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Abstract

Interactive prompting is an appealing approach to vision-language fusion using frozen uni-
modal transformers, yet recent progress often relies on increasingly complex prompting ar-
chitectures. A natural question arises: instead of refining prompt designs, can fusion be im-
proved more effectively by directly adapting internal representations within attention layers?
Our analysis, from a representation-centric perspective, suggests that interactive prompt-
ing itself has limited ability to directly alter value token representations and intra-modal
token interactions, motivating a lightweight alternative that targets these internal attention
representations rather than increasing prompting complexity. Specifically, we investigate
the cross-attention mechanism and propose combining value-only low-rank adaptation with
a key—query replacement strategy, yielding a simple and parameter-efficient fusion design.
Across common multimodal fusion benchmarks, the proposed method consistently outper-
forms prior prompting-based fusion baselines while requiring fewer trainable parameters.
These results, along with further ablations, support representation-centric adaptation as an
effective principle for prompting-based vision-language fusion.

1 Introduction

Recent advances in large-scale pre-trained language models (Devlin et al., 2019; Radford et al., 2018) and
vision models (Dosovitskiy, 2020; Liu et al., 2021) have stimulated growing interest in combining such
unimodal architectures for vision-language tasks (Radford et al., 2021; Zhou et al., 2022b; Yang et al., 2022;
khattak et al., 2023; Kiela et al., 2019; Yang et al., 2024). Early multimodal approaches typically trained the
large unimodal encoders jointly with fusion modules (Hori et al., 2017; Kiela et al., 2019; Han et al., 2022).
However, as these pre-trained architectures continue to grow in size, full fine-tuning becomes increasingly
expensive, especially in multimodal settings where labeled data are often limited.

The demand for sample efficiency has therefore motivated a parallel line of work on parameter-efficient
fine-tuning (PEFT; Lester et al., 2021; Li & Liang, 2021), including multimodal prompt tuning (Nagrani
et al., 2021). These methods freeze the large unimodal backbones and instead tune a small set of prompt
tokens. Starting from attention bottlenecks for multimodal fusion (Nagrani et al., 2021), which appended
shared prompt tokens to unimodal token sequences to capture cross-modal interactions, subsequent work has
sought to improve fusion by employing increasingly expressive prompting architectures. For example, Li et al.
(2023) divided prompt tokens into different roles and projected part of them across modalities via a mapping
function, while Jiang et al. (2024) further introduced a Mixture-of-Experts (MoE) architecture to generate
longer and more adaptive prompts. While effective, these designs also introduce additional complexity in
both architecture and optimization, raising a natural question: can multimodal fusion be improved more
directly by adapting representations, rather than by continually refining prompting architectures?

This question is also consistent with a broader trend in multimodal learning. Recent work therein has
increasingly explored direct tuning or alignment of internal multimodal representations (Liu et al., 2025; Yoon
et al.; 2025), and contrastive-learning-based methods likewise highlight the importance of representation
quality and cross-modal alignment (Radford et al., 2021; khattak et al., 2023; Chowdhury et al., 2023).
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Figure 1: Comparison of prompt-tuning and fine-tuning methods on UPMC Food-101 in terms of
classification accuracy and trainable parameter count (in millions). Among the prompt-tuning methods, our
method achieves the best accuracy, and it approaches the performance of the strong full fine-tuning baselines
with far fewer trainable parameters.

Recent evidence further suggests that prompt tuning studies have paid limited attention to the evolution of
internal attention representations during adaptation (Li et al., 2026).

In particular, we study this question by revisiting prior analyses of prompt tuning in language models (He
et al., 2022; Chen et al., 2022b) and examining their implications in multimodal prompt tuning. Our analysis
suggests that prior prompt-oriented designs do not directly modify the original value representations or the
intra-modal token interactions between modality tokens and prompt tokens, thereby limiting their ability
to steer the resulting multimodal representations (c.f. Section 5.4 for empirical evidence). This leads us to
a representation-centric alternative that strengthens the internal modality token representation in attention
while retaining high parameter efficiency. As previewed in Figure 1, the resulting method achieves stronger
performance than prior prompting-based approaches and remains competitive with heavier full fine-tuning
baselines. In summary, we highlight our contributions as:

e We revisit prompting-based vision—language fusion from a representation-centric perspective and
analyze the limitations of improving fusion solely through increasingly complex prompt designs.

e We propose a parameter-efficient fusion method that combines targeted representation adaptation
with a lightweight interaction-enhancing strategy.

e We conduct extensive experiments on multiple benchmark datasets and show that our method
consistently outperforms prior prompting-based baselines while using fewer trainable parameters.

2 Related Works

In this section, we briefly introduce previous studies on multimodal fusion and then delve into prompting-
based methods, especially those concerning vision-language fusion.

Multimodal fusion. Multimodal fusion methods aim to simultaneously integrate and process signals
from multiple modalities. Representative applications include: vision and language reasoning (Agrawal
et al., 2015), sentiment analysis (Zadeh et al., 2016; Gandhi et al., 2022), medical analysis (Banos et al.,
2015; Wang et al., 2021), detection and segmentation (Song et al., 2015; 2019), etc.
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Very roughly, fusion can be categorized into early fusion, intermediate fusion, and late fusion, depending on
where fusion is conducted (Atrey et al., 2010). Among these, late fusion remains widely used because of its
interpretability and relative simplicity (Snoek et al., 2005; Zhang et al., 2023), and various improvements
have been made. Some attempts mathematically robustify late fusion through rank minimization (Ye et al.,
2012) and majority votes (Morvant et al., 2014). Beyond such late-fusion formulations, many recent methods
design more expressive fusion modules, including hierarchical fusion architectures (Zhou et al., 2023) and
memory-augmented recurrent fusion mechanisms (Islam et al., 2023). Moreover, several studies emphasize
that multimodal fusion benefits from exploiting selected informative features or modalities, rather than
treating all modalities equally for every sample (Hori et al., 2017; Han et al., 2020; 2022; Xue & Marculescu,
2023; Ni et al., 2023; Liu et al., 2023). In this paper, we focus on vision—language fusion with pre-trained
unimodal transformers via interactive prompting, where intermediate fusion is heavily studied; we detail
more in the next part.

