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Abstract

Incremental object detection (IOD) is a challenging task that
requires detection models to continuously learn from newly
arriving data. This work focuses on incremental learning for
vision-language detectors (VLDs), an under explored do-
main. Existing research typically adopts a local alignment
paradigm to avoid label conflicts, where different tasks are
learned separately without interaction. However, we reveal
that this practice fails to effectively preserve the semantic
structure. Specifically, aligned relationships between objects
and texts would collapse when handling novel categories, ul-
timately leading to catastrophic forgetting. Though knowl-
edge distillation (KD) is a common approach for tackling
this, traditional KD performs poorly when directly applied
to VLDs, as for different phases, a natural knowledge gap
exists in both encoding and decoding processes. To address
above issues, we propose a novel method called Global align-
ment and Correspondence Distillation (GCD). Ditferently,
we first integrate knowledge across phases within the same
embedding space to construct global semantic structure. We
then enable effective knowledge distillation in VLDs through
a semantic correspondence mechanism, ensuring consistent
proposal generation and decoding. On the top of that, we
distill teacher model’s informative predictions and topolog-
ical relationships to maintain stable local semantic struc-
ture. Extensive experiments on COCO 2017 demonstrate that
our method significantly outperforms existing approaches,
achieving new state-of-the-art in various IOD scenarios.

Code — https://github.com/Never-wx/GCD

Introduction

Typically, object detection models follow fully supervised
learning paradigm, requiring the network to learn from an-
notated data within a predefined label space. This paradigm
generally assumes that the data distribution is fixed and sta-
tionary, while in real-world applications, data often arrives
continuously in a non-stationary manner (Feng, Wang, and
Yuan 2022). Directly fine-tuning the model on new com-
ing data will lead to a significant performance decline on
old tasks, which is known as catastrophic forgetting (Good-
fellow et al. 2013; McCloskey and Cohen 1989). To enable
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Figure 1: Existing research on VLDs employs local align-
ment paradigm, which focuses on incremental learning
within a localized label space. This approach typically re-
sults in phased vision-language representations. In con-
trast, our method emphasizes global alignment, enabling the
maintenance of cohesive and unified representations.

models to continuously learn new knowledge, the incremen-
tal learning paradigm has been proposed. In this paper, we
mainly focus on class-incremental learning on object detec-
tion, namely incremental object detection(IOD).

In incremental object detection (IOD), prior research pri-
marily addresses catastrophic forgetting using knowledge
distillation (KD). For instance, (Feng, Wang, and Yuan
2022) distills classification and regression responses sep-
arately, while (Liu et al. 2023c) combines pseudo-labels
and exemplar replay for DETR-based detectors. However,
these studies mainly focus on vision detectors. Concur-
rently, recent research trends in class incremental learn-
ing have increasingly centered on vision-language models
(VLMs) (Zheng et al. 2023; Zhou et al. 2023). Following
this, a pioneering work (Zhang et al. 2024) explored the ap-
plication of GLIP (Li et al. 2022) in IOD, a vision-language
detector (VLD) that reformulates object detection as phrase
grounding. They propose to address background-foreground
conflicts through local alignment, where only objects and



texts of current task are aligned, as shown in Fig. 1 (a). How-
ever, despite avoiding label conflicts, catastrophic forgetting
still occurs and they attempt to mitigate it through parame-
ter isolation. To understand why VLDs forget even without
label conflicts, we probe into the embedding space and find
the problem lies in the semantic structure(e.g. the topologi-
cal relationships of text features and object features). More
details in Fig. 4. This approach fails to effectively preserve
the local semantic structure of old knowledge. Additionally,
learning knowledge from different phases in disjoint embed-
ding spaces, with no interaction across phases, hinders the
formation of global semantic structure and ultimately weak-
ens the potential of vision-language representations.

