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Abstract. Visual prompt tuning has emerged as a parameter-e!cient
fine-tuning approach for adapting large-scale Vision Transformers (ViTs)
to downstream tasks. As its learnable prompts are applied in input and
feature spaces, prior to jointly going through attention in transformer
layers, the most commonly used scheme for fusing image and prompt
tokens is concatenation or addition. In this paper, we aim to study a
fundamental yet essential problem in visual prompt tuning: whether
a single fusion scheme tends to yield better results, and whether that
would be beneficial to develop a hybrid fusion scheme. To this end,
we formulate the task as a bi-level optimization problem, and solve it
leveraging di"erentiable architecture search. In this context, the learnable
prompts and their fusion schemes are jointly optimized. To enrich the
search space in the architecture search, we propose two additional fusion
schemes, namely, a!ne transformation and cross-attention, in addition
to concatenation and addition. Extensive experiments on 34 datasets
spanning VTAB-1k, FGVC, and HTA show consistent gains over prompt-
tuning baselines. With a frozen ViT backbone, our method delivers a
favorable accuracy–latency–parameter trade-o" compared with VPT-
Deep and recent variants. Our findings reveal that how prompts fuse
with image tokens plays a significant role in visual prompt tuning, and
a hybrid fusion fashion can more e"ectively leverage layer semantics of
ViTs, contributing a novel perspective for visual prompt-tuning research.

1 Introduction

Vision transformers (ViTs) have demonstrated impressive performance across a
wide range of visual recognition tasks [11,40,64]. However, if full fine-tuning is
employed, adapting such models to downstream scenarios inevitably demands high
computing load, and a potential overfitting problem to small downstream datasets.
Visual Prompt Tuning (VPT) [28], a Parameter-e!cient fine-tuning (PEFT)
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solution, has recently emerged to address this challenge. VPT incorporates
learnable prompts (i.e., a certain type of parameters) into input and feature
spaces, and solely updates these prompts during fine-tuning. The core operation
in VPT is how to fuse the learnable prompts with image tokens and/or feature
tokens before the fused elements are fed into transformer layers. To date, the
most commonly used scheme is either concatenation or addition [28,39,68,69].

Nevertheless, it remains unknown whether these fusion schemes contribute
di!erently to ViT’s fine-tuning. If so, should we always use a single fusion
scheme or is there an optimal hybrid fusion fashion that takes the best of both
concatenation and addition to fully leverage layer-wise information [35,47,53]?
Moreover, if a hybrid fusion scheme can be optimal, what else single fusion scheme
can be developed to facilitate the design of the hybrid fashion? Such questions
are fundamental yet essential to visual prompt tuning research, which are rarely
explored in previous literature.

In this work, we aim to answer the aforementioned questions in a unified task,
and formulate the task as a bi-level optimization problem, consisting of inner
and outer optimizations. In the former, the learnable prompts will be optimized,
while in the latter, the best combination of fusion schemes will be learned. We
tackle this problem by developing a novel method with di!erentiable neural
architecture search (NAS), fully leveraging layer-wise information, where another
challenge naturally arises: how to design a search space that is indispensable in
NAS? A natural solution is to incorporate the two commonly used single fusion
schemes directly. However, combining these two simple fusions is unlikely to yield
optimal results (Sec. 3.3). To enrich the search space to discover better hybrid
prompting fashions, we thus propose two new single fusion schemes, namely, a"ne
transformation and cross-attention. The rationale lies in that they are simple
and light-weight, and can be seamlessly used to fuse prompt and image tokens
e"ciently in the VPT context (Sec. 3.5). Together, our proposed method is highly
scalable and can accommodate any new single fusion schemes by including them
in the search space.

We validate the proposed method from both interpretive and empirical per-
spectives. We interpret our method through the lens of Information Bottleneck
(IB) [56], and observe that jointly optimizing prompts and fusion schemes leads
to a lower empirical IB surrogate than optimizing prompts alone, supporting
the role of hybrid fusion in prompt tuning. Empirically, we conduct extensive
experiments on 34 datasets across three widely used benchmarks: VTAB-1k [81],
FGVC [58], and HTA [25]. The results (e.g ., 77.01% on VTAB-1k mean, 92.5%
on HTA mean, 91.6% on FGVC mean, and only 0.75% of the ViT’s parameters
tuned) reveal that our method consistently and significantly outperforms exist-
ing state-of-the-art baselines. More importantly, these results help answer the
aforementioned crucial questions as follows: ✁ there is an optimal hybrid fusion
fashion that is significantly better than single fusion scheme in visual prompt
tuning; and ✂ the hybrid fashion is highly scalable and can seamlessly include
new single fusion schemes.

