Research memo: Welvet / AAI / Tide / Ocean volatile online farm
Executive summary
The attached artifacts describe a coherent stack for a question that mainstream ML benchmarks usually do not ask directly: how well can a model continue learning while it remains available for inference on the same constrained machine? Welvet supplies the typed/quantized compute and training mechanisms; Lucy defines the live-fit measurement contract; AAI supplies private experimental races; Tide executes serve+train permutations and reports them; Ocean federates Tide boards without itself training. The feature book confirms 34 storage dtypes, 20 quant formats, three backends, 29 named TrainModes, cameral branches, and storage-truth training without silent fallback or a retained FP32 master except native FP32. fileciteturn0file10 [1]
The test51 snapshots show healthy cell-level computation but incomplete evidence of process-level soak reliability. Current-generation counters show c1 at roughly 2.19%, c2 at 0.99%, and restarted c3 at 0.049%, with zero recorded cell failures or gaps at extraction. Ocean nevertheless saw only two of three peers, demonstrating a real distinction between the training data plane and the HTTP/control plane. fileciteturn0file0 fileciteturn0file3 fileciteturn0file6 fileciteturn0file9
The strongest provisional algorithmic signal is StepTweenSplit's live-fit advantage over matched NormalBP/SGD samples: Ocean reports −3.8 percentage points hard accuracy but +14.7 points Availability, +175 outputs/s throughput, +182.7 Lucy Score, and a 70% Score-win rate across 40 matched comparisons. That is interesting, but not yet a statistically balanced algorithm ranking. fileciteturn0file9
The right public claim is therefore: the farm exercised sustained online adaptation under stated CPU saturation and exposed useful algorithm–availability trade-offs plus control-plane starvation failure modes. It does not yet establish multi-week uninterrupted process uptime, broad generalization, SOTA learning, GPU superiority, or statistically definitive TrainMode/dtype winners.
Stack map
The cleanest mental model is:
Welvet mechanics → Lucy measuring → AAI experiments → Tide execution/reporting → Ocean federation.
A separate w2a validation harness sits beside that stack and answers a different question: whether engine features and matrix paths work correctly, rather than which live-learning recipe is best. The feature book explicitly separates the public engine from w2a and from private AAI races. fileciteturn0file10
	Layer
	What it owns
	What it deliberately does not own
	Why it exists

	Welvet
	Layers, tensors, 34 storage dtypes, 20 quant formats, CPU tiled / Plan 9 SIMD / WebGPU paths, weight stores, forward/backward/training, 29 TrainModes, Parallel/cameral layers, CamSync
	Dataset-specific races, dashboards, farm aggregation
	The execution and learning substrate. The book's non-negotiables include no silent fallback, storage-truth dtype/quant, and no hidden retained FP32 master for non-FP32 storage. fileciteturn0file10 [1]

	Lucy
	SoftAcc, hard Acc, Throughput, Availability, Score, adaptation traces, Q/LPD, Gold/Trap/Lean-style ranking
	Training loops or datasets
	A shared measurement contract so different hosts do not invent incompatible definitions of “good while learning.” Chapters 66 and 69 put the math in the public engine. fileciteturn0file10

	AAI benches
	Private task/race definitions such as cameral and TrainMode comparisons that import Welvet
	Engine implementation
	Experimental organisms: they decide what workload to race and what dimensions to permute. The book names test41/test48/test50 as AAI-side Lucy races. fileciteturn0file10

	Tide
	Serve+train pulses, dtype × quant × TrainMode × cam × grid permutations, cell bookkeeping, dashboard, leaderboards, PDF reporting
	Cross-peer training or model averaging
	Turns one host into an online benchmark worker. Lucy computes the ruler; Tide runs the race and draws it. fileciteturn0file10

	Ocean
	Polling /api/board, comparing peers, consolidating winners, aggregate PDF
	Training
	“Tide of tides”: a control/aggregation layer. The Ocean report itself shows peer availability and consolidated leaderboards, not a distributed optimizer. fileciteturn0file9

	w2a
	Correctness/coverage validation of engine paths
	Lucy live-fit ranking
	Keeps engine validation separate from experimental claims. The feature book says the full v1 validation matrix stamped 246,032 cells with zero failures, with declared gaps distinguished from silent failures. fileciteturn0file10


