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The KV Cache Bottleneck

e Autoregressive generation caches K and V for every past token
e Cache size grows linearly with context length

e Atlong contexts: memory bandwidth, not compute, is the bottleneck

MQA/ GQA Accuracy Loss
Post-training compression Non-standard kernels; hard to deploy
MLA (DeepSeek V2/V3/R1) Requires retraining from scratch

Most Providers are locked into GQA — billions of tokens already invested.



Can We Convert GQA — MLA Without Retraining?

LLaMA, Qwen, Gemma, Mistral — MLA
Inheriting pretrained weights, with only light fine-tuning

Two obstacles:
1. s it worth it? MLA must be provably better than GQA

2. RoPE blocks the key MLA inference optimization — must be decoupled



Related Work

Attention variants (same KV budget, increasing expressiveness):

MHA — GQA - MQA — MLA

Closest prior works:
e Palu — low-rank K/V compression, but ignores RoPE — Absorb blocked — no real speedup
e MHA2MLA (concurrent) — norm-based RoPE pruning — sparse, uneven — no speedup

demonstrated

TransMLA: proper RoPE decoupling — Absorb works — 10.6x speedup



Background: Group Query Attention (GQA)

h query heads, g shared K/V heads (g < h)
KV cached per token = 2gd scalars

Expressiveness limit: only g distinct K/V vectors — all queries in the same group see

identical keys and values

@  Cached During lnference
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Background: MLA & the Absorb Operation

Cache one small latent ¢V € R™ instead of g full K/V heads

Absorb — fold WYX into the query at inference:

Q" WUECKY = (WUKTq)T KV

k 4

— Attend directly over the tiny latent — behaves like MQA at inference

Requirement: ¢KV must be RoPE-free



MLA is Provably More Expressive Than GQA

GQA < MLA < MQA

(same KV cache budget)
« GQA < MLA: GQA restricted to g shared K/V vectors; MLA's dense W YKcreates
h distinct ones

« MLA < MQA: absorbed MQA allows higher-rank query—key interaction
@  Cached During Inference
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TransMLA: Three-Step Pipeline

GQA model — Step 1: Merge — Step 2: RoRoPE + FreqFold — Step 3: BKV-PCA — MLA model

Merge g K/V groups — one shared latent Zero
RoRoPE + FreqFold Concentrate positional info — decouple RoPE Minimal
BKV-PCA Compress NoPE-K and V jointly Tunable

" | RoPE v ||KI|
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Step 1: Merge K/V Groups into One Latent

Initialize WUX as a block identity selector for each head

KV wH 2
c; = (WV) x, € R%¢ +— exact, zero loss
Why merge first?

= MLA requires a single shared latent

= Enables cross-head PCA in Step 3

= Required for RoPE decoupling in Step 2



Step 2: Why RoPE Blocks Absorb

RoPE encodes position by rotating each K/Q vector:

q;rkf:f(qta kj, t—J )
Nt

relative pos
After merging: every dimension of the latent carries positional info
— Cannot separate position-dependent rotation from static ckV

— Absorb operation breaks

10



Step 2: RORoPE — Rotate to Concentrate, Then Remove

Key insight: orthogonal rotation U; within each RoPE

frequency subspace preserves attention scores

Group 1 Group 2 Group 3 Group 4
. - = 77 N 17 T
— Use PCA to find that U, concentrates positional NPV Laza 4 L LA T ) LA |
4 ‘ \‘ ll‘ ]“-"' | \ / 4 f | \ |" é “' \
. \ .4 \ \ \ \ \ \ \ \ \
energy |nt0 head 1 dim=1 dim=2 dim=3 dim=4 dim=5 dim=6 dim=7 dim=8
RENIN \ 79 ;‘\ ] ‘ / g / ,/ ; /
— Remove RoPE from heads 2... g — theynow carry =~ A ([ | '.l w, “_ \
GNP l | ‘: b L \ \ i
1+ N I.'\ AN "\ .\\ “\ .“\ .'\ ' \ \ \
near-zero positional content " — Lot
J /
FreqFold: group adjacent frequencies \ \ \ \
. . L. RoPE NoPE NoPE NoPE
(nearly identical 6, = 6,,,) for joint PCA — ST
/ / [ |
b8 { \‘ '.‘
more capacity, provably better variance AN

retention.
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Step 3: Balanced KV-PCA

