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Supplementary Material

8. Supplementary

8.1. Concepts Preparation

Before initiating the incremental learning process, we re-
trieve concepts associated with specific categories through
ChatGPT queries. Following the methodologies proposed
in [36, 58, 61], we employ the following prompts to guide
the ChatGPT interactions:

Table 5. Prompts for all benchmark datasets.

Dataset Prompts

“using {num} sentenses to discribe the

Coarse-grained, appearance / color / size / shape / surroundings

CUB-200 of {category}”
“using {num} sentences to describe the
Food101 apperance / shape / color / texture
of a food named {category}”
“using {num} sentences to describe the
Flower apperance / color / size / patten / texture

of a flower named {category}”

“using {num} sentences to describe the
appearance / shape / color / size / structure
of a car named {category}”

Stanford-cars

By utilizing ChatGPT with prompts mentioned above,
we generate descriptive sentences containing class-specific
concepts. Subsequently, we employ a TS model, as re-
designed by [61], to extract concepts from these sentences,
thereby constructing a comprehensive general concept pool.
Examples of extracted concepts for categories in CUB-200,
ImageNet-subset, Food-101 and Flower are provided in Ta-
bles 11 to 14.

8.2. Additional Implementation Details

More Details of Concept Selection Module. Following
[58], we implemented the concept selection module (CS) as
a simple MLP. At the beginning of task ¢, the CS is trained
on the training data of current task with cross-entropy loss
and Mahalanobis loss, encouraging CS to construct embed-
ding space with vision-language knowledge. We train CS
for 30 epochs with a batch size of 64 and a learning rate
of 0.01 . After training, the learned weight matrix of CS
is leveraged to select concepts from concepts set C; of task
t, based on the distances between text features fr(C;) and
weight matrix.

Pseudo Code. The training pipeline of our proposed
method is outlined in Algorithm 1, the image encoder f;

and text encoder fr of CLIP are both frozen during the
whole training process, only the CBL, classifier and CS are
trainable. For each task, we first select concepts to con-
struct a bottleneck and extract prototypes for the categories
relevant to the current task. Afterward, old prototypes are
augmented using data from the current task to address catas-
trophic forgetting. Lastly, we calculate the CLIP concept
activation matrix and train our model with the guidance of
three loss functions as described in Section 4.2.

Algorithm 1 LG-CBM for Interpretable CL

Input: Incremental datasets: {D!,D? ... D"}, Task-

specific concepts: {C1,Cs,- -+ ,Cy}, Pre-trained CLIP im-

age encoder and text encoder: fr, fr.

Qutput: Incrementally trained model with interpretability
1. fort=1,2,--- ,ndo

2: Get the training set D! and Concepts Cy;

3: Extract text feature of Cy;

4: Select concepts from C; to form bottlenecks By;

5: Extract the prototypes of Dt as P;;

6: if t > 1 then

7: Augment prototypes P;.;_1 via Equation (6)
and Equation (7);

8: end if

9: Compute CLIP concept activation matrix

via Equation (1);
10: Optimize the CBL and classifier via Equation (9);
11: end for

8.3. More Results of Experiments

Accuracy Curve in Various Settings. We illustrate the ac-
curacy decreasing trends of our method with other state-of-
the-art baselines on A across all benchmark datasets in Fig-
ure 5. Our method outperforms other methods with higher
accuracy and less forgetting in most settings, especially
when the initial task contains almost half of categories of
the entire datasets, the A;4s; performance of our method is
also best on most benchmark datasets.

Concepts From Different ChatGPT. As shown in Table 6,
we report the average incremental accuracy A on ImageNet-
subset and Flower datasets with concepts generated from
different ChatGPT models. The findings demonstrate that
concepts derived from distinct ChatGPT models have mini-
mal impact on the model’s performance, with accuracy fluc-
tuations of less than 0.2% on ImageNet-subset and 0.5% on
Flower. For all experiments conducted with our method, we
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Figure 5. Average incremental accuracy A curve of our method with other state-of-the-art methods across all benchmark datasets.

obtain concepts by querying GPT-4o.

