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1 Appendix

In the appendix, we additionally present detailed algorithms of the proposed S-liPrompts, thorough
experimental settings of the competing methods and the proposed ones, more ablation experiments,
as well as more discussions on related works.

1.1 Algorithm Details

Inference Pipeline. Figl[]illustrates the inference pipeline of the proposed language-image S-Prompts
(S-liPrompts). For the inference phase, we suggest the following steps: 1) feeding the tokens of
a given test image into the image transformer to obtain the image feature, 2) utilizing K-NN to
search for the nearest centroid obtained by K-Means on training data to the given test image, 3)
feeding the image token and the nearest centroid associated image prompts into the image transformer,
with the centroid related language prompts and class tokens being fed into the text transformer, 4)
calculating the language-image prediction probabilities for the final classification. Note that K-NN
is conducted on the image feature space of the fixed pre-trained image transformer without using
any prompts. Algorithm Details. Alg[T|and Alg[2]show the training/testing process details of the
proposed S-liPrompts.

1.2 Experimental Details

Implementation details. We implement the proposed S-Prompts in PyTorch with NVIDIA RTX
3090 GPUs. We use the same image encoder architecture of ViT-B/16 [1]] for S-iPrompts and S-
liPrompts across all tasks/domains. The text encoder of S-liPrompts is the same as that of CLIP [23].
In our experiments, the total class number C'is 2 for CDDB [[12]], 50 for CORe50 [18]], and 345 for
DomainNet [22]] respectively. For all the experiments in the main paper, the length of a single image
prompt L; is 10, and the length of one language prompt L; is 16. The embedding dimension D; is
768 for both of the used ViT and CLIP. The dimension of word embedding c; and the embedding
dimension of text transformer D; are both 512. The implementation of K-Means and K-nearest
neighbors (KNN) are both based on scikit-learn [21]. The distance measure is the L1 distance.

Training details. Our S-Prompts is insensitive to the setting of hyper-parameters and we do not tune
much. For all benchmarks, we adopt SGD optimizer with a momentum of 0.9, an initial learning rate

*This work is done when Yabin Wang visits Singapore Management University
fCorresponding Author
*Corresponding Author

36th Conference on Neural Information Processing Systems (NeurIPS 2022).



@ mage Tokens [CLASS]| Text Tokens

@ Image Prompts v Domain Centers
-:] Text Prompts — -+ Forward without Prompts

Image
Feature @ Prediction Probability

J

Image

(G
(G
a»
a»
@' | Transformer
a»
a»
a»
a®

Test image

Text
Transformer

”

— +| [CLASS]
a e ;
- e O [ Bus | [Boa| [ car | .. ..

Im Pool Feature Space Language Prompt Pool

Figure 1: Mlustration of the inference pipeline of the proposed S-liPrompts. The displayed indexes correspond
to the following four inference steps respectively: 1) obtaining transformer feature of a given test image, 2)
searching for the nearest centroid obtained by K-Means on training data to the given test image, 3) feeding the
image/text tokens and the nearest centroid associated image/text prompts into the image/text transformers, 4)
computing the language-image prediction probabilities for the final classification.

Algorithm 1 Training process of the proposed S-liPrompts

1: Initialization: Training data:D, = fz; ,yfgi.v:sl,s = 1,2,...,.5; Pre-trained image model: f;
Pre-trained language model: g; Class embeddings: ¢;, j = 1,2,...,C;

Image Prompt Pool: P? = ;; Language Prompt Pool: P! = ;; Domain centroids: M = ;;
Maximum Iteration: T}, ,.; Batch size: Np; Number of centroids per session: K;

2: fors=1,2,....,5 do
3:  Initialize image prompt P! for domain s
4:  Initialize language prompt P! for domain s
5. foriter =1,2,....,T 4, do
6: Extract a mini-batch samples fz?, y? gfvzbl from Traning Data D
7: Prepend z§ with image prompts P! for image encoder by [z¢, P!, 5]
8: Prepare input with language prompts P! for text encoder by t; = Pl Ci =1
9: Generate class representation by g(t;)
10: Compute the prediction probability by p = PgXp(hf([gEi ’PS’meS])’g(t’ D -
p=1 &P f (25, PLzcis]),a(tOD)
11: Calculate Cross-Entropy loss by Lg = L(c(p), ;)
12: Update st- = HPSI n 5Ps' st-
13: Update epl = 0P' n 5pl 9PI
14:  end for ° ° ° e