Our main contributions are summarized as follows:
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Fig. 1: Overview of standard Visual Prompt Tuning vs. Auto-Prompting framework. (a)
Visual Prompt Tuning: Employs a single, fixed fusion operator to combine learnable
prompt tokens with patch tokens at every layer. The Transformer Layers remain frozen.
(b) Auto-Prompting (Ours): We replace the fixed operator with a searchable fusion
module that operates in two phases. Search Phase: An ‘Architecture Softmax’ module
generates layer-wise preference weights (ω1,ω2,ω3,ω4) for a set of fundamental operators
(Concat →, Add +, A!ne ε, Cross-Attn ↑). Concurrently, the operators process the
inputs in parallel to produce their respective outputs (ϑ1,ϑ2,ϑ3,ϑ4). Discretization
Phase: After training, we discretize each layer by selecting the final operator with the
largest learned preference.

– We raise fundamental yet essential questions on fusing prompt and image
tokens in visual prompt tuning research, and reveal that using a single fusion
scheme fails to yield optimal performance.

– We propose a hybrid fusion method and formulate it as a bi-level optimization
problem. To solve the new optimization problem, we develop a novel method
with di!erentiable neural architecture search.

– We provide both a theoretical interpretation (via Information Bottleneck)
and extensive empirical evaluations to demonstrate our method’s state-of-the-
art and parameter-e"cient performance across diverse datasets. We use the
observed results, along with the analysis, to answer the raised key questions
in visual prompt tuning research.

2 Method

We propose a generalized prompt tuning framework that treats the fusion between
prompts and visual tokens as a searchable, di"erentiable component (Figure 1).
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Concretely, each Transformer layer chooses one of several candidate fusion opera-
tors that determine how prompts interact with tokens before entering the frozen
ViT block. This section clarifies the injection point and notation, specifies the op-
erator set (Sec. 2.1), introduces Di!erentiable Architecture Search (DARTS) [36]
and our bilevel optimization with stability regularizers (Sec. 2.2), and gives an
Information Bottleneck (IB) perspective (Sec. 2.3) on why learning the fusion
rule improves adaptation.

Let fω be a frozen ViT encoder. At block l, let x(l↑1) →Rk↓d be the token
sequence (incl. CLS) and p(l)→Rm↓d be m learnable prompt tokens. We use the
Pre-LayerNorm (Pre-LN) form, where a standard block is:

y = x(l↑1) +MSA
(
LN(x(l↑1))

)
,

x(l) = y +MLP
(
LN(y)

)
.

(1)

Denote x̃(l↑1) = LN(x(l↑1)). We inject fusion after this internal LayerNorm
and before the frozen MSA sublayer:

x̂(l↑1)
msa = ω(l)

(
p(l), x̃(l↑1)

)
,

y = x(l↑1) +MSA
(
x̂(l↑1)
msa

)
.

(2)

No extra normalization is applied after ω(l). By default, we inject fusion
once per block (before MSA). We split trainable variables into two groups. (1)
Model parameters ε: prompt tokens {p(l)} and operator-internal weights (e.g .,
the reduction matrix R(l) in concat, FiLM MLPs in affine, and WQ,WK ,WV

in cross when not shared). (2) Architecture parameters ϑ = {ϑ(l)}L
l=1: for each

layer l, ϑ(l) →R|S| contains one logit (unnormalized preference) per candidate
operator in S = {concat, add, affine, cross}. These logits are converted into
mixing weights by:

ϖ(l) = softmax
(
ϑ(l)/ϱ

)
, ϱ > 0, ϖ(l)

i
↑ 0,

∑

i↔S
ϖ(l)
i

= 1,

and define the soft fusion at layer l:

ω(l)
soft(p

(l), x̃(l↑1)) =
∑

i↔S
ϖ(l)
i

ωi

(
p(l), x̃(l↑1)

)
.

At discretization we pick î(l) = argmax
i↔S ϖ(l)

i
and keep only ω

î(l)
.

2.1 Fusion Operator Design

We place a fusion module ω(l)(·) before each frozen block, with the constraint
that its output is always k↓d (token count k incl. CLS) so the backbone interface
never changes. We consider

S = {ωconcat, ωadd, ωaffine, ωcross}.
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This set covers four complementary fusion operators while keeping the interface
fixed: concat augments the sequence and mixes prompt cues with a light token-
preserving reduction; add injects a prompt-dependent residual bias at negligible
cost; affine applies prompt-conditioned channel-wise scale–shift (with add as
a special case); and cross-attention enables content-adaptive routing from a
prompt memory when stronger fusion is needed. The motivation for involving these
four operators is that many heavier fusion designs (e.g ., gated residuals, dynamic
projections) can be precisely composed from or closely approximated by
these four primitives. Searching within this basis lets each layer select the right
fusion without redesigning the frozen ViT and exposes an accuracy–cost frontier
that we regularize during search (Sec. 2.2). We elaborate on them in detail below.