Why serve-while-train is a materially different objective. A conventional training loop is usually organized around repeated forward → loss → backward → optimizer update; PyTorch's basic loop exemplifies zero_grad(), loss.backward(), and optimizer.step(), while JAX's current training cookbook similarly organizes state, gradients, optimizer state and repeated training steps. [2] MLPerf reinforces the separation institutionally: MLPerf Training asks how quickly a fixed workload reaches target quality, whereas MLPerf Inference separately measures serving throughput/latency subject to quality constraints. [3]
Lucy instead asks whether inference remains viable during parameter adaptation. That distinction is especially relevant for an autonomous or edge-resident learner that cannot afford a clean “maintenance window” in which inference stops. It also makes an update method that reaches excellent accuracy while monopolizing the machine observably worse on the live-service objective.
TrainModes are not synonyms for optimizers. In mainstream APIs, an optimizer such as SGD or Adam primarily determines how already-computed parameter gradients and optimizer state become parameter updates. [4] Welvet's TrainModes often alter the credit path itself and sometimes its schedule: NormalBP/StepBP/MeshBP use chain-rule credit; Tween broadcasts a projected output error; Split divides credit; HeadProxy uses a real head Jacobian but simplified hidden updates; FastProxy uses  without the activation derivative for the proxy; Sparse updates the head plus a rotating hidden component; Step variants use a 1-D systolic schedule; Mesh variants schedule over a volumetric layout. The feature book explicitly warns that “rivaling backprop” must be judged by hard accuracy and not by a Lucy Score that can reward cheaper computation. fileciteturn0file10
That means a useful analogy is:
optimizer choice ≈ “given this gradient, how do I step?”
TrainMode choice ≈ “how is credit propagated/generated, which pieces get updated, and when?”
There can still be an SGD-like numerical update underneath multiple TrainModes.
Cameral sandwiches are also not ordinary MoE or “multi-head” by another name. A cameral sandwich is explicitly stem → one or more sibling hemispheres with independent weights → merge → shared head; branches can carry different TrainModes under one merged loss, and CamSync can subsequently blend same-shaped weights. fileciteturn0file10 Classic sparse MoE systems instead use a router to select different experts for different inputs/tokens so that only a subset of the total parameters is active; Switch Transformer is a canonical example. [5] Cameral is therefore closer to a trainable parallel-branch/ensemble topology with branch-specific credit rules than to sparse token routing. CamSync is closer to parameter consensus/averaging than to expert routing.
Storage truth is a real experimental distinction, but “no QAT” should not be oversold as universally more honest. Welvet treats DType + QuantFormat as the stored weight truth and updates that representation in-dtype or by unpack→update→repack; missing execution paths hard-error rather than silently changing the representation. fileciteturn0file10 TensorFlow's QAT, by contrast, intentionally emulates inference-time quantization during training because doing so can preserve deployment accuracy; PyTorch mixed-precision training likewise intentionally separates arithmetic precision choices from persistent model/optimizer state. [6] Welvet is therefore answering the stricter question “can this actual stored representation itself remain trainable?” That is valuable for in-place edge adaptation, but it is not evidence that QAT or mixed precision are invalid methodologies.
What the tests measure
Lucy has three primary live-fit pillars and a set of derived measures. The book is unusually explicit that SoftAcc is not the Acc factor in Lucy Score. fileciteturn0file10
	Quantity
	Definition
	Correct interpretation

	Hard Acc
	Argmax accuracy percentage
	The learning pillar: did the live learner actually make correct discrete decisions?

	Throughput 
	TotalOutputs / duration_seconds
	How many outputs the live loop produces per second while the serve+train pulse is occurring.

	Availability
	
	A model-loop duty cycle, not HTTP uptime. Training that occupies most of the timed busy work loses here.

	Lucy Score
	
	Multiplicative live-fit. A cell must simultaneously act quickly, preserve inference duty cycle and learn.

	SoftAcc
	Regression form is a clamped proximity score; classification uses probability/confidence semantics
	Serve-confidence/adaptation diagnostic. It is explicitly not substituted for hard Acc in Score.

	AdaptPct
	Mean SoftAcc in configured adaptation windows following switches
	A trace of post-switch adaptation behavior.

	Realtime
	
	Duty-adjusted output rate without accuracy.

	ZeroDowntime
	
	Accuracy retained while accounting for the serving duty clock.

	Relative keeps
	Each pillar divided by its learner peak, clamped to 
	Makes differently scaled pillars comparable for Q.

	Q
	Geometric mean of relative Acc, Throughput and Availability
	A balanced live-fit shape; learner cells, not low-accuracy traps, establish throughput/availability peaks.

	shrink
	
	Size benefit relative to the hard-accuracy champion.

	LPD
	, but 0 when Acc keep <70%
	Learning-gated live-fit density. It deliberately rejects tiny fast cells that stopped learning.

	Gold
	All three relative pillars ≥80%, with RAM ≤20% of Acc-champ RAM
	Very stringent trifecta-in-a-small-box criterion.

	Gold-std
	Acc keep ≥80% plus at least one of throughput/availability, then rank smaller/faster
	A looser “two-plus pillars” selection; it must not be described as full Gold.

	Trap
	RAM ≤20% of Acc champ and Acc keep <70%
	The intended defense against “very small, very fast, but useless.”

	MobileScore
	Score / WeightMiB
	Explicitly characterized by the book as a potentially misleading density metric; LPD is preferred.


