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Abstract

Quantization of weights and activations is crucial in ensuring efficient inference for large
machine learning models. Different operations within a machine learning model vary in
their sensitivity to quantization; some introduce significantly more error than others. Mixed
precision quantization methods aim to leverage this observation to improve model efficiency
without causing a significant drop in the model’s performance. We propose an optimization-
based method, called FINEAMP, that automatically determines bit-width assignments for
individual operations. We show that fine-grained, per-operation bit-width assignments
result in lower on-device latency compared to coarser, uniform bit-width strategies.

1. Introduction

Diffusion models have achieved remarkable success in generating images with both high
fidelity and diversity (Ho et al. (2020); Song et al. (2020); Rombach et al. (2022)). Running
diffusion models on mobile devices is challenging due to intensive computational and memory
demands. Quantization offers a promising solution by reducing model size, latency, and
power consumption, making on-device deployment more feasible.

Mixed precision quantization provides flexibility to select different bit-widths for different
operations or layers, depending on the granularity that the target hardware allows. We
propose a fine-grained mixed precision algorithm that assigns bit-widths for each operation.
We call this algorithm FINEAMP, short for fine-grained automatic mixed precision. Bit-width
selection for mixed precision is a combinatorial problem since each operation’s bit-width is
to be selected from a discrete set of options. Because modern machine learning models such
as SDXL (Podell et al. (2024)) have a total number of operations that scale to thousands,
finding the optimal set of bit-widths for all the operations (that satisfy a given accuracy
requirement) is computationally intractable. Remarkably, we demonstrate that with only a
small number of accuracy evaluations (on the order of tens), it is possible to estimate the
quantization sensitivities of thousands of operations.

We list the main contributions of this paper as follows.
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e Scalable mixed precision: We have formulated a quantization sensitivity estimation
algorithm to efficiently generate fine-grained mixed precision profiles.

e Better compute and accuracy trade-off: We have shown through numerical
simulations that our method achieves a better trade-off between computational cost and
accuracy compared to previous operation-type based coarse mixed precision methods.

e Reduced latency on device: We have verified that our algorithm can generate mixed
precision profiles that achieve significant latency reductions on a mobile platform.

e Conversion cost control: We have proposed an integer linear programming (ILP)
based conversion cost control algorithm that leads to additional reductions in latency
by modifying mixed precision profiles to reduce the bit-width conversion cost (see
appendix).

2. Scalable mixed precision

The high number of operations in a large model makes it computationally intractable to
measure the quantization sensitivities of each operation. Conducting sensitivity analysis for
each quantized operation in the Unet in the SDXL model (Podell et al. (2024)) could take
several days to complete, even when using an A100 GPU with 80 GB of memory and just 10
prompts. Our method shortens the measurement time by estimating fine-grained sensitivities
from aggregate sensitivities through the optimization problem that we will introduce in this
section.

The proposed algorithm, FINEAMP, consists of 3 stages. In the first stage, we collect
aggregate SQNR values for groups of operations. More precisely, given a group of operations,
we disable quantization for all operations except for the ones in the group, and evaluate
the model output. This output is the noisy model output y. We also evaluate the full

precision model output y. Then we compute the SQNR using SQNR := 101log; Hgﬂj‘%. This
aggregate SQNR computation tells us how sensitive the operations in the given group are to
quantization when they are simultaneously quantized. In the second stage of FINEAMP,
we solve an optimization problem to estimate the individual (per-operation) SQNR values
from the aggregate SQNR values collected in the first stage. The final stage simply assigns

bit-widths to individual operations based on the estimated SQNRs.

Aggregate sensitivity evaluations. The key idea behind collecting aggregate sensitivity
evaluations is to group operations that may exhibit similar quantization sensitivities. For the
Unet model in SDXL, we construct the groups (i) based on the operation types such as soft-
max, convolution, matmul, and (ii) based on the blocks: down blocks 1, down blocks 2,
up_blocks 1. One could devise other ways of constructing groups such as random sampling.
However, randomly constructed groups may combine operations with high and low quanti-
zation sensitivity. This could make it harder for the optimization problem to identify the
individual error contributions from each operation.

Assuming we construct d groups, we need to run d X p forward passes (assuming batch
size is 1) to collect the aggregate SQNR values, where p is the number of prompts. For the
Unet model in SDXL, the number of operations (excluding the data movement operations
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such as transpose, reshape, permute, etc) is approximately 2000 while we construct d = 40
groups based on the above recipe. The computational cost associated with the collection of
SQNR values is reduced by 98%.

