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Abstract

General continual learning (GCL) assumes dynamic, single-pass data streams without clear
task boundaries. Pretrained models provide representations at multiple depths, yet analytic con-
tinual learning typically uses only the final representation or forms a jointly concatenated classifier
whose second-order statistics grow quadratically with the number of selected layers. 'We introduce
LOOM, a framework that combines sequential parameter-efficient tuning with prototype-based
multilayer analytic classification. LOOM retains exact second-order statistics’ within each layer
and reconstructs cross-layer Gram blocks from class prototypes, yielding a structured approxi-
mation that can be solved through layerwise and class-level systems without storing historical
examples or individual features. The formulation supports prompts, adapters, and low-rank adap-
tation within the same procedure. Experiments under stochastic blurry streams show that every
LOOM variant surpasses analytic baselines, and remains-comparable to the full joint multilayer
upper bound across all three benchmarks, while reducing statistical storage by more than 70% and
cumulative solve time by 36.5%—-50.7%. These results show that prototypes provide an effective
interface for integrating complementary representations across network depths during continual
adaptation.
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1 Introduction

General continual learning (GCL) requires models to learn from a non-stationary data stream while
remaining capable of prediction throughout training (Buzzega et al., 2020; De Lange et al., 2021; Koh
etal., 2021). Classes may recur with changing frequencies, and task boundaries need not provide reli-
able cues for organizing learning (Moon et al., 2023). Under a single traversal of the stream, adaptation
must make effective use of the current observations while preserving knowledge acquired earlier. Pre-
trained models (PTMs) provide transferable representations for this purpose, and parameter-efficient
tuning (PET) enables adaptation through a small set of trainable parameters (Wang et al., 2022d,¢;
Hu et al., 2021). Recent GCL methods exploit these representations through prompt selection, ini-
tialization, and expert routing (Moon et al., 2023; Kang et al., 2025; Yan et al., 2026). Alongside the
organization of adaptation, a central question is how to retain and combine the information in these
representations for prediction as the stream evolves.

Analytic continual learning offers a natural approach to information retention by.accumulating fea-
ture statistics and updating a classifier through least-squares solutions (Zhuang et al., 2022, 2024a,b).
With pretrained representations, RanPAC uses nonlinear random expansion-torconstruct features for
analytic classification (McDonnell et al., 2024). LayUP instead draws on representations already avail-
able at different network depths and fits a joint classifier to their concatenation (Ahrens et al., 2024).
This use of intermediate representations extends the information available to the classifier beyond the
final layer. However, a full joint classifier retains second-order statistics for every pair of selected
layers, so its Gram storage grows quadratically with the-number of layers at a fixed feature width.
Fitting each layer independently reduces this requirement,.but does not explicitly model their interac-
tions within a joint system. These alternatives motivate an analytic classifier that preserves cross-layer
relationships without maintaining the full concatenated Gram matrix (see Figure 1).

Our starting point is the structure of these cross-layer statistics. Each feature observation can
be expressed as its class prototype plus,a residual. The second moment between two layers then
decomposes into a sum of count-weighted prototype outer products and a sum of within-class residual
outer products. The prototypes provide a<common class reference across depths, making it possible to
reconstruct a component of every-cross-layer block from class feature sums and counts. We use this
decomposition to retain the_full second-order statistics within each layer and represent interactions
between layers through their prototypes. This construction preserves layer-specific variation while
allowing all selected layers to participate in a single classifier. It also gives the approximation a
precise interpretation: only cross-layer residual interactions are omitted.

Building on this construction, we introduce LOOM, a framework for prototype-based multilayer
aggregation in GCL. LOOM continually updates shared PET parameters, collects intermediate repre-
sentations, and accumulates layerwise second moments, class feature sums, and class counts. These
statistics define-a structured approximation to the joint Gram matrix and support an analytic classi-
fier without retaining historical samples or individual feature vectors. The resulting matrix combines
diagonal residual blocks with a low-rank prototype component. This structure admits an exact solu-
tion through layerwise solves and a class-level system. For equal-width layers, Gram storage grows
linearly with the number of selected layers. LOOM therefore combines shared representation adap-
tation with a compact joint classifier and accommodates prompts, adapters, and low-rank adaptation
(LoRA) (Hu et al., 2021) within the same statistical formulation.

We evaluate LOOM on CIFAR-100, ImageNet-R, and CUB-200 under stochastic blurry GCL
streams (Moon et al., 2023). Our evaluation examines both anytime prediction and final performance,
with comparisons that separate the effects of adaptation, feature depth, and cross-layer integration.
Analyses of the accumulated Gram matrices and layer representations connect the statistical construc-
tion to the observed feature structure, while resource measurements quantify the cost of retaining and
solving these statistics. Across the three benchmarks, LOOM-LoRA retains anytime accuracy within
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Figure 1: Analytic classifier construction in RanPAC, LayUP, and LOOM using pretrained models
(PTMs). RanPAC expands final-layer features; LayUP concatenates layers and retains their full joint
Gram; LOOM retains layerwise Gram blocks and reconstructs cross-layer blocks from prototypes.
Prototype statistics are accumulated through class feature sums and counts. Time denotes classifier
construction from accumulated, statistics, and space denotes retained statistics. Dominant orders are
shown for C; < min(d, D), as in eur benchmarks, where D is RanPAC’s random expansion width, d
the per-layer feature width; K the number of selected layers, and C; the number of seen classes.

0.59 percentage points of-the full joint multilayer ridge classifier while reducing statistical storage by
more than 70%. These results demonstrate that prototype-based integration preserves much of the
predictive value of+joint multilayer statistics under continual adaptation.

2 Related"Work

Continual Learning (CL) studies how a model acquires knowledge from changing data distributions
while retaining its ability to solve previously encountered problems (Parisi et al., 2019; Wang et al.,
2024). Established approaches constrain parameter updates to preserve important knowledge (Kirk-
patrick et al., 2017), distill previous predictions (Li & Hoiem, 2018), rehearse selected examples (Re-
buffi et al., 2017b), or allocate additional capacity (Rusu et al., 2016). These strategies address differ-
ent aspects of the stability-plasticity trade-off, including interference between old and new knowledge
and the transfer of useful representations (Wang et al., 2021, 2022a). Their evaluation commonly fol-
lows task-, class-, or domain-incremental protocols, which differ in the evolution of the label space
and the availability of task identity (Van de Ven & Tolias, 2019). Pretrained models (PTMs) provide a
different starting point: substantial transferable knowledge is available before the stream begins, mak-
ing the preservation and adaptation of this representation central to subsequent learning. For example,



SLCA combines slow backbone adaptation with classifier alignment to reduce the mismatch between
representation learning and incremental classification (Zhang et al., 2023). Parameter-efficient tuning
(PET) instead introduces a small set of trainable parameters, through prompts, prefixes, adapters, or
low-rank updates, while keeping the pretrained weights fixed (Lester et al., 2021; Li & Liang, 2021;
Rebuffi et al., 2017a; Hu et al., 2021).

