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Figure 1: Super Weight Phenemenon. We discover that pruning a single, special scalar, which we call the
super weight, can completely destroy a Large Language Model’s ability to generate text. On the left, the original
Llama-7B, which contains a super weight, produces a reasonable completion. On the right, after pruning the
super weight, Llama-7B generates complete gibberish. As we show below, this qualitative observation has
quantitative impact too: zero-shot accuracy drops to guessing and perplexity increases by orders of magnitude.
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Figure 2: How Super Weights behave. I: Super weights are often found in an early layer’s down projection,

II
indicated with a blue-purple box. The super weight immediately creates an incredibly large-magnitude super
activation. II: Super activations are propagated through skip connections, indicated with blue-purple lines. III:
This has a net effect of suppressing stopword likelihoods in the final logits. Removing the super weight causes
stopword likelihood skyrocket, indicated with the blue-purple stacked bars. See Appendix|A.3
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Figure 3: How to identify the Super Weight for Llama-7B. Figure 10: Maximum-magnitude activation of down_pro j across all transformer layers of OLMo-7B.

down_pro input features a large maximum-magnitude activation
only in Layer 2, where the super activation first appeared. The value's
channel index, e.g., 7003, tells the row of SW. down.prcj output
likewise features a large maximum-magnitude activation at Layer 2,
This value's channel index, e.g.. 2968, gives us the column of the SW.
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Model | No. | Type | Weight | Coordinates Model | No. | Type | Weight | Coordinates
Llama7B | 2 | mlp | downproj | [3968,7003] OLMo-1B 1 mlp | down_proj | [1764, 1710]
) 0724-ht 1 mlp down_proj | [1764, 8041]
Ll 13B 2 mlp down_proj [2231, 2278]
G 2 mlp down_proj [2231, 6939] 1 mlp down_proj [269, 7467]
) OLMo-7B 2 mlp down_proj [269, 8275]
3 mlp down_pro‘! [5633, 12817] 0724-hf 7 mlp down_proj (269, 453]
Llama 30B 3 mlp down_proj | [5633,17439] 24 mlp down_proj [269, 2300]
10 mlp down_proj | [5633, 14386]
- 2 mlp down_proj [525, 808]
Llama27B | 1 | mlp | down_proj | [2533,7890] 2 mlp | down_proj | [1693,808]
Llama2 13B | 3 | mlp | down_proj | [4743,7678] Phi-3 - mlp | down_proj | [1113,808]
mini-4k-instruct 4 mlp down_proj [525, 2723]
Mistral-7B 5 4 mlp down_proj [1113, 2723]
vO.1 ‘ 1 } mlp ’ down_proj [2070, 7310] 4 il vt pic [1693. 2723]

Table 2: Super Weight Directory. The above layer numbers, layer types, and weight types can be directly
applied to Huggingface models. For example, for Llama-7B on Huggingface, access the super weight using
layers[2] .mlp.down_proj.weight [3968, 7003].

FEFAEESLIRAE, BEEpromptaliH TIE STHBE A SR IMENERE.
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Llama-7B | Arc-c Arc-e Hella. Lamb. PIQA SciQ Wino. | AVG | C4 Wiki-2

Original 41.81 7529 5693 7351 78.67 94.60 70.01 | 70.11 7.08 5.67
Prune SW 19.80 39.60 30.68 0.52 5990 3940 56.12 | 35.14 | 763.65 1211.11
Prune Non-SW | 41.47 7483 5635 6988 7851 9440 69.14 | 69.22 (27 6.08

