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Abstract

Class-Incremental Learning (CIL) enables learning sys-
tems to continuously adapt to evolving data streams. With
the advancement of pre-training, leveraging pre-trained
vision-language models (e.g., CLIP) offers a promising
starting point for CIL. However, CLIP makes decisions by
matching visual embeddings to class names, overlooking
the rich contextual information conveyed through language.
For instance, the concept of “cat” can be decomposed into
features like tail, fur, and face for recognition. Besides,
since the model is continually updated, these detailed fea-
tures are overwritten in CIL, requiring external knowledge
for compensation. In this paper, we introduce ExterNal
knowledGe INjEction (ENGINE) for CLIP-based CIL. To
enhance knowledge transfer from outside the dataset, we
propose a dual-branch injection tuning framework that en-
codes informative knowledge from both visual and textual
modalities. The visual branch is enhanced with data aug-
mentation to enrich the visual features, while the textual
branch leverages GPT-4 to rewrite discriminative descrip-
tors. In addition to this on-the-fly knowledge injection, we
also implement post-tuning knowledge by re-ranking the
prediction results during inference. With the injected knowl-
edge, the model can better capture informative features as
data evolves. Extensive experiments demonstrate its state-
of-the-art performance. Code is available at: https:
//github.com/LAMDA—-CL/ICCV25-ENGINE.

1. Introduction

Recent advancements in deep learning have significantly
impacted various aspects of life [13, 21, 72]. However,
real-world data often presents substantial challenges to
these models, particularly streaming data that requires
continual learning [2, 34]. Class-Incremental Learning
(CIL) [51] has been proposed to address this challenge by
enabling models to absorb new knowledge incrementally.
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Figure 1. Last accuracy comparison on nine benchmark datasets.
All methods are deployed with the same CLIP for fair comparison.
ENGINE outperforms other competitors with a substantial margin.
A major issue in CIL is catastrophic forgetting [18, 19],
where learning new classes leads to the loss of previously
acquired knowledge. As a result, much research has
focused on mitigating forgetting in deep learning [12, 42].
In contrast to traditional approaches that train models from
scratch, recent progress in pre-training has shifted attention
towards using pre-trained models (PTMs) [65], such as
Vision Transformers[15] and CLIP [49]. With extensive
training data serving as pre-learned knowledge, PTMs
offer a more generalizable starting point for CIL, showing
promise for real-world applications.

CLIP [49], as a pioneering pre-trained vision-language
model [27, 33, 71, 75, 78], exhibits strong zero-shot per-
formance by matching the embeddings of query images to
class names. However, since visual features often contain
fine-grained information [45], these detailed descriptors
are neglected when using class names as matching targets.
For example, the text concept of “a photo of a cat” can be
further decomposed into features like “whiskers,” “tail,”
and “fur” in order to match the visual embeddings, while
these informative features are not well utilized. Further-
more, as the model is updated in CIL, the sub-features can
be overwritten during the learning process, resulting in



forgetting and a mismatch between cross-modal features.

Recent studies [62, 65, 73, 86] have highlighted the limi-
tations of using fixed template text in vision-language mod-
els, which often leads to a loss of rich contextual informa-
tion. To address this, researchers have proposed learnable
text inputs, such as task-specific prompts [88], which allow
the model to encode additional, task-relevant information.
However, these learnable inputs can become biased towards
the visual features in the training set, ultimately compro-
mising the model’s generalizability [87].

In CLIP, a more detailed description in the textual space
can provide a more informative matching target, enhanc-
ing prediction accuracy. For example, instead of using the
generic template “a photo of a cat,” directly describing its
features, such as “whiskers” and “tail,” can significantly im-
prove recognition. In this way, these detailed features serve
as anchors in the embedding space, and aligning to them
helps reduce the risk of catastrophic forgetting.

Learning with informative descriptors offers a promising
approach to enhancing CLIP’s continual learning capabili-
ties. However, two major challenges remain: 1) acquiring
informative features. Given the diversity of classes in down-
stream tasks, it is impractical for human experts to annotate
all relevant features for recognition. 2) mitigating forget-
ting when utilizing external knowledge. As CIL involves
continuous data streams, the model risks forgetting previ-
ously acquired knowledge after each update. Therefore, it
is crucial to efficiently extract and retain external knowledge
while preventing forgetting during sequential updates.

