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Abstract

Universal Cross-Domain Retrieval (UCDR) aims to re-
trieve relevant images from unseen domains and cate-
gories, requiring generalization under both domain and
semantic shifts. Recent methods improve UCDR by
learning or simulating source-domain prompt compo-
nents, but such source-based adaptation may still en-
tangle class semantics with domain-specific visual cues.
We instead propose CAPT (Cross-modal Anchored
Prompt Tuning), a parameter-efficient framework that
adapts a fully frozen CLIP backbone without domain-
specific prompts or backbone fine-tuning. The key mod-
ule, DSIP (Deep Self-Instance Prompting), reads out
layer-wise instance-specific visual prompts from CLIP’s
frozen text-class anchors, constraining per-image adap-
tation to conver combinations of those anchors rather
than to free visual features or source prompts. For
cross-domain feature alignment, PACE (Per-sample
Alignment via Cross-domain Gap Estimation) routes
each sample between contrastive alignment and proto-
type anchoring using a residual domain gap, measured
by the similarity difference between same-domain and
cross-domain class prototypes. Routing on this gap re-
moves the hand-tuned loss weight between the two ob-
jectives and chiefly protects UICDR retrieval. Across
DomainNet, Sketchy, and TU-Berlin, CAPT sets a
new state of the art with only < 1.35M trainable pa-
rameters. Code will be made publicly available.

1. Introduction

Cross-domain retrieval (CDR) is widely used in set-
tings such as image search [7, 30], product recommen-
dation [5, 9], and sketch-based retrieval [6]. Most exist-
ing methods, however, operate under a closed-set as-
sumption, where the domains and classes are shared
between training and testing [1, 2]. This assumption
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Figure 1. CAPT is the most accurate at a comparable
parameter budget. Unseen-Gallery mAP@200 averaged
over the five held-out DomainNet domains (Tab. 1, Average
block) vs. trainable parameters. CAPT tops the field while
training only ~1.35M parameters, on par with the most
parameter-efficient baselines (e.g., DeFT-LoRA, 1.29M).

rarely holds in practice, as deployed retrieval systems
often encounter new visual domains and new classes
after deployment. Retrieval methods therefore need to
remain accurate in such open-set scenarios. Universal
Cross-Domain Retrieval (UCDR) [25] addresses this
generalized setting, requiring accurate retrieval even
when a query comes from an unseen domain, an un-
seen category, or both [24].

UCDR is challenging because both the visual do-
main and the category can shift at test time. Vision-
language models such as CLIP [26] provide strong
zero-shot knowledge for unseen categories, and re-
cent methods adapt such models to UCDR through
prompt tuning [13, 16, 41]. These methods improve
UCDR performance, but most still learn or simulate
prompt components from source domains. For exam-
ple, DePro [3] decouples universal domain prompts and
class prompts, while ProS [8] and UCDR~Adapter [14]
construct unseen-domain or unseen-category prompts
by masking or attending to seen prompts. DeFT-
LoRA [36] combines a domain-invariant base expert
with domain-specific experts through a gate. Although



effective, such source-based adaptation can entangle
class semantics with domain-specific visual cues. This
can weaken the transfer of CLIP’s zero-shot knowledge
when the test domain is far from the source domains.

We take the opposite route: adaptation for UCDR
without any domain prompt. Instead of encoding each
source domain’s appearance into prompts, we use
CLIP’s frozen text-class anchors as the source for
image-specific prompt composition. Each image reads
out its own visual prompt from CLIP’s frozen class-
name text anchors. Therefore, prompt generation does
not rely on domain-specific prompt tables, masked
source prompts, or predefined style lists. We also keep
the entire CLIP backbone frozen, reducing reliance on
source-domain cues while preserving CLIP’s pretrained
semantic structure.

We instantiate this idea as CAPT (Cross-modal
Anchored Prompt Tuning), which has two core mod-
ules. First, DSIP (Deep Self-Instance Prompting)
reads out instance-specific visual prompt tokens from
image-conditioned frozen text-class anchors and injects
them across CLIP layers. Rather than being generated
freely from visual features, the prompts are composed
from these frozen anchors. In this way, DSIP enables
instance-specific adaptation while constraining prompt
composition to CLIP’s semantic anchor set. This con-
straint acts on the mizxing of the anchors and, as we
verify empirically, it survives the read-out’s attention
and projection. Most of DSIP’s gain comes from this
structured, image-conditioned read-out; the anchors’
semantics add only a modest prior (Sec. 4.5). Second,
PACE (Per-sample Alignment via Cross-domain Gap
Estimation) aligns retrieval features across domains.
PACE does not learn domain information into prompts
or expert modules. Instead, it measures each sample’s
residual domain gap, defined as the similarity difference
between its same-domain prototype and cross-domain
class prototype. This gap indicates how strongly the
sample is still tied to its source domain. PACE uses this
gap to route each sample between cross-domain con-
trastive alignment and prototype anchoring, so align-
ment is guided by a UCDR-specific domain-gap signal
in addition to generic confidence.

