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BHJKEK, Scaling-law 534

@OpenAI

3 Yann LeCun ylecun- 4
JJ—e/acc Elon Musk & X @
‘§ J / Jacks X 0"1‘, us L Translation: Auto-Regressive LLMs scaling is

giving diminishing returns.

Inference

computational cost i . . .
Sam just said that if someone comes up with a Not that it’s much consolation, but the energy As I've said repeatedly, a new architecture will

fundamentally superior (more compute efficiency of LLMs using auto-regressive emerge for the next leap, perhaps along the
efficient) approach for scaling powerful Al transformers is extremely bad, not just in lines of the Objective-Driven Al I've been
models, OpenAl will be in a “not great” place. training, but also inference. PIOPOSIDE;

But deep learning will still be the foundation.
This should be our primary focus for Al | think it’s off by several orders of magnitude. No wall.
acceleration — not blindly worshiping the
Transformer. = Gary Marcus

Translation: “deep learning is hitting a
wall” twitter.com/burny_tech/sta...

58 /it 5 = g0 Q4 i Q thi

Numberlof tokens

Q 2 O A 4. & SOFTMAXQ@K"T/dK) @V

§\ Alt Man Sam @ @mezaopti... - 2023/8/27
% To me, it feels like a general principle of life
that pre-training compute will always be vastly RWKV 5 or retnet?
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Bo PENG
https://arxiv.org/abs/2305.13048

CMU, Princeton
https://arxiv.org/abs/2312.00752

MIT
https://arxiv.org/abs/2312.06635

Together, Stanford
https://arxiv.org/abs/2302.10866

LSTM &
https://arxiv.org/abs/2405.04517

ERIMNEATRE, BT
https://arxiv.org/abs/2307.08621

B ATERELINE=, OpenNLPLab
https://arxiv.org/abs/2307.14995
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RNN#ITransformer% B 1 G FR 4&

»>RNN 75| Z KR5S 2 B IS E B 2k o)k
»RNN 7Ll Z53f 8 o AR BI4EE i1 #ﬁ@c, BR&I T EHAY EH.
»Transformer B REHE, KFIUESPITEMASIIEREREFES.

B[] =S 8] 8 2 E Eb

Architecture Inference Training
Time Memory Parallel Time Memory

LSTM/LMU o(1) o) X O(N) O(N)
Transformer O(N) O(N)4 v O(N?) O(N)?
Linear Transformer o(1) o(1) v O(N) O(N)
H3/54 o() o) v O(NlogN) O(N)
Hyena O(N) O(N) v O(NlogN) O(N)
RWKV/Mamba/RetNet  O(1) o(1) v O(N) O(N)
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RWKYV-5 time-mixingBIEER S8R

time-mixing B} AR StERAYEH

O, =lerpg(xs, %)W, O€frk,v,gl t | RWKV-4 u, w, k;, v; € RP, head size 1
w = exp(-exp()) 0| oo %,?0—"0)
fa . 1 0’(7‘1) o) llOklOlil+k0©U0
: . o x(D/h ok +k
wkv; = diag(u)- k}' Vet Z dlag(w)[ = k;[ Vi€ PR uG)kZ@ U;lg'l'k(])OUl-)-lUOk()OUO)
=l 2 o(r2)© ueks+ki+woeky
2O U2 +KkrOV- LA
0, = concat (SiLU(g;) © LayerNorm(r, - wkuv;)) W, e R 3| o(r;)® ( Lokio U;:;;:f;j: zg ’E = L}‘;O“Iéuoh’o % )
> RWKV-SERIR T H— (5) t | Eagle (RWKV- 5) diag(u), diag(w), k;, v, € R®**°* for each head, head size 64
» RWKV-55| \THERHBERE, kVAY4EEMD-> (D/H, D/H)
 rE——— 0 | ro-(diag(u)- k) - vo)
RWKV-6 time-mixingBIER S15E1R 1 (dlag(u) k(} v+ k(')r VO)
2 | rp-(diag(w) -k, - va + ki - vy +diag(w) - k; - vo)
O; = ddlerpg (xr, x;-1)Wa, Defrk v,gl 3 | r3-(diag(w)- k% s + Ic]r Vs + diag(w) - k(} vy +diag(w?) - k; - o)
d; =loraz(ddlerp, (xr, x;-1)) t chh (RWKV- 6) diag(u), diag(w,), k;, v, € R®**** for each head, head size 64
w; = exp(-exp(d,)) 0 | ro-(diag(w)-k [} - V)
o i 1 | rp-(diag(w) -k - v1+kj - vo)
= = : b T : T
wkv, = diag(w) - k; - v, + )_ diag @wj)-k?-uieR(D/h)x(D/h) 2| 12 (d}ag(u) sz-v2+klr-v1+dfag(w1)-k0'r-vo) _ .
i=1 j=1 3 | r3-(diag(w)-k; - v3+k, - vo +diag(wo) - k; - v1 +diag(w2 © w1) - k; - vo)

