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Abstract
A mechanism known as "stable float" was introduced in JVET-AO0178 where it was reported to facilitate inference on GPU devices for neural network-based coding tools using a floating-point data format. The stable float approach is reported to enable cross-device reproducibility across various computing environments by using integer components within convolution operations while utilizing floating-point numbers for other operations. It is reported that several concerns regarding the stable float method and IEEE 754 standard were raised during the JVET-AO meeting review of the proposal. This document is reported to address these concerns and to provide the proof of the overflow-free property of the proposed method.
V2: editorial changes and more information on IEEE 754 standards on rounding operations.
Introduction of stable float method
Neural networks (NNs) have been widely used in computer vision tasks as well as in image and video compression. Various NN‑based coding tools, including loop filters, intra prediction, and deep reference frame generation, have been studied in recent JVET exploration activities. Typically, NNs are trained using floating‑point numbers. Since bit‑exactness across different inference environments is mandatory for video codecs, NN parameters are quantized and inference is performed using integer numbers. 
During JVET exploration activities, SADL has been developed to support NN inference using integer arithmetic. To prevent significant performance loss, weights and biases are represented using int16, and convolution accumulation is performed using int32. However, the int16/int32 combination is not commonly supported in mainstream GPU/TPU systems, such as Nvidia GPUsNevertheless, software support for conducting inference on GPU with int16 or int32 is very limited. This limitation prevents encoding/decoding time measurements on GPU platforms, where NNs are typically used.
In [1], a stable‑float method was introduced for performing NN inference using floating‑point numbers. The proposed method uses the mantissa bits of floating‑point numbers for convolution calculations while keeping other operations in original floating‑point format. With the proposed mechanism, the NN-based tools can be evaluated on GPU devices for complexity and measuring more accurate and reliable decoding time. 
It is commonly understood that floating‑point numbers cannot achieve bit‑exact reproducibility across different computational environments. One of the reasons is the convolution operation, which is computed as the summation of the products of two input tensors. Although the product of two floating‑point numbers following IEEE 754 should yield the same result under certain conditions, the summation of a list of floating‑point numbers is not associative, i.e., it may generate different results when calculated in a different order. This can be expressed as:
(a+b)+c != a+(b+c)
We propose to use the mantissa bits and sign bit of float32 numbers for convolution operations to ensure that the summation within the convolution is performed using integers. Since the multiplication and summation of two floating‑point numbers are reproducible under certain conditions, we keep the bias addition and activation functions—such as ReLU, PReLU, and LeakyReLU—in floating‑point format.
Another important aspect of achieving bit‑exact reproducibility is the complete avoidance of overflow during computation. Integer values with magnitude up to 2^24 can be represented exactly in float32 format. During convolution operation, we carefully scale the operands to maximize accuracy while keeping the upper bound of the calculation below this maximum value. At inference time, we first compute the maximum absolute value of the activation map. Next, a scaling factor for the activation map is determined. After performing the convolution in integers, we apply the inverse of the scaling factors to obtain the final result.
To reduce inference‑stage complexity, the NN weights are converted into integers (stored in floating‑point format) offline, and the input activation maps are quantized to integers (also in floating‑point format) online. The pseudocode for the convolution operation is shown below. 

# given predetermined parameters factor_paf and fw
def conv(w, x):
  # w: quantized weights
  # x: input activation map

  x_max = x.abs().max()

  # determine scaling factor for x
  fx = factor_paf / (x_max + 1E-15)

  # quantize x
  x = round(fx * x)

  # perform convolution operation
  y = conv2d(w, x) 

  # apply the inverse of scaling factors
  y = y / (fx * fw)
  # apply bias
  y = y + bias

  return y
More details on the proposed method are available from [2].
 
Extra information about reproducibility 
IEEE 754 standard
IEEE 754 is the widely accepted standard for floating-point arithmetic operations. It specifies formats, rules for rounding, and operations such as addition, subtraction, multiplication, division, fused multiply–add, minimum, and maximum. Major hardware and software vendors—including Intel, AMD, Arm, and NVIDIA—support this standard.
The official standard text is available at https://ieeexplore.ieee.org/document/4610935/.
Additionally, ISO/IEC/IEEE 60559:2011, which is identical in content to IEEE 754-2008, has been approved for adoption through ISO/IEC JTC1/SC25.
Bit-exact reproducibility 
The stable float method utilizes the integer components of floating-point values for convolution operations. Bit-exact reproducibility is maintained through integer calculations, provided overflow does not occur during computation. For other operations—such as scaling, bias addition, and rounding from floating-point numbers to integers—the method employs floating-point arithmetic.
IEEE 754 standard specifies that “All conforming implementations of this standard shall provide the operations listed in this clause for all supported arithmetic formats, except as stated below. Each of the computational operations that return a numeric result specified by this standard shall be performed as if it first produced an intermediate result correct to infinite precision and with unbounded range, and then rounded that intermediate result, if necessary, to fit in the destination’s format (see 4 and 7).” 
Bit-exact reproducibility can be achieved with restrictions in addition to the IEEE 754 standard. For instance:
· Using only operations defined in IEEE 754 clause 5.
· Enforcing the rounding mode to be the default mode, i.e., roundTiesToEven.
· Mandating binary32 (float32) formats for intermediate data.
The stable float method uses addition, multiplication, division between two float32 numbers, as well as max and round operations, all of which are specified in clause 5. IEEE 754 defines 4 mandatory rounding modes for some operations(Clause 4.3). The roundTiesToEven mode is the default across platforms (Clause 4.3.3). Underflow exception handling is mandated by IEEE 754 standard (Clause 7.5).  Exception and Ooverflow avoidance during calculations are addressed through careful algorithm design.
Testing across various platforms indicates that these restrictions are already enforced in both software and hardware implementations. Consequently, bit-exact reproducibility has been consistently achieved in all tested environments.
Proof of overflow avoidance
In this section, we prove overflow avoidance of the stable float method. We demonstrate the derivation of scaling factors by ensuring that the worst-case scenario remains free from overflow.
In general, a convolution operation can be expressed as , where . An overflow happens when the final or an intermediate result exceed the limit of the computing system. Let U be the limit of the computing system. An overflow happens when the magnitude of the final or intermediate results exceeds U, for example, . 
Let x be the input to a convolution operation, and w be the weight. The stable float convolution operation can be expressed as 

Where  and  are positive scaling factors, and  is rounding operation. 
Let z be the final or any intermediate result during the calculation, it is obvious that 

From  for any real number a, we have 

Let , we have

Let  , and . Overflow can be avoided as long as 

We introduce a precision allocation parameter , and let  and  . We can derive


This process demonstrates how to determine scaling factors for x and w to prevent overflow during calculations. For the float32 number format, the calculation limit U is 2^24.
Conclusion
In this contribution, we address some concerns about the bit-exact reproducibility of the stable float method and provide proof of overflow avoidance of the proposed method. 
The authors would like to contribute the software to NNVC as an optional neural network inference mechanism. This will enable JVET experts to further examine the approach, improve upon it, and optionally report runtimes of neural network-based coding tools on GPU platforms.
It is further noted that current technologies included in NNVC exploration software, such as the LOP, may not be bit-exact as overflows are not properly handled or avoided. 
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