Prompting-based fine-tuning. With the recent success of large-scale pre-trained unimodal transform-
ers (Devlin et al., 2019; Dosovitskiy, 2020; Liu et al., 2021; Touvron et al., 2023), many works study how
to adapt such architectures to downstream tasks through prompting. For unimodal tasks, early attempts
leverage prompt tuning to efficiently adapt pre-trained language transformers for unimodal natural language
processing (NLP; Lester et al. 2021; Li & Liang 2021). Prompt learning has also been widely studied on
contrastively pre-trained vision—language models such as CLIP (Radford et al., 2021), including largely uni-
modal downstream settings such as image classification (Zhou et al., 2022b; khattak et al., 2023). The
primary focus of this work is on integrating unimodally pre-trained transformers for multimodal tasks.

Some existing methods instead rely on multimodally pre-trained models or on fusion-based vision-language
pre-training. For example, CoCoOp (Zhou et al., 2022a) learns instance-conditional text prompts for CLIP,
while MaPLe (khattak et al., 2023) extends prompt learning to both the vision and language branches of CLIP
through cross-branch prompt coupling. SDPT (Zhou et al., 2024) targets fusion-based vision-language pre-
trained models and introduces shared prototype prompts with fixed inverse projections for different modality
branches. These methods are related in spirit, but they are built on different pre-training and architectural
settings of this work, and are therefore not the most direct comparison.

Back to the fusion of unimodally pre-trained transformers, some works utilize an extra encoder to map vision
outputs to the input space of the text transformer for concatenation (Kiela et al., 2019; Tsimpoukelli et al.,
2021; Marias et al., 2022). There are also parameter-efficient transfer learning methods built on adapters
rather than prompt tokens (Sung et al., 2022; Chowdhury et al., 2023; Seputis et al., 2024; Lu et al., 2023),
which insert lightweight trainable modules into the backbone while keeping most backbone weights frozen.
These methods are also related, but they differ from prompting-based interaction between otherwise frozen
unimodal transformers.

Our work is in line with Nagrani et al. (2021); Liang et al. (2022); Li et al. (2023); Jiang et al. (2024). A
dual-transformer framework is considered therein, where each transformer only processes a single modality
and remains frozen; a sequence of additional prompt tokens is learned for information exchange between the
two modalities.

3 Preliminaries

We introduce and formulate a few preliminaries in this section. We start with transformers in multimodal
tasks, followed by the formulation of interactive prompting, and lastly low-rank adaption to be used in our
approach.

3.1 Multimodal transformers

We formulate the forward pass of multimodal transformers for two modalities, i.e., text and image in our
context (we defer full formulation to Appendix B.1). We denote the input sequence z as

z = [zas, E(x1), E(22),...,E(zN)], (1)
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where E(-) is a mapping function to map the input token z; to R? zy, is a special classification token
prepended to the sequence. The input z are then passed to L transformer layers, each consisting of a multi-
head self-attention (MHA) module and a multilayer perceptron (MLP) block. Reloading the input sequence
defined in Equation (1) as z", we can repeatedly compute the output of the (I + 1)-th transformer layer
z!t! = Transformer(z') as

y'tl = LN (MHAHl(zl)WSH) + 2z, @)

Zl+1 — MLPZ+1(yl+1) 4 yl+1,

where LN denotes the layer normalization; (for simplicity) we illustrate the mechanism of MHA"!(z) in a
single-head form,

Attn (ngl, leI'("l, zWij’l) ,

where Attn(Q, K, V) = softmax(QKT/\/E)V with sets of trainable parameters Wyg i v,0} € R4%¢. The
above procedure is performed in both modalities, and the final prediction, in a certain manner, combines
the outputs of the two classification tokens from the two modalities.

3.2 Prompting-based attention bottlenecks

Above multimodal transformers often do not work out of the box for downstream multimodal tasks due to
unseen joint distributions from the two modalities. To bridge this gap, Nagrani et al. (2021) introduced a
few bottleneck (prompt) tokens to the self-attention mechanism, which are appended to the concatenation
sequence of the two modalities to perform cross-modality feature interaction. Such PEFT mechanism is
referred to as the interactive prompting paradigm in literature (Li et al., 2023).

Let us denote the collection of B prompt tokens as zg, = [21, 22, ..., 2B]sn to fuse two pre-trained trans-
formers for two modalities. Starting from the pre-defined L-th layer (the fusion layer), the output tokens
at the (I + 1)-th layer for l € {L;, Ly +1,...,L — 1} are computed as

Zl+1 4
71 | = TransformerLayer | | 7| |,
Zfsnm Zfsn

(3)

1 &
Zl+1 _ il+1
fsn T N, fsn,,

™ m=1

where only the initial prompt token zéfl ‘= Zg, 1S tunable and shared, m indexes a certain modality, and
N,, is the number of total modalities, which equates to 2 in vision-language fusion. We note the interaction
among modalities is reflected by mixing modality-specific tokens ilf;lm ’s into the bottleneck token zg;l, and

we will shortly revisit the mechanism and its limitations in Section 4.1.

3.3 Low-rank adaptation

Low-rank adaptation (LoRA; Hu et al. 2022) techniques have been widely adopted for parameter-efficient
fine-tuning of large pre-trained models and serve as a more flexible alternative to prompting. We will discuss
the incorporation of LoRA to strengthen the representation power in Section 4.3.

Given a pre-trained weight matrix Wq € RdXd/, LoRA constrains its update in a low-rank form: Wo+AW =
Wy + BA, where B € R™*", A € R™? | and the rank r < min(d,d’). LoRA trains the matrices A and B
instead of the large weight matrix Wy, significantly lowering the memory requirements for tuning pre-trained
models.

4 Enhancing Multimodal Fusion with Representation-centric Prompting

In vision—language fusion, the backbone architectures are usually transformer-based, and notably, the concept
“prompt” is closely related to the attention mechanism. It is thus meaningful to take the characteristics
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of attention into consideration when enhancing the representation in interactive prompting. We dedicate
this section to exploring how prompts with information from another modality will impact the attention
output and how we can accordingly incorporate attention-specific techniques into the interactive prompting
paradigm.

