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Abstract

In the context of medical large language model (LLM) assisted diagnosis, Retrieval-Augmented Gen-
eration (RAG) is widely employed to integrate multimodal patient data. However, constrained by
the limited context window of LLMs, traditional truncation or uniform compression strategies often
lead to the loss of critical, high-clinical-value information (such as allergy histories), thereby posing
significant medical safety risks. To address this critical issue, this paper proposes an Evidence-
Based Medicine (EBM) packing scheduling algorithm, termed EBM-Pack. This algorithm introduces
the Multiple Choice Knapsack Problem (MCKP) from operations research into context scheduling.
It first utilizes a pre-classifier to assign clinical weights to different modality features based on di-
agnostic objectivity, allowing high-risk features to expand into mutually exclusive states: “full-text”
and “high-fidelity compression”. Subsequently, a linear greedy algorithm with mutual exclusion
checking is employed to maximize the global clinical utility. Experimental results demonstrate that
in an overflow scenario involving 200 MedQA questions with an extreme window limit of 256 to-
kens, EBM-Pack achieves a Retention Rate of Critical Evidence (RRCE) of 98.4% and improves end-
to-end diagnostic accuracy by 18.5 percentage points compared to baseline methods. Furthermore,
multi-LLM generalization experiments confirm the algorithm’s stability across heterogeneous mod-
els. In high noise-to-signal ratio environments (N = 200) and ablation studies, the algorithm exhibits
excellent noise robustness and validates the effectiveness of its parameter optimization mecha-
nism, providing a reliable solution for the safe deployment of medical LLMs.
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Figure 1. Flowchart of the EBM-Pack scheduling algorithm based
on the classification of evidence-based medical evidence
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(M T IR AR A5 S HOFT A U p, , HEAT MR 2=+ T % 4 (Mutually Exclusive
Packing). FAZMBAH TRt (PR . 76 ERIX T REAEANT, SRS I, A METER
T4 (Tier) I 1 B R 10 &, AMAEBA L TS0, LA R RIEA. SERie e, o FRIAH
Blq,, . SEASHGTRRERERAE: (1) RN SRERS | RECHEOY “DBA . %
EBE A, I EL B B, R FAR 4 R S TR MR BRI, 5 SR B E I 4
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PR AL LR W g, BN B SRR, SR, o FERRICSAE N E A,
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SEXZWAERBETTICK): (2) 30% ARG B 08 F1 s (3) 30% M52 7 5] (158 XA AR (R4
R ESCEIIRE) . RARESKEE ET RSN EERAE SRR 10 2 15 1%, TIREZIRE N
RVRERTE ki
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Token. PF4F6 k5 A s fE ik 35 7 B % (Retention Rate of Critical Evidence, RRCE), & XN Tier 1 B Tier 2
G5 BE SRS S R RS R be . SERR A R AN 1 R

Table 1. The retention rate of high-risk evidence under different window restrictions (RRCE, %)

* 1. TRIE ORI THSREIEEREZXE(RRCE, %)

AN W, =2048 W, =1024 W, =512 W, =256
FIFO # i 100.0 63.5 28.6 14.1

B EHE 100.0 61.2 41.1 257

B 5] 48 100.0 100.0 98.4 65.5
EBM-Pack 100.0 100.0 99.0 98.4

7E 2048 Token M ZM & 11, S H VLRI m faibdE . RmbiE & g, ZRSEIRK:
7 256 Token IR IR, FIFO #W7f) RRCE BKE 14.1%——RMRE T 85% MBI A IE 35 4 5
7t B SCEHMUN 25.7%, YK E T SOH SR FEARAE B AT S & 1 1010 20 s (nid s . BRI 98 ) il K
e EVRBF I E O 5 R IR A 400K RRCE 172 65.5%, (B I =4 2 — I e fa UE 98 DR
JEY5 T & e B . #HELZ N, EBM-Pack iliid MCKP £ &35 SR ZE S RIELIR, 1F 256 Token 1
BRI RF 98.4% K= AR A B R, Wk 2 fiow.
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Figure 2. Comparison trend of RRCE under different windows
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Table 2. End-to-end diagnostic accuracy rate (Accuracy, %)
% 2. inElRIZWUERZR (Accuracy, %)

L W, =2048 W, =1024 W, =512 W, =256
FIFO # ¥t 61.0 55.0 46.0 49.2

H X EAE 60.0 525 47.0 49.5

5] K4 62.0 52.0 45.5 435
EBM-Pack 65.0 61.0 61.5 62.0

Wz 2 M 3 frzn, EBM-Pack f£ 1A % T ¥ HUS s VAR 26/ APR. JCHAEASERMZ: (1)
EBM-Pack 7E/Ni H NHERf R {E 47 Fa5E . 7F 256 Token N EBM-Pack HUfS 62.0% I HERiZ(APR = 77.5%),
M HAE 2048 Token A 65.0%, X FF3 NET . HEEZ R, HEEDEM 62.0%E % 43.5% (FB# 18.5
ANEY ), BAGIEE KT EBM-Pack. X i) EBM-Pack HIRLE - % EHEFHLH BA BEM “GHE
BetE” —— B ORIRAE 0, HAZ Oz e R AR e . (2) B EIEE/NE O N SRRtk . 395 K48
1E 256 Token F APR 1A 54.4%, BWRAE T HIZWRE itk LT SCh H BT frli . FIFO BARR A XHEA
IG, EILOREE BN & E RO L AP, AT R IIEZ . (3) EBM-Pack 7E/NE H T O i i FE 2k 12.8
ANT 43 55,0 £F 256 Token ', EBM-Pack (62.0%)%¢ 18 L FHE(49.5%) 2Tt 12.5 ANE 4 551, B35 51 FE 45i(43.5%)
T 185 NE A B3 BULRR 1 & SKBE I APR B & 45 /1N R S 0E 35
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N /.
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;\3 70 1 ”"f;:y 534
g o
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Figure 3. Comparison of Accuracy Preservation Rate (APR) under different
windows
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IRAN KT EE FIFO (B ifk 4i 5 28) 5 EBM-Pack, &5 SR 4 fiiw.