With only ~1.35M trainable parameters, compara-
ble to recent parameter-efficient methods, CAPT shows
on five held-out DomainNet domains, Sketchy, and T'U-
Berlin that anchor-constrained prompt generation and
measured domain-gap routing adapt a frozen CLIP be-
yond the training distribution. Our contributions are:

e We propose CAPT, a parameter-efficient UCDR
framework built around DSIP, which adapts a
fully frozen CLIP using layer-wise, instance-specific
visual prompts read out from frozen text-class

anchors, without domain-specific prompts, seen-
domain simulation, or backbone fine-tuning.

e We introduce PACE, a per-sample alignment strat-
egy that routes each sample between cross-domain
contrastive alignment and prototype anchoring us-
ing its measured residual domain gap, requiring no
hand-tuned loss weight between the two objectives;
its gain concentrates on UYCDR.

o We isolate the sources of the gain with a fully frozen-
backbone comparison, same-environment cross-
dataset reimplementations, and routing ablations
(Sec. 4).

¢ On DomainNet, Sketchy, and TU-Berlin, CAPT sets
a new state of the art for UCDR with only <1.35M
trainable parameters, winning all 20 Unseen and
Mixed cells against DePro.

2. Related Work

CAPT relates to two complementary lines of research.
First, it builds on prompt learning for vision—language
models, but differs by generating instance-specific vi-
sual prompts from frozen text-class anchors rather than
learning source-domain prompts. Second, it connects
to contrastive and prototype-based objectives for cross-
domain representation learning, where our PACE mod-
ule adaptively balances these two objectives using a
measured residual domain gap.

2.1. Prompt Learning for Vision—-Language Models

Prompt tuning adapts frozen visionlanguage models by
learning a small set of trainable tokens instead of fine-
tuning the backbone parameters. These tokens may
be textual [17, 37, 40-42], visual [13, 19], or multi-
modal [16], while adapter-based variants modify inter-
mediate features rather than the input [10, 38] them-
selves. Beyond learning a fixed prompt table, several
methods generate prompts conditioned on individual
images. PGN [22] generates prompts solely from visual
features; CAVPT [35] derives prompts from learned
textual prompts at the input layer; HiCroPL [39] re-
fines learned prompts hierarchically; and TPPT [23]
employs frozen text prototypes as supervision targets
rather than as sources for prompt generation.

CAPT differs from these approaches in a funda-
mental way. It generates prompts from frozen text-
class anchors through an anchor-guided read-out,
keeping prompt composition within the convex hull
of CLIP’s text-class anchors and avoiding arbitrary
prompt drift. Consequently, our contribution is not
instance-conditioned prompting [40] itself, nor cross-
modal prompt generation [16, 35], but anchor-guided
prompt synthesis for universal cross-domain retrieval.
Unlike test-time prompt tuning methods [32], which



optimize prompts separately for each query instance
during inference, CAPT generates prompts in a single
forward pass without any test-time optimization.

For UCDR, SnMpNet [25] first defined the prob-
lem setting. Recent CLIP-based methods adapt UCDR,
through domain-aware prompt- or expert-based mech-
anisms: DePro [3] disentangles domain and class
prompts, ProS [8] and UCDR-Adapter [14] simulate
unseen domains by masking seen-domain prompts, and
DeFT-LoRA [36] gates domain-specific experts. De-
spite their differences, these methods rely on domain
structures observed during training, which may limit
generalization to previously unseen domains. In con-
trast, CAPT generates each prompt from frozen text-
class anchors and therefore requires no domain-specific
prompts, prompt masking, or predefined style lists;
domain labels enter only PACE’s training objective
(Sec. 3.4). Rather than explicitly modeling domain
identities, CAPT performs anchor-constrained adap-
tation within the pretrained semantic space. Finally,
CLIP-SBIR [29] can be viewed as a special case of do-
main transfer (e.g., sketch-to-photo), whereas our eval-
uation considers broader cross-dataset domain shifts.

2.2. Contrastive Learning and Class Prototypes

Contrastive learning [11, 18, 27] and prototype-based
regularization are two widely adopted strategies for
cross-domain representation learning. PACE combines
these two objectives in a complementary manner.
Its CDCM module extends memory-bank contrastive
learning to the UCDR setting by treating samples of
the same class but from different domains as positives,
while samples of different classes and different domains
serve as hard negatives. Consequently, all contrastive
pairs explicitly cross domain boundaries. In parallel,
CDPA performs prototype attraction [12, 20] toward
flat class prototypes, the f-normalized mean of each
class's features pooled over all training domains. Sev-
eral prior works have incorporated both contrastive
and prototype-based objectives, including U?CDR [34]
in unsupervised cross-domain settings. However, their
combination is typically controlled by fixed hyperpa-
rameters or learnable balancing weights [4, 15]. PACE
instead determines the balance on a per-sample basis
using each query’s residual domain gap, the similarity
difference between its same-domain and cross-domain
class prototypes. Because this signal directly mea-
sures the domain shift UCDR targets, the contrastive—
prototype trade-off is derived from the data rather than
imposed by tuned or learned loss weights. We vali-
date this choice directly: in Sec. 4.5 we replace the
routing rule with learned alternatives, including an
MLP-predicted weight, uncertainty weighting [15], and

GroupDRO [28], and find that none of them matches
the measured per-sample rule.

