPD effectively mitigate
catastrophic forgetting in longer continual learning processes.

Comparison with existing methods. Most baseline methods show limited robustness under repeated
knowledge injection. For example, KeepLoRA obtains only 16.1%/21.9% final average performance,
while C-CLIP reaches 27.6%/34.0%. In contrast, our method maintains both strong plasticity and
stability, leading to consistent performance improvements.

Overall analysis. These results demonstrate that our method is not only effective for single-round
continual learning, but also scalable to multi-round concept injection. This highlights its potential for
real-world scenarios where new concepts are continuously introduced over time.

A.2 Robustness to Common Concept Sampling

Since RSSD uses randomly sampled common concepts as lightweight textual old knowledge, we
further evaluate whether the performance is sensitive to the sampled common set. We randomly
construct five Common-100 sets from ImageNet and Objects365, while keeping all other settings
unchanged. As shown in Table 7, NoInDet achieves stable performance across different common
sets, with only minor variance in both COCO retention and Novel-114 performance. This indicates
that RSSD does not rely on a specific common concept set, and the sampled common texts mainly
serve as general semantic anchors for stabilizing the textual representation space.

A.3 Effect of the Adaptation Branch

To examine the choice of text-side adaptation, we compare three variants under the same Novel-114
data, training budget, and no historical image replay setting. Text Only is the default NoInDet
configuration, which updates selected text-branch parameters with RSSD and KPD. Vision Only
updates visual-side parameters with SGVF-style visual cosine regularization. Text+ Vision updates
both branches with their corresponding text-side and visual-side regularization. The comparison
therefore evaluates branch-adaptation strategies, including their regularization schemes.

For this study and the task-order study in Section A.4, OVD retention is the mean MS COCO
performance over the seven stages, current-task acquisition is the mean performance of each concept
group immediately after it is learned, and final performance is the equal-weight average over MS
COCO and the seven concept groups after the last stage.

Table 8 reveals a stability—plasticity trade-off. Vision Only and Text+Vision obtain higher current-task
acquisition than Text Only, reaching 70.6/78.7 and 72.3/79.9, respectively. However, their OVD
retention decreases to 27.4/37.6 and 25.5/34.9, compared with 47.1/61.7 for Text Only. Consequently,
Text Only achieves the highest final performance, exceeding Vision Only by 8.3/9.6 points and
Text+Vision by 4.1/4.8 points. Under the evaluated no-image-replay setting, the text-side strategy
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Table 6: Second-round concept injection on MS COCO and Novel-114 (%).

