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Abstract

The largest documented language models hold about 10'? parameters. We ask what training a
system with 10'° learned parameters would require, and which requirement binds first under
sourced hardware and scaling assumptions. Storing the weights takes 2 PB in BF16 and the mixed-
precision Adam training state 16 PB, the memory of 200,000 accelerators with 80 GB each. A dense
model trained at the compute-optimal ratio of 21.2 tokens per parameter needs 1.27 x 1032 FLOP,
about 10,000 years on 10° devices at the throughput sustained in a recent 405-billion-parameter
run; at an activation fraction of 10~ it needs one year. The data do not exist: that ratio asks for
53 times the estimated stock of public human text. Two further bounds depend on the balance of
the hardware more than on its quantity. When parameters and optimizer state stream between
memory and compute, each update must route at least n* = [q/6 tokens to every parameter,
1,299 on a TPU v4 with Adam; since the global batch is limited by the critical batch size, sparse
training costs a factor 1 + n*/(AB,,,;), which exceeds 2 below A ~ 1.8 x 10~ for a loss-based
critical batch. Checkpoint-restart efficiency depends only on p = Nb/(wM), restart state over per-
device storage bandwidth times mean time between failures; at the per-device values of the same
run, p = 0.54 at 10'® parameters and the useful fraction of time falls to 0.17. Weight-stationary
memory and independently recovering modules relax these two bounds, and device endurance
limits the first.

Introduction

The largest language models with published technical reports hold on the order of 10'? parameters.
Kimi K2 has 1 trillion parameters, of which 32 billion are activated per token, and was pre-trained
on 15.5 trillion tokens (Kimi Team et al. 2025). DeepSeek-V3 has 671 billion parameters, 37 billion
activated, and was pre-trained on 14.8 trillion tokens (DeepSeek-Al et al. 2024). Both are mixtures
of experts, in which a router sends each token to a few of many feed-forward sub-networks so that
the parameter count grows without a proportional growth in computation per token (Shazeer et
al. 2017; Lepikhin et al. 2020; Fedus et al. 2021). Dense models stop near 4 x 10M parameters:
Llama 3 405B was pre-trained with 3.8 x 10%® FLOP on 15.6 trillion tokens using up to 16,384
GPUs (Grattafiori et al. 2024). A system with 101% learned parameters, a “1P model”, would sit
three orders of magnitude above the largest of these.

Whether such a system can be built is less informative than which of its requirements binds first
and which change in hardware or algorithm relaxes it. Some requirements scale with the total
parameter count /N, some with the parameters activated per token N, = AN, some with the
training data D, and some with properties of the hardware that do not change with the size of the
cluster. We separate them with a feasibility calculator in which every constant is either copied from
a cited source, with its locator recorded, or labelled an assumption, and in which every derived
number is checked against a closed form or an independent published figure. The result is a set of
conditions under stated assumptions; it contains no forecast of when a 1P model will exist.
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Three distinctions organize the analysis. The first separates nominal parameters, stored and train-
able, from active parameters, used for a given token, and from effective parameters, those whose
values change the model’s predictions. Routed models already have a scaling-law notion of an
effective parameter count, along which routed and dense models scale at the same rate (Clark et
al. 2022). The second separates quantities that grow with IV, such as memory and checkpoint size,
from quantities that grow with N, D, such as arithmetic. The third separates bounds set by the
size of a cluster from bounds set by its balance: the ratio of arithmetic to memory bandwidth, of
storage bandwidth to failure rate, of update count to device endurance. Bounds of the third kind
do not yield to buying more devices of the same kind, and they decide whether a peta-parameter
system needs different hardware.

Accounting

We write N for the total parameter count, A = N, /N for the activation fraction, D for the number
of training tokens and B for the global batch in tokens per optimizer update. Training a Trans-
former costs about 6NV floating-point operations per token (Kaplan et al. 2020); for a routed model
we use 6 AN, which ignores the router and treats attention as part of the active parameters. Mixed-
precision training with Adam (Kingma and Ba 2014; Micikevicius et al. 2017) keeps 16 bytes per
parameter: 2 for half-precision weights, 2 for gradients and 12 for the optimizer’s full-precision
copy of the weights and its two moment estimates (Rajbhandari et al. 2020). A device has peak
arithmetic rate F' and memory bandwidth W, and its balance 5 = F'/W is the number of oper-
ations it must perform per byte moved to keep its arithmetic busy, the ridge point of the roofline
model (Williams et al. 2009). For time and energy we use the throughput sustained in the Llama 3
405B run, 400 TFLOP /s per H100 GPU at41% of its BF16 peak, and its 700 W thermal design power,
which gives 1.75 pJ per sustained operation at the device and excludes cooling, networking and
storage (Grattafiori et al. 2024). DeepSeek-V3 reports 180,000 H800 GPU hours per trillion training
tokens (DeepSeek-Al et al. 2024), which with 37 billion active parameters implies 343 TFLOP /s
per GPU, consistent with the Llama figure.