Optimization problem for estimating fine-grained sensitivities. The second stage
decomposes the aggregate SQNRs into individual per-operation SQNRs using an optimization
problem that we have formulated and will describe in this subsection. The input is the
aggregate SQNRs for each group of operations and the output is an estimated SQNR for
each operation.

We first state the optimization problem formulation and then describe the variables and
constraints:

i 21 = 3 = g

1E€[N]
st. 1077 < 2 < 1, Vi € [N] 2)
Rp/o,j Bo/0,j
1079077 < Y 5 <1010 7, V) € [d] (3)
’L'GSb/O’j
107 2, < 2,0, <1072, Vi € [no], Vk € [|Tj| — 1] (4)
2 = 2z, Vi, i € Sp,j N Sojr, VY € [np)], Yk € [no] (5)

where z; € R is t7h_e decision variable corresponding to the quantization noise for operation
i (ie., z; = 1077, where r; is the SQNR when quantizing only operation i, and 7 is a
hyperparameter). Above, we assume that the total number of operations is N, and n;, /o 18
the number of blocks or operation types. &/, ; denotes the set of operations of block or
operation type j while Ry, ; is the corresponding aggregate SQNR. € is a tolerance parameter
ensuring solution feasibility.

We have the ¢1-norm of the noise vector z in the objective in (1), which promotes sparsity
among the noise terms. This is to enforce the assumption that many operations are not
sensitive to quantization. Since quantization noise for those operations is small, we can
leverage the sparsity and put emphasis on the potentially more sensitive operations. The
constraints in (2) define the range for the variables z;. The constraints in (3) enforce the
relationship between the individual per-operation SQNRs and the aggregate SQNRs, which
has first been derived by Lin et al. (2016):

T R 0,j
S 10 F a 10 (6)

iESb/DJ

The constraints in (4) enforce that adjacent occurrences of the same operation type
exhibit similar sensitivity to quantization. The strength of this constraint is controlled by a
hyperparameter L. We find that a good value for the parameter is L = 0.4 and we set L = 0.4
across all experiments. The constraints in (5) reduces the search space of the optimization
problem by leveraging that the operations of the same type and block are indistinguishable
from the quantization sensitivity perspective. We solve the linear program (1)—(5) using
CVXPY (Diamond and Boyd (2016); Agrawal et al. (2018)) and the CBC solver (CBC
(2025)). Once we solve the optimization problem for the noise vector z, we map it into SQNR
using the element-wise formula —7log;y(z).
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Figure 1: Average image-level SQNR (across 10 prompts) in dB as a function of number of
operations at 16 bits for the Unet of the SDXL model. The right-most point shows
when all operations are quantized to W8A16.

Bit-width assignments. Stage 2 returns a list of estimated SQNR values for each operation
by solving the problem in (1)-(5). Since we have considered two bit-width options (8 bits and
16 bits) in our experiments, the assignment of bit-widths given the sensitivity list can be done
in a straightforward way as follows. We set a threshold Sy, and assign 16 bits for operations
with estimated SQNR below the threshold, and 8 bits for the remaining operations. We vary
the threshold to obtain accuracy-complexity trade-off curves for FINEAMP, which are shown
in Section 3.

3. Experiments

Experimental setup. We use AIMET (Siddegowda et al. (2022); AIMET (2025)) to
simulate the accuracy of mixed precision profiles. We leverage the model export capability
of AIMET to generate files for on-device execution of models. We evaluate the quality of
the generated images under different quantization schemes using the metrics SQNR, PSNR
(peak signal-to-noise ratio), LPIPS (Zhang et al. (2018)), and HPSv2 (Wu et al. (2023)). We
apply FINEAMP to SDXL with 20 diffusion steps and LCM SSB-1B (Luo et al. (2023)) with
4 diffusion steps.

We keep the text encoder and VAE components of the models at floating point precision
while we execute Unet using fixed-point mixed precision (INT8, INT16). All weights are
quantized to INTS; mixed precision is applied only to activations. Unet is the most compute
intensive component and needs to be run multiple times.