Method Train Test MS COCO Animals-25 Clothing-6 Cold Weapons-4 Food-28 Instruments-8 Plants-25 Vessels-18 Avg.
LLMDet - 54.4/70.8 59/7.3 10.7/22.4 27.1/32.0 9.5/13.5 31.3/32.7 3.5/5.1 4.1/4.8 18.3/23.6
Animals-25 18.9/24.7 87.7/95.3 16.3/24.8 22.6/27.1 2.6/4.0 18.4/21.7 47.6/62.0 37.2/40.8 31.4/37.6
Clothing-6 17.2/22.5 85.3/93.2 46.4/50.3 20.4/26.1 43.3/50.7 15.2/19.6 46.3/60.0 41.2/44.6 39.4/45.9
Cold Weapons-4 18.8/24.5 86.1/94.2 46.0/51.6 66.0/73.6 42.3/49.4 12.3/15.7 45.5/58.9 30.2/35.0 43.4/50.4
ZiRa Food-28 20.4/26.5 83.791.7 27.5/30.3 43.5/51.9 73.2/83.7 24.1/28.6 43.9/57.0 32.8/35.3 43.6/50.6
Instruments-8 21.7/28.0 84.2/92.2 21.5/24.7 43.6/51.1 71.2/81.4 48.1/53.2 45.3/59.1 33.1/35.4 46.1/53.1
Plants-25 17.3/22.6 65.8/72.5 13.7/18.7 43.5/51.0 64.7/74.3 44.9/50.5 68.7/87.9 33.8/36.1 44.1/51.7
Vessels-18 15.0/19.5 65.5/72.1 13.5/16.6 43.6/51.0 57.2/67.4 36.3/40.0 65.1/83.7 62.1/65.3 44.8/52.0
Animals-25 33.4/44.9 85.5/92.7 12.8/23.2 22.7/26.5 8.0/10.0 11.3/12.0 2.3/3.7 6.5/7.8 22.8/27.6
Clothing-6 30.3/41.0 84.5/92.1 34.2/41.2 23.1/27.0 6.2/8.3 8.3/9.6 1.8/3.0 7.509.2 24.5/28.9
Cold Weapons-4 28.4/38.4 82.0/89.9 33.3/43.5 43.6/49.6 5.2/6.9 6.3/7.8 2.1/33 8.4/9.1 26.2/31.1
MoE-Adapters Food-28 31.2/42.8 78.9/86.9 32.7/40.4 46.5/53.7 62.4/71.8 14.2/17.0 3.2/4.6 6.7/1.3 34.5/40.6
Instruments-8 32.6/44.8 80.1/88.0 33.4/40.5 42.0/49.2 60.5/69.8 23.4/25.5 3.8/5.2 6.4/7.1 35.3/41.3
Plants-25 29.0/40.1 77.9/85.7 27.0/33.9 41.9/48.4 50.8/59.8 20.1/22.6 35.6/44.9 3.4/4.2 35.7/42.5
Vessels-18 28.2/38.8 66.1/73.0 25.6/28.6 33.5/40.0 48.0/56.1 22.1/23.7 34.1/43.3 58.1/59.1 39.5/45.3
Animals-25 31.9/43.2 87.3/95.6 13.0/23.0 28.8/32.5 27.7/33.9 22.8/24.9 24.3/32.1 21.7/23.1 32.2/38.5
Clothing-6 23.2/30.7 78.3/89.0 64.0/67.9 18.7/22.2 16.9/24.3 24.1/26.8 17.3/23.1 26.7/28.1 33.7/39.0
Cold Weapons-4 22.5/30.2 72.7/81.8 38.7/44.7 75.1/82.6 15.9/20.6 11.2/15.1 16.2/21.8 18.0/19.0 33.8/39.5
LADA Food-28 27.6/37.4 61.3/70.6 19.2/24.8 41.0/47.8 74.5/85.3 28.2/31.3 6.9/9.9 6.0/6.7 33.1/39.2
Instruments-8 18.0/24.3 43.4/51.4 25.8/31.7 40.5/46.9 58.3/69.2 70.5/75.1 4.9/6.7 11.8/13.1 34.2/39.8
Plants-25 20.8/28.7 43.3/52.3 19.3/25.9 35.6/43.7 45.4/54.7 33.9/38.5 70.4/89.1 10.4/12.0 34.9/43.1
Vessels-18 17.6/23.9 35.8/41.0 14.1/17.1 26.7/28.6 20.2/26.0 21.9/24.2 49.6/66.3 75.6/76.4 32.7/37.9
Animals-25 42.7/57.2 75.2/82.6 25.8/39.0 30.6/36.2 21.8/27.1 12.4/14.2 10.2/12.9 7.8/8.7 28.3/34.7
Clothing-6 41.9/55.9 56.5/63.1 43.7/47.2 56.5/63.1 17.5/21.8 8.1/10.7 8.2/10.8 8.9/9.8 30.2/35.3
Cold Weapons-4 45.5/61.6 48.4/54.3 36.5/38.5 50.3/59.1 21.3/26.6 20.3/24.0 7.6/10.0 12.7/14.5 30.3/36.1