0¢ = concat (SiLU(gt) ® LayerNorm(r; - wkvt)) W, e RP
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RWKV5/65 pkiE)afz3t:

kat:Sz—l-l-dmg(u)'k ) EsEERER—R, EERWKV-5Hiwdata-

independentAY, 1 RWKV-6 & fJw 2 data-
o T
§ =diag(w)-_+k v

dependentfyw;
KraRst:

# r, k, v parameter shape (B,H,1,D//H)
# w parameter of shape (1,H,1,D//H) for Eagle (RWKV-5),
# (B,H,1,D//H) for Finch (RWKV-6)
# u parameter of shape (1,H,1,D//H)
def rwkv 5 or 6 recurrent(r, k V, W, u, wkv state):
) kv = k.mT @ v # x.mT is equ1valent to x.transpose(-2, -
1
out = r @ (wkv_state + u.mT * kv)
wkv_state = w.mT * wkv_state + kv # (B,H,D//H,D//H)

return out, wkv_state

OteRD
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Figure 3: RWKYV architecture for language modelling.
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HITir&EsE /1.

template <typename F>
_global__ void kernel_forward(const int B, const int T, const int C, const int H,

{
const int b = blockIdx.x / H;
const int h = blockIdx.x % H;
const int i = threadIdx.x;
_U+= heN_;

__shared__ float r[ N_], k[_N_], ul_N_], wiN_];
float state[ N_] = {0};

__syncthreads();
uli] = float(_ulil);
__syncthreads();

for (int t = baT*C + hx N_ + i; t < (b+1)sTxC + hx N_ + i; t += ()
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model block size batch size n layer n head n embd parameters time(ms)

GPT 256 16 6 32 2048  302.15M  60.13
RWKVESIZRAES, KLETXRER ‘ | | | | | |

®Transformer Baseline: karpathyfgy
nanoGPT, LtFEEE=EEY)2
T
O, BSBE + compile + flash attn

o= F FIMIKERIERS, RWKVIIIZRE
EIIEFGPT+ flash attn

o= F NIIKERISHT(8k), RWKVI|2
JRREELLGPT +flash_attn F1iR,
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Model Time Space
Transformer O(T?d) O(T? + Td)
Reformer O(T logTd) O(TlogT + Td)
Linear Transformers O (T'd?) O(Td + d?)
Performer O(Td?logd) O(Tdlogd + d*logd)
AFT-full O(T?d) O(Td)

MEGA O(cTd) O(cd)

RWKYV (ours) Oo(Td) O(d)
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Single Token Generation Latency
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Table 2. The latency, left context, and accuracy of different steaming models on AISHELL-1 (CER) and Librispeech (WER).

latency left context AISHELL-1 LibriSpeech
(ms) (#frames) test test clean  test other

CTC + Attrescoring  chunk conformer [7] 640 + A all history 5.05 3.80 10.38
Transducer chunk conformer [20] 400 40 6:15 -