Compute-accuracy trade-off. Figure 1 shows the average image-level SQNR as the
performance metric on the vertical axis and the number of operations at 16 bits on the
horizontal axis. The number of operations assigned to 16 bits can be thought of as a proxy to
the latency of the resulting mixed precision profile. The red curve with square markers shows
the accuracy for different mixed precision profiles obtained by setting different thresholds in
FINEAMP. The blue dashed curve serves as an upper bound and is obtained by measuring
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the individual operation sensitivities (the evaluation of individual operation sensitivities takes
a few days to complete and is only done to compute the upper bound). The green dotted
line is the baseline where the bit-widths are determined based on the aggregate SQNRs of
operation types. This corresponds to what is commonly done in practice. By moving to a
finer-grained bit-width assignment scheme, we obtain a significantly better curve than the
green dotted curve.

Figure 1 demonstrates that for a given budget for the number of 16 bit operations,
assigning bit-widths on the operation level (i.e. fine-grained) rather than operation-type level
(i.e. coarser) leads to a significantly higher accuracy. Another way to interpret this result is
that for a given accuracy requirement, FINEAMP can find a mixed precision profile with
more operations quantized to 8 bits.

Accuracy simulations. Table 1 shows the accuracy evaluations for different mixed pre-
cision quantization schemes as well as the baselines of FP32, W8AS8 and W8A16. The
third column shows the percentage of operations that run at 16 bits. Table 1 confirms
that different metric evaluations are in consistency with the SQNR evaluations in Figure 1.
FINEAMP enables us to find fine-grained bit-width assignments with improving accuracy as
the threshold is increased.

Table 1: Accuracy metrics across 71 prompts. FINEAMP(28) denotes the FINEAMP algo-
rithm with a threshold of 28. Standard deviations are reported for each metric.

Model Quantization profile ‘ % of 16 bit ops ‘ PSNR (dB) 1 HPS 1 LPIPS |
SDXL - Unet FP32 N/A N/A 0.317 £0.037 N/A
WS8A16 100% 29.1+£3.5 0.317+0.031 0.055 + 0.031
FINEAMP (28) 44.0% 259+28 0.317+0.036 0.091 £0.035
FINEAMP (26) 42.9% 249+25 0.307+0.037 0.112+0.036
WS8AS 0% 10.3+1.0 0.131 +£0.021 0.51 £ 0.06
LCM-SSD-1B - Unet FP32 N/A N/A  0.294 £+ 0.040 N/A
WS8A16 100% 27.8 £2.4 0.294 +0.040 0.065 £ 0.025
FINEAMP (26) 78.1% 25.7+2.7 0.293+0.040 0.087 +0.032
FINEAMP (24) 55.4% 24.0+2.4 0.2924+0.040 0.113 +0.040
WS8AS 0% 11.3+1.6 0.154+0.037 0.480 £ 0.041

On-device evaluation results. Table 2 shows latency results for a single forward pass of
the Unet model of SDXL when deployed to a device with Snapdragon(®) 8 platform!. The
first column is the threshold that we use in determining bit-widths; if the estimated SQNR
for an operation is lower than the threshold, we select 16 bits for that operation, otherwise
it is quantized to 8 bits. The second column shows the latency on the hardware. The last
column is the simulated accuracy for the corresponding mixed precision profile. Table 2
shows that FINEAMP can generate mixed precision profiles that run faster on device than
W8A16 while maintaining high image quality. Higher thresholds worsen the latency due to
more 16-bit operations.

Typically image-level SQNRs above 15-16 dB indicate that the visual distortions in the
generated images due to quantization are minimal and are hard to spot. As can be seen in

1. Snapdragon is a product of Qualcomm Technologies, Inc. and/or its subsidiaries.
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Table 2: On-device latency for a single SDXL Unet step under mixed precision profiles from
FINEAMP, with simulated image-level SQNR (dB) averaged over 10 prompts.

Threshold (dB) Latency (sec) Image SQNR (dB)

0o (WBA16) 0.607 22.2
30 0.608 20.3
28 0.583 18.3
26 0.504 17.2
24 0.489 16.6
20 0.447 124

Table 2, when the threshold is set to 24, FINEAMP generates a mixed precision profile that
achieves an image-level SQNR of 16.6 dB with a latency of 0.489 seconds, 19.4% lower than
running all operations in W8A16. We show in the appendix that the latency can be further
reduced by utilizing our conversion cost control algorithm, leading to a very efficient and
accuracy-preserving quantization scheme.