To address these challenges, we propose ExterNal
knowledGe InjEction (ENGINE) for CLIP-based CIL. To
acquire informative features, we enhance knowledge trans-
fer by incorporating external knowledge from both visual
and textual modalities through a dual-branch tuning frame-
work. The visual branch is enhanced via data augmenta-
tion to enrich visual features, while the textual branch uses
GPT-4 to rewrite discriminative prompts. In this way, we
can encode diverse and informative class descriptions in the
continual updating process. In addition to on-the-fly knowl-
edge injection, we also apply post-tuning by re-ranking pre-
dictions during inference. Post-tuning is done by consider-
ing the local pair-wise features, which can further calibrate
the wrong predictions to boost incremental learning.

2. Related Work

Class-Incremental Learning (CIL): is a long-standing
problem, aiming to absorb new knowledge without for-
getting [12, 42]. Typical CIL algorithms train a model
from scratch, which can be divided into several groups.
Knowledge distillation-based methods aim to build the
mapping target [23] between old and new models to re-
sist forgetting [16, 36, 51], which involve logit-wise align-
ment [36, 51], feature-wise alignment [24, 39, 46], and
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group-wise alignment [14, 20, 57]. Replay-based methods
aim to recover previous knowledge by saving and replay-
ing the subset of seen classes [5, 8, 9, 38, 40, 81]. Be-
sides, parameter regularization-based methods estimate the
importance of parameters and restrict important ones not to
change [3, 4, 30, 79]. Model rectification-based methods
observe and rectify the inductive bias in the model, e.g., the
biased logits [52, 77, 80] and classifier weights [67, 80].
Model expansion-based methods [60, 70, 83] adjust the
network structure to fit the characteristics of the evolving
data, e.g., expanding neurons [09, 74], the whole back-
bone [60, 61, 70, 82, 83], and lightweight modules [17].
Pre-Trained Model-Based CIL: improves the capability of
CIL by starting with generalizable pre-trained models [35,
48, 56, 85]. To maintain the pre-trained knowledge, most
works seek to freeze the backbone and append lightweight
modules, e.g., prompts [53, 63-65, 88] and adapters [10,
50, 76]. For example, L2P [65] and DualPrompt [64] de-
sign the visual prompt [28] pool to select the instance-
specific prompts when learning with the pre-trained Vision
Transformer. Several works build complex prompt com-
bination/generation targets with attention mechanism [53]
or generative network [29]. Other works directly utilize
the pre-trained features to construct strong classifiers by
matching class prototypes to the embeddings [44, 54, 84].
When the pre-trained CLIP is available as initialization, ex-
isting works seek to enhance cross-modal matching infor-
mation via learning multi-modal prompts [62, 63]. MOE-
Adapter [76] further extends the lightweight module selec-
tion process via mixture-of-experts [43], while PROOF [86]
extends the representation ability of CLIP by appending
new projection layers for new tasks. RAPF [25] learns the
adapter modules for new tasks by decomposed parameter
fusion to resist forgetting in the updating process.

3. Preliminaries

3.1. Class-Incremental Learning

CIL is designed to continually build a unified classifier for
all seen classes of the data stream [51]. We denote train-
ing sets as {D',D?,... DB}, where each task D* =
{(x4,9:)}:2, contains n, instances. Each training instance
x; € RP belongs to class y; € Y3, i.e., the label space
of task b is Y. We have Y, N Yy = @ for b # V. This
paper follows the exemplar-free CIL setting [64, 65, 89],
where the model cannot hold any historical instances in the
memory. In other words, we can only access data from D°
for model training when learning the b-th incremental task.
In CIL, the target is to build a unified classifier for all seen
classes Y, = Y1 U - Y}, i.e., find amodel f(x): X — )
that minimizes the expected risk:

fr=argmin By pro.pel(y # f(x) . (D

feH



In Eq. 1, #H represents the hypothesis space and I(-) is the
indicator function. D? denotes the b-th task’s data distri-
bution. In this paper, we follow [25, 76, 86] and assume
that a pre-trained CLIP model (contrastive language-image
pre-training) [49] is available as the initialization for f(x).
Specifically, CLIP contains the visual and textual encoder,
ie, gi(*) : RP — R4, g,(-) : RP* — R? where the
D/ Dt-dimensional images and texts are projected to the
same d-dimensional embedding space. During inference, it
constructs the template text t; using the class name, i.e., “a
photo of a [CLASS];”, and matches the query image to text
embeddings of all classes:

exp (cos (z,w;) /T)

fulta) = S exp (cos (2, w;) /7) @
exp (cos (gi(x), gs(t:)) /7)
- S exp (cos (9i(x). e (87)) /7)
where cos(+,-) is cosine similarity and 7 is temperature.

z = g;(x) and w; = g:(t;) are visual and textual features,
respectively. In Eq. 2, the logit is assigned by the relative
similarity of the visual embedding to textual embedding.