These formulas and semantics are specified in Chapters 66 and 69. fileciteturn0file10
There are two especially important interpretation traps.
First, Lucy Availability is not service availability. A value such as c2's 95.3% says that the internal timed inference-vs-training duty clock is favorable for that cell. It says nothing directly about TCP accept latency, Go scheduler latency, /api/board p99, PDF generation time, kernel scheduling, or whether Ocean can reach port 8080. That distinction is exactly why c3 can plausibly continue training while its HTTP dashboard becomes difficult to reach. fileciteturn0file6 fileciteturn0file9
Second, a Score of zero is sometimes measurement censoring, not a learning result. Every Tide report warns that Score 0 often means a cell completed before a Lucy pulse sampled accuracy. That makes very short cells a protocol concern: an unsampled cell should be marked “insufficient pulse coverage,” not casually interpreted as zero-quality learning. fileciteturn0file2 fileciteturn0file5 fileciteturn0file8
The reports also display Stability and Consistency axis winners. Here the attachments impose an important limitation: Chapters 66 and 69 normatively specify SoftAcc, AdaptPct, Availability, Score, Q and LPD, but the supplied feature book does not give an equivalent formula for the report's Stability and Consistency fields. They should therefore be treated as diagnostic implementation traces, not as formally reproducible Lucy pillars, until their precise code definition is published alongside the benchmark. fileciteturn0file10
How to read a Tide PDF. Page 1 starts with state/progress, then separates per-axis champions—hard accuracy, throughput, availability, Lucy Score, and so on—from “best settings” rollups. Later pages contain Score/SoftAcc/hard-Acc leaderboards, aggregate means, “Honesty” cross-tabulations, Pareto plots, and the consciousness/LPD board. The key rule is: an axis champion is not necessarily the best overall cell. A 100%-Availability cell can have dreadful learning, and an accuracy champ can be so slow that its Lucy Score is weak. c2 demonstrates both effects. fileciteturn0file5
How to read Ocean. Ocean first tells you which peers were reachable, then votes/aggregates across Tide winners, constructs a combined leaderboard, offers matched baseline comparisons, and finally recomputes cross-peer density/Pareto views. In this extract, Ocean's page 1 says two of three tides were up and identifies StepTweenSplit, float64 and single×1 as the holistic choices at that moment. fileciteturn0file9
There is also a subtle local/global distinction in the PDFs: c2's local Tide report lists an LPD-axis value of 0.56, while Ocean's global density table—using the global 12.3-KiB FP8 accuracy champion as its RAM reference—puts the leading consolidated cells around LPD 0.23. Those are not contradictory if the reference board differs; they should be labeled local Tide LPD versus Ocean-global LPD in public reporting. fileciteturn0file5 fileciteturn0file9
Farm results interpretation
The most important finding is that the extract supports three different kinds of “stability,” and they should not be conflated.
Compute/cell stability is good in the current generations. c1's board records 2,676 successful cells out of 122,400, with zero fail and zero gap; c2 has 1,207 completed successes with the 1,208th active, again zero fail/gap; c3 has 54 successes with the 55th active and zero fail/gap. Those are meaningful signs that the train/serve cell machinery can continue making progress under the stated load. They are not evidence of zero process crashes over the whole multi-week campaign. fileciteturn0file0 fileciteturn0file3 fileciteturn0file6
	Peer
	Snapshot state
	Best observed Score cell
	What the snapshot establishes

	c1
	~2.19%; 2,676/122,400 current board cells, 0 fail, 0 gap; only the initial sgd/NormalBP family has materially advanced
	chase|3x3x3|dense|float64|lr=2|cam=1|NormalBP: Score 679.4, Acc 62.34%, Throughput 1,359/s, Availability 80.16%
	NormalBP can keep making live cells under load, with useful but substantially lower Availability than c2's StepTweenSplit leader. fileciteturn0file0 fileciteturn0file2

	c2
	~0.99%; 1,207 completed / 122,400, 0 fail, 0 gap; initial StepTweenSplit family
	chase|2x2x2|dense|float64|lr=2|cam=1|StepTweenSplit: Score 1,553.6, Acc 77.42%, Throughput 2,105.5/s, Availability 95.30%
	Strongest current live-fit signal. It is both faster and far more available than c1's current best while retaining substantial hard Acc. fileciteturn0file3 fileciteturn0file5

	c3
	~0.049%; 54 completed / 110,160, 0 fail, 0 gap after the operator-reported restart; only MeshTweenAlt sampled
	chase|1x1x1|dense|float64|lr=2|cam=1|MeshTweenAlt: Score 376.3, Acc 77.63%, Throughput 983/s, Availability 49.31%
	The restarted trainer was making valid progress, but the sample is far too early to rank the broader c3 mode family. fileciteturn0file6 fileciteturn0file8