Goal: compress [Kyope; V] jointly into low-rank latent 74y

Problem: || Kpopel|2 > ||V ]|2

— native PCA ignores values entirely — accuracy drop

Fix — scale by a before PCA:

E[| Kuopells)

K,
: Koope < —2°  (mathematically equivalent)
E[[[V]-] ’ o
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Evaluation



Experimental Setup

e Models: Models SmolLM-1.7B and LLaMa-2-7B

e Benchmarks: 6 standard tasks (MMLU, ARC, PIQA, HellaSwag, OBQA,
Winogrande)

e Baseline: Compares directly against MHA2MLA

e Hardware: 8-GPU cluster (A100/H100 class) for training; consumer GPUs
(24GB/40GB/64GB) for inference speed tests
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TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

Model Tokens KV Mem. Avg. MMLU ARC PIQA HS OBQA WG
SmolLM-1.7B IT - 5590 3927 59.87 7573 6293 4280 54.85
68.75% 4097 2773 4196 63.00 29.19 3440 49.53

0 81.25%  37.14 2657 3273 5577 2690 3140 49.49

87.50% 3401 2532  27.15 5136 2547 2620 48.54

=MEC M 68.75% 5476  38.11 57.13 76.12 6135 4200 53.83
6B 81.25% 5465 3787 5681 7584 6041 4260 5438

87.50%  53.61 37.17 5550 7486 5855 4120 5438

68.75% 5195 3570 5568 7394 5304 3980 53.51

0 8125% 4773 3287 4789 6975 4816 3620  51.46

87.50%  44.12 2997 4172 6687 4115 3480 5028

“TransMLA — “"300M 68.75% 5524 38.60 5895 7497 6152 4300 5438
700M  -81.25% 5478 3779 5753 7552 59.88 4280 55.17

1B 87.50% 5401 3724 5632 7481 6008 4240  53.20

LLaMA-2-7B 2T - 59.85 4143 5924 7840 7329 4180 64.96
68.75% 3790 2574 3287 5941 2868 2860  52.09

0 81.25% 3402 2550 2644 5343 27.19 2260  49.01

87.50% 3270 2541 2579 50.60 2652 1940  48.46

MBS 68.75% 5951 4136 5951 7737 7172 4420  62.90
6B 81.25%  59.61 4086 5974 7775 7075 4560  62.98

87.50% 5896 4039 5929 7775 69.70 4340  63.22

68.75% 5820 3990 57.66 7748 7022 4100  62.90

0 87.50%  51.19 3439 4538 7127 6073 3740 57.93

92.97% 4326 2893 3632 6338 4587 31.60 5343

“TransMLA— “Sooni 68.75%  59.82 4087  59.18 7791 7182 4520 6393
3B 87.50% 5936 4077 5884 78.18 7128 4360  63.46

6B 92.97% 5868 4082 5972 7655 69.97 4360 61.40

SmolLM 1.7B
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TransMLA vs MHA2MLA Baselines

Comparison of SmolLM and Llama-2 performance across 6 benchmarks

Model Tokens KV Mem. Avg. MMLU ARC PIQA HS OBQA WG
SmolLM-1.7B IT - 5590 3927 59.87 7573 6293 4280 54.85
68.75% 4097 2773 4196 63.00 29.19 3440 4953

0 81.25%  37.14 2657 3273 5577 2690 3140 49.49

87.50% 3401 2532  27.15 5136 2547 2620 48.54

=MEC M 68.75% 5476  38.11 57.13 76.12 6135 4200 53.83
6B 81.25% 5465 3787 5681 7584 6041 4260 5438

87.50%  53.61 37.17 5550 7486 5855 4120 5438

68.75% 5195 3570 5568 7394 5304 3980 53.51

0 81.25%  47.73 3287 4789 69.75 48.16 3620 5146

87.50%  44.12 2997 4172 66.87 41.15 3480 5028

“TransMLA — “"300M 68.75% 5524 38.60 5895 7497 6152 4300 5438
700M  -81.25% 5478 3779 5753 7552 59.88 4280 55.17