PTM-based CL methods differ in how they share and select adaptation parameters. A shared
module transfers its accumulated adaptation across the stream, whereas multiple modules can spe-
cialize but require an appropriate selection mechanism at inference. L2P retrieves prompts from-a
learned pool using input-dependent queries (Wang et al., 2022d); DualPrompt separates shared and
expert prompts (Wang et al., 2022c); and CODA-Prompt composes prompt components through
attention (Smith et al., 2023). S-Prompts explores domain-specific prompts (Wang et al., 2022b),
while HiDe-Prompt and subsequent hierarchical analyses distinguish expert selection. from within-
expert prediction and account for the pretrained representation (Kim et al., 2022; Wang et al., 2023).
NoRGa formulates prompt attention as a mixture-of-experts and introduces nonlinear residual gating
to improve within-task prediction (Le et al., 2024); SD-LoRA extends parameter-efficient adaptation
through decoupled learning of low-rank directions and magnitudes (Wu et al., 2025). These methods
address different aspects of adaptation capacity, expert selection, and knowledge retention.

Analytic CL accumulates feature statistics for closed-form or recursive classifier updates. ACIL
establishes the equivalence between incremental and joint least-squares learning under a fixed fea-
ture mapping (Zhuang et al., 2022), while GACL and F-OAL develop analytic learning for general-
ized class-arrival settings and online class-incremental streams, respectively (Zhuang et al., 2024a,b).
With PTMs, RanPAC combines nonlinear random expansion with accumulated feature statistics (Mc-
Donnell et al., 2024). Multilayer information hasalso,been exploited through intermediate supervi-
sion in MOSE (Yan et al., 2024) and joint analytic-classification of concatenated PTM features in
LayUP (Ahrens et al., 2024). Subsequent studies.investigate distribution drift compensation and scal-
able statistical classifiers (Rao et al., 2026b,a)., Together, these directions motivate compact integration
of multilayer information under continual adaptation.

General Continual Learning (GCL) relaxes the clean task segmentation and repeated access to
task datasets often assumed in.conventional CL (Buzzega et al., 2020; De Lange et al., 2021; Mi
et al., 2020). In an online stream, class frequencies and input distributions may change, previously
observed classes may reappear, and transitions need not define a reliable task identity. The learner
must therefore adapt with limited updates while remaining capable of inference throughout training.
Task-free formulations.remove explicit task boundaries (Aljundi et al., 2019a), blurry protocols allow
classes to recur across sessions and emphasize anytime inference (Koh et al., 2021), and Si-Blurry
introduces stochastic yariation in class composition and sample allocation (Moon et al., 2023). These
conditions couple fast adaptation with retention under class imbalance and limited memory. Replay
remains a validstrategy within GCL: gradient-based sample selection, balanced memory construction,
and replay objectives have been developed to use a restricted buffer (Aljundi et al., 2019b; Bang et al.,
2021; Buzzega et al., 2020). Memory-centered baselines also illustrate how strongly performance can
depend on storage and sampling choices (Prabhu et al., 2020).

PTMs support replay-free GCL by supplying reusable representations, but the remaining trainable
parameters still face interference and unequal exposure to classes. MVP combines visual prompt
tuning with masking under stochastic blurry streams (Moon et al., 2023). MISA improves prompt
initialization through forgetting-aware initial-session adaptation using pretraining data and introduces
a non-parametric logit mask (Kang et al., 2025). FlyPrompt combines an analytic router in a randomly
expanded feature space with temporal-ensemble experts, addressing expert assignment and prediction
stability (Yan et al., 2026). These methods emphasize the organization and adaptation of task experts.
LOOM investigates a complementary question: how to use representations from multiple depths in a
statistical classifier when adaptation is shared across the stream.



3 LOOM: Multilayer Aggregation for GCL

3.1 Preliminaries

We consider a labeled stream {B;}7_, where B, = {(21,y,)}, is the mini-batch received at
step t, r; € X, and yp; € V. Let G = U, {ys,i};=, denote the classes observed so far and
Cy = |Cy|. The learner updates its state from the current batch and predicts over C; without a test-
time task identifier. The objective is to maintain accurate predictions on all observed classes as the
stream evolves, rather than only on classes present in the latest batch. In conventional CL, task-
incremental learning supplies a task identifier at inference, whereas class-incremental learning requires
discrimination across an expanding label space without this information; domain-incremental learning
preserves the label space while changing the input distribution (Van de Ven & Tolias, 2019): Disjoint
class sessions are a common construction for the first two settings, but are not assumed here. We study
online GCL with one traversal of the training stream, a bounded number of updates on each current
batch, and no storage of past training examples. Class counts and feature statiStics may be retained.
Retained statistics may grow with the number of observed classes and feature dimensions.

We instantiate this setting with Si-Blurry (Moon et al., 2023). Its global label space is partitioned
into disjoint and blurry classes,

D B D B VP
y=y-uy-, yeny© =0, TD:W- (D

Disjoint classes are assigned to individual sessions, while examples from blurry classes can occur
across sessions. Both class subsets are randomly partitioned among sessions with unequal partition
sizes. Let DP contain all training examples with labels in J®; the blurry sample ratio g specifies a
redistribution budget of |rg|D®|| examples, which are pooled from the initial blurry partitions and
randomly reassigned across sessions (Moon.et al., 2023; Kang et al., 2025). Consequently, a batch
may contain both newly introduced and recurring classes with unequal frequencies. Sessions describe
the benchmark construction and evaluation schedule; they need not correspond to separable prediction
problems. In particular, the protocol does not imply that every pair of sessions must share classes.
Throughout, ¢ indexes an observed mini-batch.

Let fo(x; p;) denote a PTM with fixed pretrained weights € and PET parameters p;, instantiated
by prompts, adapters, or low-rank updates. Although the backbone weights remain fixed, updating p;
changes the effective feature mapping. LOOM sequentially updates a shared set of PET parameters
and integrates. the resulting intermediate representations with an analytic classifier. Here, analytic
refers only to the closed-form classifier solution conditioned on the extracted features.