Process stability is not established by these PDFs. The artifacts do not expose a campaign-long process start time, restart counter, exit reason, OOM count, watchdog events, recovery duration, or monotonically persistent lifetime-cell count. The latest boards therefore prove current-generation forward progress; they do not, by themselves, prove a single uninterrupted process survived “weeks.” This is the largest observability gap in the current soak.
In fact, the counters strongly suggest that the percentages are current-generation counters rather than lifetime campaign progress. The successful cell records show approximately eight seconds of wall-clock start-to-end time per representative cell. At eight seconds per cell, a serial 122,400-cell matrix is about 11.3 days of uninterrupted work; 110,160 cells is about 10.2 days. Conversely, c1's 2,676 cells correspond to roughly six hours of eight-second cells, c2's 1,207 to roughly 2.7 hours, and c3's 54 to roughly seven minutes. This is consistent with a longer campaign in which jobs have restarted or generations have been reset, but it means a cumulative campaign counter is required before “weeks of progress” can be quantified rigorously. fileciteturn0file0 fileciteturn0file3 fileciteturn0file6
That leads directly to the answer to “is only a few percent after weeks a failure?” No, not in the sense intended by this experiment—but the current reporting makes the question unnecessarily ambiguous. A huge permutation whose cell itself contains a live serve+train pulse is intrinsically expensive. At roughly eight seconds per cell, fully walking 122,400 cells on one serial worker is already an order-of-eleven-day exercise before VM loss, restarts, report overhead or noisy-neighbor throttling. The experiment's stated purpose was to continuously accumulate live-fit evidence, not wait for a Cartesian product to turn 100% green. On the other hand, if a host truly ran one uninterrupted 122,400-cell generation for several weeks and still showed only 2%, that would indicate a throughput/stall problem. The current artifacts cannot distinguish those histories because they do not preserve the necessary lifetime lineage. fileciteturn0file0
The mid-run winner signal is real but narrow. c2's top three Lucy Score cells are all chase, float64, LR 2, cam1, StepTweenSplit across the 1×1×1, 2×2×2 and 3×3×3 grids, scoring roughly 1,482–1,554. At LR 0.2, the same general region remains strong but lower. flee behaves differently: LR 2 produces hard accuracies around 96–98% with Score in roughly the 740–760 range, while LR 0.02 can trade some throughput/accuracy differently. Thus “LR 2 is best” is challenge-dependent, not a universal learning-rate finding. fileciteturn0file5
c1 shows an analogous shape for NormalBP: its top Score region is float64, chase, LR 2, single-cam; high hard-accuracy flee cells instead produce lower Scores because they are slower. The Ocean-wide hard-accuracy champion at consolidation is a very small FP8 flee NormalBP cell with 100% recorded hard Acc but only about five outputs/s and 63.5% Availability. That is almost the textbook demonstration of why Lucy separates an accuracy champion from a live-fit champion. fileciteturn0file2 fileciteturn0file9
Cameral width is not free. In c2's sampled StepTweenSplit cells, the best single-cam configuration reaches Score 1,553.6; the best bicameral example in the same early region is below 900, and tricameral examples fall further because additional branches reduce throughput even where accuracy can improve. c3 shows a similar early pattern: cam2/cam3 configurations often maintain respectable accuracy but reduce throughput and Availability. This does not show “cameral is bad”; it shows Lucy correctly charges it for live compute cost. Different tasks could justify that cost if the extra branch improves hard Acc enough. fileciteturn0file5 fileciteturn0file8
Float64 is the most dangerous provisional winner to overgeneralize. Ocean's current holistic dtype choice is float64, and the Score leaderboards are indeed dominated by it. fileciteturn0file9 But this farm is measuring tiny Dense-centric workloads on the particular Welvet SIMD implementation, not establishing a general property of floating-point arithmetic. The feature book specifically documents an amd64 AVX2 DotTileF64 path, while other dtype/quant formats can incur decode, conversion, repacking or small-matrix fixed overheads. fileciteturn0file10 In mainstream accelerator workloads, lower precision is commonly used precisely to improve throughput/memory efficiency; mixed precision is a first-class PyTorch training path. [7] The correct claim is therefore “float64 currently wins this Welvet/test51 CPU-SIMD live-fit slice”, not “float64 is the fastest training dtype.”
The strongest comparative signal is Ocean's matched NormalBP/SGD versus StepTweenSplit analysis. Across 40 matched recipes, Ocean reports:
	Matched StepTweenSplit vs SGD/NormalBP
	Snapshot delta

