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Abstract. Multiplication is the most expensive arithmetic operation in a neural accelerator, and
the multiplier array is the circuit block that benefits most from an advanced fabrication node.
Ternary weight quantization constrains each weight to the set {−1, 0, +1}. Under this constraint a
weight–activation product reduces to a sign selection and the multiplier is no longer required. This
report reviews the resulting body of work. Section 2 states the review method and the first-order
energy model used for the quantitative estimates. Sections 3 and 4 give the ternary representation
and the quantization-aware training procedure that makes it accurate. Section 5 tabulates reported
results, including a language model that reaches full-precision quality at 1.58 bits per weight and a
vision-language-action policy that reports 11× lower memory and 4.4× lower latency. Section 6
develops the energy and storage accounting; under the model adopted here, replacing 32-bit floating-
point weights with ternary weights reduces weight storage by 20.3× and removes 100% of
multiplications. Section 7 surveys ternary-oriented silicon on 16–65 nm nodes. Section 8 states the
current gap between available models and available hardware. The report reports no new
experimental measurements; all figures cite prior work.

1. Introduction

Two quantities set the energy of a neural network evaluation: the cost of the arithmetic and the cost of
moving operands between memory and the arithmetic units. Within the arithmetic, multiplication is the
dominant term. Measured on a 45 nm process, a 32-bit floating-point multiply costs about 3.7 pJ and a 32-
bit floating-point add about 0.9 pJ; an 8-bit integer multiply costs about 0.2 pJ against 0.03 pJ for the
corresponding add[17]. The multiplier is also large and timing-critical. Because its speed and density
improve most with each process generation, it is the block that most strongly pushes an accelerator toward
a leading-edge, capital-intensive node.

Multiply-Free Neural Computation — Institute for Physical AI @ BMI · page 1 / 7



These costs matter directly for embodied systems, which must run within the power and thermal budget of
a body rather than a datacenter. A model that is affordable on a server may be inadmissible on a battery.
The relevant design metric becomes energy per decision, and that metric rewards any method that removes
multiplication. Ternary weight quantization is the most direct such method, and it is the subject of this
report.

2. Scope and method

This is a review. It surveys published models, training methods, and hardware for ternary and closely
related low-bit neural computation, drawing on peer-reviewed papers, preprints, and primary hardware
disclosures from 1958 to 2026. Selection favored primary sources for each claim and the earliest source
that established a method, so that the historical record is visible. The report states a research position in
Section 9 but reports no original experiments.

Quantitative estimates use a first-order energy model. Per-operation energies are taken from Horowitz's 45
nm survey[17] and are treated as fixed coefficients; weight-storage energy is taken to scale linearly with the
number of bits moved. The model counts multiply, add, and weight-fetch operations and ignores control,
activation storage, interconnect, and utilization. It is therefore an order-of-magnitude accounting, adequate
for comparing arithmetic families but not for predicting the performance of a specific chip. Two further
limitations apply. First, the field moves quickly, and several hardware results cited here are pre-silicon
simulations rather than measured parts; Section 7 marks this in each case. Second, reported model-quality
figures are quoted from the originating papers under their own evaluation protocols and are not re-
measured here.

3. Ternary weight representation

Let a linear layer compute y = W·x for a weight matrix W and activation vector x. In the full-precision case
each output element accumulates products Wij·xj, and each product is a multiply followed by an add:

EMAC = Emul + Eadd (1)

Ternary quantization restricts every weight to w ∈ {−1, 0, +1}. The product w·x then takes one of
three values and requires no multiplier:

w · x =  +x  if w=+1 ;   0  if w=0 ;   −x  if w=−1 (2)

The canonical construction is absmean quantization[2]. A single scale γ is set to the mean absolute weight,
each weight is divided by that scale and rounded to the nearest ternary value, and the scale is reapplied
once at the output of the dot product:

γ = (1/n) Σi |Wi| ;   Wq = clip( round(W / γ), −1, +1 ) ;   y = γ · (Wq · x) (3)

The accumulation Wq·x uses additions and subtractions only. The single multiplication by γ is amortized
over the whole dot product and is negligible for layers of realistic width. Weights whose magnitude falls
below γ/2 round to zero, which introduces sparsity and removes the corresponding additions. A ternary
value carries log₂3 ≈ 1.58 bits of information, so the weight memory shrinks accordingly. Figure 1
contrasts the two datapaths.
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Figure 1. The multiply–accumulate datapath in floating point (a) and ternary (b). The multiplier, the shaded block in (a), is
replaced in (b) by a three-way sign selection. Per-operation energies are the 45 nm figures of Horowitz[17].