4.1 Limitation on representation steering

We first present the limitation of existing interactive prompting paradigms, as a motivation for our incorpo-
ration of representation learning techniques.

Firstly, the literature on PEFT in NLP suggests that solely applying prompt tuning is usually inferior to
adapter-tuning or LoRA (He et al., 2022; Chen et al., 2022b). They reported such prompts have limited
impacts on the value part of attention, as well as existing attention scores among query tokens and key
tokens. As prompting is deeply rooted in the unimodal studies on NLP, we note that similar limitations
apply to vision-language fusion as well.

To further illustrate it, we derive the attention output in layer Ly + 1 (where the information from another
modality has already been incorporated into the prompt tokens szngrl, as shown in Equation (3)). (From
then on, we omit the layer index Ly + 1 for notational clarity). In that layer, the concatenated sequence of
Zm

” ], which includes both the original modality tokens z,, and the
fsn

input tokens for modality m is z,, = [
interactive prompt tokens zggy.

We then locate the impact of prompts on attention outputs for a specific token z,, ; (the i-th row in the
original sequence z,,). The corresponding representation of its attention output is

Attn(Qy, K, V) = softmax (QiKT Na) v,

where {Q,K,V} = Zm Wy k,v) and Qi = Zm,;W¢q. In computing the attention scores, we separate K as
Ko, Kisn = 20 Wk, Zgsn W and individually calculate their “similarity” / attention score with Q; as:

fon QK] QK[|
[S%z‘)v S'En,z‘)] := softmax (\/Zlf .

1. and the softmax operator will only reduce the cor-

m?

We note zg, in this layer does not affect QzK
(m)

responding attention scores S,

be

by a small factor. The consequent attention output for token z,,; will

in which V,, is formally invariant to the prompt zs, as well.

In addition to the conceptual limitation above, existing prompting-based vision—language fusion designs
may further restrict representation steering in practice. First, the prompt channel itself is often narrow.
For example, the number of prompt tokens (B = 4 in Nagrani et al. 2021) are much smaller than the
counterparts in natural language processing tasks, which further limits the impact of z¢, in Equation (4).
Recent prompting-based fusion methods such as MoPE (Jiang et al., 2024) alleviate this issue by improving
the adaptivity and expressiveness of prompts through a Mixture-of-Experts mechanism. Specifically, MoPE
makes the prompt tokens zg, instance-dependent and thus strengthens the prompt term Sg,fir;)stn. However,
it still operates within the same prompting framework: the original value matrix V,, = z,, Wy remains
unchanged, and the intra-modal similarity term Q;K among original tokens is not directly modified.
Therefore, MoPE improves prompt quality, but does not remove the structural limitation discussed above.

Second, for parameter efficiency, prompting-based fusion is often inserted only near the top of the transformer
(e.g., PMF; Li et al. 2023). As a result, Equation (4) is already close to the final attention output, leaving
limited room for subsequent layers to further propagate cross-modal influence into the original modality
tokens. In this regard, prompt-driven representations alone may still be insufficient for steering the final
transformer outputs.
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Realizing these representation limitations, we are motivated to incorporate the representation learning tech-
niques into prompting-based vision—language fusion, to enhance the representation power of trans-
former outputs. This direct idea provides a new channel for tackling this multimodal task, in addition to
enhancing prompt tokens. We revisit the core components in the attention mechanism in Section 4.2 and
propose our LoRA-assisted resolutions, which utilize the special characteristics of attention, in Section 4.3
and Section 4.4, respectively.

4.2 Locating the critical parameter subset

In implementing the direct idea, we note training the entire unimodal encoders is computationally demanding
and contradicts the essence of prompt-tuning approaches. We are thus inspired to decompose the attention
modules within transformers in the hope that training a smaller subset of parameters will suffice. Our
following analyses start with rewriting the attention modules Attn(+) in a nonparametric estimator form (c.f.
Chen et al. 2022a;b; more in-depth and self-contained derivations are deferred to Appendix B.2).

Decomposition of attention in prompting. Rather than introducing auxiliary prompting architecture
as done in PMF, we take a targeted approach by revisiting the internals of the attention operation and
identifying the key subcomponents that most directly influence the representation output. As suggested by
Chen et al. (2022a;b), the representation learning in attention can be divided into parts (D the query—key
interactions (i.e., the gram matrix QK ') and @ the value V,,. Following this framework, we similarly
derive the case for attention bottleneck fusion in the next several paragraphs.

With the attention bottleneck formulation denoted above (c.f. Section 3.2), we recall the input Z,, defined
in Section 4.1, the query, key, and value matrices {Q, K, V} = 2, W(q i, v} for the complete sequence z,,,
and the attention operation

Attn(Q, K, V) = softmax (Q\i(;) V.

The first part of attention involves the similarity matrix S (corresponding to (D) the query—key interactions),
which can be decomposed separately for the query Q,, = z,, W and the bottleneck counterpart Qg =

Zisn W@ as o
- KT
S = softmax (Q\/a )

1 QmKT _ Sm
= softmax (\/g |:QfsnKT:|> = {stn} .

Notably due to the softmax operation, all values within the similarity matrix S are bounded in [0,1].

(5)

Putting together (D the querykey interactions above and @ the value V,,, we have

A Qm "\ va
Attn = JK V| = ~ | . 6
(Q |:Qfsn stnV ( )
As shown in the preceding display, the output of the attention operation in attention bottleneck fusion
consists of two parts, differentiated by distinct attention score matrices. The first corresponds to computing

the attention score between the modality query Q,, and the concatenated key K; the other instead computes
the attention score for the bottleneck query Qg,. Both are then multiplied with the joint value matrix V.