(1) concat. Unlike the original VPT that feeds (m+k) tokens into the frozen
block, we keep the backbone interface fixed at k ↓ d to avoid changing positional
embeddings, attention map size, and FLOPs inside the block. We first prefix
prompts and then reduce back to k tokens with a light, token preserving mixer:

x̃ = [ p(l); x̃(l↑1) ], (3a)

R(l) = softmaxcol
(
U (l)

)
, (3b)

ωconcat
(
p(l), x̃(l↑1)

)
= (R(l))↗ x̃. (3c)

Here U (l)→R(m+k)↓k collects the per-column logits and R(l) = softmaxcol(U (l))
is column-stochastic (each column is nonnegative and sums to 1), so every out-
put token is a convex combination of the (m+k) inputs. This operator uses no
WQ/WK/WV projections and is therefore cheaper and more stable than full
cross-attention. By default R(l) is layer-shared to keep parameters minimal (More
analysis in Appendix).

(2) add. We summarize prompts by s = LN(mean(p(l))) → Rd and broadcast it
across tokens:

ωadd(p
(l), x̃(l↑1)) = x̃(l↑1) + 1k s

↗, (4)

where 1k repeats s along the token axis.

(3) affine. Feature-wise Linear Modulation (FiLM) applies channel-wise scale
and shift conditioned on an external signal. We reuse the same prompt summary
s as in Eq. (4) and generate per-channel scale/bias via two small MLPs:

εt(s) = W 2
t
ςh

(
W 1

t
s+ b1

t

)
+ b2

t
, t → {φ,↼}. (5)

Then
φ = ς

(
εε(s)

)
, ↼ = εϑ(s),

ωaffine
(
p(l), x̃(l↑1)

)
= φ ↔ x̃(l↑1) + 1k ↼

↗,
(6)

with ς a squashing nonlinearity and ↔ the Hadamard product. Eq. (4) is the
special case φ = 1 and ↼ = s. The summary vector is used only for add
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and affine, whose outputs are channel-wise modulations over the fixed k ↓ d
image-token interface. In contrast, concat and cross-attention consume all
m prompt tokens directly. The LayerNorm-mean summary gives a permutation-
invariant task descriptor and prevents scale drift in these modulation branches;
Appendix D reports ablations against first-token, unnormalized mean, and raw-
token conditioning.

(4) cross-attention (prompt-as-memory). With H heads and dh=d/H, image
tokens attend to a prompt memory per head:

Q(h)
x

= x̃(l↑1)W (h)
Q

→ Rk↓dh ,

K(h)
p

= p(l)W (h)
K

→ Rm↓dh ,

V (h)
p

= p(l)W (h)
V

→ Rm↓dh ,

A(h) = softmax
(

Q
(h)
x (K(h)

p )→↘
dh

)
→ Rk↓m,

O(h) = A(h)V (h)
p

→ Rk↓dh .

(7)

We then concatenate head outputs along the channel dimension and add a
residual:

ωcross
(
p(l), x̃(l↑1)

)
=

[
ConcatH

h=1O
(h)

]
+ x̃(l↑1) → Rk↓d.

The projection matrices {W (h)
Q

,W (h)
K

,W (h)
V

} are shared across layers unless
stated (More details see Appendix. B.4).

2.2 Di!erentiable Layer-wise Operator Search

Di!erentiable Architecture Search (DARTS) [36] relaxes discrete operator choices
into a softmax over learnable logits, producing mixing weights per layer; model
weights are optimized on the training split and architecture parameters on the
validation split, yielding a bilevel program that is later discretized by an argmax
choice. For layer l, architecture logits ϑ(l)→R|S| parameterize a soft mixture:

ϖ(l)
i
(ϱ) = softmax

(
ϑ(l)/ϱ

)
i
,

ω(l)
soft(p

(l), x̃(l↑1);ϑ(l), ϱ) =
∑

i↔S
ϖ(l)
i
(ϱ)ωi(p

(l), x̃(l↑1)), (8)

where the temperature ϱ is annealed from high (exploration) to low (selection).
We adopt a DARTS–style bilevel objective [36]:

min
ϖ

Lval

(
ε→(ϑ),ϑ

)
, s.t. ε→(ϑ) = argmin

ϱ

Ltrain(ε,ϑ). (9)

Gradients ↗ϖLval use the one-step unrolled approximation with Hessian–vector
[1] products (See Appendix B.2):

ε≃ = ε↘ ↽ϱ↗ϱLtrain, (10)
↗ϖLval ≃ ↗ϖLval(ε

≃,ϑ)↘ ↽ϱ
[
↗2

ϖ,ϱ
Ltrain

]
↗ϱLval(ε

≃,ϑ). (11)
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Fig. 2: Mutual information and per-layer IB objective (CUB-200, ViT-B/16).
Comparison between VPT [28] and our search-based fusion. (a) Î(T (l);X) (noise
compression) decreases and Î(T (l);Y ) (semantic retention) increases more markedly
for our method in deeper blocks. (b) The resulting empirical IB surrogate remains
consistently lower for ours, suggesting a favorable compression–relevance trade-o" under
a frozen backbone.