Prune SW,+SA | 26.60 54.63  56.93 1279 6795 61.70 70.01 | 50.09 | 476.23  720.57

Table 1: Super Weight Importance. (Section[3) Prune SW: Pruning the single, scalar-valued super weight
significantly impairs quality — reducing accuracy on zero-shot datasets and increasing perplexity by orders of
magnitude. Prune Non-SW By contrast, retaining the super weight and instead pruning the other 7,000 largest-
magnitude weights marginally affects quality. In other words, a single super weight is more important than even
the top 7,000 largest weights combined. (Section[3.2)) Prune SW, +SA: Pruning the super weight but restoring
the super activation partially recovers quality. Note that quality is still drastically impaired however, so we
conclude that super activations only partially explain how super weights operate. This also shows that super
weights and super activations both need special handling, to preserve quality.
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Figure 4: The super activation per-
sists throughout the entire model, at
exactly the same magnitude, start-
ing after Layer 2. Pruning the su-
per weight decreases the super acti-
vation’s magnitude by 75%.
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Figure 11: Output token distribution before and after removing the super weight on Llama-7B.
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Figure 6: Amplifying super weight improves quality. Across model sizes, we consistently observe that there
exists some scaling where quality is improved. Although the quality improvement is miniscule. a consistent
and noticeable trend is surprising, given we're changing only one scalar out of billions. The purple line is the
original model’s zero-shot average accuracy.

Figure 8: Amplifying super weight improves quality. Full results for scaling super weight from 0 10 3.
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PPL (]) Llama-7B Llama-13B Llama-30B
Wiki-2 C4 Wiki-2 C4 Wiki-2 C4
FP16 5.68 7.08 5.09 6.61 4.10 5.98

Naive W8AS 5.83 (0%) 7.23 (0%) 5.20 (0%) 6.71 (0%) 4.32 (0%) 6.14 (0%)
SmoothQuant  5.71 (100%) 7.12 (100%) 513 (100%) 6.64 (100%) 4.20 (100%) 6.06 (100%)
Ours 5.74 (75%) 714 (82%)  S5.15(71%)  6.66 (71%) 422 (83%)  6.08 (75%)

Table 3: Round-to-nearest with super-activation handling is competitive. W8AS is the baseline 8-bit weight
and activation quantization, and the small italicized, parenthesized percentages denote what percentage of
SmoothQuant’s quality improvement is retained. We observe that a naive round-to-nearest, while handling
a single scalar super activation per tensor, is competitive with SmoothQuant. Note that SmoothQuant uses
calibration data to compute scales, whereas our method does not require data.
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Figure 7: Restoring super weight improves block scaling. Smaller block sizes are often used to handle
outliers implicitly. We note that block sizes can scale slightly more gracefully by just handling the single
scalar-valued super weight,
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Figure 1: Differences between low-rank adaption method LoRA and SMT. Upper picture dedicates
adaption approach in LoRA and lower picture represents the sub-matrices sparsity approach in SMT.
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@ Linear Weight Matrices (b) — — ot ' :
T :H q X by, fbys a‘z/ Table 1: The experiments involved Full
al N I Fine-Tuning, SMT, LoRA, and DoRA
d .——h: _oz _ — |- - on 4x A100 40GB GPUs using data par-
H [ f=rt=>|O S ] allel, with a batch size of 16. Communi-
! | a}a IBl==aSr catio.n betw.een the GPU and CPU was
. s : Y facilitated via PCle-G4.
Unselected sub-Matrix [_] — — L= Gradient Matrix —
x LLaMA-7B
Figure 2: (a) A sparse weight matrix W. The green sub- PEFT method  #Params% Time/s Speedup
matrices with significant gradients can be updated. (b) s -
Backward propagation calculation for partial gradient LoRA 196 1782 13.6x
for weight matrix w. (c) Computation graph in auto- DoRA 1.27 18.04  13.5%
differential systems.
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Model PEFT method #Params% BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-¢c OBQA AVG