We assert that maintaining a robust semantic structure is
essential for overcoming catastrophic forgetting in vision-
language detectors. A fixed semantic structure lacks plastic-
ity, while a loose one lacks stability. Therefore, we develop
a flexible global semantic structure to integrate new knowl-
edge, while maintain a stable local semantic structure to pre-
serve old knowledge. For the global aspect, we propose in-
tegrating old and new knowledge within the same embed-
ding space through global alignment, as shown in Fig. 1
(b). This process involves contrastive learning over both old
and new samples to shape a global semantic structure. For
the local aspect, KD is typically used in IOD to preserve
the local semantic structure of old knowledge. However, di-
rectly applying traditional KD methods (Li and Hoiem 2017,
Feng, Wang, and Yuan 2022) performs poorly in VLDs. We
attribute this to two reasons. First, the disruption of neg-
ative samples remains a core challenge. Additionally, text
involvement in the detection process introduces new com-
plexities. The teacher model detects old objects using old
prompts, while the student learns new knowledge with new
or combined prompts, leading to inconsistencies in encod-
ing and decoding processes. This discrepancy results in dif-
ferent proposals and final predictions, making direct knowl-
edge distillation impractical.

To address these challenges, we propose a novel method
called Global Alignment and Correspondence Distillation
(GCD). GCD consists of a global pipeline and a local
pipeline. In the global pipeline, we shape the global se-
mantic structure by employing Global Alignment, where
new knowledge is supervised by GT and old knowledge by
pseudo-labels. In the local pipeline, we introduce a seman-
tic correspondence mechanism (SCM). It includes a shared
query to generate consistent proposals which are then com-
bined with chunked text token to ensure a consistent decod-
ing process. On this basis, we leverage teacher’s responses
to mitigate the overconfidence of noisy pseudo and preserve
the activation of weak categories, termed Correspondence
Response Distillation (CRD). Additionally, to maintain lo-
cal semantic structure at feature level, we distill the teacher’s
relational topology of text and object prototypes to the stu-
dent, termed Correspondence Topology Distillation (CTD).
Our contributions are as follows:

* We reveal that semantic structure collapse is the key fac-
tor leading to catastrophic forgetting in vision-language
detectors (VLDs), which is crucial for exploiting VLDs’
potential in IOD scenarios.
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* We simultaneously develop a flexible global semantic
structure via global alignment, while maintaining a stable
local semantic structure through correspondence knowl-
edge distillation, thus achieving a better balance between
stability and plasticity.

* We conduct extensive experiments on COCO 2017 over
various IOD settings. The results demonstrate that our
method achieves new state-of-the-art performance.

Related Works
Incremental Learning

Incremental learning aims to develop artificially intelligent
systems that can continuously learn to address new tasks
from new data while preserving knowledge learned from
previously learned tasks (Thrun 1995). Incremental image
classification has been extensively studied. Current tech-
niques can be mainly divided into knowledge distillation
(KD) methods, exemplar replay (ER) methods. KD-based
methods aim to preserve previous knowledge through log-
its distillation (Li and Hoiem 2017; Hou et al. 2019; Wu
et al. 2019) and intermediate features distillation (Dhar et al.
2019; Douillard et al. 2020). ER-based methods replay pre-
vious knowledge in the incremental steps to better overcome
forgetting (Rebuffi et al. 2017; Iscen et al. 2020; Liu et al.
2020b; Zhu et al. 2021). Furthermore, incremental learning
research has also been extended to other tasks (Douillard
et al. 2021; Lin, Wang, and Zhang 2022, 2023; Peng, Zhao,
and Lovell 2020; Peng et al. 2021; Cermelli et al. 2022)

