PowerCLIP: Powerset Alignment for Contrastive Pre-Training

Supplementary Material

Appendix A. Proof of Theorem 1

In this section, we present a proof of Theorem 1. We first
restate the definitions of the T2R aggregation and NLAs.

A.1 Preliminary

Notation. Let M; = {R,,}M_, be the set of M region
masks for the image I;, and let 7; be the parse tree for the
text description 7; with K; = |7;| nodes, where ¢ and j
index samples in mini-batches. For token masks P,,, €
Leaf(7;), we define

Si(,oj),m,m’ = <¢(II| Rm)7 ¢(Tg| Pm’)>, (17)

where ¢ and 1 are image and text encoders, respectively,
satistying [|6(-)[|> = [[(-)]|> = 1so that [S?), | < 1.

%,7,m,m’

For any node B € 7;, we define aggregated similarities:

Qijoms = 3 S s (18)
Pm/EB

Qij.A,B = Z Qi j,m, B> (19)
RmeA

Qijp= Y Qijmp (20)
Ry, eM;

Note that, we have (); j 4, = <7'1(4i), pg)> by bilinearity.
T2R Aggregation. Given similarity @; ; 4, g, we define the

T2R similarity as

1
SR 2 Qs @1

J BeT;

where Q7 5 evaluates the best-matching region subset A

for each node B as
Qiip= Jaax Qi,j,A,B- (22)

Non-Linear Aggregators (NLAs). Given S(©), we define
the three-layer NLAs with a hyperparameter o € [0, 1] and
activation functions {o; }3_;:

Simis =01 [ D St | (23)
P, eB
2 _ (1)
Sijip = 02< Z Si,j,m|B>7 (24)
Ry €EM;
(3) ._ 1 )
Sip =8| e 2 S| @9
i BeT;

Lemma A.1 (LSE Bound). Given aggregated similarities
Qi j,A,B and Q7 p, for any T > 0, we have

TlogZexp<Qi"j’A’B> — Qi p | <TMlog2. (26)
ACM; T

Proof. Considering the log-sum-exp (LSE) bound, the
Lemma immediately holds; that is, we have

Qij,A,B
7log Z exp <T — ;-3—73 27
ACM;
. —Qf.
< 7log Z exp (QM’A’B QWB) (28)
T
ACM,
<rlog » 1 (29)
ACM;
= 1log ‘2/\/“ (30)
=71Mlog2. (€29)
This completes the proof. O
A2 NLA-T1

We define NLA-T1 and provide a proof for Theorem 1.
Definition 1 (NLA-T1). NLA-T1I is a class of NLAs defined
by the following activation functions and hyperparameters:

O'l(CC):T'ACt(g), oo =03=1Id, a=0 (32)
T

where Act:R— R is a nonlinear activation function, T is a
temperature hyperparameter, and 1d is the identity function.
Theorem 1. Suppose Act = Softplus. Then, NLA-TI ap-
proximates the T2R similarity Q;; with arbitrary preci-
sion. That is, for any € > 0, there exists T > 0 such that

5% — Q55 < e

Proof. From Definition 1, the output for the second layer of
NLA-T1 is given by

(0)

S, ,
(2) 1,J,m,m . (33)
T

SM‘B: Z T - Act Z

Rm€M; P,/€B

When the softplus function is used for the activation func-



tion, we have

S ,
Sz'(2j)|B: Z 7 - Softplus Z —h T (34)
Ry €M, P,/ eB T
s
= ZTlog 1+ exp ZM (35)
RnLeMi, PmIEB T
s
=rlog [[ [1+ep| D 2™ )| G6)
RnLEMq', Pm/EB T
s
= T1log Z H exp Z LT (37)
ACM, R eA p.en |
s©@
=T1log Z exp Z Z LI (38)
ACM,; RneAP,eB |

= 7log Z exp (Q”T’A’B) (39)

ACM;

Then, from Lemma A.1, we have

i,5,A
8- Q| = [rioe X exp(4242) - | 40

ACM,;
< 7Mlog?2. 41)
Hence, for any ¢ > 0, choosing 7 < ¢/(M log 2) ensures
’Sl-(?j) — Q;_J’ < €. Equivalently, Sl(i — @ holds as
7 — 07, This completes the proof. O

Appendix B. Proof of Theorem 2

In this section, we present a proof of Theorem 2. We first
restate the definitions of the R2T aggregation and NLA-T2.