ChatGPT(175B) - = 73.1 854 685 785 66.1 89.8 799 748 77.0
LoRA(Best) 0.83 675 808 782 83.4 80.4 78.0 62.6 79.1 763
LLaMA-7B DoRA(Best) 0.84 69.7 834 786 87.2 81.0 81.9 66.2 792 784
SMT 084 687 817 783 916 78.8 84.1 687 774 7187 @ LLaMA2-TB
SMT(Best) 491 720 829 80.7 93.3 824 86.1 70.6 83.0 814 —— SMT T
Full Fine-tuning 100 699 842 789 923 83.3 86.6 72.8 834 814
LoRA(Best) 0.67 72.1 835 805 90.5 83.7 82.8 68.3 824 805 g 3
LLaMA-13B DoRA(Best) 0.68 724 849 815 92.4 842 84.2 69.6 828 815 g s
2 SMT 0.68 71.1 844 817 93.7 832 867 737 852 824 E E
SMT(Best) 491 726 86.1 819 95.0 86.1 88.2 717.1 874 843 < &
LoRA (Best) 0.83 698 799 795 836 82.6 798 647 810 776 B ="
LLaMA2-7B DoRA(Best) 0.42 720 831 799 89.1 83.0 84.5 71.0 81.2 805 3
i SMT 0.84 720 838 808 93.3 82.8 86.7 74.0 81.0 818 | | | 1 A
SMT(Best) 491 726 852 820 94.4 85.7 87.8 745 85.0 834 : xl'arams (‘, %) ¢ . ll’ (‘o %) ‘ '
Full Fine-tuning 100 728 834 787 92.7 85.5 862 747 834 822 ¢ e d X
LoRA (Best) 0.70 70.8 852 799 91.7 84.3 84.2 712 790 80.8 Figure 3: Accuracy comparison of LoRA, DoRA, and SMT under different scaling of trainable
LLaMA3-8B DoRA(Best) 0.71 746 893 799 95.5 85.6 90.5 80.4 8§58 852  parameters on commonsense reasoning datasets.
2 SMT 0.71 7577 884 R14 96.2 88.2 92.7 83.2 88.6  86.8

SMT(Best)) 3.0 75.1 89:9 824 96.3 88.8 92.6 82:8 89.6 87.2
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Table 4: Fine-tuned LLaMA-7B - N

- model performance on Commonsense. Figure 4: A visualization of trainable Q, K, V layers when fine-tuning :Eﬁ:ﬁj Z:?;LZ‘;
AVG dedicates the average test score 0.86% trainable parameters on LLaMA-7B. LLaMA-7B has 32 layers of V Proj: 95.17%
- of eight subsets among Commonsense. MLPs, each contains a Q vector, a K vector, and a V vector. White layers (
MLP% and Attention% presents the are frozen and green layers contain trainable parameters.

percentage of trainable parameters ap-

pl)" to MLPS and attention mechanisms v ]DDDDDDDDDDD I:":": :":"] |:| I:":":":": \\ \
o e S NN NN NN NN RN NANANA NN NN NN NN N :_“]’;/,b |
e« IIOOOOIORORCOEREREOO0CORA0O000 of wainable parametes

g\lT(OM%) 042 04,-, 773 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 amongQ K V
LLaMA-7B 0.2 0.63 77.8 e

0 0.84 78.7
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Figure 3: The illustration of standard MoE (left) and PR-
MOoE (right).
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Figure 4: (a) The validation curves of training without dis-
tillation from scratch vs. performing knowledge distillation
for the entire pre-training process. In the figure the stu-
dent PR-MOoE is trained with 21-layer. KD helps initially
but starts to hurt accuracy towards the end of training. (b)
The validation curves of training the student PR-MoE with
staged knowledge distillation obtains almost the same vali-
dation loss as the teacher PR-MoE on 350M+PR-MoE.
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Table 2: Zero-shot evaluation comparison between standard MoE, PR-MoE, MoS.

Model (num. params) LAMBADA PIQA BoolQ RACE-h TriviaQA  WebQs
350M+MoE-128 (13B) 62.70 7459  60.46 35.60 16.58 5.17
350M+PR-MoE-32/64 (4B) 63.65 7399 59.88 35.69 16.30 4.73
350M+PR-MoE+L21+MoS (3.5B) 63.46 73.34  58.07 34.83 13.69 5.22
1.3B+MoE-128 (52B) 69.84 76.71 6492 38.09 31.29 7.19
1.3B+PR-MoE-64/128 (31B) 70.60 7775  67.16 38.09 28.86 7.73
1.3B+PR-MoE+L21+MoS (27B) 70.17 7769  65.66 36.94 20.05 8.22 <19 >
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Figure 2: Illustration of three components in LW2G. Before learning task 3, assume there are two sets
in P = {(p1, k1), (p2, k2)}. In P, blue represents frozen and unlearnable sets of prompts, whereas
red represents learnable sets.