We draw multiple crucial observations from the decomposition above. Firstly, the component S,,V in
Equation (6) is generally considered as more important than the other. S,V corresponds to the modality
tokens z,, of this transformer layer (c.f. Equation (3)) and has a direct impact on the final prediction.
Moreover, for S,,V the query weight matrix (Wg) is only applied to the modality tokens z,,, whereas
other weight matrices (W }) are jointly applied to z,, and zgs,. As such, it is reasonable to speculate
that the impact of training Wx and Wy is thus generally more significant than Wq. Lastly, we highlight
that the attention score matrix S contains bounded values in [0, 1], whereas the values in V are unbounded.
This intuitive observation implies that the value matrix V contributes more to the final output than the key
matrix K, suggesting an emphasis on training Wy and aligning with Chen et al. (2022a); He et al. (2022).
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Table 1: A motivating toy experiment on MM-IMDB examining the effect of adapting different attention

components in the last transformer layer. Under a similar number of trainable parameters |0|, adapting

the value projection (Wg,_ 1]; the superscript [—1] denotes the last layer) achieves the largest improvement

compared to adapting Wg Uor W[Igl]. This suggests that the value is particularly important for improving

multimodal representations. Results are reported as mean + standard deviation over 5 runs.

0 6] F1-Micro/Macro (%)

{Zten } <0.1M (<0.05%)  64.654+0.27/54.82+0.26
{2, W'} 1.2M (0.61%)  65.4820.23/55.79+0.21
{zfsn,WFI]} 1.2M (0.61%) 65.6340.11/56.21-0.17
{zen, WY 1.2M (0.61%)  66.24:+0.24/58.57+0.28

o~~~ —

Km = ZmWK Qfsn = zfsan

=4
%
N T T
I Qm Km Qm Qfsn
S
Z, Wy
=2
=
G
N T T
I QfsnKm Qfsn Qfsn
&
<
Partially trainable Frozen Trainable LORA

Figure 2: Illustration of the proposed representation-centric scheme within attention modules. The value
part is adapted via LoRA on the value projection (Wy ), while in the bottom right corner of the attention
score matrix the key matrix corresponding to bottleneck tokens (i.e., the original K, ) is replaced by a query
counterpart (Qgs, at the top right corner). Scaling and softmax normalization are omitted here for clarity.

Empirical validation. From the decomposition (6) and the associated observations above, we obtain
an intuition for multimodal fusion that Wy can as well be the crucial subset of parameters in a
transformer layer. We perform sanity-check experiments to verify the intuition above in Table 1. Specifically,
we begin with the attention bottleneck baseline (c.f. Nagrani et al. 2021; described in Section 3.2), then
proceed to respectively train Wiqg vy in the final transformer layer of BERT (Devlin et al., 2019) and
ViT (Dosovitskiy, 2020).

We measure performance across all configurations above over 5 runs, reporting the average and associated
standard deviation of the two metrics on a common benchmark MM-IMDB (Arevalo et al., 2017). Although
incorporating those weight matrices requires the same number of trainable parameters, training Wy, notably
outperforms the others by a significant margin, with training W g ranking second-best. This empirical
validation reinforces our earlier intuitions, emphasizing the importance of training Wy, in attention modules.

4.3 Value-based multimodal adaptation

With our analyses and observations above, upon attention bottleneck fusion we devise a representation-
centric adaptation strategy to enhance its cross-modality representation power. Particularly in this subsec-
tion, we incorporate the LoRA (Hu et al., 2022) technique into attention bottleneck fusion.
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Z, W
zfsnwK

2z, Wo ZgsnWo ‘/

Figure 3: Intuition behind the K@ replacement. For the modality token z,,, its attention output
naturally concerns the intra-modal product, szQ(szK)T, and the modality—bottleneck product,
zm Wq(ztsn W) T . The former is naturally aligned in pre-training, while the latter can be less well matched
since the bottleneck token zg, are introduced afterwards during fusion. The K@ replacement reduces this
mismatch by projecting bottleneck tokens as well with Wq rather than Wg, i.e., replacing z¢, W with
Zssn W to facilitate alignment with z,, W.

Inspired by the attention module decomposition (6) and our toy experiments in Table 1, the first part of
our proposed method is to exclusively tune the value weight matrix Wy while freezing the other weight
matrices, as shown in Figure 2. For the pre-trained value weight matrix Wy, we can further reduce the size
of trainable parameters by applying LoRA to tune Wy. We note that our main focus in this paper is to
highlight the shift toward representation-level optimization in multimodal fusion; we do not expect the LoRA
module design to be optimal, and it is possible that simply adopting another advanced LoRA approach can
further improve.

Formally, for the I-th transformer layer defined in Equation (2), the attention operation MHA' (x) with LoRA
on Wy is then computed as

al
Attn <xwl XWh x (le + rlBlAl>> ,

with pre-trained (fixed) weight matrices Wl{Q KV} and trainable parameters B! and A'. Here, the constants

a! and 7! are tunable scalar hyperparameters; r' represents the LoRA rank, and o! = 27t

4.4 Key—query replacement for bridging cross-modal gaps in bottleneck

While the pre-trained weight matrices work out of the box for the modality tokens z,,, they may not be ideal
for prompt tokens zg, (which never appear in pre-training). To have a clearer picture of this, we rewrite the

similarity matrix as
- 1 [Q KTD
S = softmax [ — | > -
(\/g |:(Qfsn:[<—r
Q.K,, QnK{,
= softmax | — ,

\/g QfsnK;yrl QfsanTsn

where we recall {Q, K}, = 2, Wyo iy and {Q, K}t = 2tsn W@, k3 In the first part of S that corresponds
to the modality token, the original gram matrix Q,, K, would work immediately thanks to its appearance in
pre-training, while the remaining part Q,, K\ may not align well due to the distinction in distributions of
the modality tokens and the prompt tokens. (The second part of S, namely QK T, does not raise similar
concerns as the prompt tokens themselves are tunable.) Moreover, our first technique proposes to freeze the
query and key weight matrices Wyq gy, which deteriorates the alignment problem during optimization.

To address this potential issue, we further propose to replace the key matrix corresponding to the prompt
tokens (K¢ ), with the query counterpart (Qgsn). As both Q,, and Qgs, utilize the same projection matrix
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W, this intuitively harmonizes the distribution discrepancy in a new modality—bottleneck product QmQ;n.
Specifically, in obtaining the attention score matrix defined in Equation (5), instead of computing K =
Z,, Wi as a whole, we only apply Wg to z,, while project z¢, with the query weight matrix W¢. This
leads to the following attention score matrix

QnK, QunQi,

S = softmax ﬁ
QfsnK;rn Qfan;gn

The approach is illustrated in Figure 2, and the intuition within is visualized in Figure 3. We ablate this

proposal in Section 5.4.