Incremental Object Detection

IOD is more complex than incremental classification given
the occurrence of instances of classes that are unknown
at the time, but can appear in subsequent tasks as a new
class to be learned, resulting in missing annotations and
conflicts with the background label (Menezes et al. 2023).
RILOD (Shmelkov, Schmid, and Alahari 2017) performed
proposal distillation based on Faster-RCNN (Ren et al.
2015). SID (Peng et al. 2021) distilled selected intermedi-
ate features in anchor-free detector FCOS (Tian et al. 2020).
OWOD (Joseph et al. 2021) combined IOD with open world
demands and propose a challenging new setting. Based on
GFL (Li et al. 2020), ERD (Feng, Wang, and Yuan 2022)
separately distilled classification responses and regression
responses. Also, (Liu et al. 2020a, 2023b) revised sampling
and replay strategies to conduct more efficient rehearsal.
More recently, IOD has been extended to DETR-based (Car-
ion et al. 2020) detectors. OW-DETR (Gupta et al. 2022)
proposed a attention-driven pseudo labeling to discover po-
tential objects. CL-DETR (Liu et al. 2023c) managed to
make KD and ER compatible with DETR-based detectors.
(Kang et al. 2023) took advantage of high-level semantic in-
formation to better preserve discriminativeness.

Incremental Learning for VLMs

Recent advances in Vision-Language Models (VLMs) (Rad-
ford et al. 2021; Jia et al. 2021; Yu et al. 2022) have
shown promising capabilities in learning generalizable rep-
resentations with the aid of textual information. Particularly,



CLIP (Radford et al. 2021) has demonstrated promising
zero-shot performance on different downstream vision tasks.
GLIP (Li et al. 2022) extended CLIP and reformulated ob-
ject detection as phrase grounding, creating a new paradigm
for object detection tasks. Grounding Dino (Liu et al. 2023a)
further integrates detection transformers with grounding. In
incremental classification field, (Zheng et al. 2023) observed
that VLMs suffer from catastrophic forgetting when contin-
ually trained with new classes. (Zhu et al. 2023) introduced
a new task Vision Language Continual Pretraining and pro-
posed a compatible topology preservation method to flexi-
bly update model. (Zhou et al. 2023) designed expandable
projections to incrementally align visual and textual infor-
mation. And in IOD, (Zhang et al. 2024) leveraged GLIP
as baseline. To circumvent background-foreground conflict,
they attempted to learn new objects in local alignment man-
ner. However, they observed that catastrophic forgetting still
occurs. They asserted forgetting occurs in the parameter
space and that can be mitigated through parameter isolation.

Preliminaries
Grounding Dino

Grounding Dino (Liu et al. 2023a) is phrase grounding based
vision-language detector which aligns objects with phrases
in a text prompt. As shown in Fig. 2 (a), it includes a vision
backbone f, and language backbone f; for extracting vanilla
features. Given a pair of image-text data(I,T'), the feature
enhancer f. for cross modality feature fusion will further
align vanilla features, which can be defined as:

VaWZfe(fv(I))afl(T))v (D

After alignment, the fusion image embedding and text em-
bedding are denoted as V, W respectively. The alignment
scores can be defined as cosine similarity S(V;, W;) =
HleHwJH
tialize a group of references according to S(V, W) which
is the positional part of learnable object queries. A cross-
modality decoder will refine these object queries to produce
high-semantic queries Q € RY*P where N is the num-
ber of queries, D is the dimension of queries. The output
9 = (9i)ien is a sequence N' = {1,..., N} of object pre-
dictions §; = (8;, b;) including logits and bounding boxes,
where §; = S(¢;, W) and b; is decoded by the regression
head. In the training stage, each ground truth will be as-
signed to a query through minimizing the matching cost
between model predictions and ground truth. The optimal
matching is solved as follows:

N

6 =argming Z Lunateh (Jo» Yi)
i=1

A language guided query selection module ini-

(@)

where o; is a permutation of N elements and ¢ is the optimal
assignment. y; = (8;,b;) is i-th GT. Lyatch 1S @ pair-wise
matching cost defined as:

»Cmatch(goi P yz) = Eallgn(solv ) + L:rcg( T b; ) (3)

