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Background: LLM Inference Key Observation: Free Feedback can be Received A Unified Framework: OnlineSPEC
* Nowadays, many LLMs have been developed and used. * Key observation: * Relationship between acceleration rate and regret:
. : .. . » Drat 1 ' ' !
* Not only the model size, but also the inference cost, is increasing. raft model receives timely feedback at no cost . . .
| | | » We can use this feedback to update draft model(s), exactly Theorem 1 (Acceleration Rate). Under Assumption 1, for Online-
* Especially with Chain of Thought (CoT) match Online Learning. SPEC with a total of T steps, the acceleration rate ~y is bounded by
* Recently emerged agentic LLMs further increase this burden (i) draft commits .
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| A: The cafeteria had 23 apples originally. They used | (iii) draft adapts i eedecs orovides where o = % < 1 is the ratio of the inference times between the
20 to make lunch. So they had 23 - 20 = 3. They : draft model and the target model.
PRUIGHE St dpint: aciller SRS G The * Formulated as an online learning problem:

| is9.«  JI ™
\ answeris 9. y

— . Ateachroundt =1,...,T: * OnlineSPEC framework can guide designs of new algorithms:

(1) the learner submits draft model(s) w; € W, (dratt model generating) » A unified framework to boost speculative decoding

» Can leverage the rich toolkit from online learning

Inference cost and latency of LLMs lead to a decline in user experience.

(2) target model reveals feedback f.(-) : W — R; (parallel verifying) -

@ 5 Interactive Feedback
(3) the learner suffers loss f;(w;) and updates the draft model(s). g