3. Method

3.1. Problem Formulation

Universal Cross-Domain Retrieval (UCDR) aims to re-
trieve semantically relevant gallery images for a query
whose domain or category may be unseen during train-
ing. Let Dy and Cs denote the seen domains and seen
categories. The training set is T = {(xs,yi, di)}y,
where x; is an image, y; € Cs is its class label, and
d; € Ds is its domain label. At test time, a query may
come from an unseen domain, an unseen category, or
both. We use a shared image encoder ® for both query
and gallery images. Given an image x, ® outputs an
ly-normalized feature z = ®(z) € RY . Retrieval ranks
gallery features by the inner product z;rzg between
query and gallery features, which equals cosine simi-
larity. The goal is to learn ® from seen domains and
categories while preserving generalization to unseen do-
mains and categories.

3.2. Overview

We instantiate ® with a frozen CLIP ViT-B/32 im-
age encoder and propose CAPT, which consists of
two core modules. DSIP reads out layer-wise, instance-
specific visual prompts from image-conditioned frozen
text-class anchors, while PACE aligns the prompted
features across domains, routing each sample between
CDCM and CDPA by its residual domain gap.

Fig. 2 shows the overall pipeline. DSIP injects
the generated prompts into each layer of the frozen
encoder, and the output image feature is trained
with image-text contrastive supervision and the PACE
objective. During training, both CLIP encoders are
frozen. We update only DSIP, a lightweight output-
refinement layer, and a small text context for image—
text supervision, which together amount to ~1.35M
trainable parameters. The refinement layer is a resid-
ual MLP, f < norm(f + MLP(f)) (~0.26M), whose
output is both the retrieval embedding and the feature
stored in PACE’s bank; it is a standard adapter, not a
contribution (isolated in Sec. 4.5). At inference time,
retrieval uses only the final image embeddings. The
frozen text-class anchors are used only for prompt gen-
eration, while the text targets are used only for image—
text supervision.

3.3. Deep Self-Instance Prompting

Instead of learning prompts tied to source domains,
CAPT uses DSIP to compose an image-specific visual
prompt from frozen text-class anchors. These anchors
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Figure 2. Overall overview of CAPT. CAPT adapts a frozen CLIP ViT-B/32 image encoder with two modules. DSIP
reads layer-wise visual prompts from image-conditioned frozen text-class anchors and injects them into the frozen visual
encoder. PACE aligns the output features by routing each sample between CDCM and CDPA by its residual domain gap.

are produced by CLIP’s frozen text encoder and pro- for ¢ = 0,...,L — 1. This provides layer-wise in-
vide class-level semantic guidance without domain la- stance adaptation while keeping the CLIP image en-
bels or predefined style names. Thus, the prompt gener- coder frozen. Since no domain prompt or domain label
ator is encouraged to follow CLIP’s transferable seman- is used, the same generator is directly applied to unseen
tic structure rather than the appearance cues of seen domains.

domains. Let H’ = [hf, hi,..., hY] € RWHDxd de

3.4. Per-sample Alignment via Cross-domain

note the visual token sequence at layer £, where d=768 ] .
Gap Estimation

and N is the number of image patches. We construct
the anchor bank A € R¢*4 by encoding “a photo of DSIP adapts the frozen image encoder to each input,

a [class]” for the C seen classes with the frozen CLIP but retrieval also requires cross-domain feature align-
text encoder, where d;=512. Since A uses only seen ment. PACE maintains a global FIFO feature bank
class names, it leaks no unseen-class labels. B = {(2a,Ya, €a) }),, where 24, 94, and e, denote the
Anchor-conditioned read-out. DSIP first maps the stored feature, class label, and domain label. The bank
frozen text anchors and the current patch tokens into a provides cross-domain positives and class prototypes
shared bottleneck space. At layer ¢, we project them as beyond the current mini-batch. Unlike DSIP, PACE
A= AW, € RO*" and H' = [nf,... h5|W), € RVX". uses the domain label e;, but only at training time
The anchors are then conditioned on the image tokens (positives and prototypes); inference is label-free.

by a gated attention: Cross-domain contrastive matching. For sample

R _ AHHTY - i, CDCM treats same-class samples from different do-
AY = A + o(y) softmax < ) ¢ (1)