Transducer streaming transformer [3] 10 4.2 11.3
Transducer streaming transformer [3] 2 4.5 14.5
Transducer causal conformer [6] all history 4.6 9.9
Transducer causal conformer + distill [6] all history 3.7 9.2
Transducer conv augmented LSTM [21] 1 5.11 13.82

model encoder

Transducer chunk conformer 16 i 3.58 9.27
Transducer chunk conformer ! 4.19 10.84
Transducer RWKV(S) . 3.83
BAT RWKV(S) ; 3.90
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GUANGMING
LABORATORY

S BA SC IR =

GUANGMING LABORATORY

Method LLM

BLIP-2 (Li et al., 2023c) Vicuna-13B 129M/ - - 2
MiniGPT-4 (Zhu et al., 2024a) Vicuna-7B SM/5K
InstructBLIP (Dai et ¢ 23 Vicuna-7B 129M/1.2M
o LM Head Ins'lruclBLlP (Dai X Vfcuna—lSB 129M/1.2M
Projection BEERBE Shikra (Chen et al., 2023 Vicuna-13B 600K/5.5M
Otter (Li et al., 2023a) LLaMA-7B
<image> what is the name of this bird? mPLUG-OwI (Ye et al., 2023) LLaMA-7B

Data-dependent LLM IDEFICS-9B (IDEFICS, 2023) LLaMA-7B

Image First Prompt RWKYV Bidirectional Blocks IDEFICS-80B (IDEFICS, 2023)  LLaMA-65B
Vision Encoder Qwen-VL (Bai etal., 2023) Qwen-7B
. - . Qwen-VL-Chat (Bai et al., 2023) Qwen-7B

LLaVA-1.5 (Liu et al., 2023a) Vicuna-7B

RORNN
[~
R

&

&

2.1IM/102K - -

353M/IM A 4 - 259

353M/1IM X 5. - 30.9 -

1.4B/50M 2 593 67.1 638 -

1.4B/50M P 5 682 615 - 1487.5
558K/665K ! 2. 668 582 | 859 15107 s 30.5

t t NN N NN
LT ST ST ST S S
0 o & B B - -~

w
o
=3

what is the name of this bird? = <image> Embeddings
LLaVA-Phi (Zhu et al., 2024b) Phi2-2.7B 558K/665K | 714 - 684 486 | 850 1335.1 4 28.9

Image Last Prompt Frozen MobileVLM-3B (Chu et al., 2023) LLaMA-2.7B 33 558K/665K - 590 612 475 | 849 12889 -
VL-Mamba (Qiao et al., 2024) Mamba-2.8B 558K/665K | 76.6 562 654 489 | 844 13696 57. 326

w
)
(=

EEE Parameters
VisualRWKV RWKV6-1.6B 336 558K/665K | 69.4 552 59.1 43.6 | 832 12049 55. 532

VisualRWKV RWKV6-3B 558K/665K | 71.5 59.6 653 487 | 83.1 13692 ; 56.3

VisualRWKV RWKV6-7B 336 558K/665K | 758 643 682 51.0 | 847 13878 658 63.7

Trainable
what is the name of this bird? <image> what is the name of this bird? Parameters

Input Image Sandwich Prompt

Table 2: Comparison with SoOTA methods on 8 benchmarks. Due to space constraints, benchmark names are
abbreviated. VQA (Goyal et al., 2017); GQA (Hudson and Manning, 2019); SQA: ScienceQA-IMG (Lu et al.,
2022); TQA: TextVQA (Singh et al., 2019); POPE (Li et al., 2023d); MME (Fu et al., 2023); MMB: MMBench (Liu

Figure 2: VisualRWKYV architecture overview and three prompting method. Image First Prompt: place image
tokens before instruction tokens; Image Last Prompt: place image tokens after instruction tokens; Sandwich et al., 2023d); MMB-cn: MMBench-CN (Liu et al., 2023d). PT and IT denote the quantity of samples involved in
Prompt: place image tokens in the middle of instruction tokens. Red words indicate the key contributions. the pre-training and instruction-tuning phases. "Res." stands for "Resolution.
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- 4| S g
LTHEERSE

Artificial Intelligence Laboratory

High-Resolution Efficiency: Processed high-resolution images smoothly with a global receptive field.