Table 6. The average incremental accuracy A on the ImageNet-
subset and Flower datasets, evaluated using concepts derived from
different versions of ChatGPT.

ImageNet-subset Flower
ChatGPTs B10Incl0  BI10Incl0
GPT-3.5 turbo 87.63 94.69
GPT-4 turbo 87.50 94.76
GPT-4o 87.55 95.16

Performance in Non-continual Setting. We present the re-

sults for joint training of our method on three coarse-grained
datasets in Table 7. A performance gap remains between
continual learning methods and joint training.

Table 7. The performance of our method under Non-continual set-
ting.

Methods CIFAR-100 Tiny-ImageNet ImageNet-Subset

Joint training  82.14+0.02 76.43+0.11 83.52+0.06

Additional Ablation Study. Semantic-Guided Proto-
type Augmentation (PA) is designed to enhance knowl-



edge retention. We evaluate its impact by comparing it
against “Base” (without any anti-forgetting strategy) and
“Base+Proto” (classical prototype loss without augmenta-
tion). The results show the effectiveness of the PA module.

Table 8. The effectiveness of semantic-guide prototype augmenta-
tion module.

CIFAR-100 Tiny-ImageNet ImageNet-Subset

B50 IncS B100 Inc10 B50 IncS
Base 11.02+1.42 12.96+3.97 23.90+8.50
Base+Proto  69.15+0.38 64.741+0.62 74.23+0.25
Base+PA  75.91+0.50 71.97+0.09 78.21+0.29

The Concept Alignment (CA) module helps learn human-
understandable bottlenecks and enhances interpretability.
We show an example of “Azalea” to analyze CA, listing the
top-5 concepts in Table 9. With CA, the selected concepts
are all positive and align well with human understanding,
emphasizing the importance of the CA module.

Table 9. The comparison of Top-5 concepts that contribute most
to classify “Azalea” with and without CA module.

Image CA Top-5 Concepts
NOT radiate from the center like rays of sunshine
each petal is thin and almost translucent
w/o CA NOT encase a deep pink center

NOT striking symmetry radiating from the center
stark contrast against its dark green foliage

v
% ii !

support small pink blossoms
bright pink in color
w/ CA vibrant pink hue with a pale white margin
thrive in the shaded nooks of the tree limbs
stark contrast against its dark green foliage

8.4. Computational Overhead of Concept Selection
Module

The computational overhead of the CS on three coarse-
grained datasets is shown in Table 10. We can infer from
Table 10 that the training of CS is quite efficient, with low
memory usage and computation, and the training time is
also acceptable.

Table 10. The training cost of the concept selection module.

Metrics CIFAR-100 Tiny-ImageNet ImageNet-Subset
FLOPs (M) 0.68 1.56 0.99
Time per epoch (s) 1.30 1.26 2.24
Peak Memory Usage (MB) 2571 2701 2673

8.5. More Interpretable Model Predictions.

As depicted in Figures 6 to 8, we provide additional ex-
amples of interpretable model predictions across various

datasets. We can find that our method demonstrates excel-
lent interpretability across all benchmark datasets, deliver-
ing strong performance accompanied by coherent and logi-
cal explanations.



Table 11. Example concepts of categories in CUB-200.