3.2. Baselines in Class-Incremental Learning

To overcome forgetting, there are two typical solutions for
CIL with pre-trained models by learning prompts [28, 88].
Learning Visual Prompts: As fully-finetuning will harm
the generalizability of the PTM, several works [28, 53, 64,
65] propose to freeze the pre-trained visual encoder and ap-
pend visual prompts for subsequent tasks. They design a
prompt pool to select instance-specific prompts, with which
the visual embedding is represented as:

z=g;(x,P), 3)

where g; is the frozen image encoder, P is the prompt pool
for prompt selection. By replacing g;(x) in Eq. 2 with Eq. 3,
the model efficiently encodes downstream information into
the visual prompts and tackles forgetting.

Learning Textual Prompts: Since CLIP contains two
branches for the visual and textual encoder, there are also
works learning textual prompts instead of using the tem-
plate text. Specifically, the textual input is formulated
into a set of learnable prompts in CoOp [88], ie., t; =
[VIi[V]2 - - - [VIm[CLASS];. In this way, the textual em-
bedding is denoted as:

w; = g (ti) , 4

where ¢, is the frozen text encoder. Similarly, we can re-
place the textual embedding in Eq. 2 via Eq. 4 to encode
task information into these learnable prompts.

Discussions: Eq. 3 and Eq. 4 focus on different aspects to
adjust the pre-trained CLIP into downstream tasks. How-
ever, when adapting the model with only visual prompts,
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the problem occurs since the model has to decompose the
class name into fine-grained concepts to match the visual
features. The sequential updating process will cause the
degradation of such decomposition ability, resulting in the
mismatch between visual and textual features. By contrast,
if we utilize textual prompts, the model is only focused on
the specific training instance and lacks holistic information
about the specific class. When the testing data contains
the image of the same class with different distributions, the
model shall be confused due to the prompt-level overfitting.
Hence, the ideal text input should be general and holistic
to match the visual features and convey all informative fea-
tures that the target class possesses.

4. ENGINE: External Knowledge Injection

Noting that prompt-based methods are highly limited by
the training instances, we need to extract comprehensive
information for the model to adapt to downstream tasks
while preventing forgetting. To encode holistic informa-
tion into the model, we seek help from large language
models like GPT-4 [1] to provide the general descriptions
instead of using the template features. Apart from using
detailed descriptions in the training process, we also make
full use of them during inference by seeking pair-wise
discriminative features. On the other hand, as external
knowledge is continually injected into the model, we also
design the injection unit expansion and prototype replay
strategy. In the following sections, we first introduce how
to inject external knowledge during model training and
then introduce how to utilize it during inference.

4.1. On-the-fly Knowledge Injection

Since the target is to encode general information into the
CLIP during incremental learning, we first design the model
training pipeline that can enhance recognition. For exam-
ple, a “cat” contains visual features like “soft, short fur”,
“long, thin tail”, and “round face with large eyes”. It would
be better to match the cat image to these visual features than
“a photo of a cat”, since those features contain more dis-
criminative and fine-grained information. Correspondingly,
to enhance CLIP’s knowledge of general class description,
we seek help from GPT-4 [1] to provide discriminative vi-
sual features:

Q: What are unique visual features of [CLASS];
in a photo? Focus on the key visual features.
A: 1. Long, thin tail that aids in balance. 2. - -

In this way, we can get a set of visual descriptions for each
class, denoted as d;. A naive solution is to replace the tem-
plate text t; into d; during training, while we propose a
more intuitive way to inject the knowledge into the model.
Specifically, we design a knowledge injection unit u; to dy-
namically encode these textual descriptors. We implement
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Figure 2. Illustration of ENGINE. Left: On-the-fly knowledge injection. We utilize GPT-4 to provide visual features of each class, and
append injection units to encode external knowledge into the model. We also adopt random augmentation to enhance image diversity
using the same network structure. To overcome forgetting, we append the prototypes of previous classes in each learning stage. Right:
Post-tuning knowledge injection. We extract top-k predictions and generate pair-wise discriminative features locally. The input image is
forwarded with every textual feature to further refine the prediction.

uy with a linear layer, i.e., u(-) : R¢ — R9, and append it
after the textual encoder. We have the similarity loss:

Ly = —Sim (ug (g (ti)) , g (d3)) 5

where we use cosine similarity to calculate Sim(-,-). In
Eq. 5, we maximize the similarity between u; (g; (t;))
and g; (d;), i.e., making the adapted textual feature similar
to external descriptions. Since the textual encoder g; is
frozen, we can inject this external information into the
injection unit u;. In this way, the extracted textual features
will contain detailed descriptions even using the template
text, e.g., highlighting the features of “long thin tail”
and “round face” when the input is “a photo of a cat”.
In the implementation, since GPT-4 will output a set of
descriptions, we randomly choose one of the descriptions
d; to calculate Eq. 5 in each iteration.

