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Abstract

Continual learning seeks to enable a model to assimilate knowledge from non-
stationary data streams without catastrophic forgetting. Recently, methods based
on Parameter-Efficient Tuning (PET) have achieved superior performance without
even storing any historical exemplars, which train much fewer specific parame-
ters for each task upon a frozen pre-trained model, and tailored parameters are
retrieved to guide predictions during inference. However, reliance solely on pre-
trained features for parameter matching exacerbates the inconsistency between
the training and inference phases, thereby constraining the overall performance.
To address this issue, we propose HRM-PET, which makes full use of the richer
downstream knowledge inherently contained in the trained parameters. Specif-
ically, we introduce a hybrid re-matching mechanism, which benefits from the
initial predicted distribution to facilitate the parameter selections. The direct re-
matching addresses misclassified samples identified with correct task identity in
prediction, despite incorrect initial matching. Moreover, the confidence-based
re-matching is specifically designed to handle other more challenging mismatched
samples that cannot be calibrated by the former. Besides, to acquire task-invariant
knowledge for better matching, we integrate a cross-task instance relationship
distillation module into the PET-based method. Extensive experiments conducted
on four datasets under five pre-trained settings demonstrate that HRM-PET per-
forms favorably against the state-of-the-art methods. The code is available in the
https://github.com/wei-cheng777/HRM-PET.

1 Introduction

Faced with the non-stationary data flow in the real world, continual learning (CL) [83} 156l 165]] aims
to overcome catastrophic forgetting [[76,197, 31, [101]] while acquiring knowledge from a sequence of
tasks [57}149,169]. CL is crucial for achieving artificial general intelligence [39} 82, [84]], garnering
significant attention and advancements in recent years [38} 107} 521 92, [70]]. In this paper, we focus
on the challenging class incremental learning (CIL) scenario [90) 34} 18} [102].

Rehearsal-based method is one of the most representative approach [32, [79} 8], which stores a
portion of historical examples in a rehearsal buffer to alleviate catastrophic forgetting [5} 154} [50].
Consequently, the information of old classes is accessible when training the new classes. However, this
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Figure 1: (a) shows comparisons of matching and average final classification accuracy of our method
with HiDe-Prompt on CIFAR-100 and ImageNet-R across ten tasks with Sup-21K. (b) presents that
during HRM-PET inference, the predicted distribution after the PET is leveraged for re-matching.

strategy raises privacy concerns [71}[72], and the performance is sensitive to storage capacity [8843]].
Hence, rehearsal-free continual learning [89} 23| 3| [47]] receives increasing attention.

Rehearsal-free methods train models without the help of rehearsal buffer [[105 155,46, 21]. Among
them, Parameter-Efficient Tuning (PET) [73}95}35]] maintains the powerful feature extraction ability
of pre-trained models, thereby shows impressive performance. PET updates a few parameters when
adapting to downstream tasks, and frozes the pre-trained model to alleviate the catastrophic forget-
ting [I58} 120, 161]. Most PET-based methods [88l [80] maintain a parameter pool, then train isolated
parameters for each task. Particularly, the corresponding group of parameters in the pool is distin-
guished by the task identity [77]. During inference, the task identity of samples is unknown. Current
methods address this issue by matching appropriate task identity for testing [88}80]. DualPrompt [88]]
employs the QKV mechanism [78] to match task-specific prompts. LGCL [36] introduces language
guidance during the matching. HiDe-Prompt [80]] enhances the inference of task identity through the
approximated distributions derived from uninstructed representations.

Although many works make efforts to improve the parameter matching process, there still exists
a substantial potential for further enhancement. As shown in Fig.[Ta] over 15% of data from Split
CIFAR-100 are mismatched by the sota method HiDe-Prompt. Furthermore, when testing on the
Split ImageNet-R, the matching accuracy is only 67.58%. As a result, the classification accuracy is
4.54% and 8.85% lower than the setting with 100% matching accuracy. To sum up, previous methods
determine the task identity through a one-shot matching, which performs sub-optimal in CIL setting.
Consequently, we propose a re-matching mechanism to calibrate the matching results.

The re-matching mechanism is shown in Fig.[Tb] Specifically, we propose a Hybrid Re-Matching
Parameter-Efficient Tuning (HRM-PET) method, which contains two re-matching operations. First,
owing to the shared knowledge in the parameter pool, the task identity of the predicted class for
some samples may be correct, despite the incorrect initial matching. These samples can be detected
when the predicted class does not belong to the matching task identity. The task identity is directly
replaced with the one obtained from the prediction. Second, we design confidence-based re-matching
for all samples with incorrect initial matching. Specifically, for the parameters and the class of data
mismatched, they have never been trained together. Therefore, the confidence of these predictions
may be lower than the correct matching, and the experimental results in Fig. [Tb|demonstrated this
assumption. To this end, we detect incorrect matching based on the confidence of the predicted
distribution, and obtain the corrected task identity from the class with the sub-highest score. Moreover,
we aspire to directly re-match more samples in the first scenarios. Therefore, we integrate cross-task
instance relationship distillation [7]] into the PET-based methods, which encourages aligning the
shared feature space from different task parameters and improves the task-invariant knowledge.