B.1 Preliminary

R2T Aggregation We use the notation in Appendix A.l.
Given similarity ); ; 4,5, we define the R2T similarity as

7J: 2M Z O;LA’ (42)
ACM;

where O; ; o evaluates the best-matching node B for each
region subset A as

O; ;o= maxQ; ; . 43
i,7,A BET, Qz,j,A,B ( )

Exponential Aggregation. Given similarity (Q); j 4,5, we
define exponential aggregation E; ; p as the sum of expo-
nential similarities over the powerset of M; with a temper-
ature 7 > 0, i.e.,

Ei,jq,B = Z eXp(W) . (44)

ACM;

Bounding functions. For convenience, we define four aux-
iliary functions to evaluate upper and lower bounds:

1l—«a
FB(O‘) = D) QL,] B+ amax Qi j,A,B (45)
— 11—«
Ip(r,a):= Qijp+aTlogE; ;B (46)
Aa) = glea%g I'p(a) (47)
J

A(1,a) := Tlog Z exp <FB(TT’Q)> (48)

BET;

Lemma B.1 (Summation Over Powerset). For any similar-
ity Qi j,A,B, we have

_ oM QijB Qi j,m,B
Ei’j’B =2 exp<27_) H COSh (27> (49)
Ry, eM;

Proof. For any x,,, € R (m =1,2,--- M), we have

cosh(z,,) = % (exp(xm) + exp(—zm)) (50)
and thus
M 1 M
H cosh(z,,) = oM H (exp(xm) + exp(—zp)) (51)
m=1
= ]M Z H exp(:cm) H eXp(*l'm)
AC[M]\ meA mgA
(52)
LS e (z xatm) - 1>xm>
AC[M m=1
(53)
= exp Z exp (2 Z :Cm>
AC[M] meA
(54)
where
_J1 (meA)
Xa(m) = {0 (otherwise) 43

M
Z (56)

By substituting x,, = Q; j,m,5/(27), we obtain

H cosh <Qi,;',7n,B> _
RmeM; T
1 Qz B
e (422 Sewy
A

CM;

<Q1]AB>. (57)

Ei B




Therefore, we have
Eij B = 2M exXp 7Qi7j’B H COSh M (58)
© 27 2T
Ry €M,

This completes the proof. O

Lemma B.2 (LSE Bound) For any 7 > 0 and « € [0, 1],
we have

Ale) < A(1,0) < Aa) + 72, (59)
where Z; = aM log 2 + log K.
Proof. By the LSE inequality, for any 7 > 0 we have
max Qijap <Tlogk;;p < max Qijap+ Tlog2M.
(60)

Multiplying by o € [0,1] and adding 52 Q; ; 5 to all
terms gives

I'p(a) < Tp(r,a) < I'p(a)+7aMlog2.  (61)

Next, applying the LSE inequality over B to A(T, ), we
obtain

mgxf‘B(T,a) < Al1,a) < Ingxf‘B(T,a)JrTlong.
(62)

Combining this with Eq. (61), we obtain

Ala) < A(1,0) < Ala) +T7aM log?2 + 7log K;.
(63)

This completes the proof. O

B.2 NLA-T2

We define NLA-T?2 and provide a proof for Theorem 2.
Definition 2 (NLA-T2). NLA-T2 is a class of NLAs defined
by the following activation functions and hyperparameters:

o1(2)=Ca(52) o

where (o (x) = x + o [ Act(z)dx is a residual antideriva-
tive of a differentiable activation function Act, satisfying
Ca(0) = 0, and T is a temperature hyperparameter.

Theorem 2. Suppose Act = tanh. Then, NLA-T2 approxi-
mates the R2T similarity Qf] with arbitrary precision. That
is, for any € > 0, there exist T > 0 and o € [0, 1] such that

15 — Q| < e

(z) = exp(x), o3(x)=Tlog(x),(64)

Proof. With Act = tanh, we have
/tanh(:c) dz = log cosh(x) (65)

and thus, with ¢, (0) = 0, we obtain
Ca(z) = z + alogeosh(x). (66)

Then, the output of the first layer is given by

(1) 1 (0)
Sigmin = Sa | 5= Y Sipmm (67)
Pm,’eB
- Li’;’:”B + ozlogcosh(Qi’;’;"’B> . (68)

Applying oo (x) =exp(z) at the second layer, we have,

@) (1)
Sijlp = ( > Sy m3> (69)

RnlEM?
= ex (Ql’j B) H cosh”‘(Qm i B) . (70)
Ry €M;

From Lemma B.1, we have

—« -« «@
S<§>|B -9 Mexp( , ) (EijB) (71)

—=9—aM exp<rB(: a)) , (72)

7 log(z) at the third layer, we have

2
> s, )

BeT;

Applying o3(x) =

3) _ 1
Si,j =7 log T e

— 778 +7log ZGXP(FB(TT,a)> (74)

BET;
=-7Z+ AT, ), (75)

where Z§* = aM log 2+ (1—«)log K ;. From Lemma B.2,
we obtain the quantitative bounds

AMao) —7Z5 < Sl.(?’j) < Ala) + Talog K. (76)
In particular,

lim S = A(a). a7

70+

Since E4[Q; j,4,8] = Qi ; 5 under the uniform distribu-
tion over 2, Jensen’s inequality for the pointwise maxi-
mum implies