To avoid premature collapse and to softly prefer cheaper operators when
accuracies are similar, we use two unweighted terms:

R̃ent(ϑ) = ↘
∑

l

H
(
ϖ(l)

)
, (12a)

R̃cost(ϑ) =
∑

l

∑

i↔S
ci ϖ

(l)
i
, (12b)

where H(·) is Shannon entropy [2]. We set the normalized cost prior to c =
[0, 0.06, 0.30, 1.00] for the ordered operators (add, affine, concat, cross), based
on per-operator microbenchmarks. The outer objective places the weights here:

Louter = Lval + ⇀ent R̃ent + ⇀cost R̃cost. (13)

Positive ⇀ent on the negative-entropy term encourages exploration; as the
temperature ϱ is annealed the mixture sharpens toward a discrete choice. The
cost term biases against unnecessary heavy operators when accuracies are similar.
At epoch edisc, we discretize each layer by î(l) = argmaxi ϖ

(l)
i
(ϱ), freeze ϑ, and

continue optimizing ε for a few epochs with the selected operators only. This
yields a compact, deployable blueprint with the same inference path length as a
fixed-fusion method (More details in Appendix B.2).

2.3 Observation: From the Information Bottleneck (IB) Perspective

Let T (l) = ω(l)
(
p(l), x̃(l↑1)

)
be the representation entering the l-th frozen block.

We adopt a per-layer Information Bottleneck (IB) objective [56]:

L(l)
IB

(
T (l)

)
= I

(
T (l);X

)
↘ ↼ I

(
T (l);Y

)
, ↼ > 0, (14)

where X is the input image, Y the label, and I(·; ·) denotes mutual infor-
mation. Since exact MI is intractable, we report the variational surrogate
L̂(l)
IB = Î

(
T (l);X

)
↘ ↼ Î

(
T (l);Y

)
estimated with standard MI estimators (i.e.,

MINE/InfoNCE/CLUB; details in Appendix B.5).
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Why learning the fusion operator under IB? Fix prompts p and consider the
family {Tς} induced by ω → S. Allowing each layer to select its own fusion
operator provides a broader range of possible representations than a single fixed
operator. Figure. 2 reports the MI metrics on CUB-200 (ViT-B/16, ↼=1). As
shown in Fig. 2(a), our model exhibits a larger drop in Î

(
T (l);X

)
in deep layers

while maintaining higher Î
(
T (l);Y

)
. This pattern suggests stronger compression of

input-dependent variation together with better label alignment. The consistently
lower L̂(l)

IB is therefore empirical evidence that search-based fusion reaches a
more favorable compression–relevance trade-o!, rather than a causal proof of
background removal or accuracy gains.

Operator schedule as information flow. The learned operator schedule induces
a coherent information flow: shallow blocks tend to use lightweight primitives
(concat/add) that preserve structural cues, whereas deeper blocks favor semantic
primitives (affine/cross-attention) that emphasize label-relevant patterns.
This layer-wise shaping is consistent with the IB view and with the attention
trends in Sec. 3.4.

2.4 Summary of Training Procedure.

As detailed in Algorithm 1, our framework operates in two distinct stages. First,
the di!erentiable search phase jointly optimizes the prompts and the architecture
logits via a bilevel objective. Following this, the discretization step selects the
dominant fusion operator for each layer, succeeded by a final short fine-tuning
phase to recover performance with the pruned architecture.

2.5 Discussion on Operator Orthogonality and Redundancy

While the inclusion of both ‘Add’ and ‘A"ne’ operators might suggest a functional
overlap, maintaining this diversity in the search space S is essential for both
optimization stability and computational e"ciency. We justify this design from
three primary perspectives. ✃ Regarding the optimization landscape and gradient
flow, although the ‘Add’ operator can be viewed as a special case of ‘A"ne’
transformation, optimizing ‘A"ne’ parameters (εε ,εϑ) via MLPs from scratch
presents a significantly more complex optimization landscape. Following the
principles of Residual Learning [20], the parameter-free ‘Add’ acts as a stable
identity-like connection that facilitates smooth gradient flow during the early
stages of architecture search. Furthermore, our ✄ outer objective leverages a
cost-driven regularizer (Rcost) to exploit this apparent redundancy for implicit
pruning. In layers where the extra expressivity of an ‘A"ne’ calibration does
not yield a significant reduction in validation loss, the optimization naturally
gravitates toward the zero-cost ‘Add’ operator. Removing the simpler ‘Add’
would force the model to employ the heavier ‘A"ne’ operator (which incurs
approximately 2↓ the operator latency) even for basic bias injections, leading
to unnecessary computational overhead [45]. Additionally, ☎ empirical evidence
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Algorithm 1 Layer-wise Search and Discretization for Prompt–Token Fusion
Require: Frozen ViT fω; operator set S; cost prior c = {ci}; train/val splits
Require: Init prompts {p(l)} and operator-internal weights in ϖ; architecture logits