In summary, our contributions are as follows: 1) We propose a hybrid re-matching strategy based
on predicted distribution to improve matching and classification accuracy in PET-based CL. 2)We
further introduce cross-task instance relationship distillation to align the shared feature space, which



promotes the learning of task-invariant knowledge. 3) We empirically validate the effectiveness of
HRM-PET on extensive datasets using five distinct pre-trained models.

2 Related Work

2.1 Continual Learning

Many methods have been proposed for CL [40} 163} 199, (93| [12], such as regularization-based [2,
1} [85]], rehearsal-based [9} 24, [11] and architecture-based methods[94, [106} 30]. Recently, PET-
based methods [37, 73] 160, 98] show strong performance in rehearsal-free setting, which leverage
parameter-efficient tuning techniques [33}44], such as prompt tuning, to adapt a sequence of tasks
upon frozen pre-trained models. L2P [89] employs the QKV mechanism [78] to select several
prompts corresponding to each sample in a shared prompt pool. In addition to task-specific prompts,
DualPrompt [88] incorporates global prompts to acquire task-invariant knowledge. LGCL [36]]
introduces language guidance at the task and instance level to improve prompt matching. HiDe-
Prompt [80, [81]] decomposes the PET-based method into three components, simultaneously enhancing
each part, and has achieved state-of-the-art performance. Instead of selecting parameters, CODA-
prompt [73] transforms the prompt selection process into a weighted mechanism. DAP [35] and
APG [75] propose to generate prompts. Moreover, LAE [19] utilizes ensembling [48] to propose
a unified CL framework for three Parameter-Efficient Tuning. Although MOS [74] also addresses
mismatching through a self-refined retrieval mechanism, the assumptions are different from ours:
MOS assumes that the sample is mismatched when the task identity of the final prediction is not
the same as the initial matching. In contrast, HRM-PET detects and corrects mismatching based on
confidence rather than only task identity consistency.

2.2 Parameter-Efficient Tuning

Parameter-Efficient Tuning [10]] is designed to tune pre-trained models with fewer parameters while
freezing most pre-trained parameters. For example, Adapter [28,164] inserts small network modules
between the layers of a pre-trained model. Prompt Tuning [[66] adds lightweight trainable parameters
(prompts) to the input of the pre-trained model. Compared with Prompt Tuning, Prefix Tuning [44]]
maintains the length of the output sequence unchanged. LoRA [29] introduces low-rank matrices
that capture task-specific adaptations. VPT [33]] applies prompt tuning to ViT for the first time,
designing learnable input prompts that activate the pre-existing knowledge within a pre-trained model.
The capability of Parameter-Efficient Tuning to acquire task-specific knowledge renders it highly
conducive to continual learning [[16} 17, (96].

3 Methodology

3.1 Continual Learning Formulation

Continual Learning aims to learn a sequence of tasks without forgetting. In CIL, each task is
consisting of n, samples D, = {(zf,9}), (z5,45),..., (2}, yh,)} from a set of several classes,
where ¢ is task identity, ! € X represents the i-th input image and y! € ) is corresponding class
label. Therefore, a total of T tasks are defined as D = {D;, Do, ..., Dr}. As shown in Fig. 2| at
time ¢, only D; of task ¢ is available for training. For inference, a unified linear classifier go, must
distinguish all classes encountered so far. Note that the classes between tasks will not overlap and task
identity is unknown during inference following common CIL settings[57, 167, 38]. The deep model
fo : X — Y parameterized by weights 6 = {0},,6,} is often considered as incremental learners,
which is split as a feature extractor hg, and linear classifier gp, . In PET-based methods, lightweight
parameters p combined with a frozen pre-trained model Ay, is trained as 8, to extract image features.
For input test image « from arbitrary tasks, the model outputs probability distributions g(h(z;65); 64)
to predict its label y. For rehearsal-based CIL, when training the model on D;, a small number of
exemplars from {D1, ..., D;_1} are available in the storage buffer. This paper deals with the more
challenging rehearsal-free setting, where images in the past are never stored.

We follow HiDe-Prompt [80] as our baseline. Given the image x € D, of current task ¢, the
frozen pre-trained model Ay, with parameters 6., is directly used to extract its features as query
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Figure 2: Pipeline of our method. Task ID means task identity. ¢ and t, denote the outcomes of the
initial matching and the re-matching. i, and p; represent the corresponding parameters of t r and ts
in the parameter pool. Re-matching consists of two methods: Direct and Confidence-based scenarios.
T is a set of top-N predicted task identities from initial matching.

g(x) = h(z;0ptm). Then, the query feature is input to an auxiliary classifier g,, parameterized

by 6, for the prediction of task identity, d(z) = g(q(x);0,) represents the output class-level
probability distribution, which is optimized by cross-entropy during the training. A parameter
(LoRA) pool P = {po,p1,...,pt} is maintained. During training, we get probability distribution
d(z) = g(h(z;pe, Opim); 04) by using the pre-trained model followed with current parameter p;.
Then, p; of the current task ¢ and classifier gy, are optimized by cross-entropy. To maintain valid
prediction distributions for past tasks, we follow HiDe-Prompt to model the categorical features as a
Gaussian distribution. For further details, please refer to the Supplementary Materials.