4. Conclusion

Quantization is key for deploying AI on limited-resource devices. While manual bit-width
tuning is common, automatic mixed precision simplifies the process. Our method efficiently
estimates operation sensitivities with minimal accuracy evaluations, enabling faster search
and hardware-friendly profiles with improved latency.
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Appendix A. Preliminaries

In this section, we provide background on diffusion models and post-training quantization as
well as provide relevant references to prior work.

A.1. Diffusion models

Diffusion models synthesize images through a Markov chain. The forward diffusion process
gradually adds Gaussian noise to data point xy over T iterations, producing noisy samples
x1,...,x7 through the transition given by:

(@ | 1) = N(V1 = Bz, B), (7)

where 0 < B¢ < 1 denotes the variance schedule, controlling the magnitude of Gaussian noise
added at each step. As T'— oo, &y converges to the standard Gaussian N (0, I).

The reverse process progressively denoises a sample initialized from xp ~ N(0,1) to
generate high-quality images step by step. However, since the true reverse conditional
distribution g(x;—1 | ;) is unavailable, Ho et al. (2020) introduced a reparameterization
trick that approximates g(a;—; | ;) via a learned Gaussian distribution:

Bt
wt—mﬁe(fﬂnt) 1—ap >
(LIS AR ), ®

where €g(x;,t) is a neural network with parameters @, and a; := [['_,(1 — ).

In practice, the Unet architecture (Ronneberger et al. (2015)) has become the predominant
choice for the noise estimation network eg(x,t) in diffusion models (Ho et al. (2020); Song
et al. (2020); Rombach et al. (2022); Saharia et al. (2022); Podell et al. (2023)), though recent
works have started investigating Transformer-based alternatives (Peebles and Xie (2023)).

A.2. Post-training quantization

Quantization process. Quantization maps floating-point numbers to values from a finite
discrete set. A widely used post-training quantization technique is uniform quantization:
Given a floating-point tensor «, a scale factor o > 0, a zero point z € R, and a bit-width
b € N, the uniform quantization process can be expressed as:

%::a-(chpqa+z,0,2b—1)—z), 9)

where |-] denotes the rounding operator. These parameters are calibrated using the weight
and activation distributions obtained during the post-training quantization process. The
rounding operator |-] can follow different strategies, such as nearest rounding (Wu et al.
(2020); Xiao et al. (2023)) or adaptive rounding (Nagel et al. (2020)).

Quantization error. Quantization error refers to the impact of quantizing an operation
on the overall model accuracy. Lin et al. (2016) uses the Signal-to-Quantization-Noise Ratio
(SQNR) as a metric to quantify quantization error. If y and y are the outputs without and
with quantization, respectively, then the SQNR is defined as

lylg
5 - vl3

SQNR = 1010g10 (10)

10
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Lin et al. (2016) also theoretically derives a formula that characterizes the relationship
between the SQNRs when quantizing individual operations and the SQNR when quantizing
the entire model. We leverage their formula in our optimization problem formulation in
Section 2.

A.3. Mixed precision quantization

Automatic mixed precision. To achieve a balance between computational efficiency and
quantization error, mized precision can be leveraged, where a different bit-width is assigned
to different components in a model. The optimal bit-width assignments for a model do not
necessarily carry over to other models. Automatic mized precision (AMP) algorithms aim to
determine the optimal assignments automatically. Many AMP methods have been proposed
in the literature, including optimization-based methods (Lin et al. (2016); Liu et al. (2021);
Chen et al. (2021); Wang et al. (2021)), search-based methods (Wang et al. (2019); Wu
et al. (2018)), and higher-order methods (Dong et al. (2019); Ma et al. (2023); Pandey et al.
(2023)).

Zhao et al. (2024) proposes MixDQ), an integer programming-based method for determining
mixed-precision configurations. Like many prior works on mixed precision for large models,
MixDQ does not quantize all operations to integers; instead, it retains FP16 implementations
for certain operations such as layer-norm and non-linear activations. In contrast, our approach
quantizes all operations to either 8-bit or 16-bit integers, completely eliminating floating point
operations. This distinction is significant, as operations like normalization and activations
(e.g., softmax) are often computationally expensive. Executing them in floating point on
mobile devices can substantially degrade latency.

Furthermore, some methods report acceptable SQNR even with 4-bit quantization or
lower. However, this is often due to: (1) the use of training-based techniques, which are
beyond the scope of this work, or (2) the incorporation of low-rank branches (e.g., Li et al.
(2025)) to mitigate quantization error which is an approach that introduces considerable
overhead and hardware-specific implementation challenges.