Linear Head - : . :
| Scalability: Pre-trained with large-scale datasets and posses scale up stablity.

Avg Pooling Superior Performance: Achieved a better performance in classfication tasks than ViTs. Surpassed
window-based ViTs and comparabled to global attention ViTs with lower flops and higher speed in
@6 _______ dense prediction tasks.

Efficient Alternative: Capability to be an alternative backbone to ViT in comprehensive vision tasks.
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Diffusion-RWKV 3 S8 FUDDEEEEE

Figure 1. Diffusion models with RWKYV-like backbones achieve comparable image quality. Selected samples generated by class-
conditional Diffusion-RWKYV trained on the ImageNet with resolutions of 256256 and 512x 512, respectivly.
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» RWKV-CLIP fliGiESHRTF

Architecture of RWKV-CLIP et al., 2018). As shown in Fig. 7, we found that the
S iy representations learned by RWKV-CLIP exhibit
clearer discriminability within the same modal-
ity. Additionally, compared to ALIP, RWKV-CLIP
demonstrates closer distances in the image-text
modality space, indicating superior cross-modal
alignment performance.

Spatial Mixing Channel Mixing
Input Image
A e \ - R

buijooq by
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>

Text Augmentation

Channel Mixing
ALIP RWKV-CLIP

A days end. - R 3
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1[] Text Embedding -
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body of water , ; /\ Image Embedding
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1

2
]
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Figure 3: The architecture of RWKV-CLIP, which consists of Mx and Nx RKW V-driven blocks followed by an
average pooling layer.




» RWKV-SAM 9 El—iJi=ny NDD A\ #anzes

HQ-SAM RWKV-SAM

KedCoed T e o ot mloU
Mask : : 806 ‘ : X ~ gﬁﬁg@!ﬂ' o5 @) .
T Stage 1 Stage 2 Stage 3 - I8 RS0 t';i ¢ ) \ 1}_‘ e oy | HOSAM

RWKV-SAM

Image —> Mask Decoder
Encoder I-) Stem =~» MBConv =» MBConv =» VRWKV —>

1 0

Visual Prompts => Prompt Encoder

mloU

H W

I I H W ¢ = NG ; =" @
nput mage Zx’z Rxﬁ Output . / -‘4" ‘ < il ‘ /i i ) HO-SAM

(©]
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Figure 2: (Left) Overview of our RWKV-SAM. RWKV-SAM contains an image encoder, a prompt [l ~ 577§ A~ Cod : Q o
encoder, and a mask decoder. (Right) The efficient segmentation backbone architecture. The first two : = | = | ___F
stages use the MBConv blocks, and the third uses the VRWKYV blocks.
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find that under the efficient segmentation setting of high-resolution image inputs, RWKYV runs faster
than Mamba. Thus, we aim to explore RWKYV architecture as our backbone.
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RWKV-TS | TimesNet | ETSformer LightTS DLinear
MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

Weather | 0.231 0.266 | 0.259 0.287|0.271 0.334 (0.261 0.312|0.249 0.300
ETThl |0.433 0.445|0.458 0.450|0.542 0.510|0.491 0.479|0.423 0.437
ETTh2 |0.375 0.412|0.414 0.427 |0.439 0.452|0.602 0.543 |0.431 0.447
ETTml | 0.376 0.401 |0.400 0.406 |0.429 0.425|0.435 0.437|0.357 0.378
ETTm2 | 0.287 0.338 (0.291 0.333|0.293 0.342 | 0.409 0.436|0.267 0.334
ILI 1.910 0.9252.139 0.931(2.497 1.004|7.382 2.003|2.169 1.041
ECL |0.159 0.253|0.192 0.295|0.208 0.323 |0.229 0.329 [0.166 0.263
Traffic | 0.398 0.276 | 0.620 0.336|0.621 0.396 | 0.622 0.392 | 0.434 0.295