Background: Speculative Decoding

Can be seamlessly combined

OnlineSPEC

. . . Algorithm 1 OnlineSPEC Framework ‘ik Wlth eXiSting methOdS tO
°® AutOregre881ve (AR) mOdels Speedup bOttleneCk: ¢ Performance MetI'lC‘ Dyi’l(/lﬂ”llc Regi’et Input: Initial draft model parameter wo € VY with its pre- OSD f th h th
dicted distribution g, (- | x), target model v € V urtner ennance e
; with its predicted distribution py (- | x), total steps DistillSpec C
» Sequential dependency T T T candidace longth b dnout propt 2 ATLAS ® 4 acceleration rate.
A * Initialize: Input sequence x = X, draft model w; = wy. BanditSpec @ Vanilla SD1+2
( (SRR, Large | i Regp = E Je(we) — E Ji(wi) e e vesp Sor @M i i
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Slow . . > Verify by target model: . Dralt Level (Lnsemble) ® Eagle-3
i.e., the cumulative gap between the Compute {p (1<), - pu (4[%<)} in parallel. We d e throneh fh
: : - : > Determine the accepted token length n: * We demonstrate its generality through three instantiations:
* LLM inference acceleration methods Speculative Decoding: algorithm and a sequence of time- Sample 1, ~ U(0,1)...,7x ~ U(0,1) wifomiy & y &
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: x L - aws (251%<3) Base Method +Feedback via Instantiation Acceleration rate
1/ 14 : . . varving comoar ator S {W } . > Verify and update the draft sequence:
» Use a small “draft model” to first quickly generate draft tokens; ymng | t =1 o<k thon e sradient descer
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Prompt i smallifastis | Generate rich toolkit from online learning. > Update draft model: wy 1 , < Update(f;; w;) as Sec. 3. Online ensemble learning oL, TV
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i s Experimental Results: Speedup of our OnlineSPEC framework
4 Faster (multiple tokens per verification)
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* We investigate broader “generation-refinement” methods: ! ! ! ! ! ! ! !
Target model: Imsys / Vicuna-7B-v1.3 2 90 0 ¢ . 255] |
Draft-Sequence Generation Target Model Verification Vanilla SD  1.2540.01 1.00x 1.20-£0.03 1.00x 1.22+0.02 1.00x 1.20-0.01 1.00x e e ey ol
draft sequence draft sequence draft sequence Iré} Irz_l} lr;' .r<§7 l"_“':é,_} _____________________________ 'u OSD 1'52:1:0'03 1'23X 1'36:|:0'02 1.12)( 1'37i0’02 1'09>< 1'30:t0'01 1'08>< 0 10 20 30 40 50 0 20 40 60 80 100 > 0 20 40 60 80 100 0 20 40 60 80
PRl g . A \ PR, draft sequence @ 4 batch v = 4 | Hydra 2.14+0.05 1.00x 2.6540.31 1.00x 1.8240.04 1.00x 1.7840.01 1.00x t t t t
(3} 14} (5} I6! e GG S 3 (4 (5 (6 (1 s ; _ OSD-Hydra  2.56+0.06 1.19x 3.1140.31 1.11x 2.1140.05 1.16x 2.1940.03 1.25x% (a) (b) (c) (d)
ESR SRRy 13;.’ i.;.’ ¥ '}" [y 1 [l @ E;}%ilé - 'e'rIﬁE&Ei'o'ﬁ"": (OnlineSPEC)  Opt-Hydra  2.69+0.08 1.26 % 3.27+0.32 L.18x 2.37+0.07 1.31x 2.70+0.03 L.55x% Figure 3. Evolution of tokens per second (TPS) on the GSMS8K dataset: (a) Opt-Hydra with Imsys/Vicuna-7B-v1.3, (b) Ens-EAGLE
Draft Model ] Draft 1 [ Multi-token Model ] : OSD gﬁgig iggiggi }ggi ig;iggg %(2)(1)§ }giiggi iggi ig?iggé %88? with Imsys/Vicuna-7B-v1.3, (¢) Ens-EAGLE-3 with Imsys/Vicuna-7B-v1.3, and (d) Online-LR with Qwen/Qwen3-8B. This demonstrates
S ﬁ ﬁ M [ Target Model } (OnlineSPEC) Ens-EAGLE  2.01+0.05 141 1.60-40.03 132 1.580.04 115 V61 =004 114 consistent performance improvements via online learning, validating the effectiveness of our ONLINESPEC during deployment.
3} 4} (5 Ver'f'C'O" . gy EAGLE-3  1.7840.03 1.00 1.854007  1.00x 1.6740.04  1.00x 1.6240.01 1.00
- 5 7.0 giched output OSD-EAGLE-3  2.07+0.04 1.20x 2.10+0.05 1.07 1.97+0.04 1.13x 2.00+0.04 1.16x . . . . .
Speculative Decoding Cascade Decoding Multi-token Prediction x| ) 8 8 ¥ [x] (OnlineSPEC) Ens-EAGLE-3  2.16+0.03 1.26 % 2.24+0.07 1.12x 2.01+0.07 1.18x 2.07+0.04 1.27x Continuo uSly 1IMProving draft model and inference efflc:1ency.
Target model: meta-llama / Llama-2-7B-Chat
. . . . : Model Method SPEEDUP 1T AVGLENT AcCC (%)
e One round of speculatlve decodmg in draft model’s oiew: Vanilla SD  1.25+0.01 1.00 1.07+0.01 1.00x 1.0940.01 1.00 1.2040.01 1.00 .
o ~ OSD  1.40+0.03  1.06x 1474005  1.22x 1.34£0.02  1.26x 1.31+£0.01 112X Standard AR 1.00 (40.40) 1.00 - e OnlineSPEC can be scaled
o (o) () 2y o a Hydra 1524002  1.00x 1484008  100x  1.66+£001  1.00x  1.64+001  1.00x | Vanilla SD 1.20 (48.52) 1.93 _
> Submlts' k tOkenS '?.' ':4.' '_5-' '_6.' OSD-Hydra  2.55+0.03 1.67x 3.10+0.18 1.91x 2.39+0.04 1.43x 2.25+0.03 1.36% Vicuna-13B OSD-EAGLE-3  1.37 (55.52) 7724 _ to 1arger m()dels
T t (OnlineSPEC) Opt-Hydra 2.94+0.03 1.90 % 3.28+0.16 2.03x 2.71+0.05 1.61 x 2.78+0.05 1.68 % Ens-EAGLE-3  1.46 (59.03 2.35 _
> Gets: k labels denote accept or not A EAGLE 1194001  100x  115£003  100x 1174001  100x  1.14£001  1.00x ne 0209
. e @ Out OSD-EAGLE = 1.4540.01 1.18x 1.7240.06 1.46x 1.4740.02 1.28x 1.4340.01 1.20x Standard AR 1.00 (40.40) 1.00 - Still f f th
. 3 a X! 11X e (OnlineSPEC) Ens-EAGLE  1.58+0.01 1.33 % 1.8210.08 1.61 x 1.62+0.01 1.46 x 1.56+0.02 1.41x : Vanilla SD 1.50 (60.61) 2.22 - ¢ 111 oUuitperforms otner
Goal: the more tokens accepted, the better 9 P EAGLE-3 1.824003  1.00x  1.61£003  100x 1694004  1.00x 1704002  1.00x Vieuna-13B - 5p Hydra 1.69 68.36)  2.50 - P :
OSD-EAGLE-3 2254002  123x 2424012  143x 2094010  127x 2134002  123x OptHydra 1847437 273 . methods in 13B/32B scale.
Th P py f h d d l (OnlineSPEC) Ens-EAGLE-3  2.33+0.02 1.27 x 2.54+0.14 1.57 x 2.18+0.10 1.33 % 2.15+0.03 1.26 % Standard AR 100 (35.53) L 00 96.08
e “acceptance rate” of the draft mode St eSS ,
Qwen3-32B S o 1093863 318 . Scaling to larger target model.

directly determines speedup. # Up to 24% speedup over previous SOTA methods. Odlinel R 13tw@s7y 998 oses