3.2 ~PTM-based Analytic CL

We first describe-analytic classification for a fixed feature mapping. Write h(x) = fo(x;p) € RY
for a column feature vector, with p held fixed. The classifier may use this representation directly
or apply a fixed transformation z(x) € RP. For example, the random expansion used in RanPAC
takes the form z(x) = o(R"h(x)), where R € R¥*P is sampled once and o is an elementwise
nonlinearity (McDonnell et al., 2024). For batch s, let Z, € R™*P contain feature vectors as rows
and let Ys(t) € R contain one-hot labels in a common class ordering at step t. We index classes
in order of first appearance and identify each label with its fixed column index. When new classes
appear, historical label matrices are conceptually extended with zero columns; historical examples
need not be retained. The regularized least-squares classifier is

t
Wi = argmin » [|ZW - YD + X[W|E,  A>0. 2)
WERDXCt s—1



We use a summed loss, so A regularizes the accumulated objective without an implicit normalization
by the number of observations. Its unique solution depends only on two sufficient statistics:

t t
Gi=) 7/Z, Q=Y 2ZY), W =(G+Abn)'Q, (3)
s=1 s=1

where G; € RP*P is the uncentered feature Gram matrix and Q; € RP*C* is the feature—label
cross-product matrix. The identity matrix is denoted by Ip. The solution can be computed by solving
the corresponding linear system without explicitly forming the inverse.

These statistics admit additive online updates,

Gi=Gi1+ZZ, Qi =pade,(Qi1)+ 2 V", 4)

initialized from zero, where pad., appends zero columns for newly observed classes.-Each example
contributes once, after which it can be discarded. Prediction uses

e(z) = arg max[W,' z(z)].. (5)

c€eCy

For fixed features and the same regularization, these updates recover the,joint ridge solution on all
observations, independent of their partition into batches (Zhuang et-al.;, 2022). The equivalence con-
cerns the ridge objective; previous-class accuracy can still change as observations accumulate. It also
clarifies the relation to prototypes. For each observed class ¢ € €; with N; . examples, the prototype
Mt and class-feature sum satisfy

t n
1 S
e =N~ Z Z Hysi = ctz(@s), Qt.c = Nicphtc, (6)
¢ s=1 i=1

where g . is column c of Q;. Thus, prototypes.together with class counts exactly recover the feature—
label statistic, but prototypes alone do not determine G;. Replacing class sums by unweighted class
means would change the solution in Eq. (2), especially under class imbalance. Likewise, nearest-
prototype classification and analytic classification are distinct: the latter transforms class sums using
the shared second-order statistic.

The same construction extends to multiple network depths. For selected layers /1, ..., ¢k, let
h)(2) € R% and define

K
2() = WD (@), k@], D=3 (7)
k=1

LayUP uses‘such a concatenated representation for joint analytic classification (Ahrens et al., 2024).
Its Gram matrix contains both within-layer and cross-layer blocks:

t ns
G =3 N h (@, )R D (@, )T, abe{l,... K} (8)
s=1i=1
The off-diagonal blocks retain uncentered cross-layer second-order products; fitting separate ridge
classifiers and averaging their scores does not, in general, recover this joint solution (Ahrens et al.,
2024). Full accumulation requires O(D? + DC}) storage, and a dense factorization costs O(D?),
followed by O(D?C;) work to solve for the classifier. These costs motivate retaining useful cross-
layer information through a more compact statistical representation.
Finally, the fixed-feature condition must be distinguished from freezing only the pretrained weights.
If PET parameters change while statistics are collected, the accumulated matrices contain features
evaluated at their respective collection times. They still define an exact ridge problem over those
stored feature observations, but generally differ from the statistics obtained by re-encoding all past
inputs with the current PET parameters. For a given set of feature observations, analytic accumulation
therefore avoids replay; by itself, however, it does not correct representation drift.
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Figure 2: LOOM overview. (1) Shared parameter=efficient tuning (PET) modules and an auxiliary
classifier (rose) adapt to each batch while the pretrained encoder (blue snowflake) remains frozen.
(2) The selected encoder layers provide features-for two parallel statistics: exact within-layer Gram
blocks and class prototypes. Colored strands group prototype nodes by layer, with classes aligned
horizontally. Products of these prototypes reconstruct the off-diagonal blocks. Combining these blocks
with the exact diagonal Gram blocks yields an approximation to the full Gram matrix.

3.3 Cross-layer Moment Integration

LOOM integrates representations from different depths through class prototypes while retaining the
full second-order statistics within each layer. Figure 2 summarizes its online updates and analytic
classifier construction.» The construction preserves a shared multilayer classifier, as in joint analytic
classification{(Ahrens et al., 2024), with a structured approximation to the cross-layer moments. At
stream step s, we update-the shared PET parameters and an auxiliary linear head on the current batch,
then collect each example’s intermediate features once using the updated parameters ps. Let 2z ;

denote-the concatenated feature of example (x5 ;, ys.;), and let hgeg) be its block from layer ¢,. In this
subseetion, G, @, and pu; . refer to these collection-time featufe observations. Thus the following
construction applies to the evolving representation without requiring historical inputs.

To separate the information carried by prototypes from the remaining feature variation, define the
diagonal count matrix Ny = diag(/V;. : ¢ € C;) and the count-weighted prototype factor

U, = Q7t]\7;1/2 = [ Nie ”Lc] e RP*C, )

ceCy

All diagonal entries of IV, are positive because it includes only observed classes. Write Ut(a) and ugi}

for the rows corresponding to layer /,. Centering each observation by its class prototype gives the



exact decomposition

G,(:a’b) — Ut(a)Ut(b)T + St(a’b),
t mns
(a,b) La) (a) [ b \T
S =323 (0 =ty Y — mil )
s=1 i=1
The first term equals Zcect Nt,cuﬁj? ugbg T and captures cross-layer products of class prototypes. The
second term contains the corresponding within-class residual products. The mixed prototype—residual

(10)

terms vanish because residuals sum to zero within each class. This is a decomposition of uncentered
second moments and does not require a distributional assumption on the features.
LOOM retains the prototype component across all layers and the residual component within each
layer:
G, = blockdiag (S"V,..., 8" L U/,

(11)
St(a,a) _ G}Ea,a) . Ut(a)Ut(a)T'

Consequently, éﬁ“"‘) = Gﬁ“’“): every within-layer second moment is-preserved exactly. For a #
b, the cross-layer block is reconstructed from the prototypes and/their class counts. The prototype
component U;U," has rank at most C;. Layers therefore participate in-a joint system through the same
class-level statistics, while their individual within-class variation.remains represented. The omitted
information is precisely Sﬁa’b) for a # b; the approximation.becomes exact when these aggregate
cross-layer residual blocks vanish. Since each diagonal residual block is a sum of outer products, it is
positive semidefinite, as is UtUtT. Hence ét is positive semidefinite and ét + M p is positive definite
for A > 0.

