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Introduction

In light of the rapidly increasing size of pre-trained VLMs, parameter-
efficient transfer learning (PETL) has garnered attention as a viable alterna-
tive to full fine-tuning. One such approach is the adapter, which introduces
a few trainable parameters into the pre-trained models while preserving
the original parameters during adaptation. In this paper, (1) we present
a novel modeling framework that recasts adapter tuning after attention
as a graph message passing process. (2) Within this framework, tuning
adapters in VLMs necessitates handling heterophilic graphs, owing to the
disparity between the projected query and value space. (3) Therefore, we
propose a new method, p-adapter, to mitigate the heterophilic issue.

Preliminaries

The attention mechanism and adapter tuning in VLMs can be modeled as:
Attention in Transformer

Given query Q € RN1Xdk ey K € RM2%d gnd value V' e RNV2Xdv,
attention aggregates the features by:

Attn(Q, K, V)= MYV, (1)
where -
M = softmax (Q\/I:Z;k ) (2)

represents the attention weights, N1 and Ny are the number of the query
and key/value features, respectively.

Adapter Tuning

An adapter is a small learnable module containing two matrices
W gown € R W h € R2%I and a non-linear function o(-), where Iy
and [y are the feature dimensions in pre-trained models and the hidden
dimension in adapter (usually Iy < 1). Given a feature U € RV >l in the
pre-trained model, the adapter encoding process can be represented as:

U' =c(UW youn)Wup + U. (3)

Modeling Adapter Tuning as Graph Message Passing

From Equation 3 and Equation 1, we can formulate the features sequen-
fially encoded by attention and adapter as:

U =0c(MVW W W ioun)Wu + MVW ,W,, (4)

where M € RN1*N2 js the attention matrix computed by the transformed
query QW , and key KW, using Equation 2.

Then, we define the augmented value feature V' which concatenates the

transformed query and value and the augmented attention matrix M as
. - M
vV — [qu] VN

VW, M' 0] )

Defining the projected augmented value feature V.= VW, with the
augmented attention mechanism, we can further define the augmented

adapter encoding process by:

U' = o(MVW gopn)Wup + MV (6)
Comparing Equation 4 and Equation 6, we indicate that the adapter en-
coding process and the augmented one are equal. Since M s a square and
symmetric matrix, we can regard it as the adjacency matrix of the atten-
tion graph G.+n,. With this attention graph, we can transform the adapter
encoding process in Equation 4 into spectral graph message passing.
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Figure 1. lllustration of the generation of the bipartite attention graph G,,,. For
simplicity, we omit the scale and softmax functions in attention mechanism.

The Heterophilic in Attention Graph G,

The attention graph Gattn is a heterophilic graph in which connected
nodes have dissimilar features. The visualization of the learned distribu-
tion of the projected query and value space is shown in Figure 2.
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Figure 2. The t-SNE visualization of the features in the projected query and value space
for self- and cross-attention.

p-Adapter

To mitigate the heterophilic issue in attention graph Guttn, We propose p-
Adapter inspired by p-Laplacian message passing.

p-Laplacian Message Passing [1]

p-Laplacian message passing is proposed for heterophilic graph learning.

By denoting a = diag(ay,1,--- ,an ), B = diag(81,1,- -+, By n), and
two hyper-parameters u, p € R, one-layer p-Laplacian message passing
can be defined as:

X' =aD Y2AD 12X + BX, (7)

where A is the p-Laplacian normalized adjacency matrix with entries
defined by:

p—2
_ A; Aj
A — A J _ ) X 3
,] 1,] D’L,’I, 2, D],] Js- ? ( )
and for all 4, € [N] we have:
—1
YA 9 2
J o 2u p

= 2 DZZ‘Z t , Bii= ) i (9)

t7::

p-Adapter Architecture

For p-adapter, we take the attention matrix M and the projected aug-
mented value feature V, as the output of attention. Then, we augment
the attention matrix to M, as shown in Equation 5. We then normalize
the augmented attention matrix by:

p—2

where D is the degree matrix of M. Further, we can aggregate the
features using the calibrated attention matrix M by