	Hard Acc
	−3.8 percentage points

	Hard-Acc win rate
	20%

	SoftAcc
	−3.4

	Availability
	+14.7 percentage points

	Throughput
	+175 outputs/s

	Lucy Score
	+182.7

	Score win rate
	70%


The same Ocean report's aggregate partial-board means show StepTweenSplit with mean Score 572.4 versus 275.3 for SGD, mean Availability 97.2% versus 78.6%, and mean throughput 741.1 versus 399.1, while SGD has the higher mean hard Acc, 84.8% versus 79.3%. fileciteturn0file9
That is exactly the sort of trade-off Lucy was designed to expose: the current StepTweenSplit evidence is not “better backprop”; it is “less hard accuracy on average in this matched snapshot, but materially better live-service economics.” The book itself warns against collapsing these distinct claims. fileciteturn0file10
However, early-sample bias is severe. c1 has sampled only part of its first mode family; c2 only part of StepTweenSplit; c3 only 54 MeshTweenAlt results. The mode families are therefore also correlated with peer, wall-clock period, VM noise, and matrix ordering. Ocean can match overlapping recipes, which is better than raw leaderboards, but it cannot make unsampled families comparable. fileciteturn0file0 fileciteturn0file3 fileciteturn0file6
The visible failure mode is control-plane starvation, not demonstrated learner death. Ocean says “Tides up 2 / 3” at consolidation. fileciteturn0file9 The operator context supplied with the extract says c3's HTTP dashboard intermittently starved while training logs continued. Taken together, that is consistent with a Go process whose CPU-bound worker continues receiving scheduler time while HTTP handling becomes too latent for Ocean/client timeouts. It is not enough evidence to decide whether the cause was Go scheduling, VM steal time, lock contention, GC, Docker resource limits, kernel networking or external reachability. The PDFs contain no HTTP latency, CPU steal, GC or network telemetry to disambiguate those causes.
Equally important, the attachments do not themselves measure CPU utilization. The 100%-CPU condition is supplied by the experiment brief, not independently proven by the reports. For a publishable systems result, CPU user/system/steal, cgroup throttling and load should be recorded alongside every Tide snapshot.
The farm should consequently be hardened in two planes. The compute plane needs append-only progress/checkpoint journaling, atomic checkpoint writes, watchdog/restart lineage and explicit “insufficient Lucy pulses” status. The control plane should serve /api/board from a cheap cached immutable snapshot, move PDF generation off the request path, apply bounded request timeouts, expose a lightweight /healthz, and either reserve a CPU share/core for HTTP/Ocean or explicitly benchmark both “all cores unreserved” and “service-reserved” saturation profiles. The latter is standard systems reasoning: tail latency is a distribution and should be measured as such rather than inferred from average internal duty cycles; Prometheus, for example, recommends histogram-style metrics when latency percentiles must be aggregated. [8]
Industry comparison matrix
	Practice
	Primary goal and canonical metrics
	Strengths of industry practice
	Relation to / gap versus Welvet–Lucy–Tide

	PyTorch/JAX conventional training
	Minimize training/validation loss or maximize held-out quality through repeated gradient/update steps; optimizer state is explicit. PyTorch's standard loop uses backward + optimizer step; JAX's current cookbook similarly maintains parameters and optimizer state. [2]
	Mature autodiff, accelerators, distributed execution, optimizer ecosystems and broad model/task coverage.
	Tide asks a different question: training while inference remains live. TrainModes also manipulate credit/scheduling beyond what “choose Adam vs SGD” normally means. Welvet is orthogonal, not a replacement for these frameworks.

	Online / continual learning
	Learn from non-stationary streams while avoiding catastrophic forgetting. Online continual-learning literature emphasizes never-ending streams, replay, forgetting and stream realism. [9]
	Much stronger literature on forgetting, task/domain shift, replay policies and longitudinal accuracy.
	Welvet is ahead on explicit duty-cycle accounting, but behind on accepted continual-learning datasets and forgetting metrics. Lucy should eventually add retained-old-task quality, not only current hard Acc.

	Test-time adaptation
	Adapt a pretrained model during inference to distribution shift; Tent updates online from test batches, while CoTTA/EcoTTA focus on continually changing domains, error accumulation, forgetting and memory. [10]
	Directly relevant precedent for “adapt while deployed”; mature evaluation of domain-shift robustness. EcoTTA explicitly studies memory-efficient long-term adaptation.
	Closest conceptual literature. Lucy contributes a useful systems dimension—throughput × training duty × hard Acc—but test51 does not yet test real domain-shift benchmarks or catastrophic forgetting.

	MLPerf Training / AlgoPerf
	Time to a fixed validation-quality target under tightly defined workloads; AlgoPerf isolates algorithmic efficiency on standardized hardware/models and includes tuning cost. [11]
	Strong comparability, target-quality gates, reproducible workload definitions, multiple domains and controlled hardware.
	Lucy is orthogonal: it does not ask time-to-target in isolation. Welvet is substantially behind in benchmark standardization, repetition, workload diversity and external reproducibility.

	MLPerf Inference
	Throughput and/or latency while meeting defined model-quality constraints; current MLPerf scenarios specify server latency constraints and accuracy compliance. [12]
	Mature serving scenarios, quality floors and latency-tail discipline.
	Lucy's Availability is novel for co-resident learning but is not a substitute for request p99/p99.9. Tide should import inference-style external latency/load measurement.

	TinyML / edge benchmarks
	Single-stream inference latency, model quality and optionally energy on constrained hardware. MLPerf Tiny explicitly measures latency/quality and supports energy benchmarking. [13]
	Hardware realism, energy measurement, compact workloads, clear deployment constraints. Hardware-aware NAS such as MnasNet directly measures device latency rather than relying only on FLOPs. [14]
	LPD is a good complement because it asks whether a small model still learns while live. Tide is behind on energy/power measurement and standardized target devices.

	Chaos / soak engineering
	Establish a measurable steady state, inject realistic failures or resource perturbations, and measure throughput/error/latency deviation. [15]
	Explicit hypotheses, fault injection, recovery criteria, blast-radius control and continuous automation.
	test51 resembles a soak/stress test, but not yet a rigorous chaos experiment: CPU pressure is present, yet there are no defined injections, steady-state SLOs, restart/recovery metrics or campaign-level failure accounting.

