Quantized Residuals to Continuous Prompts for Few-Shot Class Incremental
Learning in Vision-Language Models

Supplementary Material

9. Manifold Curvature Recovery via Residuals

In this section, we provide a simplified theoretical frame-
work showing that the visual-textual residual captures
second-order geometric information corresponding to fine-
grained attributes that are suppressed by contrastive pre-
training.

Setup and Assumptions:

Assumption 1 (Smooth Visual Manifold with Attribute
Structure): Let M C R” be a smooth manifold represent-
ing natural images. Each image X € M can be parameter-
ized by a set of coarse attributes s € S and fine attributes
a € A. We write X = X(s, a), where s determines the
class and a encodes fine-grained variations within the class.
Assumption 2 (Contrastive Pretraining Suppresses
Fine-Grained Gradients): Let § be represent a small per-
turbation along fine-grained attribute directions (e.g., slight
color variation, minor shape differences). The visual en-
coder f, : M — RP learned via contrastive training satis-
fies:

va(X + 5) - fv(X)H <€

where € is small. This occurs because Contrastive learning
uses augmentations that introduce fine-grained variations
and the loss enforces invariance to these variations, sup-
pressing sensitivity to fine attributes. The network learns
to emphasize class-discriminative features while ignoring
within-class variations. Moreover, since all the fine-grained
information are not suppressed in the feature space, this
assumption only holds for those fine-grained details to
which the feature is invariant.

Assumption 3 (Text Captures Coarse Semantics
Only): The textual embedding tx = fi(Text for X).
primarily encodes coarse semantic attributes s but
lacks fine-grained attribute information. Formally,
fe(Text for X(s,a)) ~ fi(Text for s) = g(s), where g(s)
is independent of fine attributes.

Proposition 1: Under Assumptions 1-3, for an image
X = X(s, a), where a represents fine-grained attributes de-
viating from the class mean a by § = a — a, the visual-
textual residual satisfies,

r= £o(X)~ fuText for s) ~ + 1 Hy, (X)15, 51+ O] ) o

where cg is the systematic cross-modal misalignment,

X(s,a) is the prototype image with mean attributes, and

Hy, (X) is the Hessian sensitivity to attribute variations.

Proof:
Using Taylor expansion,

fv(X) = fv(X + 6)
— — 1 —

= fo(X) + V£u(X)d + 5 Hy, (X)[, 0] + O([13]|*)
(6)
Based on Assumption 2, we have Es[f,(X)7d] = 0. For
typical CLIP training with strong augmentations, O(¢) <<
||§]13. This makes sense since if the gradient weren’t small,
the encoder would be sensitive to fine-grained attribute vari-
ations, contradicting the contrastive invariance property.
The network achieves invariance by flattening the manifold

along these directions and removing first-order sensitivity.
Define r = f,(X) — f;(Text for s). Therefore,

r = f,(X) — fi(Text for s)
=V/u(X)To+ %Hf (X)[5, 6]+ O(||8]?
+ fo(X) — f(Text for s)

Co

= S H;, (R)[5,8] + O(J8]1*) + eals)

The Hessian term Hy, (X)[6, ] measures the curvature of
the visual manifold along fine-grained attribute directions.
If H is large, the manifold curves sharply, and fine attributes
create significant feature differences, resulting in high dis-
criminability. In addition, the modality gap co provides ad-
ditional information that can be used to improve the align-
ment between text and visual domains.

10. Hyper parameter settings

In this section, we provide the details of hyper-parameters
in Table 3 that we used for our experiments on each dataset.

11. Proof of Theorem 1

Let Q be any posterior over hypotheses (here hypotheses
correspond to continuous weights ¢). McAllester’s PAC-
Bayes inequality [ 18] implies that for any fixed prior P and
any posterior (), with probability at least 1 — ¢,

< Dir1(Q|P) +log2v/N;/§

Dk (Eq[Ry,] < N
(N

Eq[Rn.])




Hyper-Parameter CIFAR100 | CUB200 | minilmageNet
M 32 32 32

K 32 32 32

DSQ training iters. 15 15 15

No. of prompts 1 1 1
HPE+PC Ir 5x107% | 5x 1074 5x 1074
HPE+PC pre-train iters. 50 50 50
Batch size 16 16 16

PC self-attention temp. | 2x 1073 | 1x 1073 2x 1073
Info-NCE Loss Temp. 0.07 0.001 0.07

Table 3. Details of hyper-parameters to training and evaluate the
method.