5 Empirical Results

Following the protocols in previous works (Li et al., 2023), we test the performance of our methods, induced
from the representation-centric perspective, on vision-language fusion tasks as follows.

5.1 Benchmarking datasets and baselines

Benchmarking datasets. We conduct experiments on Multibench (Liang et al., 2021), including
(1) multi-label movie genre classification on MM-IMDB (Arevalo et al., 2017), which consists of movie
plot outline and poster pairs; (2) multimodal classification on UPMC Food-101 (Wang et al., 2015), which
contains food images with recipe descriptions for 101 types of food; (3) visual entailments on SNLI-VE (Xie
et al., 2019), which aim to reason the relationship between an image premise and a text hypothesis, catego-
rized into entailment, contradiction, and neutrality. We report Macro and Micro F1-scores for MM-IMDB,
and classification accuracy for UPMC Food-101 and SNLI-VE. Due to space limit, more details on these
benchmarks are deferred to Appendix A.1.

Baseline methods. We categorize baseline methods into two branches: @ full fine-tuning, where unimodal
encoders are jointly trained with fusion modules and classification heads; ® prompt-tuning, where unimodal
encoders are kept fixed during training, and only a small set of parameters (prompt tokens) is tuned. The
latter is often preferred because of its significantly lower computational requirement, whereas full fine-tuning
generally achieves higher performance due to its stronger modeling capacity.

Among full fine-tuning baselines, we include single-modality fine-tuning with ViT (Dosovitskiy, 2020) and
BERT (Devlin et al., 2019). Other fine-tuning-based multimodal fusion methods are reported as well,
including late fusion with concatenation (LateConcat) results from Li et al. (2023), multimodal fusion with
attention bottleneck (MBT) (Nagrani et al., 2021), and MMBT (Kiela et al., 2019).

We mainly compare with multiple existing prompt-tuning approaches. The baselines include PromptFuse
and BlindPrompt proposed in Liang et al. (2022), prompting-based late concatenation (P-LateConcat, whose
results are reported in Li et al. (2023)), prompting-based attention bottleneck (P-MBT, an extension of MBT
where pre-trained encoders are kept frozen), and PMF (Li et al., 2023), which additionally introduces cross-
modal projection between prompt tokens. Moreover, we further include MoPE (Jiang et al., 2024), a recent
strong prompt-tuning baseline that integrates a Mixture-of-Experts (MoE) design into prompt tuning to
generate suitable prompts.

The results for the compared methods on MM-IMDB, Food-101, and SNLI-VE are primarily taken from
Li et al. (2023). In particular, the performance of all fine-tuning methods are taken from Li et al. (2023).
For prompt-tuning methods, the results, except for P-MBT, MoPE and ours, are as well taken from Li
et al. (2023). (Our reproduction of P-MBT attains higher performance than reported in Li et al. (2023).)
Particularly, the results of MoPE (Jiang et al., 2024) are obtained from our reproduction, considering that
the original MoPE adopts Swin Transformer (Liu et al., 2021), rather than ViT (c.f. Section 5.2 for more
detail).
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Table 2: Experimental results on MM-IMDB, UPMC Food-101, and SNLI-VE. Full fine-tuning baselines
are highlighted in gray and are provided as references, while our main comparison focuses on prompt-tuning
methods. We report the number of trainable parameters (# Trainable Params.), excluding classification
heads for consistency across datasets. Following the experimental setting of PMF (Li et al., 2023), all
results are reported as the mean over 3 runs with different random seeds. Compared with MoPE (Jiang
et al., 2024), our improvements are statistically significant on most metrics under a 95% significance level (x
denotes statistical significance); see Appendix A.3 for details. Values in parentheses (% total) indicate the
proportion relative to the total number of parameters in the original model.

. MM-IMDB Food-101 SNLI-VE
# of Trainable Param.

(% total) F1-Micro (%) F1-Macro (%) Acc. (%) Acc. (%)
g ViT 86.5M (44.02%) 49.88 38.39 74.69 33.33
S BERT 109.0M (55.47%) 64.31 58.00 87.44 69.82
*? LateConcat 196.0M (99.75%) 64.92 59.56 93.29 70.01
8 MBT 196.0M (99.75%) 64.81 59.60 93.56 74.02
= MMBT 196.5M (100%) 66.10 60.80 94.10 74.69
5 PromptFuse <0.1M (<0.05%) 54.49 48.59 82.21 64.53
g BlindPrompt <0.1M (<0.05%) 56.46 50.18 84.56 65.54
ey P-LateConcat 0.3M (0.15%) 59.93 53.91 89.03 63.05
;- P-MBT <0.1M (<0.05%) 64.86 56.45 89.88 62.79
s PMF 2.5M (1.27%) 64.51 58.77 91.51 71.92
Y MOoPE (k = 4, ViT) 1.5M (0. 76% 67.08 60.51 92.21 71.52
Ours 0.24M (0. 12%) 68.09" 60.92 93.53" 72.31"

5.2 Implementation details

The experiment settings in previous works are strictly followed to ensure a fair comparison. We universally
use the AdamW optimizer with a learning rate of 2 x 10~* for MM-IMDB, UPMC Food-101, and SNLI-VE.
We set weight decay to 1 x 10~2, number of prompt tokens to 4, and batch size to 32 for all experiments.
Following prior work (Li et al., 2023), we decay the learning rate by a factor of 0.1 for 3 non-improving epochs
and stop training for 7 non-improving epochs on all experiments. The experiment results are reported as the
average over 3 runs, in accordance with Li et al. (2023). Each experiment on MM-IMDB, UPMC Food-101,
and SNLI-VE takes approximately 2.3, 7.6, and 52.2 hours, respectively, on NVIDIA RTX 4090 GPUs, which
varies across runs due to the different number of epochs required for convergence. All models are trained for
at most 10 epochs with early stopping.

For our reproduction of MoPE (Jiang et al., 2024), we implement it under a ViT-based setting for a fair
comparison, since the public GitHub repository only provides the Swin-Transformer version for the vision
encoder. For the other setups, we follow the original MoPE setting and use the AdamW optimizer with a
learning rate of 4 x 10~ for the main modality and 5 x 10~* for the complementary modality, using 4 experts
(k = 4) in its MoE modules.