4. Training at ternary precision

Rounding a network that was trained in floating point directly to ternary loses a large fraction of its
accuracy. This loss is the reason ternary weights were set aside for many years. The remedy is quantization-
aware training. The forward pass uses the ternary weights of equation (3), so the network learns
parameters that already work after quantization. The backward pass keeps a full-precision copy of the
weights, the shadow weights, and updates them through the non-differentiable rounding with a straight-
through estimator, which passes the gradient through the quantizer as if it were the identity[9]:

forward: use Wq = quant(W)  ;   backward: ∂L/∂W ← ∂L/∂Wq (4)

A network trained this way is ternary by construction rather than by compression. Ma and colleagues
applied the procedure to transformer language models and reported that a model trained at 1.58 bits per
weight matched a full-precision baseline of equal size on perplexity and on a suite of downstream tasks[2].
The point that is easy to miss is that ternary is a training-time decision, not a post-processing step. The
same procedure underlies the earlier ternary weight networks[10] and trained ternary quantization[11], and
the straight-through estimator itself predates the deep-learning quantization literature[9].

5. Reported results

Table 1 collects reported outcomes for trained low-bit models. The pattern across them is that model
quality is retained while memory and latency fall by roughly an order of magnitude. For embodied control
the relevant entry is BitVLA, a vision-language-action policy built on a 1-bit backbone, which reported
parity with a full-precision baseline together with an 11× reduction in model memory and a 4.4×
reduction in end-to-end latency[3]. Because the per-step cost of such a policy is dominated by the
deterministic forward pass, these figures translate directly into battery life and thermal headroom on the
robot.

Table 1. Reported results for trained low-bit models. Quality figures are as stated by the originating work under its own protocol.

MODEL DOMAIN WEIGHT
PRECISION

QUALITY VS. FP MEMORY LATENCY REF.

BitNet
b1.58

language ternary, 1.58 bit matched (perplexity,
downstream)

≈20× less* lower [2]
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BitNet (1-
bit)

language binary competitive large
reduction

lower [5]

BitVLA vision-language-
action

1-bit backbone matched baseline 11× less 4.4×
lower

[3]

*Weight-storage estimate from the 32→1.58 bit ratio (Section 6), not a figure from [2].

6. Energy and storage accounting

Consider a layer with N weights, hence N multiply–accumulate operations per evaluation. Let b be the bits
per weight and ebit the energy to move one weight bit. Under the model of Section 2 the floating-point
and ternary layer energies are

Efp = N·(Emul + Eadd) + N·bfp·ebit (5)

Etern = Nnz·Eadd + N·bt·ebit ,   Nnz = (1−s)·N (6)

where s is the fraction of ternary weights that are zero. Two conclusions follow without choosing ebit. The
count of multiplications falls from N to zero. The weight storage falls by the bit ratio

bfp / bt = 32 / 1.58 = 20.3× (7)

Figure 2 places the per-operation energies on a common axis. The two features that drive the result are
visible in it: a floating-point multiply is the most expensive arithmetic operation shown, and a memory
access is more expensive still, so reducing both the arithmetic and the bits fetched compounds. Figure 3
shows the storage per weight across three precisions.

Energy per operation, 45 nm (pJ, log scale)

FP32 mul 3.7

FP32 add 0.9

INT8 mul 0.2

INT8 add 0.03

SRAM 32b read 5.0

DRAM 32b read 640

float / int arithmetic memory access

Source: Horowitz, ISSCC 2014 [17].

Figure 2. Energy of representative operations on a 45 nm process[17], log scale. A floating-point multiply is the costliest
arithmetic operation shown, and a DRAM read exceeds it by more than two orders of magnitude, which is why removing both
multiplications and fetched bits compounds.

Multiply-Free Neural Computation — Institute for Physical AI @ BMI · page 4 / 7



Storage per weight (bits)

FP32 32

INT8 8

Ternary 1.58

Ternary vs. FP32: 20.3× fewer bits per weight (eq. 7).