Storage and training state

Storing 1015 weights takes 2 PB in BF16, 1 PB in an 8-bit format, 500 TB at 4 bits, 197.5 TB with
ternary weights of 1.58 bits (Ma et al. 2024) and 100 TB at the 0.8 bits per parameter to which QMoE
compressed the 1.6-trillion-parameter Switch Transformer (Frantar and Alistarh 2023). The mixed-
precision Adam state is 16 PB. That is the high-bandwidth memory of 200,000 accelerators with 80
GB each, 12.2 times the 16,384 GPUs of the Llama 3 run, or of 465,662 TPU v4 chips with 32 GiB
each (Jouppi et al. 2023). A wafer-scale engine with 40 GB of on-chip memory (Z. Zhang et al. 2024)
would need 400,000 wafers. Offloading state to host memory and NVMe storage already lets mod-
els of tens to hundreds of trillions of parameters be trained on current GPU clusters (Rajphandari
et al. 2021), and partitioning the state across data-parallel workers removes its replication (Rajb-
handari et al. 2020). Capacity is a procurement problem. The bounds that follow concern what
happens when that capacity has to be read, written and protected at the rate training demands.
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Compute, time and energy

At the compute-optimal ratio, about 21.2 tokens per parameter at 1012 parameters in the Chinchilla
analysis (Hoffmann et al. 2022), a 1P model would train on 2.12 x 10'6 tokens. Two published
figures check the accounting: 6N D reproduces the Chinchilla table’s compute for 1 and 10 trillion
parameters to within 0.22% and Llama 3's reported compute to within 0.24%. A dense 1P model
then needs 1.27 x 1032 FLOP, 3.3 million times the Llama 3 budget. At 400 TFLOP/s per device it
would take 10,077 years on 10° devices and consume 7,054 GW-years at device power.

Training time and energy scale linearly in A (Figure 1a). At A = 1073 the same token count takes
10.1 years on 108 devices and 7.05 GW-years; at A = 10~ it takes 1.01 years on 10° devices, or
10.1 years on 100,000, and 0.71 GW-years. Current models activate far larger fractions: 0.055 for
DeepSeek-V3 and 0.032 for Kimi K2. Reaching 10~3 means a model 32 times sparser than Kimi
K2, and reaching 10~* a model 551 times sparser than DeepSeek-V3. Routed models with more
than a million small experts selected through product keys (Lample et al. 2019; He 2024) show
that very large expert counts can be trained; whether capability keeps improving at such sparsity
is a separate question. Fine-grained and joint scaling laws for mixtures of experts find gains from
granularity and an optimal sparsity under fixed budgets, measured on models far smaller than
1012 parameters (Krajewski et al. 2024; Abnar et al. 2025; Ludziejewski et al. 2025).

Data

The token count that makes compute optimal at 10'? parameters does not exist at 10*°. The effec-
tive stock of public human-generated text on the indexed web is about 4 x 104 tokens (Villalobos
et al. 2024), and 2.12 x 106 tokens is 53 times that stock. Trained on the whole stock, a 1P model
sees 0.4 tokens per parameter. In a sparse model the relevant quantity is the number of tokens
each expert parameter sees, AD: at A = 1073 and D = 4 x 10'* thatis 4 x 10! tokens, 53 times
fewer than a compute-optimal dense model of 10'? parameters gives each of its parameters.