The analytic classifier uses the unchanged feature—label statistic Q; together with ét. Let A; =
blockdiag(St(l’l) + Mg, SgK’K) + XTIy, ). Applying the Woodbury identity (Hager, 1989) and
using Q; = UtNtl/2 yields

W, = (Gi + Mp)~'Q,

_ (12)
= A7'U(Ic, + U] A7 'U) I N]2,

This expression requires independent solves with the layerwise blocks of A; and one C; x C; system.
It introduces no further approximation beyond the moment structure in Eq. (11). At inference, the
concatenated representation z;(x) is extracted using the current PET parameters p;, and prediction
follows Eq.1(5).with Wt and z;(x). The auxiliary gradient-trained head supports adaptation, while the
analytic classifier determines the prediction.

LOOM retains only the diagonal Gram blocks, class feature sums, and class counts. Each incom-
ing batch adds'its within-layer products to Gﬁa’“), updates Q; as in Eq. (4), and increments the class
counts. Prototypes and residual diagonal blocks are then recovered from these cumulative statistics, so
recurring classes update the cross-layer approximation without storing individual historical features.
Although the retained statistics accumulate additively, the reconstructed cross-layer blocks are recom-
puted from the cumulative prototypes. The statistical storage is O(z:f:1 d? + DC; + C;), compared
with O(D? + DC;) for a full joint Gram matrix. With equal layer width d, this reduces the Gram
storage from O(K?2d?) to O(Kd?). The structured solve costs O(Kd> + Kd*C; + KdC? + C}) and
uses an additional O(C?) workspace for the class-level system. When C; < D, it avoids factorizing a
dense D x D matrix while preserving prototype-based cross-layer interactions and exact within-layer
moments. Algorithm 1 in Appendix A.4 summarizes the online updates and inference procedure.



Table 1: GCL performance of representative methods with the Sup-21K backbone. Bold and under-
lined values indicate the best and second-best mean accuracies in each column, respectively.

CIFAR-100 ImageNet-R CUB-200
Method » » )
Aauc (T) Alast (T) E ( 1) Aauc (T) Alast (T) E ( 1) Aauc (T) Alast (T) F ( 1)
SeqFT 19714330 10.42+40 32.25+167 7.51 4304 229085 74.79+2380 3.47+041 1.49+042 54.0112457
Linear Probe 49.69+609 23.07+733 11.59+163 29.24+126 16.87+3.14 18.95+144 28.96+246 17.334308 28.82+30
SeqFT w/ SL 64.90+7.15 62.06:+1.50 21.09+35 47.20+14 39.60+243 33.99+7.14 56.16+43 56.50:+3.08 29.05
EWC 55.94 4536 58.134177 41.134450 36.29+151 33.924136 50281100 40.27 1403 35.57 13025 68.73+13.09
LwF 62.14 4535 71.59+320 18.47 +795 37.91+160 36.66:+235 48.01+1305  41.08+3.94 37.00+3.24 67.05 1134
L2P 76.231273 79.11+14 11.534144 44.40+103 42.03+172 19.16+19 64.30+2.15 61.424213 29.18 300
DualPrompt 76.04 £33 76.62+074 11.42+001 46.13+194 40.80=+104 18.24+434 65.03+224 62.43+17s 27, 184251
CODA-P 79.13 4306 80.91+070 9.95+130 51.87+2s1 48.09+275 18.494244 66.01+220 62.90+246 27 43754
MVP 67. 741496 63.22+060 33.19+233 39.50+141 32.634305 43.39+423 54.69+3.14 50.07+3.6 47.61+57
MISA 80.35+23 80.75+124 9.67+139 51.524200 45.08+143 21.46+425 65.40+3.01 60.20+ 15 30.06+370
S-Prompt++ 80.21+255 83.48+120 9.22+143 52.14 4165 49.13+160 17.59+25 66.61+221 64.73+225 25.88+42
HiDe-Prompt 77.10+33 81.77+200 8.80+10 53.77+100 49.87+301 15.34 200 67.05+237 67.12%050 24214245
NoRGa 78.89+333 83.03+120 8.61+104 54124137 50.09+3.66 15794219 67.16+244 67:06055 24294250
SD-LoRA 79.26+221 78.91 1245 16.72423 55.51+130 51.97 300 32.18+421 64.12420 60.57+077 31.31 4396
FlyPrompt 83.24:223 86.76+073 5.03+116 56.58+147 55.27+0s1 13.424174 70:64+235 73.40+1.55 10.97+152
RanPAC 77.88+425 86.52+1.15 4.17 +062 53.18422 54711245 9.354101 74644550  82.30+100 6.544125
LayUP 71.3943.50 82.37 +0.00 2.64 1155 42.324083 49.62+000 4.69+1.13 744445 84.01+000 1.08+236
LOOM-Prompt 79.00433¢  86.97+023 6.68 08 58.95+004 56.36+255 19.00+1 75 “78.41+378 81.78+179 10.20+2.11
LOOM-Adapter ~ 79.25+s.10 86.46+054 7714153 63.02+131 61.14 114 17.3%%27s 77.75+424 81.08+15 11.21425
LOOM-LoRA 7911435 86.45+072 7.33+1.44 63.95-095 60.41+17s R0.20+2.11 78.214353 81.43+15 10.20+1.48
—¥— MVP —=— MISA —e— FlyPrompt RanPAC+ —+— LayUP == LOOM-LoRA
CIFAR-100 ImageNet-R CUB-200
95+ o | | 751 | | v 85 | |
851 65 1 ! 75 E ]
o i ' : | § {
2757 55 .5
% 65 I 1
2 o : AN
3 277 : ' .
3 ! 35 - ! 55
S 45 . . i
< : : : 45
35 ! 25 1 i i
25 T T L 1 15 Il L T L T L T 1 35 T T T T
0 30 40 50 0 5 10 15 20 25 2 4 6 8
Training samples. (x10°) Training samples (x10%) Training samples (x10?)