1B 87.50% 5401 3724 5632 7481 60.08 4240  53.20

LLaMA-2-7B 2T - 59.85 4143 5924 7840 7329 4180 64.96
68.75% 3790 2574 3287 5941 2868 2860  52.09

0 81.25% 3402 2550 2644 5343 27.19 2260  49.01

87.50% 3270 2541 2579 50.60 2652 1940  48.46

MBS 68.75% 5951 4136 5951 7737 7172 4420  62.90
6B 81.25%  59.61 4086 5974 7775 7075 4560  62.98

87.50% 5896 4039 5929 7775 69.70 4340  63.22

68.75% 5820 3990 57.66 7748 7022 41.00 62.90

0 87.50%  51.19 3439 4538 7127 60.73 3740 57.93

92.97% 4326 2893 3632 6338 4587 3160 5343

“TransMLA - “soom 6875% 5982 4087 5918 7791 7182 4520 6393
3B 87.50% 5936 4077 5884 78.18 7128 43.60 63.46

6B 92.97%  58.68 4082 5972 7655 69.97 43.60 61.40

LLaMA-2-7B
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TransMLA vs MHA2MLA Baselines

Comparison of SmolLM and Llama-2 performance across 6 benchmarks

Model Tokens KV Mem. Avg. MMLU ARC PIQA HS OBQA WG
SmolLM-1.7B IT = 55.90 3927 5987 7573 6293 4280 54.85
68.75% 4097 2773 4196 63.00 29.19 3440 4953

0 81.25%  37.14 2657 3273 5577 2690 3140 4949

87.50% 3401 2532  27.15 5136 2547 2620 48.54

=MEC M -68.75% 5476 3811 5713 7612 6135 4200 53.83
6B 81.25% 5465 3787 5681 7584 6041 4260 5438

87.50%  53.61  37.17 5550 7486 5855 4120 5438

68.75% 5195 3570 55.68 7394 5304 3980 5351

0 81.25% 4773  32.87 4789 6975 4816 3620 5146

87.50%  44.12 2997 4172 6687 41.15 3480 50.28

“TransMLA — “"300M 68.75% 5524 38.60 5895 7497 6152 4300 5438
700M  -81.25% 5478 3779 5753 7552 59.88 4280 55.17

1B 87.50% 5401 3724 5632 7481 60.08 4240  53.20

LLaMA-2-7B 2T - 59.85 4143 5924 7840 7329 4180 64.96
68.75% 3790 2574 32.87 5941 2868 28.60  52.09

0 -81.25% 3402 2550 2644 5343 27.19 2260 4901

-87.50% 3270 2541 2579 50.60 2652 1940  48.46

e 59.51 4136  59.51 7737 7172 4420  62.90
6B 59.61 4086 5974 7775 7075 45.60  62.98

5896 4039 5929 7775 69.70 4340 6322

5820 3990 57.66 7748 7022 41.00 6290

0 5119 3439 4538 7127 6073 3740 57.93

4326 2893 3632 6338 4587 3160 5343

“TransMLA— “Sooni 68.75%  59.82 4087  59.18 7791 7182 4520 6393
3B 87.50% 5936 4077  58.84 78.18 7128 4360  63.46

6B 9297%  58.68 4082 5972 7655 69.97 4360  61.40

LLaMA-2-7B
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TransMLA vs MHA2MLA Baselines

Comparison of SmolLM and Llama-2 performance across 6 benchmarks

Model Tokens KV Mem. Avg. MMLU ARC PIQA HS OBQA WG
SmolLM-1.7B  IT - 5590 3927 5987 7573 6293 4280 5485
68.75% 4097 2773 4196 63.00 29.19 3440 4953

0 8125% 37.14 2657 3273 5577 2690 3140  49.49

8750% 3401 2532 2715 5136 2547 2620 4854

=MEC M 68.75% 5476 38.11 5713 7612 6135 4200 53.83
6B 8125% 5465 3787 5681 7584 6041 4260 5438

8750% 5361 37.17 5550 7486 5855 4120 5438

68.75% 5195 3570 5568 7394 5304 3980 5351

0 8125% 4773 3287 4789 6975 4816 3620 5146

8750% 44.12 2997 4172 6687 4115 3480 5028

“TransMLA — “"300M 68.75% 5524 38.60 5895 7497 6152 4300 5438
700M  -8125% 5478 3779 5753 7552 5988 4280 55.17