The Chinchilla fit L(N,D) = E + A,/N°3* + B,/D%?8, with E = 1.69, A, = 406.4 and
B, = 410.7 (Hoffmann et al. 2022), indicates what the extra parameters would buy if a dense
model of that size could be trained on the available text (Figure 1b). At D = 4 x 10 the data
term is 0.0335 nats while the parameter term at 101 is 0.0032, a ratio of 10.4, and going from 10*3 to
10'° parameters lowers the predicted loss by 0.012 nats. The fit was measured on dense models up
to 16 billion parameters and is extrapolated here by five orders of magnitude; it shows the shape
of the trade-off and predicts nothing about a routed model at that scale. Without new sources of
tokens, the data term dominates the predicted loss. Synthetic data, transfer from data-rich domains
and gains in data efficiency are the routes that the analysis of the stock itself proposes (Villalobos et
al. 2024), and domains whose outputs can be checked automatically, such as programs and proofs,
are the natural sources of synthetic tokens.
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Figure 1: Training time and the role of data at 10!° parameters. (a) Training time against activation
fraction for 10'° parameters at 400 TFLOP/s per device, for three cluster sizes, at the compute-
optimal ratio of 21.2 tokens per parameter (solid) and on the estimated stock of public text, 4 x 10

tokens (dashed). (b) The Chinchilla loss fit for dense models evaluated at D = 4 x 10'%: the
reducible loss, its parameter term and its data term, which does not change with V.

A bound on sparsity when parameters are streamed

A conventional accelerator keeps parameters and optimizer state in off-chip memory and streams
them through its arithmetic units. Per optimizer update, each parameter is read twice for the
forward and backward passes, its gradient is written and read again, its optimizer state is read
and written, and the new weight is written. With 2-byte weights and gradients and 12 bytes of
state this traffic is ¢ = 34 bytes per parameter per update. If routing is balanced, each parameter
takes part in AB of the B tokens of an update and performs 6 A B operations on them. The update
is compute-bound only if its arithmetic intensity reaches the device balance, 6AB/q > (3, that is if

AB > n* = @
6
The bound does not involve N. On a TPU v4, with 275 TFLOP/s and 1,200 GB/s of memory
bandwidth, 5 = 229 operations per byte and n* =1,299 tokens; on an A100, 5 = 153 and n* = 867
(Jouppi et al. 2023). Dense training satisfies it with room to spare: the 16 million tokens of a Llama
3 batch are 12,321 times n*. A sparse model needs a global batch of at least n*/ A tokens, and that
requirement grows as the model becomes sparser (Figure 2a).

The global batch cannot grow without cost. Beyond the critical batch size B,.,.;;, larger batches buy

crit’
fewer steps at the price of more data. An empirical model of large-batch training puts the data
needed to reach a given loss at D,,;,,(1 + B/B,,;;) (McCandlish et al. 2018), and for language
models B,,;, follows a power law in the loss, about 2 X 108 / LY/0-21 tokens (Kaplan et al. 2020),

or in the training data (H. Zhang et al. 2024; Bergsma et al. 2025).
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Proposition. With utilization min(1, AB/n*) and data multiplier 1 + B/B
minimized at B = n*/ A, where it exceeds the time of a compute-bound run at minimum data by
the factor

orit, training time is

*

n

AB...;

crit

1+

Proof. Time is proportional to (1 + B/B,,.;;)/ min(1, AB/n*). Above B = n*/ A it increases with
B; below, it equals n*/(AB) + n*/(AB,,,,) and decreases with B. O

crit
A numerical minimization agrees with the closed form to 3.8 x 10~8. Sparse training of streamed
parameters therefore costs at most twice the compute-bound minimum only if A > n*/B,,;,
(Figure 2b). With the loss law, B,.,.;; is 7.4 x 10° tokens at a loss of 2.0 and 2.9 x 107 at 1.5, so the
activation fraction must exceed 1.8 x 104 or 4.5 x 107°. At A = 10~* and a loss of 1.5 the penalty
is 1.45; at A = 1079 it is 5.48. A law in which B,.,.,, grows with the data, fitted on models up to
3.3 billion parameters (Bergsma et al. 2025), gives 5.4 X 108 tokens at D = 4 x 104
the threshold to 2.4 x 107%. The two laws were fitted on dense models of at most a few billion

and moves

parameters, they disagree by two orders of magnitude when extrapolated, and no measurement
says whether the critical batch of a routed model is set by its total or its active parameters. The
activation fractions that make a 1P model affordable in compute, 1073 to 1074, lie inside the range
where that unmeasured quantity decides whether streamed training is efficient.

