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Availability Stress Testing of Multimodal Large Language Models via
Loop Induction

LIU Xiaolei', LI Xingyu", CHEN Ting’, ZHANG Xiaosong’

(1. National Interdisciplinary Research Center of Engineering Physic, Mianyang, Sichuan 621000, China;
2. School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu, Sichuan 610054, China)

Abstract: Multimodal large language models, benefiting from their strong cross-modal understanding capabilities,
have achieved remarkable performance in tasks such as image captioning, video question answering, and visual reasoning.
However, their hundreds-of-billions parameter scale leads to substantial computational resource consumption in real-world
deployment, making inference services vulnerable to resource-exhaustion attacks. Conducting stress testing against such
threats is therefore an important means of evaluating and improving system availability. Existing methods primarily prolong
model outputs by delaying the appearance of the end-of-sequence token, yet they suffer from limited testing intensity and
low optimization efficiency. On the one hand, as the generated sequence grows longer, the influence of input perturbations
on distant tokens continues to diminish, often causing outputs to terminate prematurely before reaching the maximum gener-

ation length. On the other hand, these methods typically require joint optimization of multiple loss functions, resulting in
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time-consuming optimization and difficulty in convergence. To address these issues, this paper proposes CycleTrap, an effi-
cient stress testing framework for MLLMs. The core idea of this framework is to explicitly intervene in the model’s output
structure to induce a self-reinforcing cyclic generation state, where the model continuously emits repetitive content until the
maximum generation length is reached. This significantly amplifies inference energy consumption and response latency,
thereby simulating extreme computational load scenarios. Specifically, this paper first design a context-aware seed extrac-
tion mechanism that selects the continuous subsequence with the highest cumulative log-likelihood score from the model’s
initial response to the original visual input as the initial repetition seed, thereby improving the success rate of loop induc-
tion. Building upon this, this paper further propose a loop induction optimization mechanism that employs a single loss func-
tion to increase the probability of the repetition seed being regenerated in the output. By leveraging the cumulative effect of
historical outputs on current predictions during the autoregressive generation process, the model’s output probability distri-
bution gradually converges toward a small set of tokens, ultimately forming a stable cyclic generation pattern. Compared
with EOS-delaying methods, CycleTrap does not passively prolong outputs; instead, it achieves sustained generation by ac-
tively inducing cyclic structures, enabling more stable triggering of the maximum output length while reducing the optimiza-
tion overhead of test samples. Extensive experiments conducted on four mainstream multimodal models across multiple im-
age and video datasets demonstrate that CycleTrap significantly outperforms existing baselines in both testing strength and
optimization efficiency. Regarding output length, the average induced output length reaches up to 20 times that of the origi-
nal input, with a 100% maximum-length triggering rate achieved under certain settings. In terms of optimization overhead,
the average time to generate a single test sample is approximately one-seventh that of baseline methods, exhibiting excellent
optimization efficiency. Furthermore, CycleTrap maintains strong effectiveness under different decoding strategies, pertur-

bation intensities, and repetition penalty mechanisms, indicating robust performance across variations in generation strate-

gies.
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Figure 1 Inference overhead evaluation results for four multimodal large language models
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Figure 2 Workflow of autoregressive inference in multimodal large language models
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Ml LLaVA-NeXT-Video; It 4h , Qwen2.5-VL-7B"*" 5 In-
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AT 55, il A0 SCAS I — 28 BT 0058 4l 348 4T 55 1 A o
¥84, Bl “What is shown in this image” (iX 7K [ 2.7~
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4. end for

k
5. 8"« argmax; > log P! (¢;,. X )
iz

6. X <X
7.my<«0
8.fort=1to T do

N
9. Ly c—(1/IN)D log
i=1
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b=
10 g, Vy Lo,

