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Task-oriented Modification Enhancement (TME) Experimental Results

Task: Given a reference image and a modification text, find the f Robust Fusion Query . [maee Encoder CIRR test set:
. . : . : l & I 5 Noise | Methods RQK Rsubser @K Avg(RQ5, R Q1)
target image aligned with the dual intention. Image |F” & . o K=1 K=5 K=10 K=50 | K=1 K=2 K=3 | AVE(RO5, Roubeer
—> —> - it | (Qamnle ) oeme———— : Quertes O FE I SPRC (ICLR’24) | 51.96 82.12 89.74 97.69 | 80.65 9231 96.60 81.39
Rank similari Encoder (+ B Fusion Ly —— == ] 0% | RCL (TPAMI'23) | 53.16 8241 90.12 9834 | 7957 92.02 96.87 80.99
m == S l t __________! (] - . - . o . H .
.l anx simyarity BN . have [ohimnegs 1) | needer|grm  BEETO . ¥ TME 5342 8299 9024 98.15 | 81.04 9258 96.94 82.01
— | SPRC (ICLR'24) | 4590 75.86 83.52 9337 | 78.10 91.40 96.05 76.98
| v 20% | RCL (TPAMI’23) | 5043 81.11 88.82 96.68 | 77.52 90.80 95.71 79.31
s TME 51.35 81.01 88.53 97.81 | 7846 9125 96.39 79.74
TAK e / | AT U InETIEITe: i SPRC (ICLR'24) | 39.93 66.00 7359 8648 | 75.81 8921 9537 70.90
1 o N | Y - ; v P, & —> ol Fusion e - 50% | RCL (TPAMI'23) | 48.58 77.45 8593 94.70 | 75.60 89.28 94.80 76.52
. . S T [ E o7 Imace FO o> _ Ly — TME 48.48 78.94 8728 96.99 | 7648 90.07 95.83 77.71
in the hat —> Search an image e ———— g 5 Encoder rd¢ — teeeceoeoe | SPRC (ICLR'24) | 29.95 5125 58.51 73.86 | 7022 86.05 93.21 60.74
Encoder : 80% | RCL (TPAMI'23) | 44.94 7443 8299 9231 | 71.93 86.84 92.96 73.18
A ; TME 4631 7578 84.89 95.83 | 7337 88.02 94.89 74.58
Ch allenge have Bchimneys | Task-Oriented Prompt | ' FashionlQQ validation set:
D m ][ ]—l & ! : Dress Shirt Toptee Average
- focti at . evitablv introd e into the trainset J — v © > Fusion LT | Noise | Methods R@10 R@50 | R@10 R@50 | R@10 R@50 | R@10 R@50 AVG.
mpericction annotators 1neviiavly 1iniroaucc noisc 1nto C rainsct, i__ jl_::?_q__: Adapter X Encoder ,pm Selection| |_““P™M__: . Fusion Encoder SPRC (ICLR’24) | 49.18 7243 | 55.64 73.89 | 59.35 7858 | 54.92 7497 64.85
. ] - N E TME 49.73 7169 | 5643 74.44 | 5931 7894 | 5515 75.02 65.09
them as Noisy Triplet Correspondence (NTC). | | f SPRC (ICLR'24) | 39081 6222 | 4858 6629 | 5048 70.58 | 4629 6636 56.33
o , , , & P, L — 20% | RCL(TPAMI'23) | 47.05 70.65 | 53.14 7174 | 5528 75.62 | 51.82 72.67 62.25
» Existing methods ignore the NTC problem, leading to overfitting and Image F° ) ¢ | y TME 49.03 7035 | 5584 73.16 | 57.22 7823 | 5403 7391 63.97
f d dat; Encoder > > 7 < | SPRC (ICLR24) | 3594 57.16 | 4225 61.63 | 4498 64.76 | 41.06 61.19 51.12
periormance degradation. | ' 50% | RCL(TPAMI'23) | 43.68 6644 | 5074 69.19 | 52.63 73.84 | 49.01 69.82 59.42
TME 4626 6827 | 53.09 71.88 | 5507 7659 | 5147 7225 61.86
Reference Image Target Image ! SPRC (ICLR’24) | 28.41 50.77 | 36.21 5437 | 3590 5696 | 33.51 54.03 43.77
« ) = g element-wise Subtraction a concatenation I 80% RCL(TPAMI,QB) 38.82 60.54 45.44 64.38 47.42 68.38 43.89 64.43 54.16
A el | TME 4145 6435 | 4730 6820 | 5125 73.23 | 46.67 68.60 57.63
= “shorter length” B f T t ! o o o
I o 1 " log 1 eXp(T (Z z) < j) T: the temperature parameter. Vlsuallz atl()n
i o 23 | o B v B [ z;: one of the z,..,,, Z,.;, and z |
" g2 . y Y T ex Z L rm> “rd> pm> . ) . Analvsis:
e ) () 7 xperimen n 1S.
. , ) orresponding to : , an .
L > Y WEX) ) p(7( ) ponding t0 Lym, Lrq, and L periment Analysis
| T web-scraped -~ ¢ TME produces a sharper
. . L, : text embedding layer of the Q-Former. , P o P
Pratial Matching Incorret Matching 1 ; / , o diagonal, showing its
X X Lsa = Z E :y@ ‘F — Ly (mz)H . — v'"More Robust strength at separating
Contrlbutlon i Ji N yi: pseudo-labe, v'More Stable N . relevant from irrelevant
1 means a clean <==°~ 2 v Less Overfit Figure: Visualization of query-target similarity images under heavy Nnoise.
. . . . . triplets. matrices from SPRC (left) and TME (right) on
» A novel setting in CIR—learning with noisy triplet correspondence-- + RFQ module leverages a GMM-based sample selection strategy to ﬁlt er out noisy triplets. the CIRR validation set with 50% noise. * At 80% noise, TME shows
offering a new design perspective for existing supervised methods. . = P higher stability and
* PTE module generates an adapter to reconstruct the relations for noisy triplets, enabling learnin 75 S 20BN .
. . . . b
» We proposed a novel method, TME, tailored for this setting, enabling from noisy data ™ j ) accuracy than both vanilla
intrinsic relationship exploitation and noisy triplet utilization. . . . Ll " CIR methods and 2-tuple NC
> Exfens: . X ) p . £ dataset ¢ 0 * TOP replaces the reference 1image with a single learnable prompt, helps modification-target = methods, highlighting its
X1CnNS1 Xperimen n main- 111 datad niirm . . . e . . . . . . ze 25 ?
CHSIVE CXPEIINEnEs o1 WO = €0 Speeilic SE1S €0 © semantic alignment, thus alleviating the reference-target visually irrelevant noise in partial matching. - |

robustness and ability to

robustness and effectiveness of our approach in addressing noisy triplet
correspondence.

. : . Figure: performance w.r.t epoch on the CIRR e L e .
* Losses L,,, L4, and L, are complementary contrastive losses for robust learning, and L, 1s (Ieft) and FashionlQ (right) validation set with leverage intrinsic relations

an MSE loss to achieve the alignment between the adapter with modification from clean triplets. 80% noise. and noisy triplets.