3.2 Hybrid Re-matching
3.2.1 Direct Re-matching

During the inference phase as shown in Fig. [2] previous PET-based methods first employ feature
query ¢(z) to predict the task identity [88] [80]. The corresponding parameter is matched from P
and attached to the pre-trained model, then predicts the final classification result . When the initial
matching is incorrect, the g is likely to be confused. However, for some simple samples, the features
extracted by shared information in the parameter pool can also be distinguished. Therefore, the task
identity of predicted label ¢ for these samples may be correct. Replacing the initial matched task
identity with this can readily enhance matching accuracy. Therefore, We propose a simple direct
re-matching (DRM) solution by mapping the predicted class-level distribution d(x) obtained with the
initial matched parameters back to the task identity and conducting a parameter re-matching strategy:

tp = T (argmax g(q(); b))
. ' $))
ts = T(argmax g(h(x;pgf,ﬂptm); 04)),

where T converts class into task identity, ¢ and t, represent the outcomes of the initial matching
and re-matching, respectively. Undoubtedly, we cannot confirm the correctness of #. To cover all
samples of the above scenarios, we restrict DRM to samples where ¢ # {:

argmax g(h(a;p;_, Opim ); 0g),  if Ey # L,

- ’
Y argmax g(h(z; g, , Optm ); by), otherwise. &



For samples with £ i # ts, if £, is the correct task identity, it can directly improve TIL If £, is incorrect,

the worst result is to predict the wrong class like £ - Therefore, this design does not compromise the
final performance.

3.2.2 Confidence-based Re-matching

However, if ff is identical to ¢, directly replacing ff with ¢, for re-matching would be meaningless.
Considering that each group of parameters is trained using images associated with its corresponding
task identity, the classifier often outputs an unconfident predicted distribution for mismatched samples
during inference [26]. Hence, we further propose an confidence-based re-matching (CRM) strategy.

Initially, we calculate the confidence F(d(z)) by function E(-). Given advanced performance and
advantages in detecting semantic drift , the post-hoc generalized entropy (GEN) function [S1] is

applied. GEN calculates generalized entropy [[13}[22] only relies on d(x) without any training:

B(d(@)) = Gy(d) = = > dz 7 (1-dz,) 3)

Cj

where ~ is hyperparameter, d* is the first M values after sorting the probability values in d(x)

from descending order, M represents the top-M highest probability, J(w) is obtained by 7, in DRM.
Subsequently we assess whether a mismatching may occurr for by the matching detector De(z):

0, ifE(d(z)) <,
1, otherwise,

De(x;pffaeptmaeg) = { (4)

where 7 is the threshold. When the task identity is inaccurately predicted, De(x) classifies it as 0.

Having detected mismatched samples, i.e., De(xz) = 0, the critical challenge lies in identifying
a more suitable parameter from P. Given that it is impractical to establish a definitive boundary
between mismatched and correctly matched samples by 7, we refrain from directly replacing £ 5 with
another task identity. Rather, we compare the confidence of final predicted distributions yielded by
the top-NV identities I" in initial matching. Specifically, we first obtain the top-N classes with the

highest probabilities from the initial matching prediction distribution d(w)

I' = argmax cfcj (z), 5)

{¢; _?]:1

where I is the set of the top-V classes. Candidate task identities are obtained by converting all
classes to task identity in I" with 7. Then, we compare the confidence scores E of the final prediction
distributions generated by inferencing with the parameters p corresponding to all task identities. The
task identity with the highest confidence is selected as the corrected task identity #:

[y = arg max E(g(h(z; p7(i), Optm ); 04))- (6)
1€

The final class prediction §cras is derived from the prediction distribution corresponding to is:

JorM = argmax g(h(x;pgs,eptm); 99)- N

Finally, the classification outcome 4 ras associated with the task identity of highest confidence is
employed as the re-matching result, thereby diminishing the effects of erroneous detections. Since
additional forwards will be introduced when comparing confidence, N is set to be 2. The discussion
of N is in the Supplementary Material.