The number of objects in an image is usually fewer than
N. Thus, predictions not assigned to GT will be treated as
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Figure 2: A Simple illustration of (a) Grounding Dino Ar-
chitecture (b) Semantic Structure Collapse.

negative samples. The corresponding alignment targets for
negative samples are padded to zero noted as ¢ . Then, the
detr loss can be defined as follows:

§ Lallgn Salv

Edelr y y + 1s 7éqb£reg( G L) (4)

Forgetting in Grounding Dino

We take Fig. 2 (b) to intuitively understand semantic struc-
ture collapse. Assume a good embedding space is con-
structed in phase 1. The object prototype p; is close to cor-
responding text prototype p; while keep a relatively far dis-
tance with other text prototype. In phase 2, only new objects
are aligned with new texts while others are ignored. Dur-
ing training, (p4, p4) are pulled as close as possible, and the
entire embedding space are shifting because of the pulling
effect. As a result, other ignored prototypes are squeezed
together and their original semantic relation can’t sustain.
More detailed visualization will be provided in experiments.

Method
10D Definition

In IOD, the training procedure is composed of a series of
Z learning phase. At each phase ¢ where ¢ € {1,..., 7},
a set of new categories C; are introduced with a training
set Dy = {(zn,yn)} where x,, are images and y,, are the
corresponding labels, n represents total number. The anno-
tated categories of different phases are disjoint. In phase ¢,
only class C; of current task will be labeled. The detec-
tor is trained sequentially on each phase ¢, where it learn
new objects of C} according to D;. After each training
phase, the detector should be capable of detecting objects
of all learned classes C1.; = Cip.;—1) U Cy. In the case
of vision-language detector, the categories are transformed
to text prompts and we denotes prompts of current task as
Prompts; and Promptsy.;_1) for previous tasks.

Overview

We take Grounding-Dino-T as our baseline model, and
we don’t use O365 pretrained weights for fair compari-
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Figure 3: Overview of GCD framework. It consists of a global pipeline and a local pipeline. For global pipeline, the student
leverages full text token w;.r, to make predictions on global label space and perform Global Alignment(GA). For local pipeline,
based on Semantic Correspondence Mechanism(SCM), chunked text tokens wy. ;1) are used to carry out CRD and CTD.

son. In phase 1, we initialize vision backbone and lan-
guage backbone with weights pretrained on ImageNet-1K
and BERT},s.. Then, we fine-tune the model with data D, .
As for incremental phase, new model will be initialized with
weights trained in last phase.

The total framework of our method is shown in Fig. 3
which can be divided into: (a) Global Alignment for shap-
ing global semantic structure. (b) Semantic Correspondence
Mechanism (SCM) for enabling effective KD. (c) Corre-
spondence Response Distillation (CRD) for preserving re-
sponses of weak categories and Correspondence Topology
Distillation (CTD) for maintaining local semantic structure.

Global Alignment

Existing research (Zhang et al. 2024) focuses on learning
new knowledge through local alignment, using parameter
isolation to tackle catastrophic forgetting. In this approach,
only objects and texts associated with current classes C; are
aligned, which fails to fully realize the potential of VLDs.
In contrast, our method applies global supervision to both
old and new knowledge through global alignment, where ob-
jects and texts across the entire label space C1.; are aligned
within same embedding space. For new knowledge, supervi-
sion is provided by ground truth, ensuring that new objects
are associated with their respective new texts and are distinct
from others. However, label conflicts can cause detected old
objects to be misaligned with all text representations, poten-
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tially leading to a collapse. As a solution, we employ pseudo
labels as supervision for old knowledge, following previous
studies (Gupta et al. 2022; Liu et al. 2023c).