NG mains as positives:

where o(7) is a learnable scalar gate. P(i) ={a: Yo = yi» €a # i}, .
Static learnable queries Qg € RF«*" then read out Z log exp(z; 2p/7c) '
the visual prompt from the conditioned anchors: peP ) ZaEP(i)U N (i) exp(z; za/7c)

i _ 1
‘CCDCM - |P(Z)|

P! = MHA, (Qo, A", A) Wl e R (2) (4)

If P(i) is empty, this term is skipped. The denomi-

Although Qo is shared across images, P! is image- nator runs over the positives and the K=256 hardest

specific because A¢ is conditioned on the current im- negatives Nk (i) retrieved from the bank, not the full

age. Since the prompt is read from anchor-derived fea- bank; this matches the implementation and the value
tures, DSIP keeps adaptation close to CLIP’s semantic reported in the supplement.

anchor space and avoids storing seen-domain cues in Class-domain prototype anchoring. To preserve

prompt parameters. class compactness, CDPA pulls each sample toward

Deep injection. The generated prompt is appended its class prototype. We compute p. as the flat fo-

to the token sequence at every transformer layer: normalized mean of class-c features in the bank (not

At =[H' P, H' = CLIPBlock’(H*), (3)



a domain-balanced average):

Leppa =1 - Z;Hyz (5)
CDCM promotes cross-domain spreading, while CDPA
keeps each class compact around its prototype. A fixed
balance is therefore not optimal for all samples.
Residual domain-gap routing. PACE uses two
sample-wise signals. The first is prototype confidence,
;i = 2;' fy,- The second is the residual domain gap:

9i = Z;rl/yi»ez‘ - ZiT/u’ym (6)
where vy, ., is the same-domain prototype of class y;
in domain e;. A large g; means the sample is still closer
to its own-domain prototype than to the cross-domain
class prototype. We standardize both signals in the
mini-batch and compute the routing weight

w; = sg[o(5; — §i)] (7)
where §; = (s; — 8)/0s, §i = (9: — §)/0g, and sg[]
denotes stop-gradient. If the same-domain prototype is

unavailable, w; falls back to the confidence-only form
sglo((s; — 8)/7w)]- The final PACE loss is

Lpace = (1 —wi)Lopom + wileppa- (8)
A larger residual domain gap increases the CDCM con-
tribution, while a confident and already aligned sam-
ple receives more CDPA. Thus, PACE uses a UCDR-
specific domain-gap signal in addition to a generic con-

fidence score, without manually tuning the balance be-
tween CDCM and CDPA.

3.5. Overall Objective

The overall objective combines image—text contrastive
supervision with the PACE alignment loss. The image—
text contrastive loss aligns the image embedding with
its class text target'

Lrre = |S‘ Z exp 2wy, /T )
€S c 1exp(z uC/Tt)
where S is the mini-batch and wu. is the text target for
class c. The final training objective is

L= Lirc + e 5 Z Loacp- (10)
€S

PACE determines the CDCM-CDPA balance for each
sample, while A\ controls the overall strength of the
alignment loss. During training, both CLIP encoders
are frozen. We update only DSIP, the lightweight
output-refinement layer, and the text context used for
the ITC targets. At inference time, retrieval uses cosine
similarity between final image embeddings.

4. Experiments

4.1. Setup

We evaluate CAPT on DomainNet with a frozen CLIP
ViT-B/32 image encoder. Following the standard Sn-

MpNet protocol [24, 25], we use the official class split
of 245 training, 55 validation, and 45 test classes un-
der a leave-one-domain-out setting. The Real domain
is never held out and always serves as the gallery do-
main [25]. We report results on five held-out domains,
namely clipart, sketch, infograph, painting, and quick-
draw. For each held-out domain, we evaluate Unseen
Gallery, Mixed Gallery, and UdCDR. Unseen Gallery
and Mixed Gallery use the same unseen-domain and
unseen-class queries. They differ only in the gallery.
Unseen Gallery contains only unseen-class images,
while Mixed Gallery additionally includes seen-class
distractors. UdCDR uses unseen-domain queries from
seen classes, isolating the domain shift. For all settings,
we report mAP@200 and Prec@200.

4.2. Implementation Details

We freeze both CLIP ViT-B/32 encoders and train only
DSIP, a small shared text context, and a lightweight
output-refinement layer, with ~1.35M trainable pa-
rameters. CAPT uses P,=8 prompt tokens, bottle-
neck r=64 and 4 heads, injected into all L=12 image-
encoder layers; the CoOp-style class context has length
4 and, with a per-class shift, is the only learnable
text-side parameter; no domain-specific prompts are
learned. The output-refinement layer adds ~0.26M pa-
rameters and is ablated later. We train with £ =
Lirc + Mpacg, A=0.5, router temperature 7=0.1, a
shared CDCM/CDPA bank of M=10,000 features at
contrastive temperature 0.07, RandAugment (2,9) at
224 x 224, Adam at a constant 10~* and batch size
60; all DomainNet results use the epoch 4 checkpoint
and retrieval is cosine similarity between final image
embeddings.

