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Background

* Number of parameters in large language models such as
the latest GPT can range in the trillions

* Growing movement towards smaller, open-source, open-
weight models

* Mixed precision, quantization, low-bit numbers reduce
model size

* Qtorch+
* Posits
* Evaluating LLMs




Qtorch?2

* Fully compatible with Pytorch 2.4+

* Supports current SOTA models on HuggingFace
* Qtorch?

- Intercepts tensor operations in Pytorch

- Dequantizes values to FP32

- Performs model computations

- Converts results to FP32




Qtorch?2

* LM Evaluation Harness Integration

* Allows benchmarking on popular academic and industry
benchmarks

* Supports models on HuggingFace and local models

e Simulate quantization of SOTA models on latest
benchmarks



Qtorch?2

* Loading models in BFloat16 (work-in-progress)

p = bfloatlée posit8 quantize(a,nsize=8,es=1)
print{p.dtype)
print(p)

fod =

I

torch.bfloatlt

tensor([-20.0000, -16.0000, -15.0000, -12.0000, -10.0000, -7.5000, -5.0000,
-2.5000, 0.9000, 2.5000, 5.9000, 7.5000, 10.0000, 12.0000,
15.9088, 16.8008], dtype=torch.bfloatls)

p2= bfloatl6 posit8 quantize(a,nsize=7,es=1)
print(p2.dtype)
print(p2)

fod =

(W)

torch.bfloatlt

tensor([-16.0000, -16.0000, -16.0000, -5.0000, -6.0000, -4.0000, -6.0000,
-1.5600, ©.9000, 1.5000, 6.0000, 4.0000, 6.0000, §.0000,
16.8800, 16.8008], dtype=torch.bfloatlf)



Numerical Characteristics of Recent Al
models
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Activations across different inputs

Query Dataset Comparison - Layer Types + Overall
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Activations of different layers of the
same type in the same model

Layer Type Demonstration - Representative Layers (humaneval_instruct)
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Activations of different layers of the
same type in the same model

Activation 99th Percentile by Layer (humaneval_instruct)
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99th Percentile (log2)

Weights and activations of models of
different sizes in the same family
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99th Percentile (log2)

Weights and activations of models
same size of different families

Weight Properties Activation Properties

L]
24 24
(o]
@
e 9 e
1 1 °, S ge
8 Y
° 0
5 %
3 bt 1
0 2 o o o'9°
= L e e
2 o &
=
: Re
& €
1 B 4 ®
[
g [ ]
] o
—24 21 e o
—3 —34
T T T T T T T T T T T T T T
-7 -6 -5 -4 -3 -2 -1 -7 -6 -5 -4 -3 -2 -1
Median log2(abs(value)) Median log2(abs(value))
Layer Types
@ up_proj @ o _proj @ down_proj @® gate_proj © v_proj @ g proj @ k proj

Model — Deepseek R1 1.5B

99th Percentile (log2)

‘Weight Properties Activation Properties
2 2+
1 1
0 S 04
El
2
z
=1 i :
2 0®
& ®
-2 ? =2 )
>
-3 ] =31
—4 —44
=51 T T T T T T =51— T T T T T T
-7 -6 -5 -4 -3 -2 -1 -7 -6 -5 -4 -3 -2 -1
Median log2(abs(value)) Median log2(abs(value))
Layer Types

® v proj © down proj @ up proj ® qprof © gate_proj © o _proj © kproj

Model — Qwen 2.5 1.5B



Summary of Observations

* Activations and weights have different numerical
characteristics

e Variation of numerical distribution across different
benchmarks is small

* There is some variation across layers based on their layer
index => Exponent scaling

* Models in the same family display similar numerical
behavior



Experiments

1 - Standard posits, gradually reduce bitwidth
2 - Apply exponent scaling

* Models - Gemma 1B & 4B, Qwen 2.5 1.5B, Deepseek R1
1.5B

* Benchmarks - ARC Challenge, GPQA Diamond



Results - ARC Challenge

Original|P(8,1,1)|P(8,1,2) |P(6,1,1) |P(6,1,2)|P(4,1,1)|P(4,1,2) |P(3,1,1) | P(3,1,2)
Gemma 3 4B 53.3 | 51.9 | 524 | 293 | 286 | 20.7 | 215 | 225 | 234
Gemma 3 1B 352 | 356 | 36.3 | 21.3 | 21.2 | 21.0 | 226 | 218 | 221
Qwen 2.5 1.5B 392 | 82.0 | 294 | 198 | 288 | 224 | 21.2 | 227 | 237
DeepSeek R1 1.5B| 323 | 26.1 | 29.9 | 201 | 195 | 228 | 233 | 253 | 21.7

P(8,1,1) => 8-bit posits, weight exponent = 1, activation exponent = 1




Results - GPQA Diamond

Original|P(8,1,1)|P(8,1,2) |P(6,1,1) |P(6,1,2) P(4,1,1)|P(4,1,2) |P(3,1,1)|P(3,1,2)
Gemma3 4B 354 | 31.8 | 29.8 | 303 | 263 | 182 | 273 | 23.7 | 268
Gemma3 1B 242 | 242 | 232 | 242 | 30.3 | 258 | 247 | 19.2 | 232
Qwen 2.5 1.5B 247 | 232 | 24.2 | 217 | 242 | 222 | 26.8 | 202 | 187
DeepSeek R1 1.5B| 31.3 | 29.8 | 26.8 | 26.8 | 29.8 | 247 | 202 | 28.3 | 21.7




Results - ARC Challenge with scaling

P(8,1,1)-(5,1)|P(8,1,1)-(5,2) |P(8,1,2)-(5,1) | P(8,1,2)-(5.,2)

emma 3 4B h2.4 51.5 53.2 53.3
emma_ 3 1B 35.3 34.5 35.1 35.6
Qwen 2.5 1.5B 32.7 38.4 30.6 28.8

DeepSeek R1 1.5B 24.6 23.5 30.2 27.0




Results - GPQA Diamond with scaling

P(8,1,1)-(5,1)

P(8,1,1)-(5,2)

P(8,1,2)-(5,1)

P(S,l,?)-(5,2)

Gemmad 4B 33.3 30.3 36.4 34.3
Gemmad 1B 22.7 27.8 24.7 25.3
Qwen 2.5 1.5B 24.2 22.2 28.3 30.3
DeepSeek R1 1.5B 26.8 28.8 27.8 27.8

P(8,1,1)-(5,1) => 8-bit posits, weight exponent = 1, activation exponent = 1, weight bias = 5, activation bias = 1




Results - HumanEval

Original|P(8,1,1)|P(8,1,2)|P(6,1,1)|P(6,1,2)|P(4,1,1)|P(4,1,2)
Qwen 2.5 coder 1.5B| 63.4 16.5 1.8 0.0 6.1 0.0 0.0
Gemma 3 4B 66.5 63.3 67.7 4.9 0.6 0.0 0.0

Without exponent bias

P(8,1,1)-(5,0)

P(8,1,1)-(5,2)

P(8,1,2)-(5,0)

P(8a 132)_(5:12)
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Discussion & Future Work

* Enhancements to simulation of next-gen numbers with
Qtorch?2, integration with LM evaluation harness

* Selected posit configurations can be generalized with
exponent bias

* Further bitwidth reduction with layer-wise exponent bias

* Test newer variations of posit and other number
representations