Average | 0.521 0.414|0.596 0.433]0.662 0.473|1.303 0.616|0.562 0.436

Methods FEDformer | PatchTST ‘ Stationary | Autoformer | Informer

FEDformer MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

Weather | 0.309 0.360 | 0.225 0.264 | 0.288 0.314|0.338 0.3820.634 0.548

——— Autoformer ETTh1 [0.440 0.460|0.413 0.430|0.570 0.537 | 0.496 0.487|1.040 0.795
ETTh2 |0.437 0.449|0.330 0.379|0.526 0.516|0.450 0.459|4.431 1.729

_ P s ETTml |0.448 0.452|0.351 0.387|0.481 0.456|0.588 0.517[0.961 0.734
LightTs ETTm2 [0.305 0.349|0.255 0.315|0.306 0.347 [0.327 0.371|1.410 0.810
PatchTST ILI |2.847 1.144|1.443 0.798 |2.077 0.914[3.006 1.161|5.137 1.544
ECL |0.214 0.327/0.161 0.253|0.193 0.296|0.227 0.338 [0.311 0.397

Traffic |0.610 0.376 0.390 0.264 | 0.624 0.340 | 0.628 0.379 [0.764 0.416

Average [0.701 0.489 | 0.446 0.386|0.633 0.465[0.757 0.511|1.836 0.871

Methods

LTSF-Linear

Figure 1: RWKV-TS is a time-series RNN-based model that )
achieves both strong performance and efficiency simultaneously. In Table 3: Long-term forecasting task. All the results are averaged

contrast, other RNN models are considered to perform poorly in from 4 different prediction lengths, that is {24, 363 48, 60} for ILI
both aspects for time-series tasks. and {96, 192, 336, 720} for the others. Bold black is the best, red is

the second best.
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TABLE 1
RESULTS ON DIFFERENT DATASETS.

SDiT: Spiking Diffusion Model with Transformer
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Abstract—Spiking neural networks (SNNs) have low power
consumption and bio-interpretable characteristics, and are con-
sil d to have tremendous potential for energy-efficient com-
puting. However, the exploration of SNNs on image generation
tasks remains very limited, and a unified and effective structure
for SNN-based generative models has yet to be proposed. In this
paper, we explore a novel diffusion model architecture within
spiking neural networks. We utilize transformer to replace the
commonly used U-net structure in mainstream diffusion models.
It can generate higher quality images with relatively lower
computational cost and shorter sampling time. It aims to provide
an empirical baseline for research of generative models based on
SNNs. Experiments on MNIST, Fashion-MNIST, and CIFAR-
10 datasets demonstrate that our work is highly competitive
compared to existing SNN generative models.

Index Terms—Image generation, deep learning, spiking neural
network

I. INTRODUCTION

PIKING necural networks (SNNs) are considered to be

the third generation of neural networks with higher bi-
ological interpretability, event-driven propertics, and lower
power consumption, and thus have the potential to become
competitive alternatives to Artificial Neural Networks (ANNs)
in the future. In SNNs, all information is encoded in spike
sequences, enabling SNNs to perform accumulative operations
at lower power budgets for energy efficiency.

SNNs trained with deep learning techniques, cspecially
surrogate gradient learning methods [1], have shown promising
results on basic tasks like image classification and segmenta-
tion [2]. However, the application of SNNs on more complex
computer vision tasks, especially generative models, has been
limited.

Recently, diffusion models have achicved significant suc-

Input Blocks
Taput Image Mid Blocks
z | Ouput Blocks
&6 Concatenate

Patch Embedding
Embedding

p

_Position Embedding

Spiking Spiking
Transformer Transformer
Blocks Blocks

Lincar
Layer

Rearrange

Spiking Diffusion Transformer

Predicted Noise

Fig. 1. Diagram of SDiT architecture, illustrating the flow from input time
and patch embeddings through multiple spiking transformer blocks with
skip conncctions, culminating in a final processing stage with lincar and
convolutional layers for predicted noise generation.