Learning external visual knowledge: Similar to the tex-
tual branch, we can also inject visual information into the
model during training. Given that we cannot fetch external
data in the learning process, we utilize random data aug-
mentation to adjust the input images, and denote the aug-
mented input as A(x). Correspondingly, we can learn the
image knowledge injection unit u;(-) : R — R?, and max-
imize the similarity between augmented and vanilla input:

Li = =Sim (u; (g (x)) , gi (A(X))) - (©)

Similar to Eq. 5, Eq. 6 freezes the visual encoder g;, and
only optimizes the image injection unit ;. In the matching
process, the model maximizes the similarity of the adapted
visual feature to the augmented view, which helps the
model extract diverse visual information.

Learning task-specific injection unit: In CIL, new tasks
will emerge as data evolves, and sequentially tuning a sin-
gle injection unit will result in forgetting previous knowl-
edge. Consequently, we conduct the injection process for
each incremental task to avoid forgetting. Specifically, we
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initialize a new injection unit u?, u? when learning the b-th
task, and freeze all previous injection units when learning
the current task. With the set of visual and textual units, we
utilize the summation of them for the final representation:

Gi(x) =02 @ (Gi (%) +ul (G (%) (D
Gielt) = 0L @b (g (6:) +uf (Ge () (8)

In the original CLIP, we have the cross-modal contrastive
loss to match the image to the corresponding text descrip-
tion. Correspondingly, we utilize the injected visual and
textual features to calculate the contrastive loss:

Lc = (finj(x),y) where
finj,ys (%) = exp (cos (Gi(x), G¢(t;)) /7) .
T exp (cos (Gilx), Gu(ty) /7)

In Eq. 9, we utilize the injected visual and textual features
to calculate the contrastive loss, aiming to increase the sim-
ilarity of pair-wise injected features.

Preventing forgetting of injection unit In the updating
process, we combine Eq. 5, Eq. 6, and Eq. 9 to update the
model. Since we cannot hold historical instances for replay,
the model may still forget previous concepts due to the se-
quential updating. To this end, utilizing the substitution of
previous concepts can create a calibration across all seen
classes. Observing that the visual backbone g; is not updat-
ing throughout the learning process, we generate a subset of
previous classes using visual prototypes. Specifically, dur-
ing the learning process, we can calculate the average visual
embedding of each class as:

)
10)

DY) _
2o Wyi=k)gi(xy)
- b I

L‘Zl‘ ]I(yJ:k)

Pk (11)
which stands for the most representative features of the
corresponding class. We can treat them as the vi-
sual embedding of previous classes when learning new



ones, i.e., we construct the auxiliary training set P
{(p17 1), (p27 2)7 Tty (P|yb\7 D&)D}: and optimize:

mln{ulg’u?} Z(x,y)EDbUP Et + ‘Cl + LC . (12)

Specifically, the prototype set P is only adopted in calcu-
lating £.. To enhance diversity across training stages, we
also add Gaussian noise on the prototype embeddings, i.e.,
p' = p+e e € N(0,0I), and utilize p’ in Eq. 12. In
this way, we can revisit previous knowledge to prevent for-
getting when learning new injection units. Additionally, we
also consider matching the visual features to these proto-
types to further assist recognition [66, 86].

Summary of on-the-fly injection: We visualize the train-
ing stage knowledge injection in Figure 2 (left). ENGINE
learns two sets of knowledge injection units, aiming to en-
code the extra knowledge into the unit module. We utilize
GPT-4 to extract informative class descriptors, and utilize
similarity loss to encode them into the injection units. Sim-
ilarly, data augmentation is utilized to provide visual infor-
mation. Hence, the model can extract more informative fea-
tures as it sees more tasks. To prevent forgetting, we also
design the learning objective considering class prototypes.
Since injection units are implemented with a single layer,
the appended parameter size (d X d) per unit is negligible for
CLIP. Besides, since injection units are linear layers, they
can be further re-parameterized by aggregating weights into
asingle one, i.e., > uf and Y- uy.