C-CLIP Food-28 45.6/61.0 28.0/32.2 19.6/25.8 29.5/34.4 56.0/65.4 31.1/33.3 6.7/8.9 6.4/74 27.9/33.6
Instruments-8 46.2/62.0 21.7/25.3 21.4/29.3 27.8/33.5 42.2/49.9 44.1/46.9 6.8/8.9 6.9/9.1 27.1/33.1
Plants-25 38.3/52.7 19.1/22.4 22.1/29.0 34.7/43.0 33.3/39.9 40.7/53.0 39.5/52.1 7.0/10.1 29.3/37.8
Vess 18 32.1/44.9 19.9/23.2 25.6/33.1 43.6/50.0 18.7/23.4 16.1/20.1 33.0/44.2 31.6/32.9 27.6/34.0
Animals-25 26.1/34.8 85.2/93.8 17.6/21.7 39.5/45.1 45.9/53.7 41.3/44.8 29.0/39.4 42.1/43.1 40.8/47.1
Clothing-6 24.6/32.9 83.3/92.3 67.3/72.5 38.3/44.2 41.0/48.5 46.3/50.5 28.6/39.9 32.8/34.0 45.3/51.9
Cold Weapons-4 23.6/31.7 81.9/90.4 48.6/53.4 74.1/81.4 39.6/46.1 31.8/35.1 25.5/35.4 23.2/25.8 43.5/49.9
SGVF Food-28 25.3/343 76.9/87.7 35.5/40.1 60.2/67.2 73.6/84.5 28.0/32.4 12.3/17.9 17.1/18.1 41.1/47.8
Instruments-8 21.8/29.8 71.2/82.6 34.2/37.6 50.1/57.3 71.4/81.9 63.6/69.3 12.2/17.6 15.1/16.3 42.5/49.1
Plants-25 22.5/30.7 72.5/83.3 35.1/39.1 48.8/54.6 64.2/75.2 54.1/58.5 68.4/88.3 15.8/16.7 47.7/55.8
Vessels-18 16.9/23.3 69.3/78.8 27.8/29.7 46.1/51.3 60.0/70.2 43.6/48.6 50.5/68.4 79.4/80.3 49.2/56.3
Animals-25 43.6/58.9 7.711.2 15.8/32.0 28.5/34.5 10.2/15.5 27.9/31.3 3.3/5.0 6.0/7.5 17.9/24.5
Clothing-6 40.6/56.9 6.1/7.4 14.2/24.6 27.1/34.3 9.3/14.0 24.6/29.5 3.2/4.7 4.4/5.2 16.2/22.1
Cold Weapons-4 38.5/54.1 5.8/7.1 10.2/20.6 25.9/32.4 8.7/12.8 26.5/32.2 3.0/4.3 3.9/5.0 15.3/21.1
KeepLoRa Food-28 46.0/62.0 7.3/9.1 9.4/21.2 29.1/36.4 16.0/22.2 27.7/32.1 3.6/5.3 4.5/5.6 18.0/24.2
Instruments-8 40.0/56.0 6.0/7.5 8.4/18.2 23.0/28.7 8.6/13.2 26.0/28.6 3.1/4.6 42/5.3 14.9/20.3
Plants-25 32.2/45.0 7.219.5 11.2/24.7 24.8/29.8 8.3/12.9 5.3/1.3 4.8/6.2 14.9/20.6
Vessels-18 40.8/55.9 6.1/7.6 11.9/22.8 22.5/28.6 8.2/13.3 3.6/5.2 7.9/9.7 16.1/21.9
Animals-25 46.6/62.0 88.4/95.9 22.4/29.4 36.5/44.8 41.8/49.0 20.5/28.2 35.1/37.4 40.5/47.8
Clothing-6 42.5/56.3 75.9/90.8 59.8/65.4 31.6/36.6 35.9/46.4 30.1/34.1 17.1125.9 33.5/35.8 40.8/48.9
Cold Weapons-4 45.2/59.7 76.9/91.5 55.6/63.7 74.4/82.7 44.3/54.5 31.6/34.5 19.2/28.0 37.0/39.3 48.0/56.7
NolnDet Food-28 44.8/58.7 81.7/90.4 25.3/30.7 57.2/64.1 72.6/83.0 32.8/37.5 28.9/38.8 38.3/39.6 47.7/55.4
Instruments-8 44.9/59.1 74.8/88.4 28.0/34.0 62.9/69.4 70.0/81.4 58.5/64.7 26.3/36.8 38.1/39.9 50.4/59.2
Plants-25 38.4/52.2 80.9/89.2 20.4/27.9 51.9/58.8 66.5/77.0 64.6/73.1 71.2/90.1 41.0/43.4 54.4/64.0
Vessels-18 39.5/52.5 77.0/88.0 27.9/34.5 50.8/57.1 61.5/73.6 47.4/53.6 66.2/86.0 70.1/72.1 55.1/64.7
Table 7: Robustness to common concept sampling (%).
Method |Protocol Set 1 Set2 Set 3 Set 4 Set5