Figure 3: Anytime accuracy on three benchmarks with Sup-21K for six representative methods.
LOOM-LoRA uses the.last four layers with A\ = 103. Black vertical dashed lines mark the actual
Si-Blurry stage transitions. Curves connect periodic evaluations at scheduled 1,000-sample intervals.

4 Experiment

4.1 Experiment Setup

Benchmarks. We study Si-Blurry GCL (Moon et al., 2023; Kang et al., 2025) on CIFAR-100 (Krizhevsky
et al., 2009), ImageNet-R (Hendrycks et al., 2021), and CUB-200 (Wah et al., 2011), covering general
object recognition, visual renditions, and fine-grained recognition, respectively. The datasets con-
tain 100, 200, and 200 classes. Unless otherwise specified, each stream consists of five sessions with
rp = 0.5and rg = 0.1 and uses stochastic class and sample allocation. Training traverses each stream
once, without retaining historical images, and evaluation covers all classes observed so far without a
test-time task identifier. We report average anytime accuracy Ay, final accuracy A, and classwise
forgetting F', with higher accuracy and lower forgetting preferred. Anytime evaluation is performed
at 1,000-sample intervals. Results are reported as the mean and standard deviation over five random



Table 2: Ablation studies of LOOM with Sup-21K under a frozen encoder or sequential LoRA. Ridge
regression classifiers use A = 103; multilayer classifiers use the last four layers. Bold and underlined
values denote the best and second-best means within each adaptation setting, respectively. The full
joint classifier is shown in gray as an upper bound and is excluded from the ranking.

CIFAR-100 ImageNet-R CUB-200
Aauc (T) Alast (T) Aauc (T) Alast (T) Aauc (T) Alast (T)

Classifier

Frozen encoder

Final-layer FC 71.46+263 73.27+122 41.56+092 37.26+154 64.26+231 61.66+204
Final-layer ridge 67.70+4.12  77.58+000 44.80+068 44.07+000 73.94+367 79.90+£000
Independent ridge ~ 65.23+s538  78.99+000 44.94+098 45.50+000 71.73+399 82.10-+000

LOOM 70.33+380 79.76+000 47.48+080 47.53+000 76.55+374 83.67-+0.00
Joint (upper bound) 71.07+367 80.93+000 47.91+079 48.77+000 77.07+354( 83*80-+0.00
Sequential LoORA

Final-layer FC 81.71+201 83.05+10s 61.07+112 56.08+08 +67.48+222 64.09+301

Final-layer ridge 78.154+338 87.28+046 62.58+103 61.61+077.+76.30+378 80.73+079
Independent ridge ~ 73.45+s507 84.95+074 60.14+100 54.284363 +74.23+423  80.20+175
LOOM 79.11+337 86.45+072 63.95+098 60.41+178° 78211353 81.43+15
Joint (upper bound) 79.70+3.10 86.78+068 64.06+101 00.47+226 78.53+361 82.31+099

seeds. Metric definitions are specified in Appendix A.

Baselines. We include sequential fine-tuning,/its slow-backbone variant, and linear probing, to-
gether with EWC (Kirkpatrick et al., 2017) and-LwF (Li & Hoiem, 2018). PTM-based compar-
isons cover L2P (Wang et al., 2022d), DualPrompt (Wang et al., 2022¢c), CODA-Prompt (Smith et al.,
2023), S-Prompt++ (Wang et al., 2022b), HiDe-Prompt (Wang et al., 2023), NoRGa (Le et al., 2024),
and SD-LoRA (Wu et al., 2025). .MVP (Moon et al., 2023), MISA (Kang et al., 2025), and Fly-
Prompt (Yan et al., 2026) provide comparisons developed for GCL. RanPAC (McDonnell et al., 2024)
and LayUP (Ahrens et al., 2024) represent analytic classification using randomly expanded and mul-
tilayer features. Reference results for the established gradient-based methods follow the comparisons
reported by Yan et al. (2026). To isolate the contribution of cross-layer integration, we additionally
compare three classifier/constructions under matched shared sequential PET adaptation and identi-
cal streams: a final-layer ridge classifier, independently fitted multilayer classifiers, and a full joint
multilayer classifier.

Backbones and implementation. We use ViT-B/16 (Dosovitskiy et al., 2020), with 12 trans-
former blocks and.embedding dimension 768, initialized by supervised pretraining on ImageNet-21K
(Sup-21K) (Ridnik et al., 2021). LOOM is instantiated with prompts, adapters, and LoRA, each shared
across.the stream while the pretrained encoder weights remain fixed. We optimize the PET parame-
ters and an auxiliary linear head with Adam at learning rate 5 x 1073, zero weight decay, batch size
64, and three updates per incoming batch. By default, the analytic classifier uses the final four block
representations and a fixed ridge coefficient A = 103. More details are specified in Appendix A.

4.2 Result Analysis

Overall Performance. Table 1 reports performance on the three benchmarks. On CIFAR-100, Fly-
Prompt achieves the highest anytime accuracy, while LOOM-Prompt attains the highest final accu-
racy. On ImageNet-R, LOOM occupies the top two positions in both anytime and final accuracy;
LOOM-LoRA reaches the highest A,,. at 63.95%, exceeding RanPAC by 10.77 percentage points
and FlyPrompt by 7.37 points. On CUB-200, LOOM-Prompt achieves the highest anytime accuracy
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Figure 4: Sensitivity of LOOM-LoRA with Sup-21K. Top: aggregating the last K layers with A =
103; bars show the retained statistics in MiB, excluding classifier weights. Bottom: varying A with the
last four layers. Curves and shaded regions.show five-seed means and standard deviations. Dashed
lines mark the default settings. Case K= 1.denotes the single-layer ridge classifier.

at 78.41%, compared with 74.64% for RanPAC and 70.64% for FlyPrompt, while LayUP retains the
highest final accuracy. The strongest adaptation module varies across datasets: adapters perform best
on CIFAR-100, LoRA on ImageNet-R, and prompts on CUB-200 in terms of anytime accuracy. The
differences between the anytime and final rankings indicate that the gains reflect how information is
used throughout the stream rather than the final model alone. Figure 3 illustrates these dynamics on
a common stream realization, where changes in class composition produce substantial fluctuations in
accuracy. Across all three benchmarks and all adaptation modules, LOOM consistently improves on
LayUP in Ay, showing.that shared adaptation and multilayer analytic classification provide a strong
combination for prediction throughout the stream.