The bound can be relaxed in two ways. The first lowers g. Eight-bit moments with a full-precision
master copy (Dettmers et al. 2021) give ¢ = 22 and n* = 840 on a TPU v4; a factored second
moment without momentum (Shazeer and Stern 2018) gives ¢ = 18; an optimizer without state
gives ¢ = 10. Accumulating gradients over many steps and updating rarely cannot go below the
8 bytes per step needed to read the weights twice and maintain a gradient accumulator, so with
streamed weights n* > 306 on a TPU v4 and the threshold at a loss of 2.0 stays above 4.1 x 107°.
Optimizer state accounts for most of ¢: keeping weights and gradients next to the arithmetic while
streaming the state still leaves ¢ = 24, a saving of only 29%.

The second lowers (3 by holding the training state where the arithmetic happens. A wafer-scale
engine with 7.5 PFLOP /s and 20 PB/s of on-chip memory bandwidth has 5 = 0.375and n* = 2.1
(Z. Zhang et al. 2024), which removes the bound for any practical activation fraction, at a capacity
of 40 GB per wafer. Weight-stationary dataflows (Chen et al. 2016; Sze et al. 2017) and analog in-
memory computing, in which a crossbar of programmable conductances performs a matrix-vector
product where the weights are stored (Ielmini and Wong 2018; Sebastian et al. 2020), go further.
For a peta-parameter model this is the quantitative content of moving activations to the weights:
with streamed state, sparsity raises the batch the hardware needs while the optimization caps the
batch it can use.
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Figure 2: The sparsity-batch bound. (a) Tokens per update needed for compute-bound training,
n* /A, on the balance of a TPU v4, for five accounts of the bytes moved per parameter per update,
against the critical batch size from a loss-based law (L from 1.5 to 2.5), from a data-based law at two
data sizes, and the Llama 3 batch. (b) Training-cost multiplier at the optimal batch, 1+n*/(AB.,,.;;),
with n* = 1,299; the dotted line marks a factor of 2.

Expert communication

Routing adds traffic between devices. Per token and expert layer, dispatching the activation to
k experts and combining their outputs moves 2kdb, bytes forward and as much backward, for
hidden dimension d and b, bytes per activation, while the layer performs about 6 x 12d? operations.
If all routed traffic leaves the device, the network keeps up when d > f3,,.,kb, /18, where §3,,., is
the ratio of sustained arithmetic to network bandwidth. With 343 TFLOP /s per GPU and 50 GB/s
of InfiniBand per GPU, as in DeepSeek-V3’s cluster, 3 6,852 and the bound is d > 6,091 for
8 experts with BF16 activations, or 3,045 with 8-bit activations. DeepSeek-V3’s hidden dimension
of 7,168 clears it by a factor of 1.18, and the model also sends each token to at most 4 nodes and
overlaps communication with computation (DeepSeek-Al et al. 2024). The bound depends on k, d
and the network, and it does not grow with V; a peta-parameter model inherits the communication

net —

problem of current mixtures of experts and adds the problem of routing among far more experts.
Optically reconfigurable interconnects (Jouppi et al. 2023) and optical links whose energy per bit
approaches the attojoule range (Miller 2017) address the bandwidth term.

Reliability and checkpointing

Large training runs fail often. In a 54-day period of Llama 3 405B pre-training on 16,384 GPUs
there were 419 unexpected interruptions, about 78% attributed to confirmed or suspected hard-
ware problems, and the storage fabric sustained 2 TB/s of checkpoint throughput, with peaks of 7
TB/s (Grattafiori et al. 2024). Per GPU, that is one interruption every 5.78 years and 122 MB/s of
checkpoint bandwidth.
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Proposition. Let a cluster of GG devices fail independently with per-device mean time between
failures M, write and read checkpoints at per-device bandwidth w, and hold b bytes of restart
state per parameter. With exponential failures and checkpoint and restart times equal to the time
to write the state, the largest achievable fraction of time spent on useful training depends only on

_Nb
p_wM7

and equals max, x e */(e**P —1), where z is the checkpoint interval in units of the system’s mean
time between failures.