Regarding the implementation of our methods, by default, we follow the previous settings and use BERT-base
and ViT-base as unimodal encoders unless specified otherwise. We build our method on the simple P-MBT
baseline to highlight the effect of representation-centric adaptation and to avoid introducing additional
prompt-engineering complexity. Further model configurations are provided in Appendix A.2.

5.3 Main results and discussion

We report the results in Table 2. Using the same pre-trained unimodal transformers, our method outperforms
all involved prompting-based fusion methods on all benchmarks. Notably, our method is superior to strong
prompting-based baselines such as MoPE, while using fewer trainable parameters.

We recall that several previous prompting-based methods rely on more complex architectural designs. For
example, PMF (Li et al., 2023) splits prompt tokens into three sets and introduces cross-modality projec-
tion, while MoPE (Jiang et al., 2024) further incorporates a Mixture-of-Experts (MoE) design and uses
three prompt types (Static, Dynamic, and Mapped), whereas our approach remains comparatively simple.
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Table 3: Ablation results on MM-IMDB isolating the effect of representation adaptation via LoRA. Ap-
plying LoRA without fusion (Pure-LoRA) already improves over the prompting baseline PMF, indicating
the efficacy of direct representation adaptation. Combining LoRA with the MBT framework (Ours) further
improves performance and achieves the best results. The improvement from Pure-LoRA to Ours is statis-
tically significant (under a 95% significance level; * denotes significance), and more details can be found
in Appendix A.3. (Li et al. (2023) solely provided the average performance of PMF, which renders statistical
comparison infeasible.)

a MM-IMDB
(% total) F1-Micro/Macro (%)
PMF 2.5M (1.27%) 64.51/58.77
Pure-LoRA  0.33M (0.17%) 66.70/59.12
Ours 0.24M (0.12%) 68.09%/60.92*

Table 4: Ablation results on MM-IMDB for the main components of our method. Starting from the attention-
bottleneck baseline P-MBT, we report the performance after adding V' LoRA and after further adding the
K@ replacement trick (K@ Repl.). The K@ replacement introduces no additional trainable parameters
beyond the V-LoRA variant, yet further improves performance. Both the improvements from the P-MBT to
the V-LoRA, and from the V-LoRA variant to Ours, are statistically significant (under a 95% significance
level; * denotes significance). See Appendix A.3 for more details.

0] MM-IMDB
(% total)  F1-Micro/Macro (%)
P-MBT <0.1M (<0.05%)  64.86/56.45
+ V LoRA 0.24M (0.12%)  67.34*/59.32"

+ V LoRA, KQ Repl. 0.24M (0.12%)  68.09*/60.92"

This suggests that improved multimodal fusion can be achieved without introducing additional prompt-
engineering complexity.

We also compare our method with full fine-tuning methods, highlighted in gray in Table 2. Although prior
prompting-based methods achieve strong results on the relatively small MM-IMDB dataset, they still lag
behind full fine-tuning methods on the larger benchmarks considered here, namely Food-101 and SNLI-VE.
Our proposed method further narrows the gap on these larger-scale datasets. These results suggest that our
representation-centric prompting approach is more effective on the larger benchmarks considered here than
previous prompt-tuning methods.

5.4 Ablation studies

To assess the contribution of each proposed component, we conduct ablation studies following the same
experimental setup on MM-IMDB as above. In particular, we aim to answer three questions: (1) whether
direct representation adaptation is more effective than prompt-only designs, (2) whether the gains of our
method primarily come from V-LoRA and are further improved by the K@ replacement, and (3) whether the
advantage of representation-centric fusion persists with larger backbones. Due to space limit, the complexity
analysis and the empirical runtime comparison are deferred to Appendix A.4, and we investigate the impact
of LoRA ranks in Appendix A.5 as well.

Representation adaptation via LoRA already provides strong gains, and combining it with
MBT yields the best performance. To isolate the effect of representation adaptation, we report a
non-fusion reference that applies LoRA to the unimodal encoders without bottleneck prompts (Pure-LoRA;
Table 3). On MM-IMDB, the non-fusion Pure-LoRA reference attains 66.70%/59.12% F1-Micro/Macro,
outperforming PMF by +2.19/40.35 percentage points. This comparison is notable because Pure-LoRA
does not use any bottleneck-based cross-modal interaction, yet it already surpasses a more elaborate prompt-
only fusion design. It therefore suggests that a substantial part of the performance gain comes from directly
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Table 5: Ablation results on MM-IMDB with larger backbones (ViT-large + BERT-large). Our method
continues to outperform the prompt-based baseline PMF-large, indicating that the benefit of representation-
centric adaptation is not limited to the base-backbone setting.

0] MM-IMDB

(% total) F1-Micro/Macro (%)
PMF-large 4.5M (2.29%) 66.72/61.66
Ours-large  0.31M (0.16%) 69.19/62.63

adapting the internal representation, rather than from increasing prompt complexity alone. Combining
LoRA with the MBT-style bottleneck interaction (“Ours” in Table 3) further improves performance to
68.09%/60.92%, corresponding to gains of +1.39/+41.80 percentage points over Pure-LoRA. This additional
gain indicates that lightweight bottleneck interaction remains useful, but becomes most effective when built
on top of stronger, adapted unimodal representations.

V LoRA provides the main gain, and K@ replacement brings a further improvement. In
Table 4, the attention-bottleneck baseline P-MBT attains 64.86%/56.45% in Micro/Macro F1. Adding V-
LoRA improves the result to 67.34%/59.32%, corresponding to gains of +2.48/4-2.87 percentage points over
P-MBT. This confirms that adapting the value pathway alone already captures most of the benefit, which is
consistent with our earlier analysis that the value branch offers a more direct handle on the final attention
output. Adding the K@ replacement, which introduces no additional parameters beyond V-LoRA, further
improves the result to 68.09%/60.92%, i.e., +0.75/41.60 percentage points over the V-LoRA variant. The
fact that this extra gain is obtained without increasing parameter count suggests that the improvement is not
merely due to more trainable capacity, but also to a better alignment pattern inside attention. By comparison,
PMF improves Macro F1 over P-MBT but underperforms it on Micro F1 (58.77% vs. 56.45% and 64.51%
vs. 64.86%; see Table 2), whereas our attention-level modifications improve both metrics simultaneously.
Together, these results indicate that targeted edits to attention internals are a more effective lever for
multimodal fusion than complicated prompting architectures.