3.3 Cross-Task Instance Relationship Distillation

Cross-task instance relationship distillation (CTIRD) aims to facilitate the acquisition of task-
invariant knowledge across different task parameters. We hope that more samples can be predicted
as correct classes or task identities of classes, despite the incorrect initial matching. For the current
task ¢, new parameters p; and old parameters {p1, ..., ps—1} of past tasks are available. Combining
arbitrary parameter p, € P with the pre-trained model A, we can acquire the corresponding class
token as feature embedding ey (z) = h(x; Optm, pi) for x € D;. To represent new knowledge, we
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extract features for each sample in the current task ¢ by task parameters p;, and then calculate the
feature similarity between them to obtain similarity matrix W;:

ij = ei(z;) - erxy). 8)

During representing old knowledge, images of the current task do not align with any previous tasks,
rendering it infeasible to ascertain the most appropriate historical parameters for each current sample.
To explore useful knowledge from past parameters, we utilize trained task classifier g,, to identify the
appropriate, albeit suboptimal, old parameters for each current sample. To incorporate more previous
tasks, we select the top-K task identities:

s; = argmax chj (25),
{T (e} )
Sy ={s!,sh, s, ...,8%5},
where s; represents a subset of top-K task identities selected for x;. For a batch of samples, we can
obtain K sets {S1,5, ..., Sk}, each of which represents an identity set with the I, (I € [1, K])
highest confidence level of these samples. For example, s3 represents the identity of the second sample
in a batch with the third highest confidence in so. Then, we can obtain a set {Ws,, Ws,,..., Ws, }
of similarity matrices recording instance relationships in different feature spaces. To ensure the
consistency of shared knowledge across tasks, we compute the Kullback-Leibler (KL) divergence
between the normalized instance relationship matrix W, of the current task and others as a loss:
Wé]l = esé (xl) ’ esé (xj)?

K (10)
Lorrp (P, 0g) = > KL(Norm(Wy), Norm(Ws,)).

=1
Consequently, the final loss function is:
Lwrp(pt,04) = Lce(pe,b0y) + AerLoTrb (5 04)- (1D)

The Ao calibrates the trade-off between the acquisition of task-invariant and task-specific expertise.

4 Experiments

4.1 Datasets

We first carry out experiments on two widely used datasets in CIL performance evaluation: Split
CIFAR-100 and Split ImageNet-R. Split CIFAR-100 splits CIFAR-100[41]] dataset into 10 tasks.
However, CIFAR-100 is relatively easy to classify and is susceptible to information leakage when
utilizing some pre-trained models. Split ImageNet-R [88] is a recently proposed, more challenging



Table 1: Results of Split CIFAR-100, Split ImageNet-R, ImageNet-A, and 5-Datasets on five different
pre-trained models (PTM). We report the mean and standard deviation of both average final accuracy
A and average forgetting F'y computed across three random seeds.