In our framework, the teacher receives Promptsy._1)
to detect objects of previous tasks while the student uses
Promptsy.; to predict across the entire label space Cf.;.
The teacher’s output predictions, including logits and re-
gression results, are denoted as §°'¢ = {34, pold}, gold ¢
RN*(L=1) ‘where N is the number of queries and L — 1 rep-
resents the length of the old text tokens. We apply a global
threshold on the logits to select the most confident predic-
tions, which are then transformed into one-hot pseudo la-
bels and merged with the ground truth, resulting in a total
label set y = (y;)ien, where n represents the total number
of labels. A global bipartite matching is performed to align
these labels with the student’s predictions, and the detection
loss, as defined in Eq. (4) is applied to provide global su-
pervision. Pseudo labels play a crucial role in resolving la-
bel conflicts, enabling global alignment integrating knowl-
edge of different phases in same embedding space to shape
a global semantic structure. However, pseudo label gener-
ation inevitably suffers from information redundancy and
noise, with high-confidence objects selected as pseudo la-
bels while low-confidence ones are ignored. This leads to
well-trained categories dominating the update process, while
weak categories are overlooked. Additionally, overconfident
noisy pseudo labels can disrupt optimization, causing insta-



bility. To address these issues, we utilize the teacher’s infor-
mative responses as guidance.

Semantic Correspondence Mechanism

Traditional response distillation (RD) methods (Feng, Wang,
and Yuan 2022) depend on anchors to ensure knowledge dis-
tillation occurs at corresponding locations and classification
heads can be directly divided for distillation. However, in
our case, text is deeply integrated into the entire detection
process, and serious errors can occur if these differences are
overlooked. The teacher model detects old objects using old
Promptsy.;,—1), while the student integrates new knowl-
edge with full Promptsj.;, resulting in different initialized
object queries and an inconsistent decoding process. Con-
sequently, output semantic queries lack spatial and semantic
relationships between the teacher and student, making direct
bipartite matching and distilling the teacher’s responses im-
practical.

Drawing inspiration from recent advancements in knowl-
edge distillation (Chang et al. 2023; Wang et al. 2024), we
propose a semantic correspondence mechanism to ensure
that the teacher and student produce corresponding predic-
tions. We first introduce a shared query mechanism between
the teacher and student, consisting of a content part and
a positional part. The content part is initialized with the
teacher’s well-trained parameters, while the positional part
is derived from the teacher’s query selection results. This
shared query enables both the teacher and student to gen-
erate corresponding initialized queries. In addition, we uti-
lize the corresponding text tokens wy. (1) together with the
corresponding initialized queries, as in the teacher model,
to ensure a consistent decoding process, including coordi-
nate refinement and semantic injection. Given that Ground-
ing Dino uses sub-sentence-level text representations, we di-
rectly chunk the full text tokens wi.;, to obtain local text
tokens w71 for compatibility with global alignment.

Correspondence Distillation

Correspondence Response Distillation. Based on seman-
tic correspondence mechanism, we propose Correspondence
Response Distillation (CRD) to transfer teacher’s responses.
With consistent decoding, the decoder produces a set of cor-
responding semantic queries, generating predictions denoted
as {501 4;} = { (8914, b919); (3;,b;)}, where i € N. For the
alignment part, we apply KL-divergence with temperature
scaling to transfer the teacher’s soft probabilities to the stu-
dent. The teacher’s logits are transformed into probabilities
as P?l4 = SoftMax(59'?/7), where T is a temperature fac-
tor used to smooth the probability distribution, similarly ap-
plied to the student’s logits. The alignment distillation loss
is defined as follows:

N
LorD.atign = Y L rr (P, P;) &)

=1

where o; = max.cc,,_, (82/%(c)) represents the confidence

of teacher’s predictions. The information contained in the se-
mantic queries is not uniform, where background responses
may overshadow foreground responses if all responses are