Proof. The system fails at rate G /M, so its mean time between failures is M, = M /G, and it writes
its statein time 6 = Nb/(Gw); hence §/ M, = p and G cancels. In the standard renewal argument,
the expected time to complete a segment of useful length 7 followed by a checkpoint, with a restart
of length R after each failure, is M eft/Ms(e(7+0)/Ms 1) Setting R = § = pM, and = = 7/ M,
and dividing 7 by this time gives the expression. [J

For small p the efficiency is close to 1 — /2p, the first-order result behind Young’s optimal check-
point interval (Young 1974; Daly 2006). A Monte Carlo simulation of failures, checkpoints and
interrupted restarts agrees with the exact expression to within 0.12% for p from 1073 to 0.54 (Fig-
ure 3a). Restart state is the 12 bytes per parameter of full-precision weights and moments. At the
Llama 3 per-device values, p is 2.2 x 10~ for 405 billion parameters and the efficiency is 0.979,
consistent with the more than 90% effective training time the run reports. The efficiency is 0.967 at
1012 parameters, 0.895 at 1013, 0.670 at 10 and 0.167 at 10'°, where p = 0.54. Adding devices
does not help, because each added device brings its own failures and its own bandwidth. Writing
at the fabric’s peak rate raises the efficiency at 1015 to 0.465; reaching 0.9 requires the product wM
to grow 110-fold.

A system whose modules checkpoint and restart independently, so that one module’s failure does
not roll back the others, divides p by the number of modules K: the efficiency at 10!% parame-
ters becomes 0.670 with 10 modules, 0.895 with 100 and 0.967 with 1,000 (Figure 3b). Independent
recovery requires that modules can make progress without waiting for one another. Training meth-
ods in which separately trained experts are later merged or mixed (Li et al. 2022; Sukhbaatar et al.
2024), and low-communication schemes in which islands of devices synchronize rarely (Douillard
et al. 2023), are the existing steps in that direction; at 10'° parameters they become a reliability
requirement as well as a communication saving.

Endurance, precision and energy

Weight-stationary hardware stores weights in the devices that compute with them, so training
rewrites those devices at every update. The number of updates is D/B: 1.3 x 10° at the compute-
optimal token count and the Llama 3 batch, and 2.5 x 107 on the stock of public text. Differen-
tial oxide memories programmed at low voltage have reached an endurance of billions of cycles
(Bocquet et al. 2018), the order of the update count at the compute-optimal token count. Train-
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a. checkpoint-restart efficiency depends on p only b. efficiency against model size, Llama 3 per-device values
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Figure 3: Checkpoint-restart efficiency. (a) Fraction of time spent on useful training against p =
Nb/(wM): the exact optimum for exponential failures, the first-order approximation 1 — /2p
and a Monte Carlo simulation, with the values of p for five model sizes at the per-device storage
bandwidth and failure rate of the Llama 3 405B run. (b) Efficiency against parameter count at those
per-device values, for a single synchronous job and for 10, 100 and 1,000 modules that recover
independently.

ing with analogue memory has reached accuracy equivalent to software (Ambrogio et al. 2018),
and schemes that accumulate updates in low-precision digital memory and write the analog de-
vices rarely keep the number of writes a small fraction of endurance (Joshi et al. 2021). Precision
is the second constraint: a resistive compute-in-memory chip reached software-comparable accu-
racy for models quantized to 4-bit weights (Wan et al. 2022), and an analog chip with 35 million
phase-change devices reached near-software accuracy on a speech model with 45 million weights
(Ambrogio et al. 2023; see also Le Gallo et al. 2023). Both demonstrations are inference on models
of tens of millions of weights.

The energy argument for keeping data in place is old. In a 45 nm process a 32-bit read from DRAM
costs 640 p]J, against 3.7 p]J for a floating-point multiply and 5 p]J for a read from a 32 KB SRAM
(Horowitz 2014; Han et al. 2016), so a byte from DRAM costs about 70 times an operation. Un-
der that table the energy of moving ¢ = 34 bytes per parameter per update equals the energy
of the arithmetic when each parameter sees 394 tokens per update, an energy counterpart of n*.
The analog chip’s 12.4 TOPS/W corresponds to 81 f] per operation (Ambrogio et al. 2023); a for-
ward pass through 1012 active parameters would then cost 0.16 ], against 3.5 ] at the H100’s power
per sustained operation, a factor of 21.7 that compares low-precision analog operations with BF16
arithmetic and omits system overheads. Photonic matrix multiplication (Shen et al. 2017) has
been projected to reach an energy advantage of more than 8,000 times over digital processors for
Transformers at the quadrillion-parameter scale, a projection from small optical experiments and
simulation (Anderson et al. 2023). Three-dimensional integration of memory and logic shortens
the distances over which data move (Shulaker et al. 2017).
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Three routes to 10'° parameters