Category Concepts Category Concepts
“dark, slate-gray body”,
“graceful, elongated body”, “sleek look™,
“long, slender wings”, “head is adorned with a striking crest”,
“plume is primarily dark brown with subtle shades of gray”, “adds to its distinctive appearance”,
“pale patch on its face creates an interesting visual effect”, “around its beak”,
“distinguishing feature against the rest of its body”, “there is a splash of vibrant orange”,
Black footed Albatross “large wingspan that stretches wide”, Crested Auklet “small, bright eyes stand out against the darker feathers”,
“body appears robust and streamlined”, “small bird with a compact body”,
“strong and hooked”, “beak is short and slightly curved”,
“overall form is well-suited for gliding over the ocean”, “prominent crest on its head”,
“endless, clear sky”, “relatively short compared to its body”,
“glides over the gentle waves with ease” “rocky coastline is covered in patches of green moss”,
“waves crash against the shore under an overcast sky”
“dark, g105§y plumage tha} §h1mmers in the sunlight”, " “sleek body with a predominantly gray plumage”,
feathers display a subtle iridescence of blues and greens”, w . . s
« . N X . head is capped with a darker, almost black hue”,
rusty hue adorns its wings and patches around its eyes”, “ X "
P X . small, slender beak complements its smooth feathers”,
bill is slender and pointed”, o . . . C
o s L B tail and wings show subtle, lighter shading”,
suitable for foraging”, “medium-sized bird with a slender body”
Rusty Blackbird “medium-sized bird with a slender build”, Gray Catbird |, R " Y
@ L overall shape is sleek and elongated”,
body appears elongated and streamlined”, w . .
“has a relatively long tail” long tail that tapers towards the end”,
.. ] L, “bird features a rounded head with a short, straight bill”,
straight and slightly pointed”, w Y
P . . L gentle stream runs nearby”,
bird is perched on a thin branch, surrounded by dense foliage”, « . .
» . : . surrounded by tall reeds and vibrant autumn leaves
background features a calm stream reflecting the overhanging trees
Table 12. Example concepts of categories in ImageNet-subset.
Category  Concepts Category Concepts
“bright lorati ith tallic sheen” . . . .
w night orange co ora‘mn YYI ametafiic sheen-, “vibrant plumage with a mix of rich, earthy tones”,
fins are long and delicate”, . . . . N
« . . " bright red adorns its comb and wattle, adding a striking contrast”,
flowing gracefully in the water”, B \
w - hues of green and blue”,
sleek and oval-shaped”, « »
s L sturdy beak and strong legs complete the appearance”,
slight bulge at the sides”, « . . I
« . » appears quite large in the photo”,
eyes are round and prominent”, « . . .
Goldfish « s Cock structure is straight and firm”,
have an elongated body shape”, w . i
. . . surface looks smooth and uniform”,
typically around four to six inches long”, « .. R R L "
« . L, overall, it gives an impression of solidity and symmetry”,
fins are delicate and fan-like”, w »
. L warm glow over the farmyard”,
bodies are often plump and streamlined”, " Lo . . N
« . L, illuminating the rustic wooden fence and scattered hay”,
clear water surrounds them in an aquarium”, w . "
« . I nearby, a few chickens peck at the ground
green aquatic plants sway gently nearby’
“brown, mottled skin”, “vibrant body with a mixture of colors”,
“blends with the forest floor”, “head is often bright red or orange”,
“large and sit prominently on its head”, “body can display hues of blue or brown”,
“muscular and well-developed for jumping”, “smooth and glossy under the light”,
“small, tail-like appendage extends from its rear”, “medium-sized reptile with a stout body”,
Tailed Frog  “small and robust with a rounded body”, Agama  “limbs are strong and muscular, aiding in movement”,

“legs appear muscular and strong”,

“head is wide with prominent eyes”,

“slender tail extends from its back”,

“small amphibian sits among the damp, moss-covered rocks”,
“lush, green environment”

“head is somewhat triangular, tapering towards snout”,

“tail is long and slender, extending beyond the body”,

“rocky terrain is dotted with patches of dry grass and scattered stones”,
“clear blue sky stretches above”,

“casting shadows on sunlit ground”




Table 13. Example concepts of categories in Food101.