The binary KL-divergence satisfies Pinsker’s inequality

in the form |a — b| < \/1/2Dk(a||b) for a,b € [0,1]. We

get?
Eq[R] — EQ[RNJ < \/DKL(QHP)j\ZlogQ\/E/(S.
Apply factorization to the distribution, and we get,

Dr(Q'IP) = > pb(€) K L(QLons(-€)[| Peont (-]c))
ceC
+ Dir(pe|pe)
®)
Now, we can writt  Dgr(ppllpe) =
S Din(pllpht) = Yoo, Adise,

Now, let Kfomt = DKL(QCOm( |c)|| Peont(-|c)), which

can be written as A = K!,,, — K>l Combining these
together, we get

]Ed,NQ'i [R((Z))} SEanQi R(d’)

N KOt + 250 Ay + 205y Adise +log(2)
2N;
©

Now, A%5¢ = Dy (ph|pist), which can become infi-
nite if denominator inside log becomes zero. Therefore, we
adopt standard smoothing assumption.

Smoothing assumption: Let u be a uniform distribution
over C. For small €, we write p' = (1 — €)p%, + eu. Now
p*(c) is finite for all c.

Lemma: Let p’(c) and p*~!(c) are smoothed distribution.
Suppose task ¢ introduces at most s; new codes. Then,

D1 (9 (c)llp* () < log(1+ ) +log(-—

10
Zz—l T ) 10)
Proof:

Let S denote the old support with |S| = Z, and T be the
newly set codes |T| = s, and U bet the remaining code-

wods
D1 (dlp) = CZG;q(C) log ggzg + CGZ;Q(C) log ggzi
X q(c)
+ ;} a(e)log 53
(11)

Also, p(c) > (1 — €)p(c). Forc € T, p(c) = 0, which
gives p(c) = eu = ¢/W, where W = KM,

The worst-case ¢ (maximizing Dy, w.r.t these constraints)
will (intuitively) place as much mass as possible on the new
code T, and spread it uniformly there, since for fixed total
mass on 7', making ¢ uniform maximizes KL divergence if
denominator is equal.

Let g(c) be uniform over SUT : ¢(c) =
c e SUT. Then,

g(c) =

1/(Z + s) for

(1-e/(Z+s)+¢e/W
Force S,
ple) =1 —¢€)/(Z2)+e/W

Force T,

p(c) = e/W
Substituting all these terms in 11, and considering U is
small since original Q assigns zero mass there for worst case
bound, followed by using Dy (Unif(Z+s)|Unif(Z)) =
log(1 + s/Z) from [5]. we get the inequality.

12. Empirical Analysis of Theorem 1
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Figure 7. Plot to illustrate the variation of continuous KL diver-
gence and slack term for every iteration

To study the implications of Theorem 1, we compute
continuous KL divergence for every session. Since, direct
computation is not feasible, we construct a proxy based



on the first and second order statistic of parameter distri-
bution. Assuming that the parameters admit Gaussian dis-
tribution with means p1 & o and variances o7 & o3, the
analytical expression of KL divergence is Dk, (P]|Q) =

log(22) + %1%_“2)2 — 0.5. It can be observed in the
Figure 7 that the KL divergence between the parameters
of current and preceding session gradually decays, which
indicates that the learned parameters of the HPE and PC
do not drift significantly, and effectively minimizes catas-
trophic forgetting. Furthermore, the minimal drift in the pa-
rameters results into nearly flattened slack term A meaning
that the generalization gap does not arbitrarily increase as
the session progresses. This observation is direct evidence
of stability of the proposed approach in incremental setting.

13. Proof of Theorem 2

Assumption 1: We model the visual-text residual r for a
class y as a Gaussian distribution N'(p,,, 3,), where p,,
is the class mean residual. The quantizer introduces a zero-
mean quantization error q with covariance 3. For simplic-
ity, The final class prototype p, is defined as a linear com-
bination of the base text prototype t, and the mean class
residual p,, given by p, = t, + Bpu,. The classification
margin 7y, . (for class y vs. ¢) is based on the difference in
linear scores. Finally, we define the discriminative subspace
U as the linear span of all pairwise class mean differences
and Py as its orthogonal projection.