4.3. Main Results

Table 1 reports all five held-out domains and their av-
erage. We compare CAPT against the prompt-based
ProS [8], UCDR-Adapter [14], and DeFT-LoRA [36],
and the strong DePro [3] baseline, in two variants:
CAPT-shallow (input-layer prompt) and CAPT-deep
(all layers). Against DePro, the strongest prior method,
CAPT-deep wins 21 of the 30 cells, including every
Unseen and Mixed cell (20/20). This full sweep in-
cludes the refinement layer, and the core DSIP+PACE
model still wins most Unseen and Mixed cells with-
out it (disclosed below). On average, CAPT-deep leads
all four Unseen and Mixed metrics. The shallow vari-
ant trails DePro on average: all-layer injection is what
lifts CAPT. DePro keeps most UdCDR cells, though
we win UACDR mAP on clipart, and even on the hard-
est domain, quickdraw, CAPT tops both generalization
protocols. The average margins are modest (Unseen



Table 1. Comparison on DomainNet (mAP@200 / Prec@200). Gray rows are earlier baselines. Bold and underline mark
the best and runner-up among CLIP-era methods. { denotes reproduced methods. CAPT-deep entries carry 4 one standard
deviation over three training seeds; baselines are single runs under their published protocols. Significance below.

UCDR UYCDR
Query Domain Method Venue Unseen Gallery Mixed Gallery
mAP@200 Prec@200 mAPQ@200 Prec@200 mAP@200 Prec@200
Pros’ (8] CVPR’24 0.7602 0.7133 0.7178 0.6762 0.8261 0.5324
UCDR-Adapter! [14] WACV’25 0.7719 0.7268 0.7375 0.6970 0.8347 0.5413
Clipart DeFT-LoRA [36] AAAT26 0.7739 0.7276 0.7259 0.6851 0.8358 0.5389
DeProf [3] SIGIR’25 0.7906 0.7488 0.7349 0.6992 0.8555 0.5529
CAPT-shallow - 0.7850 0.7403 0.7324 0.6933 0.8375 0.5327
CAPT-deep (ours) — 0.7990+.0017 0.7589+.0015 0.7436+.0012 0.7099+.0014 0.8590+.0027 0.5491+.0011
Prost [8] CVPR’24 0.6451 0.5998 0.5799 0.5420 0.7364 0.4921
UCDR-Adapter! [14] WACV’25 0.6570 0.6084 0.6044 0.5652 0.7422 0.4957
Sketch DeFT-LoRA [36] AAAT26 0.6663 0.6207 0.6014 0.5643 0.7496 0.5021
DeProf [3] SIGIR’25 0.6843 0.6434 0.6048 0.5734 0.7934 0.5251
CAPT-shallow - 0.6789 0.6355 0.6023 0.5694 0.7602 0.4996
CAPT-deep (ours) - 0.6944+.0020 0.6527+.0021 0.6141+.0024 0.5841+.0023 0.7926+.0014 0.5212+.0005
Prost (8] CVPR’24 0.5634 0.5229 0.5065 0.4745 0.6152 0.3965
UCDR-Adapter! [14] WACV’25 0.5803 0.5476 0.5359 0.5093 0.6257 0.4086
Infograph DeFT-LoRA [36] AAAT26 0.6093 0.5735 0.5521 0.5242 0.6454 0.4171
DeProf 3] SIGIR’25 0.6174 0.5895 0.5416 0.5195 0.6820 0.4369
CAPT-shallow - 0.6201 0.5901 0.5436 0.5204 0.6691 0.4247
CAPT-deep (ours) -— 0.6200+.0017 0.5928+.0014 0.5422+.0016 0.5230+.0016 0.6740+.0049 0.4360+.0029
Pros’ (8] CVPR’24 0.7488 0.6935 0.7080 0.6576 0.7287 0.4596
UCDR-Adapter! [14] WACV’25 0.7547 0.6986 0.7216 0.6706 0.7385 0.4724
Painting DeFT-LoRA [36] AAAT26 0.7551 0.6994 0.7135 0.6639 0.7415 0.4752
DeProf [3] SIGIR’25 0.7701 0.7185 0.7181 0.6726 0.7738 0.4911
CAPT-shallow - 0.7724 0.7193 0.7251 0.6778 0.7506 0.4701
CAPT-deep (ours) — 0.7728+.0007 0.7223+.0003 0.7214+.0010 0.6778+.0006 0.7707+.0017 0.4859+4.0007
Prost [8] CVPR’24 0.2718 0.2456 0.2230 0.2049 0.2660 0.1148
UCDR-Adapter| [14] WACV’25 0.2800 0.2512 0.2334 0.2140 0.2775 0.1153
Quickdraw DeFT-LoRA [36] AAAT26 0.3012 0.2668 0.2522 0.2279 0.3010 0.1194
DeProf [3] SIGIR’25 0.3195 0.2979 0.2438 0.2343 0.3359 0.1352
CAPT-shallow — 0.2984 0.2712 0.2287 0.2116 0.2904 0.1191
CAPT-deep (ours) -— 0.3278+.0055 0.3017+.0048 0.2551+.0028 0.2415+.0025 0.3183+.0056 0.1278+.0026
Pros’ (8] CVPR’24 0.5979 0.5550 0.5470 0.5110 0.6345 0.3991
UCDR-Adapter! [14] WACV’25 0.6088 0.5665 0.5666 0.5312 0.6437 0.4067
Average DeFT-LoRA [36] AAAT26 0.6212 0.5776 0.5690 0.5331 0.6547 0.4105
DeProf [3] SIGIR’25 0.6364 0.5996 0.5686 0.5398 0.6881 0.4282
CAPT-shallow - 0.6310 0.5913 0.5664 0.5345 0.6616 0.4092
CAPT-deep (ours) -— 0.6428+.0010 0.6057+.0009 0.5753+.0008 0.5473+.0008 0.6829+.0008 0.4240+.0001
Table 2. Frozen-backbone comparison, DomainNet UdCDR-mAP stays within noise of DePro.