ϱ = {ϱ(l)}
Require: Hyperparams: learning rates ςε, ςϑ; temperatures φmax, φmin; weights

↼ent,↼cost; search epochs Esearch; fine-tune epochs Eft
1: φ ↓ φmax ↽ Phase I: di!erentiable search
2: for e = 1 to Esearch do
3: (Inner/train) Compute ω(l) = softmax(ϱ(l)/φ) and ϑ(l)

soft (Eq. 8); update
ϖ ↓ ϖ↔ ςε↗εLtrain(ϖ,ϱ)

4: (Outer/val) Build R̃ent, R̃cost (Eq. 12); compute one-step unrolled gradient
(Eq. 11); update ϱ ↓ ϱ↔ ςϑ↗ϑ

[
Lval + ↼entR̃ent + ↼costR̃cost

]

5: Anneal φ ↓ CosAnneal(φmax↘φmin, e, Esearch)
6: end for
7: Discretize: for all l, set î(l) ↓ argmaxi↑S ω(l)

i ; freeze ϱ and discard inactive
operators

8: ↽ Phase II: short fine-tuning with discrete operators
9: for e = 1 to Eft do

10: Forward with ϑ(l)=ϑî(l) only; update ϖ ↓ ϖ↔ ςε↗εLtrain(ϖ, î
(1...L))

11: end for
12: Return: prompts ϖϖ and discrete operators {̂i(l)}Ll=1

confirms that a diverse basis set is vital for stable search dynamics, as shown
in Appendix Table S7. Without the stabilization and regularization strategies
that utilize this operator redundancy, the search process su!ers a 65% collapse
rate to suboptimal solutions. In summary, these four operators form a complete
basis set for feature modulation: ‘Add’ for bias injection [20], ‘A"ne’ for feature
calibration [45], and ‘Cross-Attention’ for dynamic content-adaptive routing [57].

3 Experiments

3.1 Experimental Setup

Benchmarks. We follow VPT [28] on VTAB-1k [81] (19 datasets across Nat-
ural/Specialized/Structured), and include fine grained datasets such as CUB-
200-2011 [58] and Oxford Flowers-102 [43]. To test robustness with di!erent
pretraining biases, we additionally evaluate under MAE [19] and MoCo v3 [7].
For architectural generality, we further report results on a hierarchical backbone
(Swin-Base [40]).
Fusion candidates and search. Each Transformer layer selects its fusion
operator from concat, add, affine, and cross-attention via a di!erentiable
relaxation (Sec. 2). The backbone stays frozen throughout. We adopt a bilevel
schedule: inner loop updates optimize prompts and fusion weights on training
data, while outer loop updates refine architecture logits on held out validation
data. A temperature annealing is applied to stabilize discretization toward a
single operator per layer at convergence.
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Training details. We use AdamW with learning rate 1↓10↑3, weight decay 0.01,
cosine schedule, 100 epochs, batch size 64. We report top-1 accuracy averaged
over three seeds per dataset. All runs are on NVIDIA A100 GPUs. To ensure
comparability, Tuned/% includes the task-specific head and follows the macro
averaging convention of the compared works; per task counts are provided in
Appendix C.

Table 1: Comparison of fine-tuning methods with ViT-Base/16 backbone.
Bold and underlined indicate best and second-best results. We report mean accuracy
across datasets for each benchmark (FGVC: 5 datasets, HTA: 10 datasets, VTAB-1k:
19 datasets) and for each VTAB-1k category (Natural, Specialized, and Structured).
See Appendix. C for per-task results. Same for Table 2.

ViT-Base/16 [11] Tuned/Total FGVC Mean HTA Mean VTAB-1k [81] VTAB-1k Mean
(85.8M) (%) Extra Params (%) (%) Natural Specialized Structured (%)

Full [CVPR22] [27] 100.00 — 88.54 85.8 75.88 83.36 47.64 65.57
Linear [CVPR22] [27] 0.08 — 79.32 75.7 68.93 77.16 26.84 52.94

Partial-1 [NeurIPS14] [78] 8.34 — 82.63 80.8 69.44 78.53 34.17 56.52
MLP-3 [CVPR20] [6] 1.44 ↭ 79.80 78.5 67.80 72.83 30.62 53.21

Sidetune [ECCV20] [84] 10.08 — 78.35 72.3 58.21 68.12 23.41 45.65
Bias [NeurIPS17] [49] 0.80 — 88.41 82.1 73.30 78.25 44.09 62.05