1 A -
A(0) = SmaxQijp < @i < Igéé(Qvi,j,A,B = A(1).

(78)
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Figure 7. Approximation accuracy evaluation for NLA-T1 and NLA-T2.
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Method Zero-shot classification (Top-1)
Food101 CIFAR10 CIFAR100 SUN397 Cars VOCO07 Aircraft DTD Pets Call0l Flowers STL10 EuroSAT RESISC45 GTSRB Country PCam
PreviousSOTA | 46.5 74.3 37.3 475 199 61.1 3.1 198 58.1 737 30.7 92.8 332 30.4 10.9 4.8 50.8
PowerCLIP-R| 50.3 74.7 43.5 487 229 532 29 215 587 757 324 884 30.8 37.5 9.8 4.6 50.0
PowerCLIP-S | 51.2 81.3 40.1 50.5 235 56.0 1.6 213 61.0 729 325 905 29.0 339 7.8 54 59.7
Method Zero-shot retrieval R@ 1 Robustness (Top-1) SugarCrepe | Winoground
COCO-T F8K-T F30K-T COCO-I F8K-I F30K-I|IN-1k IN-V2 IN-A IN-R IN-O IN-S| Obj Att Rel |Text Image
PreviousSOTA | 36.0 58.3 59.9 25.1 444 47.1 | 38.6 3311 9.6 481 42,6 256|755 70.8 67.9(|252 13.5
PowerCLIP-R| 36.7 585 617 263 448 466 | 403 348 11.2 532 402 28.7|75.6 70.3 67.9|225 9.5
PowerCLIP-S | 37.3 58.6 624 270 463 504 | 40.8 351 119 535 405 28.9|76.1 704 67.1]24.8 16.0

Table 11. Detailed unified comparison of PreviousSOTA (best over

CLIP-SPARC), PowerCLIP-R, and PowerCLIP-S. Top: 17 zero-shot

classification datasets. Bottom: 6 zero-shot retrieval settings (R@1), 6 ImageNet robustness benchmarks, SugarCrepe compositionality,

and Winoground compositionality.

Because A(«) is continuous in o € [0, 1] (being the max-
imum of finitely many affine functions of «), there exists
a* € [0, 1] such that A(a*) e

Finally, by the quantitative bounds above, we obtain

(79)
(80)

(3)
55 -

N
.3

_1qB® *
=[5 — Ae")
< 71(a*Mlog2+log K;) .

Hence, for any ¢>0, choosing T<e/(a*M log 2 + log K)
fj’ < €. This shows that NLA-T2 ap-

proximates Qz_; with arbitrary precision, completing the
proof. O

3
ensures ‘Sl( j) —

Appendix C. Approximation Accuracy

To quantitatively evaluate the approximation accuracy of
NLAs, we compare the approximated similarity values with
the true values. Figure 7 shows the outputs from NLA-T1
and NLA-T2 compared against the true T2R and R2T sim-
ilarity values computed on synthetic data (randomly gen-
erated input vectors) with all parameters initialized ran-
domly. For NLA-T1, approximations closely correlate with
the true values. For NLA-T2, although the distribution dis-
plays greater variance compared to NLA-T1, the correlation
remains strong. Additionally, we see that NLA-T2 with
a = 1.0 and a = 0.0 corresponds to the upper and lower
bounds of the R2T similarity, respectively. However, when
7 = 0.1, approximations are biased, resulting in larger er-
rors during loss computation. These results are consistent

with our theoretical analysis and validate the effectiveness
of the proposed NLAs.

Appendix D. Details of Evaluation Task

For a comprehensive comparison with prior methods, Ta-
ble 11 provides the tabular counterpart of the performance
summary shown in Figure 2. The table reports results on
17 zero-shot classification datasets, 6 zero-shot retrieval
R@1 settings, 6 ImageNet-based robustness benchmarks,
as well as compositional generalization performance on
SugarCrepe and Winoground under a unified evaluation

protocol.  For SugarCrepe, Table 4 in the main paper re-
Method SC-REPLACE SCTSWAP SC-ADD
Obj Att Rel Obj Att Obj Att
CLIP [49] 858 79.2 645 61.8 587 742 68.4
FLIP [35] 84.1 759 66.0 602 616 71.7 63.2
A-CLIP [67] |86.6 755 632 524 63.1 71.6 66.8
E-CLIP [60] | 869 73,5 60.2 594 634 733 66.8
C-PGS [47] 88.1 76.0 679 64.1 66.5 742 69.9
FILIP [17] 829 619 56.8 584 583 534 543
SPARC [3] 852 755 669 58.8 674 764 68.6
PowerCLIP-R | 88.3 76.6 67.8 60.8 64.7 77.8 69.7
PowerCLIP-S | 87.5 77.5 67.1 61.6 63.1 79.1 70.7