Many AMP algorithms rely on a step where the quantization sensitivities of different
operations or operation types are measured. Measuring the sensitivity of an operation to
quantization may require multiple inferences. One standard approach to obtaining the
quantization sensitivity for an operation is to quantize the given operation while the rest of
the operations run in full precision. The goal here is to measure the impact of quantizing that
operation on the final model output while the rest of the model remains unchanged. In order
to avoid many inferences, existing works focus on operation-type based mixed precision. For
a given large model, usually INT and FP precision are mixed to achieve good accuracy, and
the decision of how to mix is based on expert knowledge on model structure and empirical
analysis.

Fine-grained AMP. Fine-grained AMP seeks to assign different bit-widths to individual
operations, offering a better precision—efficiency balance compared to layer-level (or operation-
type level) AMP. However, as discussed above, existing AMP methods face scalability
challenges due to their dependence on the number of quantized operations. Consequently,
existing methods become prohibitively expensive for fine-grained AMP on large diffusion
models with thousands of operations. In stark contrast to existing approaches, our method

11
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requires significantly fewer model evaluations than the number of quantized operations,
enabling it to efficiently scale to large diffusion models with thousands of operations.

Conversion cost. When a model employs mixed precision, conversions between different
precisions incur additional computational cost. Yao et al. (2021) emphasizes the problem
with conversion cost causing extra overhead, which is an aspect that is typically neglected by
many prior works in the literature. We formulate an integer linear programming (ILP) based
solution to address the conversion cost problem in Section B and verify that it brings latency
benefits.

On the metrics. It is important to note that SQNR directly measures the similarity
between images generated by the quantized model and those produced by the floating point
implementation. Unlike many commonly used metrics in prior work, which assign separate
scores to the floating point and quantized outputs, SQNR compares the images pixel by
pixel. The closeness of individual scores does not necessarily imply visual similarity between
the images. Since the primary goal of post-training quantization is to preserve the original
model’s output as much as possible, comparing the images themselves offers a more reliable
assessment than comparing separate evaluation scores. For this reason, we highlight SQNR
as the preferred metric for evaluating image quality, while also reporting results for other
widely used metrics.

Appendix B. Conversion cost control

The main body of the paper has focused on assigning bit-widths based on the quantization
sensitivity of operations. Bit-width conversions themselves can be viewed as separate
operations that take up processor cycles. Having too many high-cost conversions leads to
a significant latency increase. This section tackles the problem of reducing the conversion
cost given a mixed precision profile. By design, the accuracy of the solution produced by the
conversion cost control algorithm is as good as or better than the mixed precision solution
we start with.

We do not model the accuracy explicitly in the formulation of the conversion cost control
algorithm, but rather build our design on top of an existing mixed precision solution, which
could be obtained through any mixed precision algorithm such as the one we presented in
Section 2. We will introduce an integer linear programming (ILP) formulation to address the
conversion cost control. The decision space of the ILP formulation is restricted to moving
operations from lower bit-width to higher bit-width. This ensures that the accuracy of the
generated solution statistically should be at least as good as the initial mixed precision
profile, with an improved latency since we now reduce the bit-width conversion cost. More
precisely, the goal of the ILP formulation in this section is to minimize the increase in the
cost of the operations due to moving to higher bit-width while keeping the total conversion
cost under a fraction of the cost from the initial solution.

The algorithm requires only a computation graph G = (V, E') and an initial bit-width
assignment, where nodes v € V represent operations and edges (u,v) € E denote data
dependencies. The formulation below is general in the sense that it can work with any mixed
precision profile and any computation graph. Practitioners can also apply the conversion cost
algorithm to manually designed profiles to reduce latency by managing conversion overhead.

12



OPTIMIZATION-BASED AUTOMATIC MIXED PRECISION QUANTIZATION

For simplicity and consistency with the previous section, we will restrict the formulation
to mixed precision between 8 bits and 16 bits. We model the conversion cost as follows. Let
fuw denote the cost of conversion for the tensor between the nodes u and v and let C'y be
the total conversion cost for the initial mixed precision profile. We then limit the sum of all
tensor bit-width conversion costs to o x Cy, where a € [0,1]. The ILP formulation is stated
as follows:

minimize E(hvﬁng + hy16Y0) (11)
Y veV
subject to x, +y, =1,V eV (12)
yp =1, Vo € {u € V : init(u) = 16} (13)
Z [Ty — To| fup < aCy (14)
(u,v)eE
Ty, Yy € {0,1}, Yo € V. (15)

hyg and hy 16 in the objective shown in (11) denote the cost of running an operation v in 8
and 16 bits, respectively. The objective is the sum of costs for all the nodes v € V in the
graph.