15:  Initialize a temporary memory buffer B to store features
16: fori=1,2,... Ny do

17: Extract a sample x from training data D,
18: B f([#],2as))
19:  end for

20:  Run K-Means on B to get K domain centroids 'I‘mfgiK:l
21: M fmfgfil

22 P? P!
23 Pt P!
24: end for




Algorithm 2 Testing process of the proposed S-liPrompts

1: Initialization: ~ Testimagex; Pre-trained image modél; Pre-trained language modgl:
Class embeddings;j = 1;2;::;C; Image Prompt PodP'; Language Prompt Podl!;
Domain centroid$/ ; Number of domain centroiddy, ; Number of neighbors for K-NNK ;

: Calculate image featurfg, = f ([X; X¢c1s])

forj =1;2;::;;Ny do

Extract thej -th domain cegroian from M
Calculate L1 distancd; =  jfy mj
end for
: Arrange the calculated Euclidean distantd;s}%N:Ml in a non-descend order

Take the rstK distances from the sorted list
: Run K-NN to nd the corresponding domain identi catian
: Prepenck with image prompt®{ for image encoder bfx; P; Xcis]

11: Prepare input with language promig for text encoder by; = P!; ¢ J.C:l
12: Generate class representationdgy )

QX NOTAWN

exp(Ff (%P L ixas 1):0(tj)i)

= - for classi cation
k=1 €xP(hf ([X;P 1ixas 1);9(tk)i)

13: Compute the prediction probability y= P

of 0:1, a batch size 0128 and a cosine annealing schedulEg][ The number of epochs is different

for different datasets, which should be large enough to t the training sets. Speci cally, wgluse
epochs for CDDB10 epochs for DomainNet and CORe50. All the training images are resized to
224 224 \We only adopt simple data augmentation as other metl®ij§], e.g., horizontal ip

and random crop.

Memory overhead. The nhumber of context vectors for CLIP1§ and the dimension i§12, and

thus the number of parameters of language prompts for each ses3pB81%6. The length of image
prompts isl0and the dimension i868 which has33; 792parameters. The dimension of K-Means
cluster centers i512for S-liPrompts and@68for S-iPrompts. In our experiments, we Useenters

for all the three used benchmark datasets, and hence it1&l#88to 18; 432 parameters per session.
Accordingly, S-iPrompts only adds2; 224 parameters to the original pre-trained ViT-B/16 model,
leading to a paltry:05%total parameter increase. Similarly, S-liPrompts a8lQ)896 parameters

per session. Compared with pre-trained CLIP (with ViT-B/16 image encoder), it has a total parameter
increase 0D:03%

Baseline methods.We implement EWC[9] and LwF [15] with pre-trained ViT-B/16 using the
PyCILE]tooIbox [30]. The hyper-parameters remain the same as those in their original paper. DyTox
[2] and L2P B]] are two main baselines in this paper, and we list the parameters below for reference.
We use the of cial implementaticﬁ‘of DyTox for its evaluation on CDDB, CORe50 and DomainNet.

The original backbone of DyTox is a shallow ConVi3] [ 5 self-attention blocks and a task-attention
block) without pre-training. For a fair comparison with other methods, we use a pre-trained base-
ConViTE]with rst 5layers as the backbone. The model siz& l#yers base-ConViT (78M) is almost

the same as the base-ViT (86M) used in other methods including L2P and ours. We use the learning
rate 0f0:0001and50 epochs for CDDB to get the proper performance. For DomainNet and CORe50,
the learning rate i6:001and the number of epoch 29. All the other parts of DyTox remain the

same as those of the of cial implements, and the changes of Iearnlnc rate and the number of epochs
are for getting better performance. We evaluate the of cial L2P codBah tly on CDDB and
DomainNet by tuning its key parameters, i.e., learning rate, trade-off parameteympt pool size,

N value for key selection. The learning rate for CDDB is tune@:fig and that for DomainNet i6:8.