Split CIFAR-100 Split ImageNet-R ImageNet-A 5-Datasets
™ Method Ant Fy | Av t Fy | An 1 Fy | Ant Fy |
DualPrompt [88] 86.604+0.19  4.45+0.16 | 68.79+0.31  4.49+0.14 | 39.76+0.18  5.85+1.14 | 76.09+£091  15.70+1.13
S-Prompt++ [86] 88.81+0.18  3.87+0.05 | 69.684+0.12  3.29+0.05 | 39.10+0.30 5444098 | 83.38+0.29  4.1140.29
v CODA-Prompt |73 86.94+0.63 4.04£0.18 70.03+£0.47 5.174£0.22 30.96+0.14 5.584+0.45 62.54+1.34  18.58+1.67
I LAE [I9 85.10£0.24  5.01+0.35 | 72.25+0.62  3.43+£0.65 | 40.36+1.26  9.33+0.45 | 64.16+£0.10  10.25+0.22
5 CPrompt [21] 83.18+1.89 6.98+1.56 69.24+1.31 5.42+1.78 37.60£1.01 8.12+0.99 71.72£0.65 18.87+1.12
< InfLoRA [47] 85.28+0.10  4.28+0.91 72244054 3.20+1.27 | 42.12+1.97  6.01£1.71 71.97+0.67  12.23+1.05
HiDe-LoRA [80 88.43+0.38 3.16+0.16 71.90+0.22 4.33+0.24 42.184+0.10 6.15+0.17 93.25+0.03 1.04+0.03
HRM-PET (Ours) 89.45+0.23  3.83+0.13 | 73.86+0.14  3.60+0.15 | 44.28+0.12  541+0.32 | 93.99+0.12  0.61+0.14
DualPrompt [88 78.76+0.23  9.84+0.24 | 54.554+0.53  538+0.70 | 21.60+£1.70  6.924+0.84 | 67.60+£1.47  26.24+1.11
S-Prompt++ |86 79.1440.65 9.17£1.33 55.16+0.83 4.07£0.16 23.89+0.86 5.86+0.68 71.46+£2.94  19.38+4.28
M CODA-Prompt [73] | 80.83+0.27  7.50+£0.25 | 61.22+0.35  9.66+0.20 | 28.10+0.28  6.33+0.76 | 56.1243.18  27.234+2.51
E LAE [19 78.87+0.58 10.55+0.40 | 60.68+0.12 4.67+0.87 29.76+0.16 9.77+1.06 63.86+1.00 13.75+1.12
o) CPrompt [21] 82.344+0.81  6.98+1.16 | 64.64+0.87  7.06£0.71 | 31.66+£0.61  10.26+£0.79 | 67.38+£1.90  16.48+0.81
= InfLoRA [47 87.95+0.39  4.88+0.46 | 70.13+0.24  4.90£0.37 | 33.87+1.55  9.04+1.46 | 75.64+0.17  8.8310.59
HiDe-LoRA [80 88.44+0.17 4.53£0.34 73.40+0.22 3.77£0.41 38.55+0.43 7.49+0.19 93.53+0.31 1.69+0.10
HRM-PET (Ours) 89.704+0.13  3.754+0.11 | 75.234+0.21  3.68+0.17 | 40.88+0.32  4.98+0.61 | 94.38+0.11  1.07+0.15
DualPrompt [88 76.63+0.05 8.41+0.40 61.51£1.05 5.02+0.52 21.60+0.39 6.43+0.64 65.35£1.26  27.62+1.75
S-Prompt++ [86 77.53+0.56 8.07+£0.97 60.82+0.68 4.16+0.14 21.12+1.12 6.5240.37 71.71£1.50 6.64+0.14
v CODA-Prompt [73 79.11£1.02  7.69£1.57 | 66.56+0.68  7.22+0.38 | 28.69+0.73  6.3441.23 | 44.34+3.33  21.89+4.06
; LAE [19 75.45+0.43 10.55+0.36 | 67.95+0.55 5.56+0.41 27.18+0.21 9.77+0.67 67.00£1.46  13.75+0.98
g CPrompt [21] 76.3240.79  12.49+1.36 | 68.25+1.43  825+1.19 | 29.70+£091  823+£1.11 | 7521+0.84  9.86+1.12
h InfLoRA [47 85.51+0.10 6.28+0.16 71.90+0.10 4.91£2.70 32.01£0.70 7.45+0.67 75.33£0.61 9.12+0.48
HiDe-LoRA [80] 86.43+£0.23  5234+0.34 | 72.794£0.28  4.39+0.16 | 35.63+0.25  6.25+0.13 | 93.48+0.06  1.70+0.03
HRM-PET (Ours) 87.11+0.15 4.57+0.14 74.64+0.28 3.92+0.19 37.89+0.34 5.19+0.41 94.15+0.15 0.87+0.20
DualPrompt [88 74.90£0.21 10.26+0.62 | 58.57+0.45 5.80+0.21 21.27+0.52 5.16£0.81 68.21£1.11  24.04+0.86
S-Prompt++ [86] 74974046  7.78+0.66 | 57.64+0.16  5.0840.31 20.58+1.52  6.224+0.68 | 75.19+0.80  6.76+1.76
M CODA-Prompt |73 77.50+0.64 8.10+0.01 63.15+0.39 6.86+0.11 24.28+0.56 6.66+1.22 51.52+£2.10  27.554+3.01
5 LAE [19 73.6240.44  12.56+0.29 | 63.70+0.84 5444024 | 23.10£0.38  8.68£1.01 6533+1.55  10.25+1.23
Z CPrompt [21] 74.64+1.69  11.79+£1.99 | 63.67+0.57  9.85+0.91 2649+0.81  7.80+£0.87 | 73.40+0.95 17.67+1.41
A InfLoRA [47 82.37+0.65 6.40£0.33 68.51+0.20 5.014+0.69 31.67+0.28 5.124+0.49 79.09£0.23 11.23£0.05
HiDe-LoRA (80 84.85+0.21  536+0.22 | 70424022  4.60£0.19 | 31.72+0.33  4.98+0.34 | 93.25+0.04  1.3440.01
HRM-PET (Ours) 85.931+0.14  5.144+0.24 | 72.324+0.20  3.49+0.27 | 33.37+0.35  4.78+0.55 | 93.90+0.05  0.67+0.07
DualPrompt [88 77774068  6.61+1.08 | 52.57+0.82  2.73+0.49 18.07+1.03  4.114+0.65 | 68.17+0.35  23.56+0.46
S-Prompt++ [86] 76.30+0.54  14.67+0.64 | 53.15+1.10  4.11+1.84 17.96+£0.66  4.50+1.96 | 71.75+0.57  13.60+0.73
M CODA-Prompt |73 76.83+£0.34  12.604+0.02 | 55.75+0.26  10.46+0.04 13.75+0.21 8.34+0.19 52.81+£2.41  33.58+2.99
s LAE [19 78314032 15.24+0.19 | 54.11£0.16  10.214+0.34 | 21.42+0.15  12.43=£1.11 | 57.44+0.18  17.11+0.36
% CPrompt [21] 77.384+0.99 12.24+1.56 | 59.47+2.56 8.61+1.85 22.16+£0.91 6.94+0.69 73.17+£0.84  17.67+1.34
= InfLoRA [47] 82.70+0.39  8.384+0.66 | 65.03+0.87  5.69£1.10 | 26.00+0.81  6.50+0.64 | 74.00+0.38  10.49+0.42
HiDe-LoRA [80 85.37+0.21 5.42+0.19 68.01+0.59 4.57+0.86 28.30+0.47 6.74+0.35 92.72+0.07 1.71+0.06
HRM-PET (Ours) 86.00+0.14  5.324+0.19 | 69.32+0.22  4.10+£0.35 | 29.73+0.52  6.23+0.61 | 93.31+0.08  1.23+0.15

Table 2: Comparisons with other methods relying on pre-trained models. To ensure a fair comparison,
we re-implemented our method under the same weights in SLCA [[100].