Adapter [NeurIPS20] [3] 1.02 ↭ 85.46 80.6 70.67 77.80 33.09 62.41
LoRA [ICLR22] [23] — ↭ 89.46 85.5 78.26 83.78 56.20 72.25

AdaptFormer [NeurIPS22] [5] — ↭ — — 80.56 84.88 58.83 72.32
ARCatt [NeurIPS23] [10] — ↭ 89.12 89.0 80.41 85.55 58.38 72.32
VPT-S [ECCV22] [28] 0.16 ↭ 84.62 85.5 76.81 79.66 46.98 64.85
VPT-D [ECCV22] [28] 0.73 ↭ 89.11 85.5 78.48 82.43 54.98 69.43
E2VPT [ICCV23] [17] 0.39 ↭ 89.22 88.5 80.01 84.43 57.39 71.42
EXPRES [CVPR23] [8] — ↭ — — 79.69 84.03 54.99 70.02
DAM-VP [CVPR23] [25] — ↭ — 88.5 — — — —
SA2VP [AAAI24] [44] 0.81 ↭ 90.08 91.5 80.97 85.73 60.80 75.83
SPT [ICML24] [65] — ↭ 90.10 — 81.44 83.65 52.86 72.65

VFPT [NeurIPS24] [80] 0.66 ↭ 89.24 — 81.35 84.93 60.19 75.49
LoR-VP [ICLR25] [29] — ↭ 91.22 — 80.25 85.12 58.71 74.69

DA-VPT [CVPR25] [50] — ↭ 89.32 — 79.91 83.16 60.01 74.36
Ours 0.75 ↭ 91.60 92.5 82.88 85.61 62.55 77.01

Table 2: Comparison of the fine-tuning methods under di!erent pretraining
paradigms. We report VTAB-1k [81] accuracy using ViT-Base [11] as the frozen
backbone, pretrained with MAE [19] and MoCo v3 [7], respectively.

Pretrained MAE [19] MoCo v3 [7]
Method Tuned(%) Natural Specialized Structured Tuned(%) Natural Specialized Structured

Full [CVPR22] [27] 100.00 59.31 79.68 53.82 100.00 71.95 84.72 51.98
Linear [CVPR22] [27] 0.04 18.87 53.72 23.70 0.04 67.46 81.08 30.33

Partial-1 [NeurIPS14] [78] 8.30 58.44 78.28 47.64 8.30 72.31 84.58 47.89
Bias [NeurIPS17] [49] 0.16 54.55 75.68 47.70 0.16 72.89 81.14 53.43

Adapter [NeurIPS20] [3] 0.87 54.90 75.19 38.98 1.12 74.19 82.66 47.69
VPT-S [ECCV22] [28] 0.05 39.96 69.65 27.50 0.06 67.34 82.26 37.55
VPT-D [ECCV22] [28] 0.31 36.02 60.61 26.57 0.22 70.27 83.04 42.38
GPT [ICML23] [77] 0.05 47.61 76.86 36.80 0.06 74.84 83.38 49.10

VFPT [NeurIPS24] [80] 0.38 53.59 77.75 36.15 0.22 77.47 85.76 58.74
LoR-VP [ICLR25] [29] 0.40 51.23 74.21 33.16 0.29 72.28 82.89 46.92

DA-VPT [CVPR25] [50] — 62.14 79.14 54.31 — 74.24 83.21 55.23
Ours 0.34 55.12 78.19 39.01 0.25 79.60 86.86 61.01

3.2 Main Results

ViT-Base. In Table 1, we show that our method attains the best mean accuracy
on ViT-Base across VTAB-1k, FGVC, and HTA. Specifically, relative to the fixed
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fusion VPT-Deep, gains are significant and consistent: VTAB-1k mean +7.58,
FGVC +2.49, HTA +7.0, with category-wise improvements on Natural +4.40,
Specialized +3.18, and Structured +7.57, respectively. Compared with VFPT, we
lift VTAB-1k mean by +1.52 and improve each VTAB category (Natural +1.53,
Specialized +0.68, Structured +2.36) at a comparable tunable budget (0.75% vs.
0.66%), yielding a favorable accuracy–parameter trade-o! (roughly +0.17 points
VTAB-mean per additional 0.01% tuned). Against SA2VP, which is particularly
strong on Specialized (85.73%), we obtain the top results on Natural (82.88%)
and Structured (62.55%) and the best overall VTAB-1k mean (77.01%, +1.18)
with a similar parameter ratio. Taken together, these patterns indicate that
how prompts interact with tokens (i.e., the fusion rule is a first-order factor for
generalization): allowing each layer to choose between lightweight (concat/add)
and semantic (affine/cross-attn) operators systematically reduces domain
sensitivity (notably on Structured) without resorting to heavier heads or hand-
crafted inductive biases.