Figure 3. Weight storage per parameter at three precisions. Ternary uses log₂3 ≈ 1.58 bits, a factor of 20.3 below 32-bit
floating point.

Worked estimate. Take a layer of N = 106 weights and a measured ternary sparsity of s = 0.3[2]. Using
the arithmetic coefficients of Figure 2 and counting arithmetic only, the floating-point layer spends
N·(3.7+0.9) = 4.6 µJ per evaluation, while the ternary layer spends Nnz·0.03 = 0.7·106·0.03
pJ = 0.021 µJ. The arithmetic energy ratio is about 220×, and every multiplication has been removed.
The storage advantage from equation (7) is independent of this and applies to the fetch term.

7. Silicon

Additions and table lookups suit compute-in-memory, in which weights are stored in the array and the
accumulation happens where they sit, so the memory–arithmetic boundary is not crossed for each
operation. The idea dates to cellular logic-in-memory in 1969[18] and to Chua's prediction of the memristor
in 1971[19]. Table 2 lists three recent ternary-oriented designs. They reach tens of TOPS/W on 16–65 nm
nodes, which are mature, high-yield, and widely available. Removing the multiplier removes the main
reason inference required a leading-edge process. The status column is important: the most fully multiply-
free of the three, VitaLLM, is a post-layout simulation of a heterogeneous design in which a conventional
integer core still performs attention, not a fabricated part.

Table 2. Representative ternary-oriented silicon.

DESIGN NODE APPROACH REPORTED EFFICIENCY STATUS REF.

BitROM 65
nm

ROM compute-in-memory, 2 ternary
weights/transistor

≈20.8 TOPS/W research [13]

TENET 28
nm

sparsity-aware LUT-centric ternary ≈1.5× speed, 1.6×
energy

research, ASIC design [14]

VitaLLM 16
nm

multiply-free TINT cores,
sel(w,a)∈{+a,0,−a}

70 tok/s @ 66 mW post-layout sim;
heterogeneous

[15]

8. The logarithmic alternative, and the gap

Ternary is not the only route to multiply-free arithmetic. A logarithmic number system represents a value
by its logarithm, so a multiply becomes an addition of exponents[6]; recent work approximates floating-
point multiplication by an integer addition in the log domain with a small accuracy penalty[7]. Ternary
quantizes the operand; the logarithmic method transforms the operation. Both remove the multiplier.

The state of the field can be stated plainly. Capable ternary models exist and continue to improve[2,4], and
CPU inference kernels are available[8]. Ternary-native silicon is mostly at the research stage, as Table 2
shows. The logarithmic approach is earlier still, an algorithm ahead of its hardware, and the most
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prominent logarithmic-number-system hardware effort withdrew from silicon to software in 2025[20]. The
commercial mainstream has taken a different road, low-bit floating point: block-scaled microscaling
formats[16] and vendor 8-bit formats[21] accept that the number format is the decisive variable but stop
short of the ternary limit. Capable 1-bit models therefore arrived before hardware built to run them, and no
fully ternary ecosystem yet ships.

9. Discussion

An embodied policy contains a deterministic path, the forward evaluation surveyed here, and a stochastic
path, the sampling of actions and beliefs. Multiply-free arithmetic serves the deterministic path efficiently;
a companion report treats the stochastic path and physics-based sampling. The two paths are
complementary. The deterministic path performs no sampling and the stochastic path performs no matrix
multiplication, so a system that runs each on the hardware suited to it need not pay for the operation it
does not use. On this reading ternary is the natural arithmetic of the deterministic half of an energy-
proportional edge system. The methods it rests on are open and long-published, from balanced ternary in
1958[1] to logic-in-memory in 1969[18] and the memristor in 1971[19].

10. Conclusion

Constraining weights to {−1, 0, +1} turns multiplication into sign selection and removes the multiplier
array. When the network is trained at ternary precision rather than compressed afterward, model quality is
retained: reported results show parity with full precision in language and in embodied control, at roughly
an order of magnitude less memory and latency. The first-order accounting of Section 6 gives a 20.3×
reduction in weight storage and the elimination of all multiplications. The supporting silicon runs on
mature nodes but is still largely pre-production. For Physical AI at the edge, ternary arithmetic is the
deterministic foundation on which an energy-proportional system can be assembled from open prior art.
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