Category Concepts Category Concepts
“?iiiea;:riog?:w?fi sits on a flat surface”, “long, cylindrical shape with slightly rounded ends”,
“%mo,olh loss ﬁr;i%h” “nestled within a soft, oblong bun”,
» glossy Tnish, . “bright red and mustard streaks on top”,
reflect off its slightly uneven edges”, . e RS
“uniform throughout” suggest a freshly cooked state”,
“appears dense yet ten’der” “cooked evenly, its texture looks firm yet somewhat flexible”,
“surface shows a slight sheen, suggesting a moist consistency”, “g isten, mdlcatn?g Ju1.cu’1’ess ’
“each slice reveals layers with a slightly crumbly edge;” densely packed interior”,
Chocolate Cake “smoothly elazed” Y ehtly yedges Hot dog  “hinting at a substantial bite”,
“conl.rasti};lg with ti1e softer interior” “inside, it reveals a grilled sausage nestled within the bun”,
o . 2 ’ " “slightly browned”,
Tiny air pockets are scattered throughout”, « .
“sponey nature” shows a textured casing”,
. pongy s o o “drizzled atop”,
reveals a dense and moist interior”, B L \
@ L . blending into the sausage”,
texture appears soft, showcasing fine crumbs”, “soft lavered”
“uniform color throughout”, rovid)E/: a ‘0£ embrace”
“Tiny flecks may indicate the presence of fine ingredients” p cozy &
“rectangular dish layered with alternating levels of ingredients”, “smoolh, round shape with Shg}.“ mdentfmons A
“golden-brown with a slightly crisp texture” hue blends subtle shades of beige and light brown”,
“edges appear slightly darker, indicating a well-cooked surface”, Zrlfnrflllc edzl: lf esa{:c]%]:)z;?siif::rtg dlel‘%;;: iziiif::()n:a;ance”
“visible stripes of red and white sauce peeking through through”, P Specks acds i i PP ’
“warm and inviting look” ‘contrasts sharply w1Fh the dark background”,
“various shades of red, brown, and cream”, “eri‘:tz;hs’ S;Z‘;Tt};];ul:tﬁe ’
“layered structure with firm and slightly chewy pasta sheets”, “ﬁea ed SCO0DS reveagl tir; air pockets throughout”
Lasagna “gooey and stretchy consistency from the melted cheese”, Ice-cream ., P P Y airp o ghout, -
“moist and saucy texture between the layers” small Qroplets of §onden§atlon are visible on its exterior”,
“blend of soft, meaty, and creamy elements within it”, “i‘l’giiihg:(;l};:]ais‘::‘j;altl;}’awﬁls:s501010131?3 s,heen”
“visible layers alternate between creamy white and tangy red sauces”, “smooll% ang rici” Y glossy, g ’
“Zggise;:ire t:g dl %%Vf)rre,? ting a slightly golden crust”, “Tiny air bubbles are evenly dispersed throughout the frozen treat”,
“thin, flat pasta shapes lile structure, holding everything together”. “small vanilla bgan SP eclfs ar§ visible, hinting at quality ingredients”,
“specks of green are scattered throughout” ’ “surface has a slightly glistening, frosty appearance”,
: ] h “dense, yet soft composition”
Table 14. Example concepts of categories in Flower.
Category  Concepts Category  Concepts
“vibrant red and tals that fl tward” . .
“Vlet:snhz/e anga[;ied[:i ahstl Erlu f;erg f;:::;,, ’ “stands tall with elongated, vibrant red bracts crowded closely together”,
“P ) y Sugntly rull i » “strong green stem supports the structure and extends upwards”,
long, green stamens protrude prominently at the center”, « . "
“ - leaves are broad, glossy, and waxy with a deep green color”,
leaves are slender and gracefully arch away from the stem”, « "
- - graceful arcs”,
sits atop a tall, curved stem”, o . =
« . » add to its elegance”,
adds elegance to its appearance”, s L .. »
Fire il “vivid shade of red-orange” Red einger striking combination of vivid color and slender form”,
Y « . 8¢ " ging “vibrant red color”,
each petal gracefully curls backwards”, « i
s - stands out vividly”,
bright yellow”, « . . S
“long, slender stamens protrude from it” shape is elongated, resembling a cone or spike”,
« ’ X . . “smooth”,
overall shape is elegant and delicate”, « .
. . layered neatly around the core”,
vibrant orange-red petals that curve gracefully backwards”, « . Lo . .
« L . N green leaves surround its base, framing it beautifully”,
stamens and pistil extend prominently from the center”,
«yibrant red petals that catch the eve” “stands tall with thick, green stems reaching upwards”,
« P o y,, ’ “leaves are large, broad”,
dark and contrasting, almost black”, o R \
« . . " have a silvery hue”,
stem is slender and green, standing tall”, « : .. "
«sparse and slichtly jageed” flower head is a round, dense cluster of tightly layered bracts”,
“;)F\)/er;lll a éafanc}éjisg(ii]ic;te ot striking” “hint of purple peek through as the flower begins to bloom™,
“vibrant ‘SE habri hi red hue” y g “delicate thorns edge the tips of its protective leaves”,
Corn poppy N ’ Artichoke ~ “vibrant purple hue”,