The calculator places three ways of building a 1P model against the bounds above. A dense model
on conventional accelerators fails on compute: 1.27 X 1032 FLOP, 10,077 years on 106 devices and
7,054 GW-years at the compute-optimal ratio, and still 190 years on 10° devices on the stock of
public text. A sparse model on conventional accelerators fits a one-year budget on 10° devices at
A = 1074, inside an energy budget of 0.71 GW-years; it is then constrained by the data, by the
sparsity-batch bound whose position depends on the unmeasured critical batch of routed models,
and by checkpoint-restart efficiency, which falls to 0.17 for a synchronous job at today’s per-device
reliability. A weight-stationary or in-memory substrate removes the batch bound and most of the
movement energy and inherits limits of endurance, precision and capacity per device. None of the
three routes is excluded by physics. The second is buildable from existing components if routed
models keep improving at activation fractions near 10~* and if training can be organized into
modules that recover independently; the third becomes necessary if the critical batch of routed
models turns out to be small.

Open measurements

The engineering bounds are computable; the deciding quantities are not yet measured. The first
is the scaling of capability with total parameters at fixed active parameters, at activation fractions
of 1073 and below, which effective-parameter analyses of routed models (Clark et al. 2022) and
sparsity scaling laws (Abnar et al. 2025) have begun to measure at much smaller scale. The sec-
ond is the critical batch size of routed models, and whether it is governed by total parameters,
active parameters or the tokens each expert sees. The third is whether experts trained with stale
or asynchronous updates, as independent recovery requires, lose sample efficiency. The fourth is
the supply of tokens beyond the stock of human text. Each can be measured on families of models
from 10° to 10'? parameters with the activation fraction varied over three orders of magnitude.

A 1P model also has to beat the alternatives for the same resources. A retrieval-enhanced model
with a 2-trillion-token database matched models with 25 times more parameters (Borgeaud et al.
2021), and additional computation at inference time can substitute for a larger model on some tasks
(Snell et al. 2024). Parameters, retrieval and inference-time computation buy capability at different
costs, and the case for 1015 learned parameters rests on parameters remaining the cheapest of the
three for some class of capabilities.

Limitations

The calculator uses published figures for specific devices and one training run; other hardware gen-
erations change the constants and leave the forms of the bounds unchanged. Compute is counted
as 6 AN per token, which omits attention cost at long context, the router and load imbalance. Time
and energy use the sustained throughput and device power of one run and exclude cooling, net-
working and storage. The critical-batch laws and the Chinchilla fit are extrapolated far beyond the
models on which they were measured. The reliability model assumes independent exponential
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failures and restart times equal to checkpoint times; correlated failures and silent data corruption
make it optimistic. The analog and photonic figures are chip-level or projected and refer to infer-
ence. Hardware announced but not yet documented in sources we could check is not used.

Conclusion

Storage, compute and energy for a peta-parameter model become manageable at activation frac-
tions of 1073 to 10~* on 108 current accelerators, and data do not: the compute-optimal token
count is 53 times the public text stock. Two bounds do not yield to cluster size. When state is
> n* = [q/6, and the activation fractions that make the
compute affordable sit where the unmeasured critical batch of routed models decides the matter.

streamed, sparse training needs AB,, .,
Checkpoint-restart efficiency depends on p = Nb/(wM ) alone and falls to 0.17 at 10! parameters
at today’s per-device storage bandwidth and failure rate, unless the system recovers in indepen-
dent modules. Weight-stationary memory, low-state optimizers and modular training address
these terms, which gives each candidate technology a measurable target.

Reproducibility

The calculator in simulation/ takes every constant from params.py, where each value carries its
source and locator, and regenerates every number and figure: uv run run_all.py writes out-
put/results.json and the three figures and evaluates 20 internal checks, including closed forms
against numerical optimization, the checkpoint model against Monte Carlo simulation, and the ac-
counting against published compute figures. The claims ledger claims.yaml binds each reported
number to its location in results. json through a recorded execution.
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