	NAS / AutoML / HPO
	Search a combinatorial architecture/hyperparameter space using validation reward; classic NAS optimizes validation quality, while hardware-aware methods include real latency and AutoHAS searches architecture and hyperparameters jointly. [16]
	Efficient search methods, multiobjective/Pareto formulations, pruning and surrogate modeling avoid exhaustive enumeration.
	Tide's permutation is similar in search-space spirit but unusual in its axes: storage dtype/quant × credit rule × cam count × grid × LR under simultaneous serving. It is behind mature HPO in sampling efficiency; 100k+ exhaustive trees invite early-order bias and wasted compute.

	Production observability
	External service latency distributions, request/error rates, resource telemetry, traces, restart/recovery and SLOs. Histograms support aggregate latency quantiles such as p95/p99. [8]
	Distinguishes application performance from infrastructure health and exposes tail behavior.
	Lucy gives unusually good model-loop instrumentation but Tide's current PDFs are behind production SRE practice for host/process/control-plane telemetry.


The fairest “ahead / orthogonal / behind” assessment is therefore:
Ahead, narrowly, on question definition. Mainstream training and inference benchmarks are largely separated, whereas Lucy makes simultaneous adaptation and serving a first-class scalar/three-pillar objective. Its learning-gated LPD also makes an intelligent attempt to stop tiny, fast, near-chance models from winning a size-normalized leaderboard. MLPerf Tiny measures edge latency/quality/energy, and TTA literature studies adaptation at deployment, but neither standardizes this exact combination of learning quality, serve duty, throughput and size. fileciteturn0file10 [17]
Orthogonal in algorithm design. TrainModes are a search over credit-assignment/scheduling behavior rather than merely optimizers, and cameral sandwiches allow branch-specific training rules plus optional parameter blending. That is a legitimate systems/research axis, but it should be connected experimentally to the extensive literature on alternative credit assignment, online adaptation, ensembles and sparse experts rather than presented as if those categories did not exist. The MoE comparison, in particular, should remain architectural rather than terminological. fileciteturn0file10 [18]
Ahead in one representation-control sense, orthogonal in another. Storage-truth experiments are well suited to asking whether low-precision weights can actually adapt as stored. But industry QAT and mixed precision deliberately solve a different optimization problem—training a numerically robust model for a lower-precision deployment representation. [6] A public paper should say “storage-truth adaptation” rather than imply that QAT is inherently experimentally dishonest.
Behind on benchmark rigor. MLPerf/AlgoPerf have stronger workload standardization, quality targets and controlled comparisons; TTA/continual-learning papers have stronger domain-shift/generalization protocols; edge benchmarks include power; production observability measures tail latency and failures; NAS/HPO systems search large spaces more efficiently. [19] The current Tide/Ocean snapshots have no randomized cell order, replicate seeds, confidence intervals, external baseline framework, energy measurements, process uptime, or HTTP percentile telemetry.
Risks / non-claims
A skeptical ML-systems engineer should accept the current experiment as exploratory systems evidence, but would reasonably reject several stronger claims.
	This experiment does not establish
	Why

	Generalization or SOTA task quality
	chase/flee/collect/shock are useful stress/adaptation hosts, but the supplied reports contain no established held-out benchmark such as ImageNet, CIFAR, language modeling, continual-domain datasets or equivalent external task suite. TTA and continual-learning literature normally evaluates across recognized domain-shift datasets specifically because adapting online can also cause forgetting. fileciteturn0file9 [20]

	StepTweenSplit is universally superior to backprop
	The strongest matched snapshot actually shows the opposite on one dimension: StepTweenSplit averages −3.8 pp hard Acc, while winning on Availability/Throughput/Score. Moreover only early mode families have been sampled. fileciteturn0file9

	float64 is generally the best dtype
	It is the current test51/SIMD winner, not a universal hardware result. Welvet has an explicit AVX2 float64 path and these are tiny workloads; modern accelerator training commonly benefits from mixed/lower precision. fileciteturn0file10 [7]

	Cameral width is better or worse in general
	Current extra cams pay a clear throughput price, but the matrix is too incomplete and task set too narrow to infer general model-quality benefit. fileciteturn0file5 fileciteturn0file8

	Multi-node distributed training works
	Ocean aggregates boards; it does not jointly optimize one model across machines. CamSync described in the feature book is intra-stack/same-shaped-store blending unless a host explicitly wires stores; it is not a distributed data-parallel training protocol. fileciteturn0file10

	GPU or accelerator fairness
	test51 is a CPU/SIMD farm. The engine has WebGPU support, but these reports do not compare equivalent CPU vs GPU live-training cells. fileciteturn0file10

	Multi-week uninterrupted process survival
	The PDFs and boards lack a campaign uptime/restart timeline; current-generation counters look like hours/minutes of cell work. The operator-reported c3 restart itself makes generation lineage relevant. fileciteturn0file6

	HTTP/service availability from Lucy Availability
	Lucy Availability measures inference-vs-training busy time, while Ocean actually lost one peer at the consolidation snapshot. External request latency is a separate SLI. fileciteturn0file9

	100% CPU utilization as independently verified measurement
	The saturation condition is stated in the experiment brief, but the attached reports contain no host CPU utilization, steal, throttling or load time series.