Ablation Study. Table 2 separates the effects of adaptation and classifier construction. With frozen
representations, LOOM improves on final-layer ridge by 2.63, 2.68, and 2.61 points in A,,c on
CIFAR-100, ImageNet-R, and CUB-200, respectively. Sequential LoRA further raises LOOM’s any-
time accuracy by 8.78, 16.46, and 1.66 points, showing that the benefit of adaptation depends on the
dataset. Under the same sequential adaptation, LOOM exceeds independently fitted multilayer clas-
sifiers by 5.66, 3.81, and 3.99 points. This comparison supports modeling cross-layer relationships
within a joint classifier rather than combining independently learned predictions. The full joint classi-
fier serves as an upper bound because it retains every cross-layer Gram block. LOOM approaches this
bound closely, with A, gaps of only 0.59, 0.12, and 0.31 points, demonstrating that prototype-based
reconstruction preserves most of the predictive benefit of the full cross-layer statistics in a substantially
more compact form.
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Table 3: Resource costs with Sup-21K and sequential LoRA on CIFAR-100, averaged over five seeds.
Parameter counts include the encoder, LoRA, and auxiliary head; statistical storage excludes classifier
weights. Peak denotes peak allocated GPU memory. Solve time is cumulative, whereas wall time
includes data loading and evaluation.

Parameters (M) Statistics Peak Solve Wall
Classifier _—
Total Trainable (MiB) (GiB) (s) (min)

Final-layer ridge =~ 85.95 0.154 509 525 039 23.30
Independent ridge 85.95 0.154 20.34 527 0.62 23.55
Full joint ridge 85.95 0.154 7434 532 126 2345
LOOM 85.95 0.154 20.34 527 0.80 23.49

Detailed Analysis. Figure 4 examines feature depth and regularization. At A = 103, aggregating
four layers improves A,y over the final layer by 0.96, 1.37, and 1.92 points across the three datasets.
Two and four layers yield similar average anytime accuracy, while adding earlier layers progressively
reduces performance. Useful multilayer integration therefore depends on the selected representations
rather than their number alone. We use four layers as the common configuration. Within this config-
uration, A = 103 achieves the highest average A, across the benchmarks; ImageNet-R individually
favors 10%. Much larger coefficients reduce accuracy on all three datasets. Table 3 reports the resource
costs on CIFAR-100, with all three benchmarks included in Appendix Table 4. Relative to full joint
ridge, LOOM reduces statistical storage by 72.6%, 70.4%, and 70.4%, and cumulative solve time by
36.5%, 50.7%, and 39.0% on CIFAR-100, ImageNet-R; and CUB-200, respectively. LOOM there-
fore achieves consistently lower resource use throughia substantially smaller statistical state and faster
analytic solves, with the same encoder and adaptationjparameters.

Figure 5 examines the accumulated statistics in the six-layer configuration. LOOM preserves the
layer-diagonal blocks exactly and reconstructs the cross-layer blocks from prototypes. The relative
Frobenius errors over the off-diagonal blocks, averaged over five seeds, are 1.83%, 4.04%, and 2.17%
on CIFAR-100, ImageNet-R, and CUB-200. These measurements directly quantify the information
omitted by the approximation. Together with the joint-classifier ablation, the reconstruction results
connect the proposed statistical structure to its predictive behavior. We further examine representation
similarity across depths in. Appendix B.1 to support the layerwise expertise argument.

5 Conclusion

In this workywe introduced LOOM, a prototype-based framework for integrating multilayer represen-
tations in GCL. LOOM combines shared parameter-efficient adaptation with an analytic classifier that
preserves exact within-layer second moments and reconstructs cross-layer interactions from cumula-
tive prototypes. This structure allows multiple network depths to participate in a single classifier with-
out retaining the full concatenated Gram matrix or storing historical examples. Across three stochastic
blurry benchmarks, LOOM consistently outperforms the multilayer analytic baseline LayUP and ap-
proaches the full joint classifier within 0.59 percentage points, while reducing statistical storage by
more than 70%. The ablations and matrix analyses further show that both continual adaptation and
cross-layer integration contribute to this performance.

Our evaluation is limited to image classification benchmarks, and the prototype-based approxima-
tion omits cross-layer residual correlations. Although the resulting gap to the full joint classifier is
small in our experiments, richer approximations may capture these correlations when representations
or data streams become more complex. Future work can extend LOOM beyond vision to language
and embodied intelligence settings, where observations, tasks, and interaction contexts evolve con-
tinuously. Developing compact analytic mechanisms for these settings may help address broader and
more practical GCL problems.
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Figure 5: Final accumulated Gram statistics with sequential LoRA in a six-layer configuration.
Columns show the full Gram, the LOOM approximation, and their residual. Each pixel summarizes
a 96 x 96 feature-coordinate tile by its root-mean-square value; white lines separate layers 7-12. All
three panels are normalized by the maximum tile value of the full Gram, then averaged over five seeds.
The residual uses a separate color scale. Layer-diagonal blocks are retained exactly.
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A Implementation Details

A.1 Experiment Setup

Backbone initialization. All experiments use ViT-B/16, with 12 transformer blocks, 16 x 16 patches,
and a feature dimension of 768. We initialize the encoder from supervised pretraining on ImageNet-
21K (Sup-21K) (Dosovitskiy et al., 2020; Ridnik et al., 2021) and keep its pretrained weights frozen
throughout the stream.

Data stream and environment. CIFAR-100 uses its 50,000 training and 10,000 test images:
ImageNet-R uses 24,000 training and 6,000 test images from the designated split. We follow the. Si-
Blurry configuration specified in the main text, with seeds 1, 2, 3, 4, 5 controlling stream construction
and model randomness. Compared shared-PET variants use the same seed-specific streams. Session
indices support stream construction, evaluation, and session-wise updates in baselines that require
them; LOOM maintains one shared PET module throughout. Training images are resizedto 224 x 224,
randomly cropped at the same resolution with four-pixel padding, and horizontally flipped. CIFAR-
100 additionally uses the CIFAR-10 AutoAugment policy, and ImageNet-R uses the ImageNet policy;
CUB-200 receives no additional AutoAugment operation. RGB channels are'normalized using mean
(0.5071,0.4867,0.4408) and standard deviation (0.2675, 0.2565, 0:2761) for CIFAR-100 and CUB-
200, and (0.485,0.456,0.406) and (0.229,0.224,0.225) for ImageNet-R. Evaluation and analytic
feature collection use deterministic resizing and normalization. \LOOM uses Adam with a constant
learning rate of 5 x 1073, zero weight decay, and batch size 64. Each current batch supports three
optimization steps before being discarded; it contributes to the analytic statistics only once. The
auxiliary head is trained with cross-entropy restricted to classes present in the current batch. All
GCL experiments use one NVIDIA RTX 5090 pert job on a Linux server with Intel Xeon Gold 6530
processors.