8019

distilled indiscriminately. Queries with higher alignment
scores are considered foreground predictions, which likely
contain more valuable information for distillation and are
given greater weight. For the regression part, we apply L4,
as defined in the detection loss, to ensure that the student
outputs corresponding region predictions as the teacher.
N
ACCRDJ’eg = Z ai£rcg<b?lda bz)
i=1
The total CRD loss can be defined as follows, where K rep-
resents the number of decoder layers, 7 is the coefficient for
the alignment component, and the coefficient for Lorp, .,
matches that of the regression component in detection loss.
K
Lcrp = Z VEIE’;RD,align + ‘CIE‘RDJeg
k=1

Correspondence Topology Distillation. Global alignment
shapes a flexible global semantic structure and CRD en-
sures weak categories are not overlooked. However, these
constraints are applied at the logits level, without directly
enforcing consistency in feature-level relationships. The in-
tegration of new knowledge may alter the local semantic
structure of the old due to the strong push-and-pull effect. To
mitigate this, we propose Correspondence Topology Distil-
lation (CTD). CTD imposes constraints on mini-batch sam-
ples during incremental process. Specifically, we ensure the
topological relationships between the student’s object pro-
totypes and text prototypes remain consistent with those
of the teacher. Using the corresponding semantic queries
{q1,92,...,qn} and text tokens {w1,wa, ..., w_1)}, we
define the prototype of class c as follows:

1 e
Pe = ﬁc Zl Qi
i=

where p. is object prototype, N, represents the number of
queries belong to class c in current batch. And ¢; is a weight
factor defined in Eq. (5) that helps in estimating a more ac-
curate prototype. Similarly, the text prototype is defined as:

(6)

(7

®)

(©))

where p. is corresponding text prototype, N} is the num-
ber of batch samples. The relationships are formulated as
a distance matrix between each in-image prototype of old
classes in current batch, with Euclidean distance used to cap-
ture small changes in structure. The relationships for objects
and texts are defined as:

Rij = [lpi — pjlly, (10)

Rij = s = Bslly» 4.5 € Cron) (11)
where 4, j refer to two different classes within Cp.(;_1).
Based on above definition, our CTD can be calculated as:

Lorp =X |[R— R, + 2 |&- 2| a2

i,J € Cr(¢—1)

.
where A1, Ay are the coefficients for object topology and text
topology loss. And the overall loss is defined as:

L= Lir + Lcrp + LoTD (13)



Setting | Method Baseline AP APsy AP;s APs APu APp
CL-DETR (Liu et al. 2023¢) Deformable DETR  42.0  60.1 459 240 453 55.6
DMD (Kang et al. 2023) Deformable DETR  39.8 - - - - -
SSDGR (Kim et al. 2024) Deformable DETR  43.0  62.1 47.1 249 469 570

40+40 "TALIR (Zhang et al. 2024) *GLIP 404 574 439 233 447 545
LWEF (Li and Hoiem 2017) *QGrounding Dino  21.8 294 23.7 12.4 23.0 30.4
ERD (Feng, Wang, and Yuan 2022)  *Grounding Dino ~ 29.7  41.8 321 19.0 33.1 38.8
Ours *Grounding Dino 457  62.9 49.7 284 493  60.0
CL-DETR (Liu et al. 2023¢) Deformable DETR  40.4  58.0 439 238 43,6 535
DMD (Kang et al. 2023) Deformable DETR  37.6 - - - - -
SSDGR (Kim et al. 2024) Deformable DETR 409  59.5 448 239 447 540

T0+10" "TATIR (Zhang et al. 2024) *GLIP 429 592 452 243 451 541
LWF (Li and Hoiem 2017) *Grounding Dino 114 16.6 12.1 7.7 13.6 18.0
ERD (Feng, Wang, and Yuan 2022)  *Grounding Dino  39.0  53.6 42.1 24.7 422 53.2
Ours *Grounding Dino 46.7  63.9 50.8 29.7 49.9 61.6

Table 1: IOD results (%) on COCO 2017 in two-phase setting. Method with * indicates vision-language baseline, while others
are vision baseline. The results are extracted from corresponding papers. Besides, we reproduce previous methods based on
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Grounding Dino for comparison. The