	Checkpoint correctness under crash/restart
	Results surviving in a board is encouraging, but the artifacts provide no checkpoint checksum, generation journal, replay audit, lost/duplicated-cell test or recovery-time metric.

	Statistical significance of current leaders
	There are no reported independent replicates, confidence intervals or randomized ordering. Some hard-accuracy champions also operate on very low throughput/output counts, making finite-sample uncertainty especially important. fileciteturn0file2 fileciteturn0file5

	A complete Gold result
	Ocean explicitly reports no Gold cells yet. Its 100%-accuracy FP8 reference is tiny but extremely slow; the Score/live-fit champ is much larger. “Gold-std” is a weaker two-or-more-pillar category and must not be presented as full Gold. fileciteturn0file9


One further methodological risk deserves emphasis: matrix order is currently entangled with time. Because c1 begins with one family, c2 another, and c3 another, an early Ocean leaderboard partly compares modes and partly compares which peer happened to run which family under which VM conditions. This is especially problematic on cheap shared cloud infrastructure, where steal time and noisy-neighbor behavior can change over hours. A future farm should either randomize/stratify cell order across peers or run a repeated matched “sentinel panel” on every peer before interpreting raw mode means.
There is also a measurement-design issue around very short cells. The Tide PDFs themselves say a zero Score can mean the cell ended before a Lucy accuracy pulse occurred. fileciteturn0file2 A benchmark should never let polling cadence determine whether a configuration appears to have zero learning. Require a minimum output count and pulse count, extend too-fast cells to that floor, or mark the result censored.
Finally, the multiplicative Score has an intentional but consequential property: a large throughput/Availability change can outweigh a modest hard-accuracy change. That is not mathematically wrong—it is the objective—but readers need the three pillars printed beside every Score, exactly as Tide already does. Any public headline that reports Score without hard Acc would invite the same mistake the feature book warns against.
Recommended next experiments
The next version should formalize “volatile online soak” as a protocol with two independent hypotheses:
1. Learner hypothesis: under saturation, the serve+train loop continues completing cells at a bounded rate without corrupting state, and the observed Lucy trade-offs are reproducible.
1. Systems hypothesis: the host remains monitorable/recoverable under that same load, including during deliberate failures.
That follows the same basic logic as chaos engineering: define a steady state, perturb realistic failure variables, and test whether measurable service behavior remains within bounds. [15]
A cleaner run should pin the Welvet commit, AAI/Tide commit, container digest, VM SKU, vCPU count, RAM, region, kernel, CPU flags, GOMAXPROCS, cgroup quota and Docker limits. Record CPU user/system/steal, cgroup throttled seconds, load, RSS/heap, GC pause distribution, I/O wait and network errors. Without those data, “cheap volatile VM” remains a narrative condition rather than an analyzable independent variable.
The design should use two load profiles. In torture mode, training may consume the entire CPU budget exactly as test51 did, specifically to discover starvation. In service-reserved mode, cap the worker to perhaps 90–95% of CPU or reserve one logical CPU/share for HTTP/telemetry. Comparing the two directly gives a useful engineering curve: “what fraction of raw cell throughput buys reliable control-plane responsiveness?”
Cell ordering should become stratified and randomized. Every peer should periodically execute the same small sentinel panel—for example NormalBP, StepTweenSplit and one proxy/sparse mode at the same dtype/LR/cam recipes—so VM-to-VM variation can be estimated. The large search tree can continue in the background, but algorithmic claims should come from matched recipes with at least several independent seeds/repeats. This moves the experiment toward the apples-to-apples discipline used by MLPerf/AlgoPerf without discarding Tide's live-fit objective. [21]
A practical metric-and-gate sheet could be:
	Area
	Required telemetry
	Suggested initial pass gate

	Campaign identity
	run UUID, generation UUID, git SHAs, image digest, VM identity
	Every result traceable to immutable software/environment metadata

	Trainer liveness
	monotonic heartbeat; cell started/completed/failed counters; current cell
	No unexplained no-progress interval >15 min

	Progress
	cells/hour over 5 min, 1 h and lifetime; p50/p95/p99 cell time
	Sustained rate ≥80% of peer's pre-soak baseline outside injected failures

	Cell correctness
	ok/fail/gap, Lucy pulse count, outputs sampled, NaN/Inf counters
	<0.1% unexplained cell failures; no silently censored Score-0 cells

	Process stability
	process uptime, restart count, exit code/signal, OOM flag
	Zero unrecovered crashes; every restart has a classified cause

	Recovery
	failure time, process-up time, training-resumed time
	Deliberate restart returns to useful work within a stated budget, e.g. 60 s