Di"erent Pretrained Objectives. Table 2 shows that our fusion search is competi-
tive under reconstruction-centric MAE and clearly strongest under contrastive
MoCo v3. Under MAE, compared with VFPT (0.38% tuned), we achieve higher
accuracy in all VTAB-1k categories with a lower budget (0.34%): Natural 55.12
vs. 53.59 (+1.53), Specialized 78.19 vs. 77.75 (+0.44), Structured 39.01 vs. 36.15
(+2.86). Although the absolute category bests on MAE come from less parameter-
e"cient baselines (Partial-1 at 8.30% on Natural/Specialized, Bias at 0.16% on
Structured), our results o!er a balanced profile at PEFT scale, aligned with
observation in [18]. Under MoCo v3, our method attains the top results across all
categories while tuning only 0.25%: Natural 79.60 (+2.13 over VFPT at 0.22%),
Specialized 86.86 (+1.10), and Structured 61.01 (+2.27). The consistent gains
over a strong frequency domain prompt at near identical budgets suggest that
learning the fusion rule synergizes with contrastive features, likely by exploiting
discriminative token relations via deeper a"ne/cross-attention choices. In short,
across di!erent pretrained objectives, we trade a modest tuned ratio for reliable
cross-category improvements, narrowing MAE’s structured gap and delivering
SOTA performance on MoCo v3.

Swin-Base. Table 3 shows that our fusion search remains e!ective on Swin-
Base [40]. Specifically, we achieve the best results in all VTAB-1k categories,
surpassing VFPT at 0.27% and SA2VP at 0.29%. Gains over VPT-Deep are
substantial despite a nearly identical budget (0.26% vs. 0.25%): Natural +8.74%,
Specialized +3.16%, Structured +10.51%. The largest margins are seen on the
Structured, indicating that the layer-wise operator selection e!ectively adapts
to Swin’s stage-wise shifts and transitions from local to global reasoning. In the
early blocks, lightweight fusion is favored to maintain locality within windows,
while the deeper blocks choose more complex operators to integrate evidence
across di!erent windows. Additionally, across stage transitions, a"ne calibration
helps stabilize the scales of the tokens. This schedule yields stronger geometry
and counting-heavy performance without resorting to heavier per-layer heads,
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Table 3: VTAB-1k results using Swin-Base. Our method outperforms all baselines
with fewer tunable parameters.

Swin-Base [40] Tuned Nat. Spec. Struc.
Full [27] 100.00 79.10 86.21 59.65

Linear [27] 0.06 73.52 80.77 33.52
Bias [49] 0.30 76.78 83.33 51.85

VPT-D [28] 0.25 76.78 83.33 51.85
E2VPT [17] 0.21 83.31 84.95 57.35
SA2VP [44] 0.29 80.81 86.30 60.03
VFPT [80] 0.27 84.53 86.15 58.21

LoR-VP [29] 0.29 83.51 85.22 57.61
Ours 0.26 85.52 86.49 62.36

Table 4: Prompt fusion strategy ablation. Search-based fusion consistently out-
performs any single fixed operator.

Fusion Search Nat. Spec. Struc. Gain
Concat ✆ 78.42 82.10 56.33 -1.73
Add ✆ 77.63 81.47 55.98 -2.32
Affine ✆ 78.86 82.62 57.40 -1.05
Cross-Attn ✆ 79.91 83.44 58.67 0.00
Ours ✇ 82.88 85.61 62.55 +3.00

explaining why we simultaneously reduce domain sensitivity and maintain a
competitive tunable ratio.

3.3 Ablation Studies

Table 4 varies only the fusion rule while holding the prompt length and backbone
fixed. Among single operators, cross-attention is the strongest. Our searchable
fusion improves to 82.88 / 85.61 / 62.55 on Natural / Specialized / Structured,
i.e., +2.97, +2.17, and +3.88 over the best fixed baseline, for a +3.00 mean
gain across VTAB-1k groups. Concat, Add, and A"ne trail cross-attention by
1.73, 2.32, and 1.05 mean points, respectively, indicating that no single operator
is uniformly optimal. The largest margin on Structured suggests that layer-
wise operator choice is particularly helpful for token calibration and geometric
reasoning. Overall, the results validate our hypothesis: learning the fusion rule
via per layer selection delivers consistent, task robust gains beyond improving
prompt content alone.

3.4 Layer-wise Fusion Patterns

Depth-wise Patterns. Figure 3 shows a clear depth profile. Early blocks con-
centrate probability mass on concat/add. These operators minimally perturb
token statistics and act as content-preserving routes, allowing prompts to tag the
stream without overwriting low-level evidence. As depth increases, the search
shifts toward affine/cross-attention. The former calibrates feature scales and



Layer-Specific Prompt Fusion Discovery 13

Fig. 3: Fusion operator selection by layer. Early layers favor concat and add,
while deeper layers shift toward affine and cross-attention.