“petals are delicate and slightly crinkled”,

“flower has a central dark spot marking its contrast”,
“stands tall on a slender green stem”,

“overall shape is rounded and open”,

“petals are bright red and slightly crinkled”,

“black spot marks the base of each petal”,

“stands tall with a robust structure”,

“petals form spherical shape”,

“petals overlap tightly together”,

“overall appearance is spiky yet symmetrical”,
“large, spiky petals”,

“curl out in a vibrant display”,




CUB-200

Category:American Goldfinch Prediction:American Goldfinch Confidence: 0.985 Logit:15.81

beautiful bird with yellow and green feathers _ +4.87
NOT only north american blackbird with red wings _ +4.07
two white stripes running down its back _ +2.48
NOT gray-brown with white stripes on the sides _ +2.3

NOT breeds on the tundra of the arctic _ 1.01

NOT flying in formation with other swallows . ).24

brownish cap, a white throat . +0.19

Sum of 1993 other conepts - +0.67

o 1 2 3 4 5
Concept contributions

Category:House Sparrow Prediction:House Sparrow Confidence: 0.429 Logit:8.24

NOT beautiful bird with a yellow body and black stripes _ +4.18
brown with black and white stripes _ 1.21
grayish-brown, with two white bars _ +0.92

NOT flies in formation with other pelicans, following a leader - +0

.54
NOT one of the more widespread and common warbler species in north america - +0.35

NOT forms flocks with other swallow species . +0.17

NOT one of the most beautiful flycatchers l 0.12

Sum of 1993 other conepts - +0.73

0 1 2 3 4
Concept contributions

ImageNet-subset

Category:crampfish Prediction:crampfish Confidence: 0.998 Logit:15.72

clear water surrounds them in an aquarium [ o34
NOT small creature with a slender body _ +4.03

predominantly brown and gray with darker spots - +1.68
N |
NOT sits on a bed of dry leaves scattered across the forest floor . +0.6
|
NOT sits amidst lush green leaves glistening with morning dew . +0.51

|
moves gracefully in the water _ 47 .
|

covered in vibrant feathers | +0.11

|
Sum of 993 other conepts —-0.13 I
|

0 2 4 6 8 10
Concept contributions

Category:barn spider Prediction:barn spider Confidence: 0.725 Logit:13.70
|

nearby, green reeds sway slightly with the breeze _ 2.94
|
NOT large bird with a broad wingspan - +1.55
" . . . " . |
sits amidst lush green leaves glistening with morning dew  _7 35 -
|
NOT sharp beak at the front . +0.74
|
clear blue sky stretches overhead with scattered fluffy clouds ~0.25 I
|
overall shape allows it to blend seamlessly into foliage ~0.12 I
|
Sum of 993 other conepts —-0.38 l
|
-2 0 2 4 6 8 10 12

Concept contributions

Figure 6. Contribution Visualization after training on CUB-200 B10 Inc10 and ImageNet-Subset B10 Inc10.