For a fixed sample (with residual 7), pre- and post-
quantization margins for pair (y, ¢) differ because the pro-
totypes change. Without the loss of generality, we will use

notation ¢, for textual feature xz of class y Using linear

scoring:

Yy,e = Vye = [(by + r)pr — (ty + r)Tpc] (12)
—[(ty + r)Tf’y —(ty + r)Tf’C] (13)
= (t, + 7n)—l—(py —Dy) — (ty + r)T(pc —De)

(14)

But p, — py = B(u, — f,) and similarly for class c. So:

Yy,e — ’AYy,c = 6(ty + r)T((H’y - /ly) - (I"L(, - I:I’c))

Define the per-class quantization error of the mean resid-
ual,

Then equation 14 becomes,

Yy,e — ’A}/y,c - B(ty + r)T(ey — ec) (16)

We will take the expectation over r and the quantization
noise. Note that ¢, is fixed and E[r] = p,,. Take the expec-
tation over the data and quantization randomness,

E[vy,c — Ay.c] = BE[(ty + r)T(ey —e.)]

] < BE[(ty +1)7 (ey —ec)]]

E[hy,c — Yy,c

< BE[||ty +r|| - ||ey, — ec|| (by Cauchy-Schwarz)

< 8y/Ellt, + 2l /Ellle, — el
(17)

Moreover, textual and visual features in our setting are
defined to be unit norm vectors. Define,

B = Ef||t 2l=1
/BT, + 117

Using linearity and covariance structure,
Ellley — ecll’] = Ellley|[*] + Elllec||*] — 2E[e, e.]

Assuming that e, and e. are independent and identically
distributed, Efe, e.] = 0, and E[||e.||*] and E[||e.||*] are
equal. This gives,

Ellley — ec||’] = 2E[||e||*] (18)

Now we want to analyze the error that only affects the clas-
sification margin, which lies in the discriminative subspace
U. Therefore, the relevant noise is the projection into the
discriminative subspace U. Let Py project onto U.

E[|le, — e.||*] = 2E[||Pre||?] = 2 - trace(Py 2, Pyr)
19)
Combining equations 17 and 19,

Elly.e — Ayel] < By/2 - trace(PyE,Py)

EH’Vy-,c - ’AYyCH < ﬁﬁ\/ trace(PUEqPU)

Isotropic case:
If ¥, < &k - I (in the positive semidefinite sense), then,

trace(Py 2, Py) < trace(Py (k- I)Py) = & - trace(PF)
(20)

= k - trace(Py) = kd, 21

where d = dim(U) < Num. of Classes — 1.

y/trace(PyX,Py) < Vkd

This completes the proof of first part.
To guarantee maximum expected margin loss < 9,

2

BV2% <6 = k<

< 5 (22)

For an isotropic Gaussian source with per-dimension vari-
ance o2 (i.e., ¥, = 021), the Shannon rate-distortion func-

tion is given by,
2

et (2)



Session-wise Accuracy
No. of Shots —3 1 2 3 3 5 6 7 8 9 T 10
1 86.49 | 84.03 | 81.57 | 77.55 | 76.71 | 74.27 | 71.80 | 70.76 | 68.92 | 68.26 | 68.28
2 86.49 | 84.63 | 82.68 | 79.48 | 78.50 | 76.70 | 75.79 | 75.81 | 74.45 | 74.23 | 74.51
3 86.62 | 84.82 | 83.35 | 81.25 | 80.54 | 78.80 | 78.26 | 78.23 | 77.47 | 77.48 | 77.51
4 86.49 | 8498 | 84.14 | 82.11 | 82.0 | 80.35 | 79.89 | 79.88 | 79.18 | 79.30 | 79.38
Full-Shot 86.52 | 85.75 | 85.54 | 84.63 | 84.76 | 83.89 | 83.85 | 83.95 | 83.62 | 83.91 | 84.23

Table 4. Sessionwise accuracy for CUB200 dataset for different number of training samples (shots) using ViT-B/16 backbone.
Substituting « form equation 22, we get,

1 o2
Raim > ilogz (52)
2dp?

For a D-dimensional vector, total bit rate is,

D o2 D 282do
R2210g2< 52 >=210g2( 52 )
2432

For M subspace with K codes in each, total bit rate is given
by R = M log, K. This completes the second part of the
theorem.

For empirical computation, we omit the factor d be-
cause it is a dataset-dependent constant that does not affect
how the required bit-rate scales with D and classification
margin, and removing it produces a more conservative and
easier-to-apply sufficient condition without altering the the-
orem’s practical implications.

14. Additional Experiments

We provide comprehensive analyses for QR-Prompt under
different backbone and few-shot settings. We vary the num-
ber of training samples (shots) in the incremental sessions
from 1 to 4, and full shot samples. Tables 4, 6, and 8§ com-
pare the sessionwise accuracies using ViT-B/16 backbone
for three datasets. Similarly, Tables 5, 7, and 9 compare the
accuracies for ViT-L/14 backbone.