The advantage persists with larger encoders. On MM-IMDB with ViT-large and BERT-large back-
bones, our model attains 69.19%/62.63% in Micro/Macro F1, exceeding PMF-large (66.72%/61.66%) by
+2.47/40.97 percentage points, as shown in Table 5. This result is important for two reasons. First, it
shows that the benefit of our method is not limited to the base-backbone regime or to relatively capacity-
constrained models. Even when the unimodal encoders become substantially stronger, prompt-only fusion
still leaves room for improvement, and representation-centric adaptation continues to provide gains. Second,
the advantage is achieved with far fewer trainable parameters than PMF-large (0.31M vs. 4.5M), which
suggests that the gain does not simply come from scaling adaptation size, but from placing adaptation on
a more effective part of the fusion mechanism. Taken together, this ablation indicates that larger unimodal
backbones do not eliminate the fusion bottleneck targeted by our method; instead, representation-centric
adaptation remains complementary to backbone scaling.

6 Conclusion

In this work, we revisited prompting-based vision—language fusion from a representation-centric perspective.
We demonstrated, both theoretically and empirically, that manipulating prompt tokens alone has limited
ability to steer multimodal representations. This motivates a simple alternative: directly adapting a small
subset of attention components instead of further increasing prompt complexity. Specifically, we instantiate
this idea with value-only low-rank adaptation and a lightweight key—query replacement strategy, yielding
a parameter-efficient fusion design. Experiments show that the proposed method consistently outperforms
prior prompting-based baselines while requiring fewer trainable parameters, and our ablations further confirm
the effectiveness of representation-centric adaptation. Overall, these results suggest that allocating limited
trainable parameters to steer internal representations can be more effective than refining prompt architectures
alone.
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A More on Empirical Results

A.1 Dataset details

MM-IMDB is a large-scale, long-tailed multi-label classification benchmark for multimodal understanding.
This dataset consists of 25,956 image-text pairs and each movie can be categorized into multiple genres.
Each instance is composed of a movie poster image and its corresponding plot summary, with labels drawn
from a set of 23 genre categories.

UPMC Food-101 contains 90,840 image-text pairs, containing food images with textual recipe descriptions
for 101 types of food. The sample size for each class ranges from 790 to 956. Originally, the dataset only
contained training and testing sets, we thus follow previous works (Li et al., 2023; Kiela et al., 2019) to
create the validation sets of 5000 samples from the training set.

SNLI-VE contains 565,286 image-text pairs, which aim to reason the relationship between an image
premise and a text hypothesis, categorized into entailment, contradiction, and neutrality. We follow previous
works (Li et al., 2023) to only use image premise and text hypothesis as inputs.

A.2 Location of fusion layers and LoRA injection

In our experiments, we use ViT (Dosovitskiy, 2020) and BERT (Devlin et al., 2019) as unimodal encoders. For
the base configuration, both backbones contain 12 Transformer layers (indexed from 0 to 11). We partition
these layers into three regions using two hyperparameters: n_fusion_layers and added_fusion_layers.
For the reported results, both are set to 4. Specifically, n_fusion_layers=4 designates layers 8-11 as cross-
modal fusion layers, where LoRA modules are also applied. In addition, added_fusion_layers=4 extends
LoRA injection to four earlier layers (layers 4-7), i.e., below the fusion region. For the large configuration
solely in Table 5, both backbones contain 24 Transformer layers (indexed from 0 to 23). In the reported
results, both n_fusion_layers and added_fusion_layers are set to 4 as well.

Table 6: Statistical significance test results (one-sided paired t-test, N = 3 runs, df = 2). §: mean perfor-
mance difference (ours — MoPE); SE: standard error of the difference; CI: 95% confidence interval for pus.

Dataset (Metric) J SE t p (one-sided) 95% CI

SNLI-VE (Acc) 1.11% 0.2%  7.022 0.010 [0.43%, 1.79%]
UPMC Food-101 (Acc) 1.31% 0.1% 24.082 <0.001 [1.08%, 1.54%]
MM-IMDB (Fl-micro) 1.38% 0.3%  4.447 0.024 [0.04%, 2.72%]

A.3 Statistical significance testing

In Table 2 of the main text, we conduct paired t-tests to verify that the performance gains of our method
over MoPE (Jiang et al., 2024) are statistically significant and not due to random variation.

For each dataset, strictly following the original experimental setting, both methods are trained under N = 3
independent runs with the same random seeds. We keep all other hyperparameters identical. Let {a1, a2, as}
and {b1,bs, b3} denote the per-run evaluation scores of our method and MoPE, respectively. We compute
the paired differences §; = a; — b; and perform a one-sided paired t-test under the hypotheses

Ho:pus <0 vs. Hyp:ps >0,
where ps is the population mean of the paired differences. The test statistic is
4
s/ VN’

with 0 and ss denoting the sample mean and standard deviation of the differences, respectively. The p-value
is obtained from the t-distribution with N — 1 = 2 degrees of freedom. We reject Hy at significance level
a = 0.05.

t
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Table 7: Average per-batch latency on MM-IMDB (batch size = 32, averaged over 20 batches).

Method Inference Time (ms)

PMF 291.154+0.12
Ours 173.72£0.11

Table 8: Effect of unified LoRA rank 7! on MM-IMDB with frozen encoders. Higher ranks bring no accuracy
gains while increasing trainable parameters. While results computed on a single NVIDIA RTX4090 (24 GB),
trends are consistent with the main table. |f| denotes the size of trainable parameters.Parentheses (% total)
denote the the percentage of total original model parameters.

0] MM-IMDB

(% total) F1-Micro/Macro (%)
—§  0.24M (0.12%) 68.09/60.92
P16 0.43M (0.22%) 68.06,/60.61
=32 0.82M (0.42%) 68.08/60.73
P64 1.61M (0.82%) 67.89/60.70

Table 6 summarizes the results. Across all three datasets, the one-sided p-values are below the 0.05 threshold,
and every 95% confidence interval for us has a strictly positive lower bound, confirming that the improvements
are statistically significant.