average (mAP@200 / Prec@200). DePro-Frozen re-
moves LayerNorm tuning; DePro-LN matches Table 1.
CAPT+LN(+bias): the same freedom for CAPT (three
seeds). Bold = best.

method Unseen Mixed UdCDR

DePro-Frozen .6132/.5783 .5426/.5163 .6765/.4257
DePro-LN .6364/.5996 .5686/.5398 .6881/.4282
CAPT .6428/.6057 .5753/.5473  .6829/.4240
CAPT+LN .6455/.6081 .5781/.5501 .6853/.4248

CAPT+LN+bias .6458/.6085 .5782/.5502 .6877/.4260

mAP 0.6364 — 0.6428, Mixed 0.5686 — 0.5753) and
DePro stays ahead on average UICDR mAP (0.6881
vs. 0.6829): the advantage is consistent rather than
large. With ~1.35M trainable parameters (vs. DePro
and ProS 18.5M, UCDR-Adapter 2.37TM, DeFT-LoRA
1.29M, Fig. 1), CAPT matches the most parameter-
efficient prior method while being more accurate. We
do not claim a parameter advantage, as the gains come
from DSIP and PACE.

Significance. Over three seeds on the sketch holdout,
the CAPT mean exceeds DePro by 4+0.0084 (Unseen)
and +0.0073 (Mixed), roughly 3-4x the seed stan-
dard deviation, so those gains are not seed noise, while

Fair frozen-backbone comparison. The DePro en-
try in Table 1 fine-tunes CLIP’s LayerNorm affines
(its public “LN trick”), so its backbone is not strictly
frozen. With the backbone fully frozen, matching our
setting, DePro drops (Table 2) and CAPT wins 26 of
the 30 cells, including all 20 Unseen and Mixed cells
and the average UdICDR-mAP. The four cells CAPT
still trails are all UdCDR. DePro’s UdCDR edge thus
comes entirely from LayerNorm fine-tuning. The con-
verse also holds: granting CAPT the same freedom
(LN-bias, +0.2M; 1.55M total vs. DePro’s 18.5M) im-
proves all six metrics (paired p < 0.031, fifteen runs)
and closes the UJCDR-mAP gap to 0.0004 (0.6877 vs.
0.6881), well inside the seed deviation, while widening
the Unseen and Mixed leads (Table 2).

4.4. Cross-Dataset Generalization

To test transfer beyond DomainNet, we evaluate
on the cross-dataset benchmarks Sketchy and TU-
Berlin (sketch-to-image retrieval, unseen classes; Ta-
ble 3). For a controlled comparison we reimplement
ProS, DePro, and UCDR-Adapter in our environ-



Table 3. Cross-dataset generalization (sketch-to-image,
unseen classes). f = our same-environment reimple-
mentation (frozen CLIP ViT-B/32). Sketchy: full ex-
tended gallery, mAP@200 / Prec@200, as in SnMp-
Net [25]/SASA [33]/ProS [8]; TU-Berlin: mAP®@all /
Prec@100. Bold = best; one run per entry (CAPT TU-
Berlin: three-seed mean, o 0.0024/0.0022; DePro: Ir-sweep
best).