(i) OVD retention 47.3/60.9 {46.8/60.6|47.1/62.0 | 46.6/60.9 |47.0/61.1
NolInDet | (ii) Current-task acquisition | 68.6/77.1 |68.7/78.1|68.3/77.6|67.9/76.969.1/77.8
(iii) Final performance 44.1/53.043.8/52.8|43.9/53.244.5/53.2 | 44.1/52.7

Table 8: Effect of the adaptation branch on MS COCO and Novel-114 (%).

Metric Text Only | Vision Only | Text+Vision
OVD retention 47.1/61.7 | 27.4/37.6 | 25.5/34.9
Current-task acquisition | 68.8/77.5 | 70.6/78.7 | 72.3/79.9
Final performance 44.3/53.5 | 36.0/43.9 | 40.2/48.7

with RSSD and KPD provides a better observed balance between current-concept acquisition and
preservation of the original OVD capability than these visual-side adaptation variants.

A.4 Sensitivity to Task Ordering

We further examine task-order sensitivity by evaluating NoInDet with the original, reverse, and
random orders of the same seven concept groups. The original order is shared by all methods in the
main experiments and was not selected based on NolnDet’s performance. We summarize the results
using the same three metrics as in the branch-adaptation study.

Table 9: Sensitivity to task ordering on MS COCO and Novel-114.

Metric Original | Reverse | Random
OVD retention 47.1/61.7145.5/59.8|47.8/62.5
Current-task acquisition | 68.8/77.5(69.1/77.6 | 67.9/75.6
Final performance 44.3/53.5|43.0/51.6|45.1/53.8

As shown in Table 9, final performance ranges from 43.0/51.6 to 45.1/53.8 across the three orders.
Relative to the original order, the reverse order reduces final performance by 1.3/1.9 points, whereas
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Table 10: Task-wise category composition of Novel-114.

Task Concepts

Animals-25 Rupicola Peruvianus, Alpheus, Okapia Johnstoni, Andrias Japonicus, Dryococelus Australis, Nipponia Nippon,
Megadyptes Antipodes, Muntiacus Muntjak, Nephrurus Amyae, Dipodidae, Pacu Fish, Penelopides Panini, Hyali-
nobatrachium Pellucidum, Varecia Variegata, Moloch Horridus Gray, Uroplatus Phantasticus, Chrysiridia Rhipheus,
Tapiridae, Odontodactylus Scyllarus, Litocranius, Lipotes, Opisthocomus Hoazin, Leontopithecus Rosalia, Cebidae,
Setonix Brachyurus

Clothing-6 CoatSkirt, RuQun, ZhuZiShenYi, QuJu, ZhiDuo, ZhiJu

Cold Weapons-4  Mao, Ge, Yue, Zu

Food-28 Stew, Dried Fish, Haupia, Three Cup Chicken, Zoni, Chip Butty, Cold Tofu, Brownie, Mung Bean Cake, Zha Jiang Mian,
Dry Curry, Mozuku, Namero, Lightly Roasted Fish, Ganmodoki, Kushikatu, Chop Suey, Goya Chanpuru, Kamameshi,
Oshiruko, Zeng Cake, Nanbanzuke, Trunip Pudding, Samul, BianZhong, Ruan, KongHou, HuLuSi

Instruments-8 BianQing, Nao, Sheng, Se, Xun, Tao, Duo, Bo

Plants-25 Abutilon Pictum, Conophytum Caculus, Dionaea Muscipula, Saussurea Involucrata, Thysanocarpus Radians, Ochna
KirkiiOliv, Conophytum Burgeri, Diplocyclos Palmatus, Ecballium Elaterium, Peristeria Elata Hook, Hedysarum,
Cookeina Speciosa, Adenium Obesum, Gentianella Hirculus, Rafflesia Arnoldi, Saussurea Gossipiphora, Davidia
Involucrata, Darlingtonia Californica, Centropogon Cornutus, Nepenthes Distillatoria, Sauropus Androgynus, Euphorbia
Obesa, Dolichandrone Stipulata, Rhodomyrtus Tomentosa, Lasiosphaera

Vessels-18 Xu, Gui, Li, Ding, Jue, Jia, Yi, Zun, Gu, Gong, You, Bu, Fu, He, Lei, Zhi, Yan, Fou

the random order increases it by 0.8/0.3 points. The reverse order yields the highest current-task
acquisition but the lowest OVD retention and final performance, indicating an order-dependent
stability—plasticity trade-off. The original order does not yield the highest final score among the
evaluated orders, suggesting that the main result is not tied to the most favorable tested sequence.