The variables for the ILP are x, and ¥, defined for each node v. The variables ., and ¥,
are modeled as Boolean, i.e., 0-1, decision variables. An assignment of z, = 1 indicates that
the operation v uses 8 bits and y, = 1 indicates 16 bits. The constraints in (12) ensure that
a node cannot be assigned two different bit-widths. Next, (13) ensures that the only time we
change the bit-width for an operation is when we increase the bit-width from 8 to 16. The
notation init(u) indicates the initial bit-width assignment for node u. The conversion cost
control is achieved through the constraint in (14).

Since overall latency is a nonlinear (and unknown) function of bit-width conversion and
operation costs, it is challenging to determine a good balance between the total conversion
cost and operation cost. An effective value for a can be identified by evaluating mixed
precision profiles generated with various a values between 0 and 1, using on-device latency
measurements. The operation cost estimates h,g, hy 16 can be obtained from on-device
executions. Finally, as in Section 2, we solve the ILP using the CVXPY package with the
open-source CBC solver.

Appendix C. Numerical verification of the formula in (6)

Figure 2 is a numerical verification of the formula in (6). For this numerical verification, we
have collected data measuring the individual operation sensitivities for all the operations
and the aggregate sensitivities. The true aggregate SQNR and the computed SQNR using
the formula in (6) are plotted in Figure 2. This figure clearly demonstrates that the SQNR
aggregation formula provides a very good fit to the numerical data.

Appendix D. Additional numerical results

Example images. We provide some visual comparisons for models with different precisions
in this subsection. We show example images in Figure 3, which are generated by the SDXL
model under different quantization configurations for the Unet:
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Figure 2: The SQNR aggregation formula in (6) closely aligns with the numerical data.

e Image a was generated by the full precision model.

e Image b was generated using the operation-type based mixed precision profile (from
the green curve of Figure 1) with 1043 operations quantized to 16 bits.

e Image c was generated using a mixed precision profile that FINEAMP produces when
the threshold is set to 28. This mixed precision profile has 857 operations quantized to
16 bits.

a) FP32 (no quantization) b) Op-type mixed precision c) FINEAMP (28)

Figure 3: Example generated images using SDXL. The prompt is “a hyper realistic photo of
a beautiful cabin inside of a forest and full of trees and plants, with large aurora

borealis in the sky".

There are fewer distortions and artifacts in image ¢ compared to image b even though
the mixed precision profile for image b has more operations at 16 bits compared to image c.
This is consistent with the SQNR evaluations in Figure 1. Image c is more similar to the full
precision image than image b.

Impact of conversion cost reduction on latency. In this subsection, we investigate
the on-device latency impact of the algorithm introduced in Section B. We have sampled «
from the set {0.1,0.3,0.5,0.7,0.9} and deployed each corresponding mixed precision profile
on the hardware. In Table 3, we report the best latency out of the 5 for each mixed precision
profile. The first column shows the threshold used in FINEAMP and the second column
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Table 3: On-device latency results for bit-width conversion cost reduction.
Threshold (dB) Latency (sec) % Reduction Best «

0o (W8A16) 0.607 - -
30 0.573 5.8% 0.7
28 0.555 4.8% 0.7
26 0.502 0.4% 0.7
24 0.448 8.4% 0.9

shows the on-device latency for a single step of the Unet component of SDXL. The third
column shows latency reduction (%) over the original profile. The last column shows the
« value that gives the best latency on device. This shows that not a significant variability
exists in the lowest latency achieving «.

Table 3 illustrates that the conversion cost control algorithm introduced in Section B
is able to reduce the latency for different mixed precision profiles. Although the latency
gain is modest in some cases, it is worth emphasizing that the algorithm takes only a few
seconds to run and does not degrade the model performance since it only keeps or increases
the bit-width for any operation.

It is worth noting that in Table 2, the mixed precision profile of FINEAMP with threshold
30 has a higher latency than W8A16 (i.e. all operations run in 16 bits). This is due to the
large number of bit-width conversions that FINEAMP(30) profile has. In Table 3, we see
that a reduction on the conversion cost causes an overall 5.8% lower latency, reducing from
0.608 seconds to 0.573 seconds.
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