We use30 epoch for CDDB an@0 for DomainNet. For both datasets, the prompt pool size is tuned

to 20, and the number of key selectionSsThe trade-off parameteris adjusted t®:001

4https://github.com/G-U-N/PyCIL

®https://github.com/arthurdouillard/dytox

®DyTox [2] originally suggests training base-ConViT from scratch. But this case's performance (about 56%)
is much lower than that (86.21%) of training from the pre-trained base-ConViT (78M), which is also higher than
that (84.20%) of training from the pre-trained base-ViT (86M), on the CDDB-Hard dataset.

"L2P [37] merely releases the exemplar-free codbtgis://github.com/google-research/I2p . We
tried to adapt it to the cases using exemplars, but they generally work badly, e.g., about 59% on CDDB-Hard.


https://github.com/G-U-N/PyCIL
https://github.com/arthurdouillard/dytox

Table 1: Average accuracies (%) of using random domain selection and our proposed domain selection on
CDDB and DomainNet for domain incremental learning. The two domain selection cases are both based on the
proposed S-liPrompts.

Random Domain Selection Proposed Domain Selection  Relative Improvement
CDDB 80.12 88.65 8.53
DomainNet 49.94 67.78 17.84

Table 2: Average accuracies (%) of the originally proposed S-liPrompts (each inference uses one single
domain-selected CLIP prediction) and its ensemble version (each inference utilizes the voting strategy on all
domain-based CLIP predictions) on the CDDB and DomainNet datasets for domain incremental learning.

Voting for Ensemble  Proposed Domain Selection Relative Improvement
CDDB 65.47 88.65 23.18
DomainNet 58.85 67.78 8.93

Figure 2: Accuracy curves of the proposed S-liPrompts generalized from ve seen CDDB-Hard domains
(S1-S5: GauGAN, BigGAN, WildDeepfake, WhichFaceReal, SAN) to three unseen domains (out-of-domain)
OOD1-0O0D3: FaceForensic++, Glow, StarGAN, which were used by CDIDB The value (S1-S5) along

the horizontal direction indicates the S-liPrompts model when trained until the given seen domain data. For
example, S3 means that the model was trained along the stream of S1, S2 and S3 sequentially. The curves with
different colours indicate the detection performance on the eight seen/unseen domains (S1-S5 and OOD1-O0D3)
respectively, and the red one shows the average accuracy.

1.3 More Experiments

Random Domain Selection vs. Proposed Domain Selectioin addition to the comparison on
CDDB (Table 4 in the main paper), we further compare the case of performing random domain
selection against that of using our proposed domain selection on DomainNet. Table 1 reports the
results on these two datasets. It shows the consistently remarkable relative improvements (by more
than 8% on CDDB and about 18% on DomainNet) of the proposed domain selection over the random
domain selection. This considerable improvement justi es the necessity of the proposed domain
selection, which attributes to the signi cance of the proposed independent prompting paradigm. The
out-of-distribution (OOD) experiment in Table 7 (in the main paper) veri es that the random domain
selection (in Table 1) has promising results mainly due to the strong generalization of the proposed
language-image prompt learning scheme over the CLIP model. Nevertheless, the results can be
further improved signi cantly using the proposed domain selection (see Table 1), showing the clear
superiority of the proposed independent prompting paradigm.

Domain Ensemble vs. Proposed Domain SelectionVe further study one of the most popular
ensemble methods (i.e., voting) on the proposed S-liPrompts. Table 2 summarizes the comparison of
the proposed S-liPrompts against the voting-based version in terms of average accuracies on CDDB
for deepfake domain incremental learning. The signi cant relative increases (about 23% on CDDB,
9% on DomainNet) show that the proposed S-liPrompts method favors the proposed domain selection
method that chooses the most expertised (i.e., the most related domain-based) prompting model
for the inference on each test sample. The excellent performance of the proposed domain-based
prompting models veri es the signi cance of the proposed independent prompting scheme. For the
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