Fig. 4: Task-specific fusion preferences. The discovered operator distributions di"er
between Flowers and Structured tasks: early layers consistently favor lightweight fusion
(Concat/Add), while deeper layers shift toward semantic operators (Affine/Cross),
revealing task-specific adaptation patterns.

o!sets (helpful when domain statistics drift), while the latter enables content-
adaptive routing between prompts and tokens. Aggregated over VTAB-1k, layers
1–4 assign 0.69 probability mass to lightweight operators, layers 5–8 have the
highest entropy, and layers 9–12 assign 0.73 mass to affine/cross-attention.
The final operators agree on 9–10 of 12 layers across three seeds, with most
variation concentrated in the middle blocks. Consistent with the ablation, the
layers that finally prefer cross-attention are also those whose replacement
with a single fixed rule produces the most significant accuracy drop, suggesting
that where we switch operators is as important as which operator we pick.

Task-dependent Preferences. Figure 4 compares architectures discovered on FGVC
versus Structured regimes. FGVC consistently pushes cross-attention deeper,
which is coherent with the need to bind subtle, instance-specific attributes to
category cues. Structured tasks select cross-attention/affine more often than
Natural tasks, reflecting a stronger emphasis on geometric calibration and token
rescaling. Any static recipe does not capture these task-aware shifts and helps
explain the empirical pattern in Table 4: the most significant margin over the
best fixed rule appears on the Structured group, where per-layer calibration is
particularly valuable.

Layer-wise Attention Analysis. We select four representative layers and visualize
the CLS⇐patch attention for VPT [28] and our model (Figure 5). At layer 1, both
models distribute attention broadly. By layer 3, our model begins to concentrate
attention on the head region, while VPT still shows several scattered peaks. At
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Fig. 5: Layer-wise attention visualization. We compare CLS↘patch attention
(mean over heads) at four representative layers. Each column uses the same color scale
for a fair comparison. Our model shows more concentrated attention over object regions
in deeper layers compared to VPT [28].

Fig. 6: E"ciency analysis. (a) Training cost scales sublinearly with more candidate
operators, while accuracy steadily improves. (b) Latency breakdown shows lightweight
add/concat and moderate overhead from affine/cross-attention. We use ViT-B/16
as backbone and a batch size of 64 on an NVIDIA A100 GPU.

layer 6, our model assigns less attention to peripheral patches near the right
boundary and more to the eye/beak area, whereas VPT continues to spread
attention across multiple regions. By layer 9, our model creates a compact hotspot
on the eye, while VPT remains more di!use. These observations should be read as
attention-concentration evidence rather than proof of literal background removal:
background can be task-relevant, and cross-attention may also act by aggregating
prompt-token evidence. Across images, attention entropy decreases with depth
and object-region energy increases for our model [21].

3.5 Analysis of E"ciency and Inference Latency

To evaluate the deployment cost of our method, we measure both the training
overhead during the search stage and the inference latency after discretization
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on VTAB-1k. During search, each transformer block evaluates a soft mixture of
candidate fusion operators, which adds a few extra forward passes proportional
to the number of candidates. As shown in Figure 6(a), the training cost increases
slowly with more operators. With four candidates, the search cost is 1.38↓ that
of VPT-Deep [28] (10.8 vs. 7.8 GPU hours), while the VTAB-1k mean improves
by 3.5 points. This extra cost mainly comes from deeper layers that evaluate
cross-attention during search. After discretization, inference uses only one
operator per layer. Our model runs at 15.9 ms per image compared with 14.8
ms for VPT-Deep, a 7.4% increase. Under matched controls, latency-matched
and parameter-matched variants still reach 75.83% and 76.42% VTAB-1k mean,
respectively, while VPT-Deep reaches 69.43%; full numbers are in Appendix F.
As shown in Figure 6(b), add and concat are very fast, while affine and
cross-attention take longer, matching their computational complexity. The
e"ciency comes from late-stage discretization, which prunes inactive fusion paths,
and from operator heterogeneity, which lets shallow layers use cheap operations
while deeper layers use more expressive ones only when needed.

4 Conclusion

In this paper, we challenge the common practice of using a fixed operator to
combine prompts and image tokens in visual prompt tuning. We propose a novel
approach that treats fusion as a learnable component, jointly optimizing the
prompt parameters and their mode of fusion through di!erentiable architec-
ture search. This exploration encompasses four fusion methods: concatenation,
addition, a"ne transformation, and cross-attention. This allows us to discover
diverse and layer-specific fusion techniques that adapt to the representational
needs of the frozen backbone. By introducing fusion operator search into the
prompt tuning paradigm, our work provides a fresh perspective on understanding
and enhancing prompt utilization. This work bridges the gap between neural
architecture search and lightweight fine-tuning, presenting an e"cient approach
to designing prompting solutions for large-scale vision models.
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