The 95% confidence intervals are computed as 5:|:ta/27 ~—1-SE, where tg 025 2 ~ 4.303. Since our hypothesis
is directional (our method > MoPE), the one-sided p-values are obtained by halving the two-tailed p-values
reported by the paired t-test (i.e., 0.0197/2, 0.0017/2, and 0.0470/2 for SNLI-VE, Food-101, and MM-IMDB,
respectively).

Following the same paired t-test procedure, we conduct paired t-tests to verify that the performance gains
of our method over Pure-LoRA (Table 3), our method over V LoRA, and V' LoRA over P-MBT (Table 4)
are statistically significant and not due to random variation in the ablation studies.

A.4 Complexity and runtime

With unimodal encoders frozen, cost is dominated by the fusion module. Per fusion layer, we introduce
a modality-agnostic fusion tokens (FSNs), adding ad trainable parameters, and apply LoRA to the value
projection W, with rank r, adding 2rd parameters (r < d). The per-layer trainable complexity is therefore
O(d(a + 2r)), which is linear in the number of fusion tokens and the LoRA rank.

In comparison, PMF allocates 6a prompt tokens per layer (instance/domain/category X vision/text) and
projects them with two-layer MLPs, yielding approximately O(6ad+ 2ad?) parameters per layer; the d? term
dominates in practice. While this is not a full algorithmic time analysis, the parameter-level characterization
tracks the incremental compute/memory of the fusion block and aligns with wall-clock latency: as shown in
Table 7, on MM-IMDB under identical settings (batch size = 32, 20 batches), our model averages 173.72+0.11
ms per batch versus 291.15 + 0.12 ms for PMF (an ~40.3% reduction).

A.5 Larger LoRA ranks do not necessarily improve performance.

We unify the LoRA rank across all modules and sweep ! € {8,16,32,64} on MM-IMDB (Table 8). While
increasing r! enlarges the representational capacity, the gains saturate: both of the best F1-Micro and
F1-Macro are achieved at /=8 (68.09% & 60.92%). In contrast, the trainable parameter count grows
substantially (approximately linearly) with ! from 0.24M to 1.61M, yielding a poor performance at higher
ranks. These findings are consistent with the classical conclusions in the LoRA studies.
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B Technical Details of Transformers and Attention Mechanisms

B.1 Complete formulations for multimodal transformers

We consider the pre-trained transformers for two modalities, 7.e., text and image in our context. Specifically,
the two transformers are the text transformer (e.g., BERT; Devlin et al., 2019) and the vision transformer
(ViT; Dosovitskiy, 2020). For simplicity, we consider applying the multimodal transformers only to classifi-
cation tasks in this formulation.

For the input format, we start at the lowest level and denote a sequence of text input IDs X =
[1,2Z2,...,ZN]ixe With natural numbers z; € N, and an H x W RGB image Ximg = [Z1,2Z2,...,ZN]img €
RIXWX3 with 2; € RM%*3 denotes i-th patch within the image and h x w represents the patch size.
(Note here we assume both modalities process equal number of N tokens for notational convenience, while
in practice they are unnecessarily the same.)

These input sequences are converted into a series of 1D tokens z; € R? as follows
z = [zas, E(21), E(22),...,E(zN)], (7)

where E is a mapping to R? which is a patch embedding function R?***3 — R? for image inputs and a
vocabulary embedding function N — R? for text inputs, zcs is a special classification token prepended to
the sequence. Positional embedding is omitted here due to irrelevance to the topic.

These tokens are then proceeded into L transformer layers (both practically and for notational simplicity,
we assume both transformers have L layers), each consisting of a multi-head self-attention (MHA) module
and an MLP block. Reloading the input sequence defined in Equation (7) as z°, we can repeatedly compute
the output of the I + 1-th transformer layer z'*! = Transformer(z') as

y'H = LN (MHA™ ()W) + 2/,

Zl+1 _ MLPH—l(yl+1) + yl+1’

(8)

where LN denotes the layer normalization; (for simplicity) we illustrate the mechanism of MHA'™ (z) in a
single-head form, which is

Attn (leQ'H, leI'("l, zWij’l) ,

where Attn(Q, K, V) = softmax(QKT/\/g)V with sets of trainable parameters Wyg i v,0} € R4%4. The
above procedure is performed in both modalities. The final prediction is calculated by the averaged output
associated with the two classification tokens from the two modalities.

B.2 A nonparametric view of attention and the importance of the value part

Previous works (Choromanski et al., 2021; Peng et al., 2021; Chen et al., 2021; 2022a;b) have established a
connection between attention and nonparametric estimators, along with several emerging properties inspired
from kernel learning. Let us consider the Nadaraya-Watson kernel estimator (Wasserman, 2006, Definition
5.39), which reads

k(x, ki)
Z?:l ‘%(13 kj) ’

where k(-,-) is a kernel function, {Y;}? , are the learnable coefficients, and {k;}}, are the supporting
points. Consider the kernel function (z,y) = exp({(z,y)/v/d), with a slight abuse of notation to extend to

matrix/vector form, we have
KT
f(z) = softmax (Q ) V,
Vd

with {Q, K, V} :=2z2Wq r vy,

flz) = Z ¢i(2)Y; with ¢;(z) = (9)
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which recovers the attention operations. With the analogy between attention operations and kernel estima-
tors defined above, previous works (Chen et al., 2022a;b) have summarized emerging guidelines from kernel
learning to train attention modules more effectively. Specifically, the representer theorem (Scholkopf et al.,
2001) states that the minimizer f*(-) of some empirical risks admits the representation of the following form

£ =" ain( k),
i=1

where {a;}?_, are sets of parameters to optimize.

We can relate this result to the Nadaraya-Watson kernel estimator in Equation (9) by setting a; =
Y/ Z?Zl k(-,kj) to make analogous statements in the context of training attention modules. A useful

lecture is, the adaptation to the query-key interactions (i.e., the gram matrix QK ") in prompting can be
rather conservative, and more computational budgets can be reserved for learning the value V.
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