Sketchy TU-Berlin
Method mAP@200 / Prec@200 mAP@all / Prec@100
ProSt [§] 0.7151 / 0.6739 0.6138 / 0.7037
DeProf 0.7515 / 0.7177 0.6629 / 0.7203

UCDR-Adapter’ [14]
CAPT (ours)

0.6933 / 0.6490
0.7638 / 0.7291

0.6314 / 0.7099
0.6641 / 0.7305

Table 4. Isolating the routing signal. Each row replaces
only the rule producing w; (temperature-matched). Top:
reported rule, absolute five-holdout mean; body: its advan-
tage (107 mAP) over five holdouts x three seeds (sign
test, Holm over eight comparisons); learned schemes: sketch
holdout, three seeds. Grey = tie (sign flips across bench-
marks).

routing rule replaced by advantage of the reported rule (> 0: ours better)

Unseen Mixed UYCDR Wins  Prolm

reference: combined rule (absolute mAP) 6428 5752 6839 n/a  n/a
shuffled w; within batch +0.8  +1.5 +1.2 13/15  0.022
fixed w=0.3 +0.5  40.8 +2.6 14/15  0.006
fixed w=0.5 +1.0  +1.8 +1.2 14/15  0.006
fixed w=0.7 +2.8  +3.9 +0.6 15/15 0.0005

nctions of the same statistics (uuu i() ooz grey = statistical u i ith ours)

gap only  o(—d:) 17 14/15  0.006
confidence only o(5.) o: To o 4/13 0.53 (n.s.)
focal shaping [21] 3 1.7 0.4 5/15 0.53 (n.s.)
uncertainty wt. [15] +11.7  +12.0 +2.2 15/15 0.0005

ment (frozen CLIP ViT-B/32, identical data and train-
ing). On the standard 100-image-per-class subset, our
ProS reimplementation matches its published Sketchy
mAP@200 (0.6993 vs. 0.6991), validating our pipeline;
the table reports the full-gallery protocol of SnMp-
Net [25]/SASA [33]/ProS [8]. Under this protocol,
CAPT leads every metric on both Sketchy and TU-
Berlin, demonstrating strong performance across stan-
dard UCDR benchmarks.

4.5. Analysis

We analyze CAPT by decomposing the prompt gener-
ator, the alignment objective, and the refinement layer.
All analysis is performed on the sketch holdout unless
otherwise specified.

Ablation on DSIP and PACE. Table 5 summarizes
the sketch-holdout ablation in a cumulative way. The
anchored read-out, where static queries read prompts
from the frozen text-class anchors, accounts for most of
the gain over the frozen baseline (Unseen-mAP 0.39 —
0.66). Image-conditioned anchors complete DSIP and
give a small but consistent gain on all six metrics.
Adding CDCM further improves Unseen and Mixed
retrieval, but slightly reduces UdCDR precision, show-
ing the contrastive—prototype conflict. PACE resolves
this conflict by routing each sample between CDCM
and CDPA, and gives the best UICDR scores without

Table 5. CAPT build-up on the sketch holdout (seed 0;
mAP@200 / Prec@200). Rows are added cumulatively from
a frozen CLIP +ITC baseline. Bold = best. The build-up
ran on an earlier code revision: its final row (.6766) and
the Table 1 entry (.6944) are not a matched pair, and their
difference is not the refinement layer (matched ablation re-
ported separately).

variant Unseen Mixed UdCDR

Frozen + ITC .3901/.3105 .3391/.2644 .4468/.2530
+ read-out .6602/.6209 .5867/.5539 .7551/.4998
+ image-cond. (DSIP) .6688/.6300 .5880/.5586 .7669/.5113

+ CDCM
+ PACE (full)

.6770/.6342 .5981/.5656 .7712/.5084
.6766/.6362 .5962/.5665 .7729/.5131

CAPT vs DePro
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Figure 3. Qualitative retrieval comparison. Top-10
infograph-Unseen retrieval results for shared queries com-
paring CAPT with DePro.

-

DePro

- 5% 5
do" ENNE

Figure 4. Attention visualization. Examples of CAPT
final-layer attention maps on infograph-Unseen queries.

an extra loss-weight search. We also tried a per-image
query modulated by the CLS token, but it gives no
further gain (Unseen-mAP 0.6688 —0.6683), so CAPT
keeps the static query.

Qualitative results. Figure 3 compares CAPT and
DePro on shared infograph-Unseen queries. CAPT re-
trieves more correct top-10 results for several queries,
improving airplane from 5/10 to 8/10, asparagus from
8/10 to 9/10, and bandage from 4/10 to 6/10, while
matching DePro on the easier axe case. This is consis-
tent with the quantitative gains and shows that CAPT
returns more reliable same-class neighbors under large
domain shifts. Figure 4 further shows that CAPT’s
final-layer attention is mainly concentrated on object
regions rather than the surrounding background. To-
gether, the retrieval examples and attention maps sug-
gest that CAPT improves UCDR by preserving class-
relevant object cues across different visual styles.
Refined prototype bank. The refinement layer



(Sec. 3) also feeds PACE: the same refined feature is
written into PACE’s memory bank, so PACE routes
samples using prototypes built in the same feature
space as the final retrieval embedding. The adapter is
not a contribution, but it matters for the aggregate:
in a matched re-evaluation (same code and evaluation
path, five holdouts; supp.), removing it moves the tally
against DePro from 22/30 to 14/30, mostly on info-
graph (40.0224 Unseen-mAP) and sketch (40.0098).
It is necessary for the lead but not its source: head-only
reaches 0.6217 on sketch (DePro 0.6843), and grafted
onto DePro it moves <0.0036.