4.2. Post-tuning Knowledge Injection

We have introduced the way to inject external knowledge
during training in Section 4.1. Apart from the model
training stage, we can also utilize external knowledge to
calibrate the prediction results during inference, and we call
this step “post-tuning knowledge injection”. For example,
after the model makes inference by matching visual and tex-
tual features, we can treat the current prediction results as a
preliminary result, which needs further rectification. For the
top-k prediction results in this preliminary result, we treat
them as competitors to the ground truth that could result in
confusion. Hence, we need to construct a further prediction
considering the image and all local competitors, which can
focus more on the top-k classes to refine the prediction.

Refining the results: After learning the injection units, we
can get the prediction results using the injected features for
more comprehensive features. However, the model may still
make wrong predictions, e.g., classifying a “cat” into a sim-
ilar class “lion” since they have similar visual features. To
refine the prediction results, we design an extra consolida-
tion process using external knowledge. Denoting the pre-
diction results of injected feature matching in Eq. 10 as
finj(x), we first extract the top-k predictions as the competi-
tor candidates, i.e., { finji, (X), finj,i2 (X), - - - finj,ir (X)} =
Topy, ( finj(x)), where Top,, ( finj(x)) indicates selecting the
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top-k largest value in finj(x). Their labels are denoted as:

Wit = {yi | fin i(x) € Topy, (finj (%))} -

(13)
In Eq. 13, the label set {v;,, Yi,, - --,Yi, } corresponds to
the possible confusing labels for the input image. To further
refine the predictions, we aim for pair-wise disambiguation
among this label set. We again utilize GPT-4 to generate
pair-wise discriminative features:

{yi17yi27"'

Q: What are unique visual features of [CLASS];
compared to [CLASS]; in a photo? Focus on their
key visual differences.

A: [CLASS];: 1. Long, thin tail that aids in bal-
ance - - - [CLASS];: 1. Stockier, heavier tail with
a tuft of hair at theend - - -

With this process, GPT-4 provides the most discriminative
features that can differentiate two classes, e.g., the differ-
ences in “tail” to differentiate “cat” from “lion” and vice
versa. Given the top-k classes, we can generate their pair-
wise descriptors as D = [dij]f.j:v where d;; denotes the
descriptions to differ class ¢ from class j. We feed these
fine-grained descriptions as the textual input, and match the

query embedding to them:
J#i

1
fptayz‘ (X) = m Z fUL (X7 dl?) ) (14)
j=1

where we utilize zero-shot CLIP in Eq. 2 to match the
query image to these pair-wise discriminative features, and
average the similarities as the post-tuning logits.

Effect of post-tuning knowledge injection: We visualize
the post-tuning knowledge injection in Figure 2 (right). To
discriminate similar concepts and refine the wrong predic-
tions, we first extract the top-k predictions of the model, and
utilize GPT-4 to generate pair-wise discriminative features
locally. Eq. 14 provides the fine-grained local prediction
among these top-k classes, which can further help refine
the results as data evolves. We adopt the zero-shot CLIP for
Eq. 14, which does not require incremental updates.

4.3. Summary of ENGINE

In ENGINE, we utilize external knowledge to help continual
learning in two aspects, i.e., on-the-fly injection and post-
tuning injection. With the help of GPT-4, we can extract
more informative descriptors suitable for the incremental
learning classes, and inject the external knowledge into the
knowledge units. Besides, we also extract local descriptors
to discriminate pair-wise classes in the post-tuning stage to
help refine the predictions. During training, we update the
model via Eq. 12 to inject knowledge into the knowledge
units. During inference, we aggregate the following outputs
as the prediction:

f(X) = finj(x) + fpt(x) . (15)



Table 1. Average and last performance comparison of different methods. The best performance is shown in bold. All methods are
initialized with the same pre-trained CLIP without exemplars for a fair comparison.