B More Details of Novel-114

B.1 Task-wise Concept Composition

Table 10 presents the task-wise concept composition of Novel-114. The seven tasks cover diverse
concept domains with clear scenario and semantic differences, including animals, clothing, cold
weapons, food, instruments, plants, and vessels. These groups span natural objects, man-made objects,
specialized concepts, and daily-life concepts, with task sizes ranging from small concept groups to
larger ones. Importantly, the task order is not organized by category number, visual difficulty, or
semantic similarity, but follows a heterogeneous cross-scenario injection sequence. This design better
reflects realistic deployment scenarios, where novel concepts may arrive from different domains and
in non-uniform batches. Therefore, Novel-114 not only supports continual concept injection, but
also provides a challenging benchmark for evaluating cross-scenario generalization, new concept
acquisition, and old knowledge retention.

B.2 Sunburst Visualization

Fig. 4 provides an intuitive visualization of the hierarchical composition and data distribution of
Novel-114. The inner ring denotes the seven continual learning tasks, and the outer ring shows their
corresponding concepts. The sector area reflects the relative data scale of each task/concept, showing
that Novel-114 contains both small and large concept groups. Together with the distinct semantic
domains, this non-uniform structure better simulates realistic continual learning scenarios, where
novel concepts arrive from different domains and with varying data scales.

B.3 Visualization Examples

We visualize Novel-114 in Fig. 5. The benchmark covers diverse novel concepts across animals,
clothing, cold weapons, food, instruments, plants, and vessels, spanning natural objects, man-made
objects, specialized concepts, and daily-life concepts.

As shown in the figure, Novel-114 exhibits rich variation in object appearance, scale, pose, and
context. Some categories require fine-grained discrimination among visually similar concepts, while
others appear in cluttered scenes, unusual viewpoints, or challenging lighting conditions. Small,
sparse, and partially occluded instances further increase the difficulty of localization and recognition.
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Figure 4: Sunburst visualization of the task-wise composition and data distribution of Novel-114. The inner ring

denotes the seven continual learning tasks, the outer ring shows their concepts, and sector areas reflect relative
data scales.

These properties make Novel-114 a challenging benchmark for continual novel concept injection:

models must acquire genuinely novel concepts, distinguish them from related known semantics, and
remain robust across diverse visual scenarios.

B.4 Qualitative Results

We further provide qualitative comparisons in Fig. 6 to validate the effectiveness of our method.
Existing methods exhibit different failure patterns under continual novel concept injection. LLMDet
and KeepLoRA tend to miss novel objects or produce incomplete detections, indicating insufficient
adaptation to newly introduced concepts and unstable retention of historically injected concepts.
SGVF shows stronger adaptability to current-task concepts, but often produces redundant detections

and false positives, especially on background regions or semantically related objects, suggesting
limited stability and knowledge retention.

In contrast, our method produces more accurate and consistent predictions across diverse scenarios.
It not only localizes novel objects more precisely and covers object regions more completely, but
also avoids spurious or redundant bounding boxes. Its stable behavior across object scales, complex
backgrounds, and visually similar categories shows that NoInDet learns more reliable concept-region
alignment rather than relying on unstable task-specific cues. These qualitative results demonstrate
that our method better balances plasticity and stability, accurately detecting newly injected concepts
while preserving historical knowledge and original open-vocabulary capability.
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Figure 5: Visualization of Novel-114. The benchmark contains diverse novel, rare, and specialized concepts that
are difficult to cover with existing open-vocabulary knowledge, while complex backgrounds and scale variations
further increase the detection challenge.
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Figure 6: Qualitative comparison of different methods on Novel-114. Our method produces more accurate and
stable detections across various scenarios.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer:
Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A].
Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.
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* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Guidelines:

* The answer [N/A] means that paper does not include experiments requiring code.
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* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
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8.

10.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]
Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).
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11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
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16.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* 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.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [N/A]
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.

25



	Introduction
	Related Works
	Novel-114: A Benchmark for CoOVD
	The Proposed Baseline Method
	Problem Formulation
	Overview of the Method
	Representation Space Stability Distillation (RSSD)
	Knowledge-aware Parameter Decoupling (KPD)

	Experiments
	Setup
	Main Results
	Ablation Study

	Conclusion
	More Results
	Second-round Concept Injection
	Robustness to Common Concept Sampling
	Effect of the Adaptation Branch
	Sensitivity to Task Ordering

	More Details of Novel-114
	Task-wise Concept Composition
	Sunburst Visualization
	Visualization Examples
	Qualitative Results