Flower

Category:cape flower Prediction:cape flower Confidence: 0.976 Logit:1.26

vibrant with a striking pink hue and pale centers

vibrant mix of pink and purple hues

surface looks smooth and almost velvety

|
|
|
|
Bathed in natural light, it casts subtle shadows below _( 35 _
|

shape is elongated, resembling a cone or spike

deep blue hue is vibrant and striking  _ 33 _

showcases intricate veining along each feather's surface _ +0.32

|
Sum of 1013 other conepts - +0.08
|

-0.4 -0.2 0.0 0.2 0.4
Concept contributions

Category:morning glory Predi

edges appear slightly wavy

|

deep blue hue is vibrant and striking |

narrow and lance-shaped |

star-like shape with distinct radial symmetry _ 35 -

bright green leaves surround it _ 33 -

pale, creamy white flowers with trumpet-like shapes |
|

|

|

vibrant palette of reds, pinks, and whites dominates its appearance

ion:morning glory Confidence: 0.933 Logit:2.27

-0.50 -0.25 0.00 0.25 0.50 0.75 1.00 125
Concept contributions
Food-101
Category:takoyaki Prediction:takoyaki Confidence: 0.988 Logit:7.16
|
surface shows delicate bubbles and ridges, evidence of being fried to perfection _ +3.5

|

each one forms a perfect circular shape _ +1.45
|

rests snugly within a sliced bun that holds it in place _ 1.32
|
NOT glossy, red berries add a pop of color over the pale filling _ +1.06
there's a juicy, perfectly cooked patty ‘_
i +1.01
: . . : [
color is consistent with other fried desserts - ).55
light bounces off their surface, highlighting their freshly cooked appearance —0.54 ‘
Sum of 1003 other conepts —1.23 _
|
-1 0 3 4

1 2
Concept contributions

Category:bibimbap Prediction:bibimbap Confidence: 0.978 Logit:10.92

tomatoes and herbs contribute to its vibrant color _ +8.41

NOT glossy, red berries add a pop of color over the pale filling - +1.56
" . |
NOT overall appearance suggests a silky and soft consistency - +0.97
|
garnishes of cilantro and cheese further embellish its surface I 0.27

|
surface is dotted with a variety of colorful toppings  _ 1, I
|
NOT light dusting of herbs is sprinkled over the entire surface | +0.09

|
features a mix of thin, stir-fried noodles  _ g |
|

Sum of 1003 other conepts  —0.19 I
|

0 2 4 6 8
Concept contributions

Figure 7. Contribution Visualization after training on Flower B10 Inc10 and Food-101 B10 Inc10.



Stanford-cars

Category:BMW 1 Series Convertible 2012 Prediction:BMW 1 Series Convertible 2012 Confidence: 0.925 Logit:10.31

convertible top is down

m NOT side profile shows a slightly elevated body with a flat bed
retractable convertible roof

>
i - ‘® - spacious cabin accommodates passengers comfortably

NOT snug fit within the extended frame

NOT well-suited for off-road adventures

color shines brightly in the sunlight

Sum of 973 other conepts

000 025 050 075 100 125 150 175 200
Concept contributions

Category:Hyundai Veracruz SUV 2012 Prediction:Hyundai Veracruz SUV 2012 Confidence: 0.641 Logit:7.00
|

large wheels support its substantial frame

minimal detailing

providing ample cargo space

design complemented by polished alloy wheels that add a touch of sophistication
inside, the cabin offers a luxurious atmosphere with plush seats and a well-organized _ 31 -
NOT overall, it presents a petite presence f

NOT retractable convertible roof

Sum of 973 other conepts

-0.5 0.0 05 1.0 15 200 25 30
Concept contributions

Figure 8. Contribution Visualization after training on Stanford-cars B14 Inc14.