	Checkpoint integrity
	sequence number, byte count, hash/CRC, schema version, last-cell ID
	100% validation; no lost or duplicated completed IDs after recovery

	HTTP control plane
	/api/board request count/error count and latency histogram; /healthz; report latency separately
	Service-reserved: ≥99.9% success and p99 board latency ≤1 s as a starting SLO; torture mode should publish observed degradation rather than hide it

	Ocean reachability
	peer up/down timeline, stale-last-good age, reconnect count
	≥99.5% peer visibility outside deliberately injected partitions

	Host resources
	CPU user/sys/steal, cgroup throttle, memory/RSS, GC, I/O, network
	No unexplained OOM; all performance comparisons annotate steal/throttle

	Lucy quality
	Acc, SoftAcc, T, Availability, Score, Q/LPD, sample/output counts
	Winners only eligible after minimum sample/pulse count

	Statistical confidence
	repeated matched cells, seed, mean/median and interval
	Do not call one mode/dtype superior unless matched repeats support the direction

	Power, where possible
	watts/joules or provider/hardware energy counter
	Report energy per output and/or per learned cell on edge-specific runs


Prometheus-style histograms are a natural fit for /api/board and cell-duration latency because they allow tail quantiles to be calculated and aggregated after collection instead of baking one percentile into the worker. [8]
Checkpointing should be deliberately crash-tested. Write a new checkpoint to a temporary path, fsync it, validate its checksum, atomically rename it, and journal the last committed cell sequence. Then inject SIGTERM, SIGKILL/container restart, an Ocean network partition, and controlled disk slowdown/full-disk-near-threshold scenarios. Chaos methodology is valuable here precisely because “it ran for a long time” is weaker evidence than “we broke these things deliberately and verified recovery.” [15]
The next algorithm experiment should not attempt the entire matrix first. Take a balanced slice around the signal already visible:
{NormalBP, StepTweenSplit, MeshTweenAlt, one FastProxy mode, one Sparse mode} × {float64, float32, float16/bfloat16, one FP8 or quant storage} × {LR 0.02, 0.2, 2} × {cam1, cam2} × {chase, flee, collect, shock},
randomize that panel, run it on every peer with repeated seeds, and then report paired deltas. That would directly test whether the observed StepTweenSplit trade is reproducible and whether the apparent float64 advantage survives cross-host matching.
The next dtype experiment should additionally normalize by actual instruction/backend path. The result to test is not “is float64 faster than float16?” in the abstract; it is “why does Welvet's current small-matrix SIMD implementation produce higher live-fit for float64?” Profile conversion/repack overhead, SIMD kernel time, memory traffic and weight-update cost. Lower-precision training systems often benefit from reduced bandwidth and accelerator tensor throughput, so this surprising CPU result deserves mechanistic analysis rather than a leaderboard headline. [7]
The next online-learning experiment should introduce genuine non-stationarity and forgetting measurement. Tent shows that online test-time optimization can adapt from incoming test data, while CoTTA and EcoTTA highlight error accumulation, catastrophic forgetting and long-term stability as central deployment problems. [10] Add recurring challenge switches and separately record current-task Acc, retained prior-task Acc, recovery time after a switch and forgetting area-under-curve. That would make AdaptPct and Lucy live-fit directly comparable with the scientific concerns of continual adaptation.
For public presentation, the one-page abstract should say approximately:
We evaluate a Go-based online-learning engine under sustained CPU saturation on three inexpensive cloud VMs. Unlike train-then-serve benchmarks, each Tide cell alternates/concurrently accounts for inference and parameter adaptation and is ranked by hard accuracy, live throughput and inference-vs-training duty availability. At the reported partial snapshot, 3,900+ cells across the two Ocean-reachable peers had completed with no cell-level fail/gap records; the third peer had restarted and its HTTP control plane was intermittently unavailable despite continued training according to operator logs. In 40 currently matched recipes, StepTweenSplit traded 3.8 percentage points of hard accuracy for +14.7 points Availability and higher throughput/Score versus the NormalBP/SGD baseline. These are mid-soak observations, not complete-matrix or generalization claims. fileciteturn0file9
The figure set should be: stack diagram (Welvet → Lucy → AAI → Tide → Ocean); peer timeline with generations, restarts and Ocean reachability; cumulative lifetime cells and cells/hour; CPU user/sys/steal plus /api/board p99; hard Acc–Throughput–Availability Pareto plots; paired StepTweenSplit-minus-NormalBP deltas with intervals; fully matched dtype/cam heatmap; and checkpoint/restart recovery timeline. The existing Ocean Pareto/consciousness plots are good analytical figures, but they need the systems timeline beside them so readers can separate model live-fit from host reliability. fileciteturn0file9
Public phrasing should avoid “StepTweenSplit beats SGD,” “float64 is best,” “three VMs ran flawlessly for weeks,” or “100% CPU proves production stability.” The defensible wording is narrower and more interesting: this experiment demonstrates a working way to expose accuracy–throughput–training-duty trade-offs while a learner remains live, and it discovered that control-plane responsiveness can fail before the training loop does under full host saturation.
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