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BBhe Challenge: MLLM Hallucination

Response-Oriented Preference Learning
(Base Module)

______________________

Multimodal Large Language Models (MLLMs) demonstrate ( q ' Q
impressive capabilities but often generate outputs that fail to +m, | +m |
align with the provided image, a phenomenon referred to as =3 | =<
hallucination.
Direct Preference Optimization (DPO) is a crucial technique for P X Y) > 7 %,30)
aligning models and mitigating this issue. To better adapt DPO to Vision-Oriented Preference Learning
. o (Vision-Enhancement Module)
multimodal tasks, researchers have extended the original s v (Tea )
response-oriented preference learning to incorporate vision- ?n ﬁl
oriented preference learning. However, existing approaches to = | =
vision-oriented preference learning still suffer from significant PR N P 2
o—) (=)
unresolved challenges. , P g

____________________

r(mw' X, yw) > r(ml' X, yw)



BCore Limitations of Existing Methods

i

Non-Rigorous Objective { { e
Existing vision-oriented DPO methods compare different *W '-/.n 91
images (m,, vs. m;) but fail to account for canceling out the EXQ Exo
partition function Z(m, x). This approach is theoretically flawed Z(mwx) + Z(mlx)

+ Intractable partition functions cannot
be eliminated due to the difference in
the image input.

as it deviates from the standard DPO derivation.

Indirect Supervision e .
Existing vision-oriented DPO methods contrast images (m,, vs. oS + =3 E
m,;) while relying on the same response (y,). This contradicts ;‘;,-_-_-13”_-_”3_-_-_-_-_-_-_-_-_-_-_-_’f_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_-_:{:
the fundamental design of DPO, which is explicitly intended to .‘ + (=g > %
learn from preferences between two responses (y,, Vvs. y;). S S e /

+ Only utilize contrastive images as indirect
preference supervision, fail to explore the
preferred responses of these images.



SYymMPO

We propose Symmetric Multimodal Preference Optimization
(SymMPO).

Instead of contrasting images, SymMPO contrasts their own
preferred responses within a symmetric framework.

« For input (m, x), the preference is y,, > v,,.

« Forinput (m',x), the preference is y;, > v,,.

This approach is both theory-consistent (correctly cancels
the partition functions) and leverages direct preference

supervision.
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B0Objective Function @) )t %

The full loss function integrates standard DPO with our novel symmetric losses, designed to enhance

multimodal alignment:
LSymMPO = EDPOm + )\'CPair + ’Y'CMargin + U'CAncPO
*  Lppo,, (Standard DPO) : Aligns response quality using (preferred, less-preferred) pairs.

ﬁDPOm :_E(wmy yl)ND[IOgO'(,Blog W@(y’lﬂ|m9$) —,Blog We(yglm,a:) )j|
U TR Wref(yQU'm,w) ﬂref(ydm’x)

Lpqir (Symmetric Loss) : Serves as the core vision-oriented loss, enforcing symmetric in preference.

Lrair = — E(g m,m’ yw,y!, )~D [log o(r(m,z,yw) — r(m,z,y,,)) +logo(r(m’,z,y.,) — r(m', z, yw))]

79 (Y M, T) 7o (Y| M, @)
== E(m,m,m’,yw,y@)’“D |:1Og O'(,B lOg ﬂref(ywlm, .’L’) %, IBlog 7"-'r'ef(y, |m7 m))
mo (Yo | M, @) (Y |m’, 7)
log 7 (41 . -6l )]
2B /8 e ﬂref(y{t)'mlvx) 6 oS 7.‘-T@f(ywhn’,’m)



B0Objective Function @) )t %

The full loss function integrates standard DPO with our novel symmetric losses, designed to enhance

multimodal alignment:
LSymMPO = EDPOm + )\ﬁPair + ’Y'CMargin ol ULAncPO

Lyargin (Margin Consistency) : Ensures preference gap remain consistent in both directions.
4

2
L:Ma’r'gin 57 E(az,m,m’,yw,y{u)ND (A(ma Ly Yuw, yq/y) 3% A(mla €, yf:ua yw)) 3

76 (Y |m, ) 7o (Yo | M, )
A(m, z, Yy, Yuy) = r(m, T,yy) — r(m, z,y,,) = log — log :
X v ﬂ'ref(ywlmam) Tref (y{u|max)

* Lancpo (Anchored Loss) : Stabilizes training by anchoring the likelihood of preferred response.

w |, T wl|Ms T
['AncPO = _E(w,m,m’,yw,y;ﬂ)w’D [logU(IB ]-Og 7T0(Z‘/ | ) - 5) i loga(ﬂ log ﬂ-o(y /| / ) o 5)]
7I'7'ef(yw|'m/a x) 7r7“6f(3/w|m 737)
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Table 1: Main experimental results. The best and second-best results under the same experiment
setting are highlighted in boldface and underlined, respectively.