Method Split CIFAR-100 Split ImageNet-R ImageNet-A 5-Datasets
AN T Fn | AN T Fn | AN T Fn | AN T Fn |
ESN [87] 86.34+0.52  4.76+0.14 | 65.83£0.58  5.93+£0.31 | 45.084+0.23  6.251+0.84 | 85.71+1.47 2.8540.61
SLCA [100] 91.53£0.28  5.33+£0.31 77.00+0.33 4344032 | 52.85+0.40  7.72£0.65 | 85.24+0.84  11.32+0.92
HRM-PET(ours) | 91.55+0.63  3.83+0.13 | 79.03+£0.14  3.11+0.15 | 5543+0.12 7.89+0.32 | 94.1240.12 0.58+0.14

dataset. It collects 30000 images of different styles and is difficult to differentiate for general
classification models from ImageNet [[14], which is similarly split into 10 tasks.

To investigate performance on datasets with the larger domain gap from the pre-trained ImageNet,
we evaluate HRM-PET on ImageNet-A [27], consisting of images that are misclassified by ResNet
models. It is also divided into 10 tasks and 20 classes for every task [S9]. Moreover, S-Datasets [15]]
consisting of CIFAR-10 [41]], MNIST [42], Fashion-MNIST [91]], SVHN [62] and notMNIST [4]] is
examined, which are divided into 5 tasks according to different datasets.

4.2 Evaluation Settings

Comparing methods. We firstly compare multiple PET-based methods: DualPrompt [88]], S-
Prompt++ [86], CODA-Prompt [[73]], LAE [19], CPrompt [21], InfLoRA [47]], and HiDe-LoRA [80,
81]. CODA-Prompt, LAE, and InfLoRA do not maintain task-specific parameters and do not require
task identification. For fairness, both our method and HiDe-Prompt use LoRA as the PET, and
therefore HiDe-Prompt is referred to as HiDe-LoRA in the table. The LoRA modules are integrated
into the initial five layers of the ViT. Moreover, we compare the performance of different pre-trained



Table 3: Ablation experiment to prob DRM, CRM, and CTIRD in ImageNet-R.

Method Sup-21K iBOT-21K iBOT-1K DINO-1K MoCo-1K

Baseline 71.47+£0.26 73.491+0.31 72.99+0.56 70.4010.62 67.89+0.29
Baseline+DRM 72.55+0.10 74.11+0.22 73.48+0.35 71.05+0.27 68.70+£0.42
Baseline+CRM 72.80+£0.15 74.351+0.26 74.01£0.30 71.324+0.23 68.80£0.20
Baseline+ DRM+CRM 73.38+0.21 74.80+0.15 74.18+0.18 71.85+0.45 69.10+0.15
Baseline+ DRM+CRM+CTIRD 73.86£0.14 75.23+0.21 74.64+£0.28 72.324+0.20 69.32+£0.22

Table 4: The additional computational time dur-  Table 5: Comparison of different knowledge dis-
ing the inference process. We present the Time tillation methods under Sup-21K and iBOT-21K
(ms) per image on the test set, and Ay (%), after  pre-trained model.

the application of DRM and CRM. . CIFAR-100 TmageNet-R
Method CIFAR-100 ImageNet-R Distillation | g > " iBOT-21. | Sup-2l. iBOT:21.
Ayt Timel | Ay T Timel Togits [43] 87.66 88.02 72.88 7451
Baseline 8840 260 | 7160 281 Features [105] | 87.40 83.72 71.15 71.64
Baseline+DRM 88.80 281 7260 291 IRD* [7] 88.59 88.98 7321 74.58
Baseline+CRM+DRM | 8945 301 7386 324 CTIRD 89.45 89.70 73.86 75.23

models: Sup-21K [68], iBOT-1K [[104]], iBOT-21K [104], DINO-1K [6] and MoCo-1K [25]. We
employ the same supervised or self-supervised pre-trained ViT-B/16 as the backbone. In Sup-21K,
for fair comparison, we report the results under uniform checkpoin More details are shown in
Supplementary Material. Additionally, we conduct comparisons with SLCA [[100] and ESN [87]].
Follow [73]], the performance is measured by average final accuracy Ay and average forgetting Fiy
after learning [V tasks [53} 19} [88]].

4.3 Comparison with the State-of-the-art Methods

To evaluate the effectiveness, we perform extensive comparative experiments with 7 state-of-the-art
PET-based methods. This comparison involves five pre-trained models across four datasets: Split-
CIFAR100, Split ImageNet-R, ImageNet-A, and 5-Datasets. Subsequently, we present comparative
results with 2 sota methods based on the same pre-trained models but not designed with PET.