1B 8750% 5401 3724 5632 7481 60.08 4240 5320

LLaMA-27B 2T - 59.85 4143 5924 7840 7329 4180 64.96
68.75% 3790 2574 3287 5941 2868 2860 52.09

0 8125% 3402 2550 2644 5343 27.19 2260 4901

8750% 3270 2541 2579 5060 2652 1940 4846

RIMEERERES 68.75% 5951 4136 5951 7737 7172 4420 62.90
6B 8125% 5961 4086 5974 7775 7075 4560 62.98

Q7 <fw SQ OA AN 20 S0 20 77 78 AOQ TN A2 AN A2 2D

6875% 5820 3990 57.66 7748 7022 4100 62.90

0 87.50% 5119 3439 4538 7127 6073 3740 57.93

92.97% 4326 2893 3632 6338 4587 3160 5343

“TransMLA— ""ga0M 6875%  59.82 4087 59.18 7791 7182 4520  63.93
3B 87.50% 5936 4077 5884 7818 7128 4360 6346

6B 92.97% 5868 4082 5972 7655 6997 4360 61.40

LLaMA-2-7B
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TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

-68.75% 3790 2574 3287 5941 28.68 28.60 52.09
0 -81.25%  34.02 25.50 2644 5343  27.19 22,60 49.01
-87.50% 3270 2541 25.79  50.60 2652 1940  48.46

wMHAZMLS 68.75% 5951 4136 5951 7737 7172 4420 62.90
6B 8125% 5961 4086 5974 7775 7075 4560  62.98
87.50% 5896 4039 5929 7775 6970 4340 6322
6875% 5820 3990 57.66 7748 7022 4100 62.90
0 87.50% 51.19 3439 4538 7127 6073 3740 57.93
92.97% 4326 2893 3632 6338 4587 31.60 5343
- TransMLA

500M -68.75%  59.82 40.87 59.18 7791 71.82 4520 6393
3B -87.50%  59.36 40.77 58.84 78.18 7128  43.60 63.46
6B -92.97%  58.68 40.82 5972 7655 6997 43.60 61.40




TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

LLaMA-2-7B 2T - 5985 4143 5924 7840 7329 4180 64.96

MRS 6875% 5951 4136 5951 7737 7172 4420 62.90
6B -8125% 59.61 4086 5974 7775 7075  45.60  62.98
87.50% 5896 4039 5929 7775 6970 4340 6322
6875% 5820 39.90 57.66 7748 7022 4100 62.90
0 87.50%  S1.19 3439 4538 7127 6073 3740 57.93
92.97% 4326 2893 3632 6338 4587 31.60 5343
- TransMLA

500M -68.75%  59.82 40.87 59.18 7791 71.82 4520 6393
3B -87.50%  59.36 40.77 58.84 78.18 7128  43.60 63.46
6B -92.97%  58.68  40.82 5972 7655 6997 43.60 61.40




TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

- 5985 4143 59.24 7840 7329 4180 64.96
-68.75% 3790 2574 3287 5941 28.68 28.60 52.09
0 -81.25%  34.02  25.50 2644 5343  27.19 22,60 49.01
-87.50% 3270 2541 25779  50.60 2652 1940  48.46

LLaMA-2-7B 2T

-68.75% 5820 3990 57.66 7748 7022 41.00 62.90
0 -87.50%  51.19 3439 4538 71.27 60.73 3740 57.93
-92.97% 4326  28.93 36.32 6338 4587 31.60 5343

500M -68.75%  59.82  40.87 59.18 7791 71.82 4520 6393
3B -87.50%  59.36 40.77 58.84 78.18 71.28 43.60 63.46
6B -92.97%  58.68  40.82 5972 7655 6997 43.60 61.40

- TransMLA




TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

- 59.85 4143 59.24 7840 7329 4180 64.96
-68.75% 37.90 25.74 3287 5941 28.68 28.60 52.09
0 -81.25% 34.02 25.50 2644 5343  27.19 2260  49.01
-87.50% 32.70 25.41 25.79 50.60 26.52 19.40  48.46