1. mepm_+g/|g|

12, X/ T (X! ~a-sign(m,))
13, if| f(e,. X))
14. break
15.  endif

16. end for
17. return X'
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ARSI R T AL A (Cost) , BIVSE B — A %5 Bt 4 1
AR AL AL i 75 22 0 - 24 15F i)
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3.2 EXWHEREHWN
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CycleTrap FERRASEAS b ELAT B8 () AR e o, fE 24
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Table 1 Comprehensive performance comparison between CycleTrap and baseline methods across different models and multimodal datasets
" REEY S MRATAR S
EZ 35 .
— FRL Ty MS-COCO ImageNet TGIF MSVD
Len |ASR/% | Cost/s | Len |ASR/%| Cost/s | Len |ASR/% | Cost/s | Len |ASR/% | Cost/s
Normal 113 0 — 109 0 — 108 0 — 105 0 —
Noise 102 0 — 107 0 — 137 0 — 124 0 —
Qwen2.5-VL Verbose 333 8 879 | 585 34 649 | 625 30 793 | 665 29 815
LingoLoop 478 17 352 | 524 27 308 | 472 22 241 | 413 24 217
CycleTrap 846 78 249 | 872 82 138 | 814 74 188 | 912 84 179
Normal 329 0 — 419 2 — 130 2 — 83 1 —
Noise 284 0 — 337 0 — 149 1 — 104 0 —
InternVL3 Verbose 764 64 593 | 713 56 623 | 989 91 397 | 1003 | 92 353
LingoLoop 693 47 370 | 597 41 381 893 87 164 | 936 89 188
CycleTrap 1012 | 95 204 [ 1010 | 93 311 | 1024 | 100 74 | 1024 | 100 84
Normal 113 0 — 100 0 — 39 0 — 47 0 —
Noise 126 0 — 109 0 — 97 0 — 83 0 —
InstructBLIP(-Video) Verbose 319 17 910 | 382 27 851 479 36 287 | 357 27 411
LingoLoop 382 23 246 | 422 32 169 | 338 24 178 | 572 47 132
CycleTrap 612 53 177 | 654 58 112 | 987 96 82 935 90 69
Normal 191 0 — 177 1 — 224 2 — 204 0 —
Noise 174 0 — 162 1 — 296 5 — 179 0 —
LLaVA-NeXT(-Video) Verbose 952 91 369 | 893 87 351 | 1024 | 100 131 | 1007 | 96 183
LingoLoop 802 70 319 | 827 82 423 | 1024 | 100 89 933 86 97
CycleTrap 1024 | 100 | 130 | 1010 | 98 152 | 1024 | 100 46 | 1024 | 100 56

b P RS LB S W46 1 4 SR A BB . 01 PEHRMEAS 1] nstruct BLIP SIS 1] InstructBLIP-Video, For*—"2
TR IR BRI, 446 bR Db AR

R EE R, CycleTrap )0 ASANAY AR B AE H
ZomhKE L A ETFENMm A BB RE . X E
JEH RiZ 7 Bk T EOS X — BNl i A PR Ok T
T VR iy A A, R AL E N —Fh F R SR ALY R AR
BOCPR A , DT R Hb S R 4 B s KA . e i H
i DA HE IR 20 B AR B SR IR AR L, R T DA
FHEAR I Ak B A S R A5 A w8 3 1 2
3.3 HBhSEIE

A5 X} CycleTrap # 20 4L AFHEAT I Al A0 BT o BT
PG IR PR B AR Jr e — A Ak 3K 3, 25 ] 5 I G
P SRR UE G A IR ES 5 AR Bl 223t
B PR, T Rl 3 B S S A Bh AL, L dE
T SR (1 o 2 BUOBL R A PGD B EE A Ak Hh Y B
R .