Session-wise Accuracy
No. of Shots —3 1 2 3 4 5 6 7 8 9 | 10
1 87.26 | 83.55 | 81.46 | 77.74 | 77.76 | 74.87 | 73.36 | 73.04 | 71.26 | 70.75 | 70.90
2 87.26 | 84.95 | 84.08 | 81.04 | 80.19 | 77.95 | 76.96 | 76.52 | 75.16 | 74.99 | 75.22
3 87.25 | 85.27 | 84.72 | 82.48 | 82.17 | 80.00 | 79.43 | 79.29 | 78.29 | 78.19 | 78.01
4 87.26 | 85.30 | 84.72 | 82.75 | 82.94 | 80.70 | 80.21 | 80.23 | 79.25 | 79.52 | 79.49
Full-Shot 87.26 | 86.61 | 86.18 | 85.17 | 85.50 | 84.51 | 84.59 | 84.54 | 84.27 | 84.69 | 85.10

Table 5. Sessionwise accuracy for CUB200 dataset for different number of training samples (shots) using ViT-L/14 backbone.

Session-wise Accuracy
Number of Shots 0 i 3 3 3 3 3 7 3
1 98.35 | 98.01 | 97.23 | 96.45 | 96.22 | 96.01 | 95.98 | 95.85 | 96.02
2 98.50 | 98.21 | 97.31 | 96.51 | 96.29 | 96.12 | 96.01 | 95.94 | 96.10
3 98.52 | 98.24 | 97.34 | 96.58 | 96.32 | 96.24 | 96.12 | 96.03 | 96.11
4 98.50 | 98.26 | 97.41 | 96.62 | 96.37 | 96.39 | 96.27 | 96.20 | 96.29
Full-Shot 98.52 | 98.35 | 97.76 | 97.76 | 97.89 | 97.62 | 97.38 | 97.17 | 97.21

Table 6. Sessionwise accuracy for minilmagenet dataset for different number of training samples (shots) using ViT-B/16 backbone.

Session-wise Accuracy
Number of Shots 0 i 3 3 7 5 3 = 3
1 98.72 | 98.63 | 98.16 | 98.04 | 98.05 | 97.57 | 97.23 | 97.20 | 96.23
2 98.70 | 98.69 | 98.23 | 98.19 | 98.19 | 98.01 | 97.73 | 97.78 | 97.67
3 98.72 | 98.71 | 98.17 | 98.08 | 98.11 | 97.88 | 97.86 | 97.86 | 97.79
4 98.72 | 98.71 | 98.17 | 98.15 | 98.15 | 9793 | 97.91 | 9791 | 97.94
Full-Shot 98.71 | 98.69 | 98.29 | 98.27 | 98.22 | 98.13 | 98.03 | 98.09 | 98.05

Table 7. Sessionwise accuracy for minilmagenet dataset for different number of training samples (shots) using ViT-L/14 backbone.

Session-wise Accuracy
Number of Shots 0 i 3 3 3 5 3 i 3
1 82.47 | 7747 | 75.21 | 71.07 | 69.04 | 67.29 | 65.32 | 62.59 | 60.41
2 82.47 | 79.03 | 77.86 | 74.45 | 73.30 | 71.71 | 71.26 | 69.99 | 68.43
3 82.47 | 79.51 | 78.44 | 75.33 | 74.66 | 73.56 | 73.52 | 72.02 | 69.37
4 82.47 | 80.05 | 7896 | 75.33 | 73.85 | 74.16 | 73.29 | 73.33 | 71.95
Full-Shot 82.47 | 81.32 | 81.24 | 79.71 | 79.68 | 79.66 | 79.67 | 79.35 | 78.04

Table 8. Sessionwise accuracy for CIFAR100 dataset for different number of training samples (shots) using ViT-B/16 backbone.

Session-wise Accuracy
Number of Shots 0 i 3 3 3 5 3 7 3
1 85.23 | 80.06 | 77.77 | 74.35 | 73.19 | 71.87 | 70.80 | 69.73 | 67.73
2 85.23 | 81.15 | 80.13 | 77.76 | 76.86 | 75.60 | 75.22 | 74.35 | 72.44
3 85.26 | 82.00 | 81.06 | 78.96 | 78.40 | 77.96 | 77.72 | 76.60 | 75.43
4 85.26 | 82.18 | 81.16 | 79.43 | 79.26 | 78.94 | 78.70 | 79.01 | 77.1
Full-Shot 85.23 | 84.18 | 83.89 | 82.61 | 82.91 | 82.75 | 82.87 | 82.52 | 81.74

Table 9. Sessionwise accuracy for CIFAR100 dataset for different number of training samples (shots) using ViT-L/14 backbone.