Experiments

Implementation details. Our method is based on Ground-
ing Dino-T, all settings are consistent with baseline model.
All experiments were conducted on four NVIDIA Tesla
A100 GPUs with a total batch size of 32. We used the
ADAMW optimizer, setting the learning rate to Se-5 for all
components, except for the vision and language backbones,
which were set to 5e-6. The model was trained for 12 epochs
(1x mode). After the first phase, we fixed the language back-
bone and excluded the denoising loss for simplicity.
Datasets and Evaluation Metrics. Our IOD experiments
are conducted on COCO 2017 (Lin et al. 2014) which is
widely used in recent works. The standard COCO metrics
are used for evaluation, i.e., AP, APsq, AP;5, APg , APy,
APy, And in our ablation study, we leverage forgetting per-
centage points (FPP) proposed by (Liu et al. 2023c) to eval-
uate the forgetting of old categories.

Experiment setup. In our experiments, we mainly focus on
two-phase(40 + 40, 70 + 10) and multi-phase(40 + 10 x 4,
40420 x 2) settings. In the first phase, we train the model via
standard fine-tuning. For the subsequent incremental phases,
we apply our proposed method. Two-phase setting: In the
first phase, the model is trained with data D; which corre-
sponds to the label space C. Then, in the second incremen-
tal phase, the model is further trained with data Ds where
only objects belonging to C5 are labeled. After training, the
model is evaluated on the entire label space C; U Cs. Fol-
lowing the data split in(Feng, Wang, and Yuan 2022), some
images are shared between D; and D». Multi-phase set-
ting: Similarly, in the first phase, the model is fine-tuned on
data D; as beginning. In the subsequent incremental phases,
at each phase t, new classes C; are added. The model is eval-
uated on the cumulative label space C1.; after each phase.

Results

Two-phase setting. In two phase setting, we compare our
methods with recent SOTA methods and results are shown
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symbol indicates a missing value. The best performance is highlighted in bold.

in Tab. 1. We categorize these methods into two groups:
those based on a vision baseline and those based on a vision-
language(V-L) baseline. Compared to vision baseline meth-
ods, our approach outperforms current replay-based SOTA
method, SSDGR, by 5.8% in the 70+ 10 setting and 2.7% in
the 40+40 setting. This proves the great potential of V-L de-
tectors in IOD. For V-L baselines, we compare with existing
work TALIR and reproduce previous response-based meth-
ods for a comprehensive evaluation. The results indicate that
our method achieves the highest AP, with 46.7% and 45.7%
in the 70 + 10 and 40 + 40 settings. Notably, our baseline
model’s upper bound is comparable to that of TALIR. The
significant lead in both settings demonstrates that our GCD
effectively exploits the potential of V-L detectors.
Multi-phase setting. Tab. 3 evaluates our method on multi-
phase setting. Though multi-phase settings are generally not
a strong suit for KD-based methods, our approach still out-
performs SSDGR(Kim et al. 2024) by 3.4% in the 40+10x 4
setting and 2.9% in the 40 + 20 x 2 setting. In particular, the
performance gap between our method and TALIR increases
as the process progresses, with our method being 10.0% and
6.7% ahead in the 40 4+ 10 x 4 and 40 + 20 x 2 settings,
respectively. This further demonstrates that GCD better bal-
ances stability and plasticity.

Ablation Study

We validate each component of our method under the 70+10
setting. In Tab. 2, ”Local” and “Global” represent fine-
tuning with only new text and fine-tuning with the full text,
respectively. In Row 2, we introduce CRD based on local
alignment, which still results in a weak baseline as new and
old knowledge cannot interact within the same embedding
space. In Row 4, using pseudo labels to address label con-
flicts makes global alignment a strong baseline (showing a
44.6% increase in performance for old categories compared
to Row 3). In Row 5, naively applying response distilla-
tion to our framework decreases the strong baseline’s per-