LLaMA-2-7B 2T

- MHAZMLA -68.75% 59.51 41.36 59.51 1131  J1:92 44 .20 62.90
6B -81.25% 59.61 40.86 59.74 77.75 70.75 45.60 62.98
-87.50% 58.96 40.39 5929 7775 69.70 43.40 63.22
-68.75% 58.20 39.90 57.66 7748 70.22 41.00 62.90
0 -87.50% 51.19 34.39 4538 71.27 60.73 37.40 57.93
-92.97% 43.26 28.93 36.32 63.38 45.87 31.60 53.43
- TransMLA

500M -68.75% 59.82 40.87 59.18 7791 7182 4520 63.93
3B -87.50% 59.36 40.77 58.84 78.18 71.28 43.60 63.46
6B -92.97% 58.68 40.82 5972 76,55 69.97 43.60 6140




TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

- 59.85 4143 59.24 7840 7329 4180 64.96
-68.75% 37.90 25.74 3287 5941 28.68 28.60 52.09
0 -81.25% 34.02 25.50 2644 5343  27.19 2260  49.01
-87.50% 32.70 25.41 25.79 50.60 26.52 19.40  48.46

LLaMA-2-7B 2T

- MHAZMLA -68.75% 59.51 41.36 59.51 T13T F1.72 44 .20 62.90
6B -81.25% 59.61 40.86 59.74 77.75 70.75 45.60 62.98
-87.50% 58.96 40.39 5929 7775 69.70 43.40 63.22
-68.75% 58.20 39.90 57.66 7748 70.22 41.00 62.90
0 -87.50% 51.19 34.39 45.38 71.27 60.73 37.40 57.93
-92.97% 43.26 28.93 36.32 6338 45.87 31.60 53.43
- TransMLA

500M -68.75% 59.82 40.87 59.18 7791 7182 4520 63.93
3B -87.50% 59.36 40.77 58.84 78.18 71.28 43.60 63.46
6B -92.97% 58.68 40.82 5972 76,55 69.97 43.60 6140




TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

LLaMA-2-7B 2T - 5085 4143 5924 7840 7329 4180 64.96
| -68.75% 3790 2574  32.87 5941 2868 2860 52.09 |

0 81.25% 3402 2550 2644 5343 27.19 2260 49.01

87.50% 3270 2541 2579 50.60 2652 1940  48.46

- MHAZMLA 68.75%  59.51 4136 5951 7737 7172 4420  62.90
6B 81.25% 59.61 4086 5974 7775 7075 45.60  62.98

87.50% 5896 4039 5929 7775 6970 4340  63.22

68.75% 5820 3990 57.66 7748 7022 41.00 62.90

0 8750% 51.19 3439 4538 7127 6073 3740 57.93

9297% 4326 2893 3632 6338 4587 31.60 5343

- TransMLA 500M  -68.75%  59.82 4087 59.18 7791 71.82 4520 63.93
3B 87.50% 5936 4077 5884 78.18 7128 4360 63.46

6B 9297% 5868 4082 5972 7655 6997 4360 61.40
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TransMLA vs MHA2MLA Baselines

e Comparison of SmolLM and Llama-2 performance across 6 benchmarks

Model Tokens KV Mem. Avg. MMLU ARC PIQA HS OBQA WG
SmolLM-1.7B IT - 55.90 39.27 59.87 7573 6293 4280 54.85
-68.75% 4097 27.73 4196 63.00 29.19 3440 4953

0 -81.25% 37.14 26.57 3273 5577 2690 3140 4949

-87.50% 34.01 25.32 27.15 5136 2547 2620 4854

=MHAIMEA -68.75% 54.76 38.11 57.13 76.12  61.35 42.00 53.83
6B -81.25% 54.65 37.87 56.81 75.84 6041 42.60 54.38

-87.50% 53.61 37.17 5550 7486 5855 41.20 5438

-68.75% 51.95 35.70 55.68 7394 53.04 39.80 5351
0 -81.25%  47.73 32.87 4789 69.75 48.16 3620 5146
-87.50%  44.12 29.97 4172 66.87 41.15 3480 50.28