The results are shown in Table[T} Overall, our method achieves state-of-the-art results under 20 set-
tings of four datasets with various pre-trained backbones. On the Split ImageNet-R and ImageNet-A
with large intra-class diversity [103}88], HRM-PET shows substantial performance improvements.
It is worth noting that our method improves 1.61% and 2.10% with the model pre-trained on Sup-
21K, 1.83% and 2.33% with the model pre-trained on iBOT-21K. Moreover, HRM-PET also brings
improvement on Split CIFAR-100. On 5-Datasets, characterized by large task gaps, our method
achieves improvements of 0.74%, 0.85%, 0.67%, 0.65%, 0.59% respectively under different back-
bones. This indicates that HRM-PET consistently achieves better performance, and the improvement
is particularly significant on challenging datasets.

In addition to applying PET in CIL, there exist many other methods, such as direct fine-tuning. We
present the comparison between HRM-PET and two representative algorithms in Table[2] On the one
hand, considering A, HRM-PET surpasses other methods 2.03% and 2.58% on Split ImageNet-R
and ImageNet-A. Moreover, our method achieves 8.41% improvements on 5-Datasets. The results
demonstrate the superiority of HRM-PET. On the other hand, although our method only tunes a few
parameters, HRM-PET stably exhibits competitive performance on all datasets.

4.4 Ablation Study

Effectiveness of the proposed components. As illustrated in Table[3] we conduct a comprehensive
analysis of each module, across five pre-trained models on the Split ImageNet-R datasets. Ay is
utilized as measurement. The baseline is trained with in Section[3.1] According to the results, we
have the following observations: 1) Compared with baseline model, both CRM and DRM calibrate
incorrect parameter matching, hence improving performance. Furthermore, CRM aims to detect
all mismatched samples based on confidence, resulting in powerful performance. 2) Combining
CRM and DRM achieves better performance compared with either CRM or DRM. As shown in
Fig.[IDb] there is a partial intersection between correct and incorrect matching in the confidence-based
distribution. DRM compensates for the limitations on these samples, thereby combining CRM

'"VIT-B_16.npz



Mismatched to other task identities

Figure 5: Visualization of attention regions with (Ours) and without CTIRD (W/o). "Correct" means
the parameters with the correct task identity. "Mismatched to other task identities" means parameters
corresponding to other incorrect task identities.
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Figure 6: Variation of A with hyperparameters. We show influences of 4 hyperparameters within
the context of the ImageNet-R dataset with the Sup-21K and iBOT-21K setting: (a) Ao, (b) K, (c)
T, (d) Rl.

and DRM further improves the matching and classification performances. 3) By combining all
components, the model attains the best A, which demonstrates the complementarity of the proposed
re-matching and distillation strategies.

Parameter matching accuracy. To prob the effect of re-matching strategies on matching accuracy,
we conduct extensive experiments in Fig. [3] First, on the Split ImageNet-R with large intra-class
diversity [88]], our re-matching improves matching accuracy by an average of 9.28% using various pre-
trained backbones. Particularly, we achieve at least 2.91% in various settings, which demonstrates the
robustness of the re-matching. Besides, on the Split CIFAR-100 with matching accuracy exceeding
80%, combining DRM and CRM still brings an average matching accuracy improvement of 4.13%.
After obtaining higher matching accuracy, HRM-PET achieves higher Ay in Table[I]

Confidence-based detection. To validate the CRM’s ability to detect mismatching, we show the
proportion of incorrectly and correctly matched samples filtered by the confidence threshold. In
all experiments, the threshold 7 is consistently set as -10. As depicted in Fig. ] with the help of
the confidence-based threshold, CRM is able to detect the most mismatched samples during the
incremental process. Note that about 10-30% of correctly matched images are inevitably incorporated.
To handle these data, we design equation[6]to determine whether to replace the task identity.

Inference time. When re-matching is conducted based on the predicted distribution, the model needs
an additional forward process (IN = 2), which leads to an increase in the inference time. TableEl
shows the increased consumption. Results are fairly compared on RTX3090 at the same batch size.
Particularly, DRM and CRM only deal with a part of samples that are likely to be mismatched, hence
we can observe that the average time cost on the test set is only about 0.4ms. Importantly, significant
performance improvements can be achieved with slight time cost. Therefore, our calibrating strategy
based on re-matching mechanism is promising for future research.

Training time. The training time of HRM-PET is acceptable. In CTIRD, we first utilize the pre-
trained task classifier g,, to obtain the top-K old task identities with the highest confidence scores for
all samples. The time cost of performing a forward through the classifier is negligible. Subsequently,
before training, each sample undergoes K inferences to obtain K features for knowledge distillation.
Compared to training, the inference-only forward introduces minimal additional time overhead.
Experimentally, we measured the training time of baseline and HRM-PET on ImageNet-R on an RTX
3090. Our method incurs only an additional 4.4% (i.e., 0.30 hours) of time overhead.



Knowledge distillation. Knowledge distillation [45] is a classic mechanism for preserving model
stability. Through experimental exploration, we assess the influence of various knowledge distillation
techniques. The compared methods contain traditional logits [45]], feature distillation [105]], and
similar instance relation distillation (IRD) [7] in Table@ We implement IRD for each old task (IRD*)
without our top-K strategy. According to the results, CTIRD surpasses all alternative methods. The
previous methods add overly rigid constraints to the model, which impede the plasticity of new
task learning. Differently, CTIRD selects appropriate old parameters for each sample by the top-K
mechanism, which further prompts the model to learn shared information across tasks.