WiE 4 s, =# LLM I EBM-Pack ¥J7EFTH & 1 F & # B FIFO £4k. JtH 2 Qwen3-80B 7£
256 Token T EBM-Pack (64.0%)%% FIFO (48.0%)#¢F+ 16 1~ F 43 &, Doubao-Seed 7t 512 Token T EBM-
Pack (76.0%)%¢ FIFO (56.0%)3& T+ 20 AN F 4 55 . 1X3R B EBM-Pack FIMLARIET L i & 145 i e
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Figure 4. Comparison of generalization abilities of multiple LLMs—EBM-Pack vs FIFO in different window sizes

4. % LLM Z st tb——EBM-Pack vs FIFO ZEARIE O FHNERRZE

il

VAL EBM-Pack 7EANFENE BIUARFEE FRIGIMERE 1, [ W, =512, AALAFIE B e PR I
N,,.. €{20,40,80,120,200} , *Jtt FIFO 5 EBM-Pack HI#&IL. £5H 14 3 M 5 Frs.

Table 3. Comparison of FIFO and EBM-Pack under different noise levels (W, =512)

# 3. FEIMAEET FIFO 5 EBM-Pack XfEb(W,, =512)

N,... FIFO-RRCE (%) FIFO-Acc (%) EBM-Pack-RRCE (%) EBM-Pack-Acc (%)
20 100.0 68.0 100.0 66.0
40 70.8 62.0 98.6 62.0
80 41.7 60.0 98.6 56.0
120 36.1 52.0 97.2 54.0
200 20.8 50.0 97.2 58.0

a - ¢ 4 * o [100
701
‘. ~
- 80
65
S —
> 60 L0 S
g 60 L“j
3 55 [=A FIFO accuracy = g
£ =@~ EBM-Pack accuracy ..., ~ 40
-®- FFORRCE e o=
2071 - esMpackrRCE e *
45 - w0
40 A
20 40 80 120 200

Noise segments Npgise (W =512)

Figure 5. Comparison of FIFO and EBM-Pack under different noise levels: The impact of
noise levels on diagnostic accuracy and RRCE (W, =512)
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Table 4. The impact of k,, on the performance of EBM-Pack (W, =512)
F 4. k,, XF EBM-Pack MEBERIRZNE (W, =512)

k. RRCE (%) Accuracy (%)
0 95.7 36.0
1 97.1 52.0
2 100.0 52.0
3 100.0 54.0

g =0, IR 36.0%, BUIALE A O TERE R T TR 52 4 0 F (I 35 i (K
FOTRIE JE R &5 5 DAL R G T1R40), S50 LLM GBS, 51Nk, = R HEREIRTT 16
ANE A WIE T BASEGR ELRI A B, B A k% 2 503 I, RRCE W S 7HEfE i 2 T
WA, Rk, = 1R ORI T

NSRS P 2R T B2 BT AL A 2k, A EBM-Pack f))2 ZBUE e B HEAT 1 RSB
£ 35 A MF LR a > f2y 21 ARSHA G, BALE T =BERE TR ZER, WK 5:

Table 5. Weight configuration ablation experiment (W, =512)
5. WEREHMIK (W, =512)

AP E (a,ﬂ,}/,l) RRCE (%) Accuracy (%)
Uniform 1L, 1,1,1 41.1 47.0
Hand-picked 5,4,2,1) 99.0 46.0
Optimized 2.5,25,1,1) 99.0 61.5

ZERLH: (1) Uniform e &L AAITE L EHE, RRCE KIE FMEZE 41.1%, WAE 1 WS EHLE A
WEME; (2) Hand-picked H298 RRCE 5 Optimized £5°F-, {H Accuracy 23 i fK(46.0% vs 61.5%), iEHid
R JZHRFERE(5:1) T BURAE Z A HAE BB B R 5, (3) BRI i ~F S AELRFF & RRCE 1)
[ E SEEL T e AERA R, UE I T IR 20 3R R S50 B Bh AR SR [ A ek

SN BRIE A5 R B DR B AR HE R B e 5N (R S0 A b B SCHE R B2 W A Rk, 7RI
TS ERE 0 =(2.5,2.5,1.0,1.0) « EH W, =512 BEFE MG 35055010 MedQA T4 I, Xtela
BEAT 5 x 6 BEFMME: €€{0,0.02,0.05,0.1,0.2}, 1e{0,0.1,0.5,1,2,5} - VFUHE b5 g 2] o 1 i %
(Accuracy)5 F fEAEHE (R 7 2 RRCE; A S BUER A K. I LA RRCE N FabnF s e i vz e
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Figure 6. Heatmaps of end-to-end accuracy (left) and RRCE (right) as functions of € and A
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