In this work, we propose Spiking Diffusion Transformer
(SDiT), a novel SNN diffusion model architecture based
on transformer. It demonstrates superior image generation
potential for SNNs. We employ an efficient self-attention :
RWKV[11], and introduce the Reconstruction Module, a spe-
cially designed module aimed at supplementing information
lost after the firing of spiking neurons, thereby enhancing
the quality of the reconstructed image. Comprehensive ex-
periments on MNIST [12], Fashion-MNIST [13] and CIFAR-
10 [14] show that SDIiT has greal competitiveness among the
existing image generation models based on SNNs.

Fashion-MNIST

CIFAR-10

SGAD
FSVAE
Spiking-Diffusion
SDDPM
SDiT
SGAD
FSVAE
Spiking-Diffusion
SDDPM
SDiT
SGAD
FSVAE
Spiking-Diffusion
SDDPM
SDiT

TABLE 11

16
16
16
4
4
16
16
16
4
4
16
16
16
4
4

69.64
97.06
37.50
29.48
5.54
165.42
90.12
91.98
21.38
5.49
181.50
175.50
120.50
16.89
22.17

6.209
2452

4.551

4.549
2.945

7.655
4.080

ABLATION EXPERIMENTS EVALUATING FID ON DIFFERENT DATASETS.
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[E48%x4 ts_zip {s£F3 RWKV-4
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Recursal MidReal pygmalion

FLhR Al /MR, 120 4~ Agent MIT B9BIL I RA imMEELRT Agent

® Andrej Karpathy and Julian Bilcke liked

’ martin casado @ B
omartin casado

Incredible work by @picocreator and team. They
have a fine tuned RWKYV v5 3B model working
on a local macbook pro in Al town (video of
packed level using it below :)

ired World: Harry Potter pygmalion
nario: Harry refuses to enter

The model is here: huggingface.co/recursal/
rwkv-...

Writeup to come from that team. Can't wait to
try!
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xLBD
acc
35.2%
41.6%
47.8%

ReCoRD COPA MultiLang
acc avg%

85.0%

86.0%

85.0%

Im-evaluation-harness params LAMBADA English LAMBADA PIQA
model B ppl avg% acc acc

pythia-6.9b-v0 6.86 4.30 67.9%  74.5%

RWKV-4 "Dove" Worldvl 7.52 3.93 70.2%  75.3%

RWKV-5 "Eagle" World v2 7.52 3.36 74.2%  77.3%

StoryCloze16 Hellaswag WinoGrande arc_challeng: arc_easy headQA_en openbookQA  sciq
acc acc_norm acc  acc_normacc_norm  acc em
61.4% 353% 67.0% 383% « 382% 903% 86.5%
62.0% 36.6% 68.0% 35.8% 39.8% 91.2% 84.1%
68.4% 46.1% 74.9% 41.3% 41.2% 95.1% 88.5%

acc
73.0%
75.6%
79.7%

acc_norm
63.9%
65.3%
70.8%

RWKV-6.0 "Finch" World v2.1 7.63

91.4%
91.7%
90.4%
89.2%
88.9%
89.0%
88.7%
88.3%
89.5%
ReCoRD

91.0%
89.0%
86.0%
86.0%
87.0%
90.0%
89.0%
84.0%
88.0%
COPA MultiLang

46.0%
44.5%
45.0%
45.5%
44.3%
35.2%
40.9%
38.9%
37.2%
xLBD

46.5%  44.2%
43.8% = 45.0%
40.3% = 44.2%
40.0% = 44.2%
40.0% = 43.8%
38.8% 42.8%
37.9%  40.8%

95.9%
96.1%
93.7%
94.0%
94.4%
92.7%
93.8%
92.0%
92.8%
sciq

81.0%
79.1%
76.0%
76.4%
75.0%
75.5%
74.5%

74.1%
72.8%
69.1%
67.3%
68.8%
66.5%
65.9%

53.7%
53.4%
46.3%
43.6%
43.1%
40.1%
41.4%

81.1%
80.0%
76.3%
74.7%
75.9%
73.4%
72.4%

75.7%  80.6%  80.8%
75.6%  79.5% 79.6%
73.9% 78.1% 78.4%
74.5% 79.4% 78.8%
72.9% 78.7% 77.7%
68.9%  78.8% 78.4%
71.6% 78.7% 77.6%
70.8% 78.5% 76.8% 76.9% 66.2%  42.8% 71.1% 38.0% 41.6%