U=abD MDDV + 3V (11)

where & and A are caculated according to the algorithm in p-Laplacian
message passing. With the aggregated feature U, we encode it with the
learnable adapter weights by:

— / — —
U = oUW gopn)Wup + U (12)
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Experiments
Main Experiments
Updated VQA2.0 VizWizVQA SNLI VE COCOCaps TextCaps VizZWizCaps
Method Params Karpathy test  test-dev test-P Karpathy test test-dev test-dev Avg.
(%) Acc.(%) Acc.(%) Acc.(%) BLEU@4 CIDEr BLEU@4 CIDEr BLEU@4 CIDEr
BLIPcapFilt-L
Full fine-tuning ~ 100.00 70.56 36.52 78.35 39.1 1287 271 91.6 457 170.0 76.40
Prefix tuning 0.71 60.49 22.45 71.82 394 1277 248 80.0 40.6  153.3 68.95
LoRA 0.71 66.57 33.39 77.36 38.3 1283 246 82.2 41.3 1543 7181
Adapter 6.39 69.53 35.37 78.85 38.9 1288 254 86.7 43.3  160.5 74.15
p-Adapter (Ours)  6.39 70.39 37.16 79.40 404 1309 261 87.0 445 1641 75.54
mPLUG\/]T_B
Full fine-tuning ~ 100.00 70.91 59.79 78.72 404 1348 23.6 74.0 421 1575 75.76
Prefix tuning 0.71 60.95 47.42 7211 39.8 1335 188 51.9 35,5 1356 66.18
LoRA 0.71 66.67 52.49 75.29 394 1294 210 64.4 395 1460 7046
Adapter 6.39 70.65 56.50 78.56 40.3 1347 229 71.5 419 1556 74.73
p-Adapter (Ours)  6.39 71.36 58.08 79.26 404 1353 23.2 73.3 43.1 160.1 76.01

Table 1. The main results.

Ablation Study: Different GNNs and Concatenation Patterns

VQA2.0 SNLILVE  COCOCaps Avg.  Concat. VQA2.0 SNLI_VE ~ COCOCaps

Ave.
Acc.(%) Acc.(%) BLEU@4 CIDEr ' Acc.(%) Acc(%) BLEU@4 CIDEr V&

GNN

GCN 69.53 7/8.85 389 1288 79.02 Zero /70.02  /9.17 40.2 130.3 /9.92
APPNP 7/0.22  79.03 39.4 1291 79.44 Noise 69.90 /8.99 39.9 130.1 79.72

GCNII+ 70.13  79.12 39.7 129.7 79.66 Query 70.39  79.40 40.4 130.9 80.27

PGNN 70.39 7940 404 130.9 80.27
Table 3. Ablation study on concatenation
patterns.

Table 2. Ablation study on GNNSs.

Ablation Study: Insertion Positions

VQA2.0 SNLI VE COCOCaps
Method — FFN SA CA e () Acc. (%)  BLEU@4  CIDEr AVE.
v 68.65 (-) 78.21 (-) 38.4 (-) 128.4 (-) 78.41 (-)

v / 70.11 (+0.90) 78.96 (+0.34) 39.9 (+1.4) 130.3 (+1.8) 79.82 (+1.11)
v V' 69.84 (+0.67) 79.17 (+0.57) 39.1 (+0.5) 129.4 (+0.7) 79.38 (+0.61)
vV vV 70.39 (+0.86) 79.40 (+0.55) 40.4 (+1.5) 130.9 (+2.1) 80.27 (+1.25)

p-Adapter (Imps.)

Table 4. Ablation study on different insertion positions, including FFN, self- and
cross-attention.

Ablation Study: Adapter Size
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Figure 3. Ablation study on the adapter size. We report the results on VQA2.0 and
SNLI_VE.

Visualization

Q:Doyousee  A.Nq (adapter) A: Yes (p-adapter
the number 257 ' (adapter) ' v pter)

Q: Are the desktop
picture duplicated A: No (adapter) A: Yes (p-adapter)
_on the screens?

>{ 472X »."

Q: Are cats and dogs  ». N, (adapter) A: Yes (p-adapter)
sleeping together?
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