Model Data Size Feedback HallusionBench Object-HalBench  MMHal-Bench AMBER MMStar
qAcct fAcct aAcct Resp.l Ment] Scoret Hall] Acct FI1 Overallt
Muffin-13B [37] X X 6.15 1271 4189 530 243 206 667 742 800 254
+RLHF-V [10] 1.4k Human 967 1387 4579 85 49 260 562 820 867 310 .
LLaVA-1.5-7B [3] X X 395 1156 4171 565 279 226 562 718 745 333 * SymMPO ConSIStentIy OUtperforms both
+LLaVA-RLHF [14] 122k Self-Reward 549 1213 3826 554 273 200 667 687 747 314 )
+POVID [38] 17k GPT-4V 703 953 4331 359 173 228 562 786 819 344 standard DPO and mDPO (the previous
+HALVA [39] 21.5k GPT-4V 549 1127 4242 491 246 214 604 780 835 323
+HA-DPO [13] 6k GPT-4 549 1156 4216 449 218 197 615 742 780 326 . . . h K
+RLAIF-V [11] 748k LLaVA-Next 593 549 3675 99 49 304 396 727 844 346 vision-oriented method) across ey
+TPO [26] 214k LLaVA-Next 703 1127 4162 50 4.7 276 427 822 872 342
+OPA-DPO [19] 4.8k LLaVA-Next 637 11.84 4269 6.1 3.7 283 469 813 856  33.1 i i
+DPO [9] 214k DeepSeek-V3  7.25 780 4021 129 8.8 244 490 713 826 334 hallucination benchmarks.
+mDPO [15] 214k  DeepSeck-V3  6.81 953 4278 199 101 271 500 806 863 342
+SymMPO (Ours) 214k DeepSeek-V3  7.25 1358 4428 195 9.7 280 427 826 877 3438
LLaVA-1.5-13B [3] X X 6.59 953 4348 512 251 216 594 713 732 331 ) ) )
+LLaVA-RLHF [14] 122k Self-Reward  8.57 10.11 4348 453 215 215 667 797 839 335 « Ablation experiments further validate the
+HALVA [39] 21.5k GPT-4V 879 1011 4224 470 229 230 573 829 865  33.1
+HSA-DPO [40] 8k GPT-4/4V 615 895 4162 54 2.9 255 500 798 828 337 . ey
+OPA-DPO [19] 48k  LLaVA-Next 681 1213 4260 7.7 44 305 385 841 875 323 effectiveness of each com ponent within
+DPO [9] 214k DeepSeek-V3 1032  10.69 39.50  15.4 8.5 265 458 692 846 330
+mDPO [15] 214k  DeepSeek-V3 923  10.69 3985 209 108 293 438 838 888 350 : :
+SymMPO (Ours) 214k DeepSeek-V3 10.54 1098 4455 204 100  3.01 39.6 849 891 352 Sym MPO, proving the effectiveness of
. o individual components.
Table 2: Ablation studies with LLaVA-1.5-7B.

Model HallusionBench Object-HalBench MMHal-Bench AMBER MMStar

qAcct fAcct aAcct Resp.l Ment.] Scoret Hall] Acct FI11 Overallt
SymMPO 7.25 13.58 44.28 19.5 9.7 2.89 427 82.6 87.7 34.8
w/0-L pgir 6.59 11.84 43.22 18.1 10.6 2.53 50.0 81.7 87.1 33.8
wlo-Larargin  1.03 1098  44.46 21.1 11.0 2.40 542 82.0 1873 34.5
w/0-L AncPO 6.81 11.84 40.83 21.6 11.6 2.39 594 79.5 874 36.2
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« To investigate the impact of different types of

contrastive image pairs on the optimization

(a) Original (b) Similar (c) Black  (d) Cropped ~ (e) Noisy () Synthetic performance of SymMPO, we constructed
Figure 3: Samples of the original image and its related contrastive images. various types of contrastive image pairs and

conducted experiments using SymMPO.
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« Based on the experimental results, we

* Simiar  Biack Gropped Noisy Synthetic analyzed how different image pair data
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3
2 2
o o

influence  the  symmetric preference

86.886.7 g5.686.8 86.8

86.3

F1 Score (%) 1
«© © ©
N
o

optimization effectiveness of SymMPO.

o
(0 2 5
o o

@
>
)

Similar Black Cropped Noisy Synthetic

0 .0
Similar  Black Cropped Noisy Synthetic Similar  Black Cropped Noisy Synthetic

(a) Object-HalBench (b) MMHal-Bench (c) AMBER

Figure 4: Results of SymMPO and mDPO using different types of contrastive images (1/]:
higher/lower is better). Orange represents SymMPO, and blue represents mDPO.
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