All categories 1 Old categories 1 FPP |
Row | Local Global | Pseudo RawRD CRD CTD AP APso AP APso AP APy
1 v 6.4 8.7 1.8 2.8 482 61.8
2 v v 41.0 56.0 41.7 57.1 8.3 11.0
3 v 6.3 8.4 1.7 24 483 652
4 v v 45.3 62.1 46.3 63.7 3.7 3.9
5 v v v 429 58.6 44.0 60.4 6.0 7.2
6 v v v 46.0 63.0 47.1 64.6 29 3.0
7 v v v v 46.7 63.9 48.1 65.9 1.9 1.7

Table 2: Ablation study using COCO benchmark under 70+ 10 setting. We evaluate the performance after completing all phases
of training, focusing on three key aspects: the overall performance across all classes(higher is better), the performance of old
class categories(higher is better), and the FPP(lower is better) reflects the performance degradation of the old classes compared
to the previous phase. The best performance is highlighted in bold, with the final row indicating our method.

. 40+10x4 40420 x 2

Method Baseline AP APy AP  APs
DMD D-DETR 30.3 - 36.6 -
CL-DETR | D-DETR | 28.1 - 353 -

SSDGR D-DETR | 36.8 547 41.1 59.5
TALIR *GLIP 30.2 - 37.3 -

ERD *G-DINO | 7.2 9.6 183 252

Ours *G-DINO | 40.2 551 44.0 604

Table 3: IOD results (%) on COCO 2017 in multi-phase set-
ting. The results are extracted from corresponding papers ex-
cept ERD is reproduced based on Grounding Dino.

x Phasel

. Phase2

8 Phasel

. Phase2 iﬁ'-': _“;_

(a) Local Alignment (b) Ours

Figure 4: Visualization of semantic query features of old cat-
egories under 40 + 40 setting.

formance. In Row 6, CRD effectively compensates for the
baseline method’s shortcomings and boosts performance by
0.7%. Finally, in Row 7, CTD further stabilizes the local re-
lations of the old knowledge and reduces the FPP to 1.9%.

Further Analysis

In Fig. 4, we project the semantic query features from both
phases into the same space to directly reflect the changes
during the incremental process. Here, (a) represents fine-
tuning with a local alignment approach, where old cate-
gories are ignored, leading to feature collapse. In contrast,
(b) shows that our GCD framework preserves the semantic
structure well, maintaining the relationships of the old cate-
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(c) Phase(Ours)

(a) Phasel (b) Phase2(Local)

Figure 5: Distance matrix of semantic text features of old
categories under 40 + 40 setting.

gories. Since text features are naturally distinct, to more in-
tuitively illustrate changes in the relationships between text
features, we visualize them using a distance matrix, where
each cell’s value represents the distance between two text
prototypes. A larger value indicates that the texts are closer
in semantic space. As shown in Fig. 5, (a) depicts the text
relationships in phase 1, (b) shows that these relationships
change significantly after the increment when fine-tuned in
a local alignment manner. As shown in (c), the text relation-
ships remain similar to those in phase 1, demonstrating that
our method effectively preserves the text relations.

Conclusion

In this paper, we propose a new perspective on catas-
trophic forgetting in vision-language detectors, termed se-
mantic structure collapse, and demonstrate how GCD effec-
tively addresses this issue. By integrating knowledge across
different phases through global alignment, GCD maintains
a unified embedding space for both old and new knowl-
edge, facilitating flexible and coherent knowledge integra-
tion. Furthermore, we propose semantic correspondence
mechanism(SCM) to enable effective KD in VLDs. On this
basis, GCD mitigates the overconfidence of noisy pseudo
labels and preserves the activation of weak categories us-
ing correspondence response distillation (CRD). Addition-
ally, GCD ensures consistency in the local relationships of
both modalities with the teacher model through correspon-
dence topology distillation (CTD). Extensive experiments
on COCO 2017 validate the efficacy of GCD.
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