Aircraft CIFAR100 Cars

Method BO Inc10 B50 Inc10 BO Inc10 B50 Inc10 BO Inc10 B50 Inc10

A Ap A Ap A Agp A Agp A Agp A Agp

Finetune 3.16 0.96 1.72 1.05 7.84 444 530 246 3.14 1.10 1.54 1.13
CoOp [88] 1454 7.14 13.05 777 47.00 2424 4123 24.12 3646 21.65 3740 20.87
SimpleCIL [84] 59.24 48.09 53.05 48.09 84.15 76.63 80.20 76.63 92.04 86.85 88.96 86.85
ZS-CLIP [49] 26.66 1722 21.70 17.22 81.81 71.38 7649 71.38 82.60 7637 78.32 76.37
L2P [65] 47.19 2829 44.07 32.13 82.74 73.03 81.14 73.61 76.63 61.82 76.37 6564
DualPrompt [64] 4430 25.83 46.07 33.57 81.63 72.44 80.12 72.57 7626 6294 76.88 67.55
CODA-Prompt [53] 4598 27.69 45.14 3228 8243 7343 78.69 7158 8021 6647 7506 64.19
RAPF [25] 50.38 23.61 4047 2544 86.14 78.04 82.17 7793 82.89 62.85 7587 63.19
ENGINE 69.69 58.69 64.38 59.02 86.92 79.22 83.15 7947 94.14 90.08 91.61 90.03

ImageNet-R CUB UCF

Method BO Inc20 B100 Inc20 BO Inc20 B100 Inc20 BO Inc10 B50 Inc10

A Agp A Agp A Agp A Agp A Agp A Agp

Finetune 1.37 0.43 1.01 0.88 2.06 0.64 0.56 0.47 451 1.59 1.21 0.80
CoOp [88] 60.73 37.52 5420 39.77 2761 857 24.03 10.14 47.85 3346 42.02 24.74
SimpleCIL [84] 81.06 7448 76.84 7448 8381 77.52 79.75 7752 90.44 85.68 88.12 85.68
ZS-CLIP [49] 83.37 77.17 79.57 77.17 7438 63.06 6796 63.06 7550 67.64 7144 67.64
L2P [65] 7597 66.52 7282 66.77 70.87 5793 7564 66.12 8634 7643 8395 76.62
DualPrompt [64] 7621 66.65 7322 6758 69.89 5746 7440 64.84 8521 7582 8431 76.35
CODA-Prompt [53] 77.69 6895 73.71 68.05 73.12 6298 7395 6221 87.76 80.14 83.04 75.03
RAPF [25] 81.26 7048 76.10 70.23 79.09 62.77 72.82 6293 9228 80.33 90.31 81.55
ENGINE 86.22 80.37 83.63 8098 86.65 80.20 82.59 79.30 9435 90.03 92.51 89.58

SUN Food ObjectNet

Method BO Inc30 B150 Inc30 B0 Inc10 B50 Inc10 BO Inc20 B100 Inc20

A Ap A Ap A Ap A Agp A Ap A Ap

Finetune 4.51 1.59 0.78 0.72 3.49 1.71 2.14 1.52 1.34 047 0.69 0.54
CoOp [88] 4593 23.11 39.33 2489 36.01 14.18 33.13 18.67 2124 629 1621 6.82
SimpleCIL [84] 82.13 75.58 78.62 7558 87.89 81.65 8473 81.65 52.06 40.13 4511 40.13
ZS-CLIP [49] 79.42 7211 7495 72.11 87.86 8192 8475 8192 3843 2643 31.12 2643
L2P [65] 82.82 74.54 79.57 73.10 85.66 77.33 8042 73.13 5140 39.39 4891 4283
DualPrompt [64] 8246 7440 7937 73.02 8492 7729 80.00 7275 52.62 40.72 49.08 4292
CODA-Prompt [53] 83.34 75.71 80.38 74.17 86.18 78.78 80.98 74.13 46.49 34.13 40.57 34.13
RAPF [25] 82.13 72.47 78.04 73.10 88.57 81.15 8553 81.17 48.67 27.43 39.28 28.73
ENGINE 85.04 7854 81.57 7845 89.81 83.89 86.89 8394 59.11 4519 51.32 44.99

Table 2. Comparison to traditional exemplar-based CIL methods.
ENGINE does not use any exemplars.

Ailicraft BOIncl0 SUN BO Inc30

Method Exemplars Vi Ap A Ap
iCaRL [51] 20/class  53.60  43.98 78.56  67.30
MEMO [83] 20/class 42.24 25.41 81.48 7345
PROOF [86] 20/class  61.00 53.59 83.57 77.28
ENGINE 0 69.69 58.69 85.04 78.54

5. Experiments

In this section, we conduct extensive experiments on nine
benchmark datasets and compare ENGINE to state-of-the-
art methods. We visualize the incremental learning curve
and provide ablation studies on prompt engineering and pa-
rameter sensitivity to test the model’s robustness. Besides,
we also visualize the learned embeddings and logit changes
after injecting external knowledge to show its effectiveness.
We provide more results in the supplementary.

