PRISM: Parametrically Refactor Inference
for Speculative Decoding Draft Models
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Background: Speculative Decoding
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* Efficiency of the autoregressive LLM decoding is bounded by memory access

* Speculative decoding amortizes the memory access cost across multiple accepted tokens



Background: Previous Exploration

« How to get more drafted tokens accepted?
 Cover more possible drafts — Tree Draft and Verification [Miao et al.]
* Drafter architectural innovation — Target model feature dependent drafter [Li et al., Zhang et al.]

* Scaling = Train with more parameters and more data [Li et al., Yan et al., Tang et al.]
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Is it possible to expand model capacity while keeping inference latency low?



Method: Intuition

* Observation 1: Finite number of generation steps for draft models

* Observation 2: Heterogeneity of draft steps o
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Method: Architecture
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* According to a predefined subjection, switch between processing modules as draft step proceeds

KV caches transfer between transformer layers as processing modules switch
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Method: Training

 Context alighment: Simulate and align multiple generation steps of the draft model with target model
* Two stage training: Warmup and Tuning
* Warmup: Train one processing module with MSE loss on hidden states and CE loss on logits

* Tuning: Replicate trained processing module then train for parameter switching

Dataset Volume  Proportion Topic Coverage
ShareGPT 68K 8.5% QA/Code/Math/Logic
t, s ty UltraChat 463K 57.9% QA
Labels Iy hy hy OpenThoughts2 269K 33.6% Math/Logic
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ot 3 o' | o Desmeros e+ Trainthe PRISM draft model with different datasets ranging from

100k to 800k samples on 8 NVIDIA A100 40G GPUs

* 25-40 epochs for warmup and 10 epochs for tuing



Evaluation: End2End

* Target Models: LLaMA-2-7B, LLaMA-3-8B

* Benchmarks: MT-bench, HumanEval, GSM8K, Alpaca, CNN/DM, Natural Ques.
 Baselines: Standard, EAGLE-2, HASS

e Hardware: 1 A100, 1 H800, 2 RTX 4090

MT-bench HumanEval GSMBK Alpaca CNN/DM Natural Ques.
Model Method Temp AL TPS AL TPS AL TPS AL TPS AL TPS AL TPS
Vanill: T=0 N/A 142,100 N/A 142.37 N/A 143.08 N/A 143.43 N/A 139.76  N/A 142.99
antfia T=1 N/A 142,12  N/A 140.76  N/A 141700 N/A 141.22  N/A 13842 N/A 141.47
Standard T=0 273 188.02 276 193.47 291 202.73 290 20416 2.06 141.69  2.87  200.25
Slandar T=1 2.74 191.44  2.60 180,92  2.82 195.00  2.85 198.09  2.05 139.84 275 190.07
LLaMA-2
EAGLE-2 T=0 412 33571 4.72 38742 428 34795 407 33399 386  309.78 3.81 309.43
T=1 412 33717 437 31990 414 29877 390 28288 369 26354 354 25702
HASS T=0 440 34975 5.08 40849 454 360.79 438 35096 4.17 327.60 4.05 32147
o T=1 438  350.88 477 342,02 438 31017 406  290.11 398 279.20 3.85 27197
PRISM (ours) T=0 4.67 37394 536 43293 477 38151 468 377.50 440 34578 432 34394
’ urs T=1 4.68 37755 4.82 34827 4.68 33345 440 31614 421 29757 397 28370
Vanilla T=0 N/A 14510 N/A 14534  N/A 14552 N/A 145.89  N/A 144.03  N/A 145.64
T=1 N/A 146.03  N/A 14410  N/A 144.09  N/A 14420 N/A 14332  N/A 143.80
Standard T=0 507 241.19 589 276.13 575 271.18 480 22880 472 22131 439 209.10
Dlandar T=1 505 24155 541 25410 535 25034 422 199.23  4.21 19730  3.88 182.53
LLaMA-3
! EAGLE-2 T=0 372 20210 458 31294 427 291.35 367 253,10 3,57 243.60 325 22344
T=1 372 25792 431 210.01 3.98 19228 341 165.85  3.32 161.04 299 146.24
HASS T=0 400 27870 508 349.65 475 326778 393 27359 391 26837  3.40 23646
o T=1 400 280,60 481 23542 451 22036  3.64 179.08  3.55 17453  3.08 152.45
PRISM (ours) T=0 4.63 31542 583 39205 551 36940 453 30854 4.60 309.17 391 266.71
’ ) T=1 4.62 31613 530 25574 5.03 24116 403 19539 408 19656  3.51 170.65

Accept Length:

+21.8% vs Standard
+13.8% vs EAGLE2
+9.8% vs HASS

Token per Second:

+51% vs Standard
+17.2% vs EAGLE2
+8.8% vs HASS

Memory footprint:

+0.77% vs EAGLE2, HASS



Evaluation: Scaling
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6-step, 10-branch tree to demonstrate prediction power
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Better Scaling curves for PRISM Compared to all baselines
Stacking parameters helps improving scalability; PRISM is

even more efficient at scaling
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PRISM*: Employ multiple previous hidden states as input



Evaluation: Hyper-Parameters
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Discussion

* Design opportunities for draft model: Finite and heterogenous draft steps
* Speculative drafter design as a predictor refinement task

* New drafter architectures coming out: Diffusion

Thank you!
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