2SI LR BoR bR SR R TR
UML) 5 46 oy DRSS 70 3] R rh B ML IR B L 2 A F )
Qwen2.5-VL #£ MS-COCO 5 TGIF ¥4 4 - iy Il 3K 5
LW 78% 5 74% F K E 67% 5 65%, In-
ternVL3 A PEBEAL B0 T 25 UAY T R XU W], DA JE
G At v AR B ke 1 1) S B N A A TR Y T Y AR R A

i, WHEA R TiFEF M ELEARIER. MILZT,
Fo Bk sl it AL 00 35 R A9 S M 50N, B R 32 AR
SR E T O 1 I A WAL A R A R
JE D5 YRR

R2 HWANEG-MFRAERENERMIESER

Table 2 Ablation study results for two image—video compatible models

gRsdR | ¢ | M C0CO reir

Len ASR/% Len ASR/%

v 809 67 774 65

Qwen2.5-VL v 839 77 795 72

v v 846 78 814 74

v 912 89 1016 98

InternVL3 v 1009 94 1024 100

v v 1012 95 1024 100

T HP R T SR AR TR IBOPL R , 25 A DA 4 i)
T BEHLRAEAE G E 075 M7 FR R B AE PCD BB EEHURT A
BB .
3.4 BEHLHH
3.4.1 MFHBESHUSE

AL 4 22 00 R , T BT BORE e 0 A8 f X T B
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It CycleTrap F AN RS T 8 &2 Fl - RS AR W K .
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(a) The effect of the number of repetition seeds on average output length

and test success rate
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Figure 4 Hyperparameter sensitivity analysis results

BEAN A SCIR A58 43 1 T PGD B H K 2k AR 58 2K
X RE RO R . R 4 AT LUE Y Bl AR
UOE R BE 0, R RE AR E A R T X UL K
Pt R Bh T 4% 2 5 A s p e sh B, (ER AR N 1Y
TR AL 23 . 256 25 B BOR Atk R4 |
A SORg B KA AR B0 E R 300 58, I T 7E T3P RE
FIIE A58 %6 22 [ia) LA A X6 -

3.4.2 HimhRE

h T VAR AR Sh AR LB 2 T L A e BRI B, % 3
BT O E R B e R R 9256 45 5 TR e S B
LPIPS" ™ e ft Ab 4058 S8R0 22 5 03X AN F6 A A7 1 Y J2
JE s PR i i A 5 6 P B i A 22 D 1 BRI, B
fH AN, VLB R BB AN 25 S w580t . SR A SR BN,
Rl e 3G, XEHT P sh 76 0 Ah o 2 rh A48 R 25 [l
TR, D B L B 2 B T . AN, Y e=32 0, 7E
MS-COCO F1 TGIF 4k 5 1 140 328 5% T 5% 43 51l 3% 98%
H197% , - 15 f K A AR B T e KA. A
1, B Bl R R, LPIPS b 23 &y | 3t B MR B X it

P DR A B P50 B e P 25 A 22 0 BT L, AR 303k
We=161F ] B ME SR, H pY 22l rE s 5 4
Bl AN AT 22 ()3 20 AR XA
R3 AEPENRE BN BR K AR5 R BE AN M B 35 00 53 47
Table 3 Analysis of the testing performance and visual perceptibility

under different perturbation magnitudes

MS-COCO TGIF
‘ Len ASR/% | LPIPS Len ASR/% | LPIPS
4 297 10 0.001 6 312 7 0.002 1
8 524 39 0.008 3 428 23 0.0137
16 883 81 0.038 3 809 72 0.060 4
32 1014 98 0.1232 1008 97 0.175'1

3.5 AEEHMEXR
3.5.1 fREDIRAE

A S TR B ) ik SR et 2 5 W) i R R ) B
BLPE AR 22 P, ] e 2 0 U 45 2R 77 A — 8 19 52
Wi o PRI, A S Ao O R i T S, R T B0 Y
(greedy) . 48 2 (beam) DL S AN [A] il B R A (T) i &
TR RE

SR AR ANER 4 PR TR IX W R AR T,
R RGN BT S0 RANR R R
Al BB : A R T R I 4R 3 2 SR ik i AR, A )
ek R A R 1R T 7 81, AT 3 R A A AR 4
PR £ EREERAET RES B3 E R E0E
e A 2 AR 2y, T B A iR A BRI P 2 (4SS 25 B i )
TRR R T, AT 198 2R - AL A RL
o BARATR] A fifp i SR 235 Wi i s A RE D3 e )
M A WA 7Y 268 % B AEL , {5 CycleTrap 75 4% iffif 5
77 AN AER R T A A I IR RE T, 2 BH B i SR
B E PR R, B R BRI TC S

x4 AEMEHREEXS CycleTrap MR IEBEHIR N4> 1 45

Table 4  Analysis of the impact of different decoding strategies on the

performance of CycleTrap

MS-COCO TGIF
ATy S
Len ASR/% | Cost/s Len ASR/% | Cost/s
greedy 782 69 285 836 76 176
beam 891 85 211 910 87 154
7=0.2 798 72 269 794 70 193
T=0.6 842 77 243 701 59 217
T=1.2 763 66 297 688 51 238