Table 12. Detailed compositionality evaluation on SugarCrepe.

ports only the average scores for each method, whereas Ta-
ble 12 presents a more fine-grained breakdown. In particu-
lar, our method tends to show better performance than prior



ImageNet-1k (Ours vs CLIP)

Train time vs Masks

2750
0.41 — I < oom R
§ __J,_/-f“"" - 2 2500 /
é 0.3 Pt g 2250 Method Train time (s) Rel. to CLIP
g s £ CLIP [49] 1378 1.00x
E 0.2 ;' i 2000 SPARC [3] 1730 1.26x
1
5017'/ §1750 ’ FILIP [17] 1947 1.41x
N --- cup @ 15001/ o Wo approximation PowerCLIP 2366 1.72x
0-07’ PowerCLIP (Ours) & / w approximation
0.0 02 04 06 08 10 0 5 10 15 Table 13. Per-epoch training time of each

Relative train time

Figure 8. ImageNet-1k zero-shot accuracy
vs relative training time. CLIP is trained
for more epochs so that its total compute
matches our method.

approaches in the replace and add settings, suggesting that
it more effectively improves text—image consistency under
more challenging compositional transformations.

Appendix E. Computational Cost

Table 13 reports the per-epoch training time compared to
prior work, showing that our method incurs about a 1.72x
higher cost than CLIP due to the additional computation
from region-level features and parse-tree reasoning. To ac-
count for this overhead and compare under a matched com-
pute budget, we train CLIP for roughly 1.72x more epochs
(from 32 to about 55 epochs) and evaluate ImageNet-1k
zero-shot performance. Figure 8 shows the resulting accu-
racy as a function of relative training time, demonstrating
that even under the same total training cost, our method still
outperforms CLIP. Figure 9 shows how the per-epoch train-
ing time changes with the number of masks, with and with-
out our approximation. Without approximation, the train-
ing time already starts to grow noticeably at 6 masks, and
increasing the number of masks beyond 7 leads to out-of-
memory (OOM) failures. In contrast, with our approxima-
tion, we can safely scale the number of masks up to 15 while
keeping the per-epoch training time only mildly increased.
This demonstrates that the proposed approximation effec-
tively reduces both computation and memory overhead, en-
abling the use of richer region-level information within a
practical training budget.

Appendix F. Ablation Study on \

We study the sensitivity of PowerCLIP to the mixing coeffi-
cient A under the main training setting in Sec. 3.4. Table 14
reports classification (Cls) and retrieval (Ret) performance
for A € {0.1,0.2,0.3}. While retrieval is relatively sta-
ble, classification varies more across A\. We therefore use
A = 0.1 in all experiments as it yields a balanced trade-off
between retrieval and classification.

Num of Masks

Figure 9. Per-epoch training time vs num-
ber of masks K with and without approx-
imation. Without approximation, runs with
K >T7 fail due to OOM.

method under our training setup. We re-
port wall-clock time in seconds and relative

cost normalized by CLIP.
Method  AP2a* APIS AP

CLIP [49] 22.8 1.4 17.2
FLIP [35] 24.1 0.9 18.0
FILIP [17] 21.6 3.2 16.8
SPARC [3] 20.8 7.1 17.2
C-PGS [47] 23.1 2.3 17.7
PowerCLIP 27.6 153 244

Value Cls Ret
A=0.1 422 470
A=0.2 40.7 47.6
A=0.3 413 47.1

Table 14. Ablation for .
Table 15. Evaluation on OV-COCO.

Appendix G. Open-Vocabulary Evaluation on
OV-COCO

To further examine fine-grained recognition beyond
closed-set benchmarks, we evaluate PowerCLIP on OV-
COCO [71]. As shown in Table 15, PowerCLIP improves
over CLIP by 7.2 points in APgo and by 13.9 points in
APZ™!. These gains indicate that PowerCLIP captures
finer-grained visual-text correspondences, particularly for
novel categories.

Appendix H. Qualitative Examples

Figure 10 shows a side-by-side comparison of text—image
patch similarity heatmaps with existing models for the same
inputs as in Figure 6. Compared to prior methods, our
model produces sharper and more localized activations for
words, indicating a closer alignment between the textual
structure and the corresponding image regions. Figure 11
illustrates the compositional reasoning ability of our model
by intentionally altering the order and attributes of objects
in the text. When we apply such compositional edits to the
caption, the high-similarity regions in the image shift ac-
cordingly to the appropriate patches, demonstrating that our
model maintains semantically consistent text—image corre-
spondences under such compositional transformations.
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Figure 10. Qualitative comparison of text-to-patch similarity heatmaps across different models.
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Figure 11. Qualitative examples of compositional reasoning.
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