5.1. Implementation Details

Dataset: We follow [65, 86, 88] to evaluate the per-
formance on nine benchmark datasets that have domain
gap to CLIP’s pre-training dataset, i.e., CIFAR100 [32],
CUB200 [59], ObjectNet [6], ImageNet-R [22], FGVCAir-
craft [41], StanfordCars [31], Food101 [7], SUN397 [68]
and UCF101 [55]. Following [86], we utilize the sampled
100 classes from CIFAR100, Aircraft, Cars, Food, UCF,
200 classes from CUB200, ObjectNet, ImageNet-R, and
300 classes from SUN to ease the data split. More details
are reported in the supplementary.

Dataset split: Following [51, 65], we use ‘B-m Inc-n’ to
split the classes in CIL. m indicates the number of classes
in the first stage, and n represents that of every following
stage. We follow [51] to randomly shuffle the class order
with random seed 1993 for all compared methods, and keep
this same for every method.
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Figure 3. Incremental performance of different methods. We report the performance gap after the last incremental stage of ENGINE and the
runner-up method at the end of the line. All methods utilize the same CLIP pre-trained weight. More figures are shown in supplementary.

Table 3. Results when all methods use the same textual description
generated by GPT-4 and data augmentation.

ImageNet-R BO Inc20  CIFAR B0 Inc10

Method Template

A Ap A Ap
ZS-CLIP  GPT Generated 83.68 77.59 8226  71.70
RAPF GPT Generated  81.89 71.04 86.49  78.52
ENGINE  GPT Generated  86.22 80.37 86.92  79.22

Comparison methods: We first compare to SOTA pre-
trained model-based CIL algorithms, e.g., L2P [65], Du-
alPrompt [64], CODA-Prompt [53], SimpleCIL [84]. Be-
sides, we also compare to SOTA CLIP-based CIL algo-
rithms, e.g., CoOp [88], PROOF [86], RAPF [25]. The
baseline that finetunes CLIP for incremental tasks is de-
noted as Finetune. All methods are deployed with the
same CLIP as initialization.

Training details: The experiments are deployed with
NVIDIA 4090 using PyTorch [47]. We follow [25, 86]
to consider CLIP with ViT-B/16 for all compared methods
for fair comparison. For vision-based methods that cannot
utilize the textual prompt (e.g., L2P, DualPrompt, CODA-
Prompt), we utilize CLIP’s visual branch as their initializa-
tion. We report the results using LAION-400M pre-trained
CLIP [26] in the main paper, and report results using Ope-
nAl [49] in the supplementary. In ENGINE, we use SGD
optimizer with a batch size of 64 to optimize the model for
10 epochs. The learning rate decays from 0.05 with cosine
annealing. We set the prototype noise ratio « to 0.25 and
k in post-tuning to 5. We use OpenAl GPT-40 mini [1] to
generate the prompts for textual knowledge and AutoAug-
ment [11] to augment the visual features. We explore other
LLMs to extract external knowledge in the supplementary.
The source code will be publicly available upon acceptance.
Evaluation metric: Following [51, 86], we use A to rep-
resent the model’s accuracy after the b-th stage. Specifi-
cally, we adopt Ap (the performance after the last stage)
and A = % Zle Ay (average performance along incre-
mental stages) as measurements.

5.2. Benchmark Comparison

We first compare ENGINE to other state-of-the-art methods
on the benchmark datasets and report the results in Table |
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Figure 4. Ablation study and parameter sensitivity.
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and Figure 3. Specifically, we find ENGINE outperforms
current SOTA by 3%~10% on these benchmark datasets.
We find the baseline method Finetune has the worst
performance, indicating that the decomposition ability
to tackle the class template into fine-grained features is
totally forgotten. For visual prompt-based methods like
L2P, DualPrompt, and CODA-Prompt, the performance is
limited due to the inability to utilize textual information.
For the textual prompt tuning method CoOp, we find that it
achieves poor performance due to the forgetting of textual
prompts. For other CLIP-based methods like RAPF, our
method still shows substantial improvement, verifying its
strong continual learning ability without forgetting.

Apart from these non-exemplar-based methods, we also
consider typical exemplar-based CIL methods for compari-
son. We report the comparison results in Table 2, where all
methods are initialized with the same CLIP. As we can infer
from the table, ENGINE still outperforms them even without
using exemplars.

Finally, what if all CLIP-based methods utilize the same
external knowledge? Correspondingly, we also consider us-
ing the same generated prompt and data augmentation for
ZS-CLIP and RAPF, and report the results in Table 3. In
this table, we replace the template text of all methods us-
ing the same text in Section 4.1 and adopt the same data
augmentation for image input. We find ENGINE still out-
performs them even using the same prompt, indicating that
ENGINE can better utilize the external information for in-
cremental learning.