3.5.2 EEHIHIBHENLEH

R T PFAl CycleTrap 7 1 % 25 52 i H 30 il 3 2% By
T BS) Y B R R AR SR AT R B B Y “repeti-
tion_penalty " S5 WE B EACHL, XA S A E
A et R T4 B B IR SR AR BRI AR S
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RUTE 52 5 5 S M 29 5 Ay okt oo B AR ABAE 26, 25
I Z AR (1) ook 447 1 SCi% 5P, AT 3 B
SN B HL A o T “repetition_penalty” i 7E i) 12 45
508 B4R AR AL B ARTE — & R B AR E %R
CycleTrap [ P RERS A T B . i, RV AE B0 11
TETIAW T, CycleTrap A1 Fb 3L LR iR AT5 9% B B & /Y
P, IR B B ME Y 2 8 3 Ut B A 2R 175 S AL 1
Az B Bl B A B A A | BE T, BB A v iR TR
=R 7 0 o s S i R - N 1 =
TR AL 38 A7 A8 Jmy BR A, R 75 R 2 S A R0 B
VE D
3.6 EHISH

T WM R R CycleTrap 19 TAEALSI, ATy
L Qwen2.5-VL-7B 5 % 7§ MS-COCO ¥ & - il — 4
HARVREA S G A7 50 B o Q& 5 s, 78 Je s B8
ANRSEAET BB A T N S8 By F AR IR . A
20 X 25 Hi A7 1 DU ABE 23 A O Y s AT LA
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T'he image shows a polar bear in a water

enclosure, likely at a zoo or wildlife park.
The bear is partially submerged in the ;
water and appears to be playing with a 1
green ball and a yellow ball floating !
nearby. The bear has its ......(101 ANA]TT) :

RESEt RS
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& &3
3 §°3 s
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Table 5 Robustness analysis of CycleTrap under different repetition

penalty coefficients

repetition MS-COCO TGIF

_:))enalty TR Len ASR/% Len ASR/%

Normal 113 0 108 0

1.05 Verbose 333 8 625 30

CycleTrap 883 81 809 72

Normal 129 0 116 0

1.10 Verbose 489 19 663 34

CycleTrap 819 73 765 66

Normal 152 0 131 0

1.15 Verbose 470 17 495 18

CycleTrap 775 69 735 62

Normal 178 0 168 0

1.20 Verbose 451 13 468 17

CycleTrap 742 64 684 58

W T AR R R AR e AR R R R 2 AR

Tt CycleTrap 14 i i XF $ PR FE A B A S5 T, 5
A fy B HE L “polar bear-themed ” A 11 ¥4 A9 1 &2 A=
BORAS B 2 e KA BE . AR A8 6T 10 1Y) 1) T A8 238 434 )
DL B, P00 ARE 3 v B 4 e 7 D HGA) DT b IR S
PEA TS F AR O RCR . (EA T BB, EPRTE 3R
PTG I AN 58 4 A [R] T Ik 8 A R TR 1 X
T NI L 1 S5 i ms AT B AL A T S A, X 5 4.4.1 75
R OCF FR B B 0 A — 2, B CycleTrap 19 I
P BB X b 1 B3 10 R B A

Sty

Please describe this image.

This image is a creative and humorous
collage that combines elements of a polar
bear and a polar bear cub with various |
objects and polar bear-themed polar |
bear-themed polar bear-themed polar |
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Figure 5 Comparison of outputs and token probability distributions generated by Qwen2.5-VL-7B for the original image and the adversarial sample
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