Visualization. In CTIRD, we visualized the attention area with parameters of different task identities
in Fig.[5] The first column displays attention maps generated using the correct task identity, while
columns 2—-10 correspond to attention maps produced using incorrect task identities. Two main
observations can be drawn: 1) On the one hand, there is almost no difference in the attention obtained
with the correct parameters when CTIRD is used and not used. This suggests that CTIRD does not
impair task-specific knowledge. 2) On the other hand, when CTIRD is applied, even if mismatched
parameters are attached, the attention still focuses on key feature areas of the object. These key
feature areas help them still have the correct task identities or classes in the predicted distribution
when the parameters are mismatched. Hence, CTIRD improves shared knowledge.

4.5 Hyperparameter Analysis

In this section, the effect of hyperparameters on the HRM-PET is investigated. All experiments
are conducted on Split ImageNet-R, for Sup-21k and iBOT-21k pertaining settings. First, we prob
the effect of the CTIRD loss coefficient Ao on A, which is shown in Fig. [@ The performance
of HRM-PET improves as A¢r increases and achieves the best performance when Acr = 0.2. A
smaller Ao compromises the PET’s capacity to acquire task-invariant knowledge. Conversely, an
excessively large Ao would obstruct the acquisition of task-specific knowledge in new tasks. Next,
We also present the influence of the number K for CTIRD in Fig.[6bl K controls the amount of
knowledge distillation with past task parameters, which influences the trade-off between task-specific
and task-invariant knowledge. Note that we utilize the common setting K = 5 to reduce the training
computational consumption.

In addition, as shown in Fig.[6c| the influence of the confidence threshold 7 in re-matching is explored.
A lower T calibrates fewer mismatched samples, whereas a higher threshold may classify correctly
matched samples as mismatched, we set 7 as -10. As validated in Fig.[3] combining confidence-based
re-matching strategy, the accuracy of task identity matching can be significantly improved. Finally,
we explore the effect hyperparameter Rank (R;) leveraged in LoRA, which is shown in Fig. In
HRM-PET, R; = 8 is suitable to learn task-specific knowledge. For more details, please see the
Supplementary Material.

5 Conclusion

In this paper, we propose HRM-PET for rehearsal-free continual learning with parameter-efficient
tuning. We design a hybrid re-matching mechanism based on the initial predicted distribution to
improve parameter matching accuracy in PET-based CL methods. Specifically, the direct re-matching
handles some samples by replacing the incorrect initial task identity with the correct one from
prediction. In addition, the confidence-based re-matching addresses more mismatched samples
without correct task identity in the predicted distribution. Furthermore, we introduce cross-task
instance relationship distillation to reduce the dependence of the model on matching accuracy.
Minimizing hyperparameter dependency and improving inference efficiency represent important
avenues for future research. Overall, extensive comparison and ablation experiments indicate that
HRM-PET achieves state-of-the-art performance.
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NeurlIPS Paper Checklist

1. Claims

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

Answer: [Yes]
Justification: Section [3]describes the detailed methodology. Section 4] validates the claim.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Please see the Supplementary Materials.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

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

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

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

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

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

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

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

3. Theory assumptions and proofs

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

Answer: [NA]
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Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

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

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

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

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

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

Answer: [Yes]
Justification: Please see Sectiondand the Supplementary Materials.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

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

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

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

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

5. Open access to data and code

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

Answer: [Yes]
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Justification: The code is provided in the abstract. The dataset uses public datasets, please
see Section 4]

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

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

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

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

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

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

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

Answer: [Yes]
Justification: Please see Sectiond]
Guidelines:

* The answer NA means that the paper does not include experiments.

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

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

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

Answer: [Yes]
Justification: Please see Sectiond]
Guidelines:

* The answer NA means that the paper does not include experiments.

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

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

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

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

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.
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It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

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

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

Experiments compute resources

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

Answer: [Yes]

Justification: Please see Sectiondand the Supplementary Materials.

Guidelines:

» The answer NA means that the paper does not include experiments.

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

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

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

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

Answer: [Yes]
Justification: Please see the Supplementary Materials.
Guidelines:

» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

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

Broader impacts

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

Answer: [NA]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

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

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

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

Safeguards

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

Answer: [NA]
Guidelines:

» The answer NA means that the paper poses no such risks.

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

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

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

Licenses for existing assets

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

Answer: [Yes]
Justification: Please see the Supplementary Materials.
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

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

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

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

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

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

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

New assets

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

Answer: [Yes]
Justification: Please see the Supplementary Materials.

Guidelines:
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* The answer NA means that the paper does not release new assets.

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

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

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

Crowdsourcing and research with human subjects

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

Answer: [NA]
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the Neur[PS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

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

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

Answer: [NA]
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

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

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

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

Declaration of LLM usage

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

Answer: [NA]
Guidelines:

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

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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