TransMIA - T00MT 68.75% 5524 38.60 5895 7497 6152 4300  54.38

700M  -8125% 5478 3779 5753 7552 59.88 4280  55.17

1B 87.50% 5401 3724 5632 7481 60.08 4240 5320

LLaMA-2-7B 2T = 59.85 4143 5924 7840 7329 4180  64.96
68.75% 3790 2574 3287 5941 2868 28.60  52.09

0 81.25% 3402 2550 2644 5343 27.19 2260  49.01

8750% 3270 2541 2579 5060 2652 1940 4846

- MHA2MLA 68.75% 5951 4136 5951 7737 7172 4420  62.90
6B 8125% 5961 4086  59.74 7775 7075 4560  62.98

87.50% 5896 4039 5929 7775 6970 4340 6322

68.75% 5820 3990 57.66 7748 7022 4100  62.90

0 87.50%  S1.19 3439 4538 7127 6073 3740 5793

9297% 4326 2893 3632 6338 4587 3160 5343

“TransMLA 500N 68.75%  59.82 4087 59.18 7791 7182 4520  63.93

3B 8750% 5936 4077  58.84 7818 7128 4360  63.46

6B 9297% 5868 4082 5972 7655 69.97 43.60  61.40

Result
TransMLA achieves 98.35% of the original model’'s performance without any training



6B Tokens for pre-training

e Apply fine-tuning phase with only 6B tokens (~0.3% of Llama-2’s original training)

Result
98% Recovery after fine tuning
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6B Tokens for pre-training - Example

e L|LaMa-2-7B, 7% KV cache)

w/o Training | The capital of France is Paris. Its geographical position in the Iberian Plain of
France, Spain, Spain, and Morocco are the four largest cities. This region is
located in Asia, Spain and Morocco.

w/o Training | The president of the United States is elected by the legislature. The legislature
controls the national armed forces, but only provides the funds to establishing a

national guard.
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6B Tokens for pre-training - Example (cont.)

e After pre-training phase...

Pre-Training | The capital of France is a major business city and it is a favorite destination for

businesses from all over the world. It has a strategic location in the heart of the
European Union, which makes it one of the most popular cities in Europe.

Pre-Training | The president of the United States is elected to a four-year term by the people of

each state in a general election held every four years on the Tuesday following
the first Monday in November.
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RoRoOPE Effect

e In the original model, the L2 Norm is scattered across all heads.

o After RoORoPE, almost all energy is spiked in the first 128 dimensions

€ —
"2100‘ ﬂ —— Original —— RoRoPE & 4D-FregFold
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£

&

< ’

3 o- : : t . : . ; ‘

0 64 128 192 256 320 384 448 512
Dimension

(a) Key norms of the first layer.
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Perplexity

Tested limits of RoPe removal to see when model’s logic collapses

o Increased RoPe removal ratio from 0% to 90%

(o0}

Vanilla PCA

MHA2MLA

RoRoPE

RoRoPE & 2D-FregFold
RoRoPE & 4D-FregFold
RoRoPE & 8D-FregFold

+

Log of Perplexity
2

2 1 3 ,4 STESSTIG -
0 20 40 60 80
RoPE Removal Ratio (%)

(b) RoPE removal results, evaluated on WikiText-2.
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BKYV - Balancing Keys and Values

e Problem: Key (K) activations often have
much larger magnitudes than Value (V)

€ 20
— ; =
activations Al " Value
20 W M\’"’\/M T
- . . .. - W Y A AN
e Risk: Applying naive joint-PCA for 2 WAy
. 00 128 256 384 512 640 768 896 1024
compression may cause the model to g20
" i P
forget the content (V) to save the position 3ol Mm |
§0.5 PP WS W M{L w\"/m/ﬁ'\hf‘""\/"\’\_—mﬁh
(K) a0 AR i o
0 128 256 384 Dimselnzsion 640 768 896 1024
e Solution: "Balanced Key-Value (a) Norm magnitude of keys and values be-

normalization Step fore and after KV balancing is applled



BKYV - Balancing Keys and Values
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10.6x Speedup Inference

e Findings: 10.6x speedup

at 8K context

o Speed gains grow exponentially with context length

Speedup

~ Low Rank Q = 512
101 —— Ful Rank Q
8
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41— + ' v
1k 2k 4k 8k
Context Length

(a) 165.2 TFLOPS | 24GB
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Conclusion

e TransMLA provides a bridge from GQA to MLA architecture
o Pros: 10x speedup, min performance hit, compatible with DeepSeek
ecosystem
o Future works:
m Validation across more models
m Pruning, quantization, token selection to explore upper bounds of

inference acceleration
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