71.4% 77.2% 75.5%  70.4% 64.3%  39.4% 723%  38.1%  40.8%

StoryCloze16 Hellaswag WinoGrande arc_challengi arc_easy headQA_en openbookQA

Mistral-7B-v0.1

Llama-3-8b

Llama-2-7b

falcon-7b

mpt-7b-8k

OLMo-7B
open_llama_7b_v2
Qwenl.5-78
RedPajama-INCITE-7B-Base

7.24
8.03
6.74
6.92
6.65
6.89
6.74
7.72
6.86

Im-evaluation-harness params LAMBADA English LAMBADA PIQA

xSC

acc
52.1%
59.5%
62.1%

| 322 | 718% | 752% | 78.7% [ 79.7% | 75.1% | 70.0% [ 463% | 76.8% | a1.4% | 44.8% | 952% | 83.9% | so.0% | 629% | 49.1% | 628% | 765% | 63.4% |

57.2%
61.9%
55.6%
53.8%
55.3%
53.1%
53.9%
58.1%
53.3%
xSC
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xWG xCOPA
acc acc
61.6% 54.4%
68.7% 60.0%
73.5% 62.4%

73.8%
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69.4%
68.0%
67.9%
62.7%
66.6%
70.7%
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TRV 2 arxiv .
Parameters Average ao3 wikipedia ¢ arxiv
computer
Count (B) (lowexr=better) english english .p physics
science

Meta-Llama-3-8B .030 7.286 10.605 .221 | .981 7.742 77;676
Mistral-7B-v0.1 .242 7.581 10.653 5 .229 .982 8.040
RWKV-x060-World-7B-v2.1-20240507-ctx4096 .636 7.839 10.513 : .566 .235 8.208
OLMo-1.7-7B-hf .888 .870 11.113 : A .131 8.163
Qwenl.5-7B : .911 11.218 .078 .055
RWKV-5-World-7B-v2-20240128-ctx4096 ; .922 10.598 g . <312 .267
mpt-7b : .953 11.286 : ; .289 .403
Llama-2-7b-hf : .995 10.955 2 s .464 2575
falcon-7b - .298 10.861

aya-23-8B

pythia-6.9b-v0

mamba-7b-xw




» RWKVIEGENTRZSER NiDD 4 #2szes

joule_per_token 4 token_per_joule

-
&
L -
™

#
] - - - .
. _"'_:'i o !'n“ i
th hho e e . =, p .
I

i ‘:.':h : \. : ; ‘- y ‘-..?.
P =‘-.’:i -hﬁ%.%,a’f&#
W RN R R - L e T T
¥ i 1'._;.‘-_ > A £

w



» RWKVEgEMi

ETFNKE

ctx4k )l|ZxHY RWKV-6
] RiFEWE ctx20k LA E

—— PG19 RWKV-4 3B
| —— PG19 Eagle 3B
—— PG19 Finch 3B

Position from start

2
)
()
&
g
=)
&
5
£
%)
=

AF S FEfH

RWKV-6 A=FE5HE
Et, Flash Attention /> 40%

1024 2048 4096 8192

Sequence Length
00 Finch 't Mamba [ 0 Flash Attention v2

[ d [ P
Al+ A HFIE
N DD Al+ Development Digital sumﬁ

MQAR {1

RWKV-6 £ MQAR x5
BREENE

Sequence Length: 64 Sequence Length: 128

—_— . —_— e ————— .
—_— —

.

128 F= 512 64 128 256

Model Dimension Model Dimension

Sequence Length: 256

—

Sequence Length: 512

1
3 R

64 128 2 512 64 128 256 512

Model Dimension Model Dimension

dove (RWKV-4) —e— Eagle (RWKV-5) —e— Finch (RWKV-6) Hyena —e— Mamba

e 4: MQAR tasks. An increase in sequence length correlates with increased task diffic
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