Design ablations. Table 6 changes one component of
the full model at a time (sketch holdout). (i) Prompt
read-out. Replacing the MHA read-out in Eq. 2 with
a plain linear projection lowers every metric (Unseen-
mAP 0.6944 — 0.6899): attending over the anchors is
what turns them into a useful prompt. Against the free-
prompt control (Table 6), full DSIP improves Unseen-
mAP by 0.0072 (p=0.0009; 12/15 matched runs over
all five holdouts), with image conditioning accounting
for 0.0054 (p=0.0027): a structured read-out beats di-
rectly learning unconstrained prompt values. (i) An-
chor source. A random basis (0.6923) or vision-only
patch tokens (0.6903) do not improve over the text
anchors. The margin over a random basis is small
(0.0021 Unseen-mAP): DSIP’s gain comes from the
structured, image-conditioned read-out in (i), while the
text anchors add a consistent but modest CLIP-aligned
prior and keep the best Unseen and Mixed scores.
The constraint is tight: the prompts’ residual onto the
conditioned anchor hull is <2x10~7 at all 12 layers
(patch tokens =&1.00, random 1.34-1.41). (iii) PACE
routing weight. A fixed w=0.5 trails per-sample rout-
ing on Unseen and Mixed (0.6915 vs. 0.6944), gaining
marginally on UdCDR (0.7958); the constant-weight
trade-off Table 4 isolates. Together, these ablations
support the structured anchor-conditioned read-out,
instance-specific image conditioning, a modest anchor
prior, and per-sample routing.

Routing. Table 4 isolates the routing signal. No con-
stant weight is competitive on DomainNet or either
cross-dataset benchmark (10/10 runs, p=0.002), and
shuffling w; within the batch costs as much as freezing
it: the per-sample assignment carries the information.
Confidence alone falls behind on every TU-Berlin met-
ric, the gap alone to last on Sketchy; the combined
rule of Eq. 7 is never worse than second. Stated pre-
cisely: over five holdouts and three seeds, PACE’s Un-
seen gain is +0.0026 (n.s., p=0.19) while its UdCDR-
mAP gain is +0.0077 (p=0.005), and confidence-only
routing is indistinguishable from the combined rule;
PACE’s contribution is a removed loss weight and Ud-

Figure 5. Sensitivity analysis. A (a), 7 (b), depth L (c,
clipart), Py (d), r (e), bank M (f); sketch holdout unless
noted. Circles/triangles = Unseen/Mixed; purple/green =
Prec@200/mAP@200. Defaults sit at or next to the opti-
mum.

Table 6. Design ablations on the full CAPT model (sketch
holdout, seed 0, mAP@200 / Prec@200). Each block
changes one component; the last row is CAPT. Bold =
best per column. Routing: Table 4.

variant Unseen Mixed UdCDR

Prompt read-out

linear (no MHA)

free prompts (VPT-Deep, 0.07M)
Anchor source

random basis

vision-only

.6899/.6483  .6092/.5792  .7897/.5191
.6854/.6450 .6044/.5752 .7906/.5183

.6923/.6508 .6118/.5815 .7897/.5211
.6903/.6481  .6090/.5779 .7954/.5256

CAPT (MHA, semantic text anchors, gap) .6944/.6527 .6141/.5841 .7926/.5212

CDR protection, not a higher Unseen score. Learned
weights degenerate as pre-registered (an MLP [31] con-
verges to w=1.0; uncertainty weighting [15] loses all
fifteen runs, proim=0.0005; GroupDRO [28] collapses
onto one domain), while every fixed function of stop-
gradient statistics, focal shaping [21] included, stays
within 0.002 of the reported rule.

4.6. Sensitivity Analysis

In Figure 5, A peaks stably in [0.5,0.6], 7 is best at
its smallest value, accuracy rises with injection depth
up to the full L=12, and P, r, M are flat around the
defaults: no per-domain retuning is needed.
Backbone scale. On ViT-B/16 both methods im-
prove and the ranking follows the stopping rule: own
schedules 1/6 cells for CAPT, matched epoch 1 3/6,
matched epoch 4 5/6; the backbone helps, but we do
not claim the margin transfers.

Limitations. DePro with LayerNorm tuning stays
slightly stronger on a few UdCDR precision cells, and
PACE’s prototypes degrade under severe imbalance.
Extending CAPT beyond image-to-image retrieval is
future work.

5. Conclusion

CAPT generates a text-anchored, instance-conditional
deep prompt per image and resolves the contrastive—
prototype conflict per sample with a data-derived
weight, using only ~1.35M parameters on a frozen
CLIP.
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