Shared adaptation modules. The three LOOM variants adapt the first five transformer blocks.
LOOM-Prompt inserts 20 learned prompt tokens at each of these blocks, initialized uniformly at ran-
dom. LOOM-Adapter uses a bottleneck of width 10 with a ReLU nonlinearity and a learned resid-
ual scale; its down-projection uses Kaiming initialization and its up-projection is initialized to zero.
LOOM-LoRA applies rank-five updates to the key and value projections, with scaling «/r = 1/5;
one factor is randomly initialized and the other is zero. These parameters and the auxiliary classifi-
cation head persist across sessions. The PET modules are initialized directly rather than loaded from
pretrained prompt.experts:

Analytic statistics'and matched comparisons. After the gradient updates on a batch, we extract
its features once in.evaluation mode without gradients. We retain the unnormalized CLS outputs of the
last four transformer blocks, before the final LayerNorm, yielding four 768-dimensional vectors. The
auxiliary gradientstrained head uses the final normalized representation, whereas the reported LOOM
predictions use the,analytic head. The retained statistics and structured classifier follow the construc-
tion in“Section 3:37 We use the absolute regularization coefficient A = 103 in é’t + A p, consistent
with the summed objective in Eq. (2), and refresh the classifier before evaluation. No historical im-
ages or per-example feature buffers are retained by LOOM. Matched comparisons vary the classifier
construction and retained statistics while keeping adaptation fixed: final-layer ridge uses one block;
independent multilayer ridge fits four separate classifiers and sums their logits; full joint ridge retains
all blocks of the concatenated Gram matrix. These comparisons share the PET architecture, update
schedule, feature extraction, and ridge coefficient, allowing the effect of cross-layer integration to be
assessed separately from adaptation capacity.
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A.2 Baselines

Fine-tuning and regularization. Sequential fine-tuning updates the encoder and classifier as the
stream arrives; linear probing freezes the encoder and updates only the classifier. The slow-learning
variant reduces the encoder learning rate to 5 x 10~°, limiting changes to the pretrained representa-
tion (Zhang et al., 2023). EWC penalizes changes to parameters with high estimated importance (Kirk-
patrick et al., 2017), and LwF distills earlier predictions from a frozen teacher (Li & Hoiem, 2018).
These methods provide comparisons based on backbone adaptation and explicit retention objectives,
without prompt pools or analytic classifier updates.

Prompt-based and GCL methods. L2P uses a pool of 30 length-five prompts and retrieves
five per input. DualPrompt uses length-five shared prompts in the first two blocks and length-20 ex-
pert prompts in the next three blocks, with ten expert slots; MVP uses the same lengths with five
expert slots. CODA-Prompt uses ten length-20 components at each of the first five blocks. MISA
loads pretrained shared and expert prompts, with shared length ten and expert length 20, and applies
non-parametric logit masking (Kang et al., 2025). FlyPrompt assigns length-20 prompts to the first
five blocks of each of its five experts. These methods follow the single-pass update schedule, with
batch size 64, three updates per batch, and batch-seen logit masking. ~-FlyPrompt uses a fixed ran-
dom expansion of dimension 10* for its analytic expert router, router regularization of 10%, and two
temporal-ensemble heads per expert with decay rates 0.9 and 0.99 (Yan et al., 2026).

Methods originally developed for offline CL. S-Prompt++, HiDe-Prompt, NoRGa, and SD-
LoRA are compared under the single-pass GCL adaptations reported by Yan et al. (2026). S-Prompt++
uses five experts with length-20 prompts in the first five blocks. HiDe-Prompt and NoRGa use five
prompt experts, each with length-five key and value prefixes in the first five blocks; the gating predic-
tion selects one expert, whose class scores determine;the final prediction. Feature statistics used for
alignment are accumulated from the stream.

Analytic baselines. RanPAC forms.RelLU features from a fixed random projection of dimension
10* and fits a ridge classifier (McDonnell et al., 2024). The implemented variant adapts adapters dur-
ing the first session, collects features after current-batch updates, and freezes adaptation thereafter; it
uses A = 10°. It temporarily buffers feature vectors and labels until classifier updates, so its storage
includes per-example features in addition to aggregate statistics. LayUP uses a frozen encoder and the
raw CLS outputs of the final six blocks, with a full joint Gram matrix and class feature sums (Ahrens
et al., 2024). Its online configuration omits first-session adaptation, accumulates each incoming exam-
ple once, and usesfixed A= 1 with a linear-system solve. A frozen final-layer ridge classifier provides
a corresponding single-layer control. These frozen controls complement the matched sequential-PET
comparisons by separating the contribution of adaptation from that of multilayer classification.

A.3_. Evaluation Metrics

At each’evaluation; top-1 accuracy is measured on test images from the classes observed so far, with
predictions restricted to the same label set. For E periodic evaluations and J session-end evaluations,

denote these accuracies by a. and a;’?“d, respectively. We compute

E
1
Aguc = E E Ge, Alast = aeJnd. (13)
e=1

Here, A,y is the discrete average of periodic anytime accuracies (Koh et al., 2021); the sampling
interval is approximately 1,000 observed training examples. Session-end evaluations are recorded
separately. Aj.; measures final test accuracy over all observed classes. In particular, each session-end
accuracy evaluates the cumulative observed label space, not only the examples associated with that
session.
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For forgetting, let r; . be the test accuracy of class c at the end of session j. Following the classwise
convention used by the evaluation framework, define H = {c : maxj<j<;7j. > 0}. The reported
forgetting is

1
F = @ ;{ <11é1]a<xJ Tje— 'I"‘]’C> . (14)
C

This compares final class accuracy with its best recorded accuracy before the last session, excluding
classes with no positive earlier accuracy. The final session is excluded from the maximum, so a class
that improves beyond its earlier best can contribute negatively. All reported metrics are expressed'in
percent and aggregated across seeds. Missing forgetting values are left unreported.