(a) ZS-CLIP, single stage (b) ENGINE, two stages
Figure 5. t-SNE [58] visualizations of zero-shot CLIP and EN-
GINE. ENGINE aligns the cross-modal features without forget-
ting. We represent the visual features of the first task with dots
and classes of the second task with squares. The textual features
are represented by triangles, and we utilize the shadow area to de-
note the decision boundary.

5.3. Further Analysis

Ablation study: We first conduct ablations to investigate
the effectiveness of each component in ENGINE. We re-
port the incremental performance on CIFAR100 BO Inc10
in Figure 4a. We can infer that ‘ZS-CLIP’ has the worst
performance since the downstream distribution is different
from the pre-training stage, and we view it as the base-
line. Correspondingly, we first equip the model with visual
knowledge injection (Eq. 6), and denote the model as ‘w/
Visual Injection’. It shows that the performance drastically
improves as the model has been adapted to extract more in-
formative visual features. Similarly, we then append the
textual information using Eq. 5, denoted as ‘w/ Dual Injec-
tion.” As shown in the figure, using external knowledge for
both modalities can further improve the performance than
visual knowledge only. Finally, we equip the model with
post-tuning knowledge injection, and utilize Eq. 15 for in-
ference (i.e., ‘w/ Post-tuning Injection’). This corresponds
to the full version of ENGINE, and we find it achieves the
best performance. Ablations verify that every component in
ENGINE boosts the CIL performance.

Parameter robustness: There are two hyperparameters in
ENGINE, i.e., the prototype noise scale « in Section 4.1 and
post-tuning candidate k in Eq. 14. We conduct experiments
on CUB BO Inc20 to investigate the robustness by chang-
ing these parameters. Specifically, we choose o among
{0.15,0.2,0.25,0.3,0.35}, and k among {3,4,5,6,7}. We
report the last performance in Figure 4b. As shown in the
figure, the performance is robust with the change of these
parameters, and we suggest a« = 0.25, k = 5 as default.
Visualizations: In this section, we utilize t-SNE [58] to vi-
sualize the cross-modal features learned by ENGINE on CI-
FAR100 BO Inc5. We represent the visual features of the
first task with dots (O) and classes of the second task with
squares ([J). The textual features are represented by trian-
gles (/\), and we utilize the shadow area to denote the deci-
sion boundary divided by the textual features. Specifically,
we first visualize the instances of the first stage in zero-shot
CLIP’s embedding space in Figure 5a. The results indicate
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Figure 6. Left: Input. Mid(ile: Top-5 predictions beiv’\ore post-
tuning knowledge injection. Right: Top-5 predictions after post-
tuning. More cases are shown in the supplementary.

=
o o

that pre-trained CLIP has difficulty in aligning the visual
and textual features since they are situated in two distinct
areas in the embedding space [37]. While for Figure 5b, we
visualize the embedding of ENGINE across two incremental
stages. As we can infer from the figure, ENGINE has two
advantages: 1) The visual and textual features are aligned
in the same cluster, and 2) The model has not forgotten pre-
vious classes when learning new ones.

We also visualize the model output before and after post-
tuning knowledge injection on ImageNet-R in Figure 6. We
utilize bars with red edges to denote the ground-truth class.
As we can infer from the figure, post-tuning knowledge in-
jection can help the model refine the predictions by gen-
erating local comparisons. For the case on top of Figure 0,
the model can focus on the differences between “acorn” and
“birdhouse” to make the final prediction.

6. Conclusion

Class-incremental learning is essential to real-world appli-
cations. This paper aims to enable CLIP with CIL ability
by injecting external knowledge. Specifically, we consider
on-the-fly knowledge injection by learning dual-branch in-
jection units. We augment images for the visual branch and
generate detailed feature descriptions with GPT-4 for the
textual branch. By maximizing the similarity between ex-
ternal information and the injection module, we encode in-
formative features into the pre-trained CLIP. Besides, we
also consider post-tuning knowledge injection with local
class information to calibrate the predictions. Extensive ex-
periments verify ENGINE’s effectiveness.

Limitations and future works: This paper relies on GPT-4
to provide expert knowledge for specific tasks, which may
be impossible for the specific cases where GPT-4 cannot
generalize. Future works include designing other formats
of external knowledge, e.g., knowledge graphs.
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