A4 LOOM Algorithm

Algorithm 1 LOOM: online adaptation and cross-layer moment integration

1: Inputs: stream {B;}L_,, frozen backbone fg, selected layers {¢,}X |, regularization A > 0, and

gradient-update budget per batch.

2: Initialize: shared PET parameters pg and an auxiliary linear head; Cy x— 0, Géa

and Qo € RP*0 with empty class counts.

3: fort =1to7T do
Extend C;—1 with newly observed labels to obtain C;, preserving class order; set Ny_1 . = 0 for
each new class c.

5: Starting from p;_1 and the retained auxiliary head, update both on 5; within the prescribed
budget, keeping 0 frozen; denote the updated PET by p;. Use cross-entropy restricted to classes
present in ;.

6: Collect Z; = [th 13- ;zgn ,] once using p; and deterministic preprocessing; let Zt(a) be its
layer-¢, column block.
fora = 1to K do

G - et + (212"
:  end for
10:  Form one-hot labels Yt(t) over C; and update Q; < padc, (Qi—1) + Z; }Q(t).
11: Npe 4 Ni—ic+ l{z WYt = c}] for each ¢ € C;.
12:  Discard the current-training images and per-example features.
13:  if evaluation is requested after batch ¢ then

) < 0 for all a,

14: N4+ diag(Nt,C S Ct); U, + QtNtil/Q.
15: for a = 1 tol/ido
16: slen) gl _ gy @T,
17: end for
18: « Af ¢ blockdiag (S + Ay, .., S5 4 aL,).
19: Compute ﬁvft by Eq. (12), using the layerwise blocks of A; and the C; x C} system.
20: For each test input @, extract z¢(z) using p;. Predict
Gi(x) = arg maxcee, [W,' z¢(2)]..
21:  endif
22: end for
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B Additional Results

B.1 Cross-layer Representation Similarity

Figure 6 reports linear centered kernel alignment (CKA) between the raw CLS representations of all 12
transformer blocks after sequential adaptation. Adjacent blocks exhibit the strongest similarity, while
the correspondence decreases as their depth separation grows. The selected late-layer representations
therefore remain closely related but are not redundant. This structure supports integrating several
late layers while retaining layer-specific second-order statistics, rather than treating their features‘as
interchangeable.

CIFAR-100 ImageNet-R CUB-200
1 1 1 CKA
1.0
4 4 4 \
)
% 0.5
— 8 8 8
12 12 12 m 0.0
1 4 8 12 1 4 8 12 1 4 8 12

Layer Layer Layer

Figure 6: Linear CKA between the raw CLS representations-of all 12 blocks in the final LOOM-LoRA
encoder, initialized from Sup-21K. The CKA matrices-are averaged over five seeds.

B.2 Resource Costs

Table 4: Recorded resource costs with Sup-21K and sequential LoRA, averaged over five seeds. Pa-
rameter counts include the encodet,.I.oRA; and auxiliary head; statistical storage excludes classifier
weights. Peak denotes peak allocated GPU memory. Solve time is cumulative, whereas wall time
includes data loading and evaluation.

Parameters (M) Statistics Peak Solve Wall

Classifier
Total Trainable (MiB) (GiB) (s) (min)

Dataset: CIFAR-100

Final-layer ridge  85.95 0.154 509 525 039 2330
Independent ridge 85.95 0.154 2034 527 0.62 23.55
Full joint ridge 85.95 0.154 7434 532 1.26 2345
LOOM 85.95 0.154 20.34 527 0.80 23.49

Dataset: ImageNet-R

Final-layer ridge  86.03 0.231 5.67 526 0.19 8.86
Independent ridge 86.03 0.231 22.69 528 035 940
Full joint ridge 86.03 0.231 76.69 533 075 8.99
LOOM 86.03 0.231 22.69 528 037 897

Dataset: CUB-200

Final-layer ridge  86.03 0.231 567 526 0.14 270
Independent ridge 86.03 0.231 22.69 528 022 271
Full joint ridge 86.03 0.231 76.69 533 041 271
LOOM 86.03 0.231 2269 528 025 2.60
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HEARRITEMZIR, TR HXE SR

ARINAYEBURT RN THE I QEF R RN T 58 % . HERFIRKANUR—E
ENEIERIRSHEE, REFEFRIEREMMTEN, RBEFIFHRINFIR, HARE
SiCIRES . HAERTHANTZZRET EFEE GSHS5EM), M2 TICIZRFR
KHH . AMRZBENFEREYRRGIHEMZZRUICIZAG EEL, EREFWUETES
A BTG RENEEER, AT URIEAEMNE TR XBT I LEE, EBARLE
FIGFN=DERE LRI T TTANBENM.

ARSI —EWRNMREN. SIBERININA PEREETREMPIESSHENX
o APRMKERIT. BIEERR. 2HE. SRIHEMERESEFTEIRREES
IPAYIES TR ST ASIMAES T, BMIZER T ATBENERIE. REBLTARE
PSLEFC R KRB HIE, ASIMRENSXRTTE TS HELSE - RIS MEREN TR
AR, IEXFNLEEALRER, IEXESMER, WESITERZFNERTEMRARIE
55X

RRIE S, HAERLW . RELKEFHPESBEIEE, Hbh—BrEL%R £F
—E D U ERRBLRAM R, DR, ARVERENNEXERTEEHEDZ. £
AR ER T EXESHFEHMERATR, SBEERES. BIESEMNES, #
BIHEEE, MERFTE NN ERMRE,  EIDERRIESTRRE, HEHENT THE
. FEMIBEBCARIMNRKR, #HTREXR. ALRHTIIRSENNE, Sk 10 f=
R, RHTERJLFBRMT . AEEELE, MM EEMN. BH. B KEFEZNTEY
ERERT, —ERARI. REAA—NPRBAR—FHEREREHEHEREM 0556 7
FHEl 0.9 M. EEBRILFALT—RIEBMMALE EF TAECZ", Nike T2 14E
T ERENCIZTITA, SRB T R

XERBRARZRANEEXER, BEH T —R=EHNRTHTIE, SECHBHIIETALSE
RS EHAEEMNREERR . BB XFRENEMMEZE. BEEXHEER ALK
SIERFZENER  BREREFHNES™E EREEFANESR.

ASLIIRE R FE AT deepseek v4 pro A T EAFEHITSEREIE, UREXIHIE

XECERIT RN, FRARRAKAT—EARRER. E A BN ENEHE LT EENH
&, BN XENEHATHESSEMEREIERR.
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