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Abstract

We ask whether a customer’s LoRA adapter can be fine-tuned in the idle gaps of a live
inference engine on a consumer Mac, on the 4-bit base model the engine already holds in memory,
without hurting serving and with exact resumption when the process is killed. We build uli, a
training scheduler inside the EngineV2 continuous-batching engine on MLX, plus a small hub that
accepts jobs, routes them and serves finished adapters. On one M1 Pro with 16 GiB of memory
and Qwen3.5-9B at 4 bits, an adapter trained through the engine’s idle calls on an otherwise
idle Mac answers 91.2% of 500 held-out Banking77 queries from the query alone, against 73.6%
for the same base given the full label list; the configuration was chosen over three rounds graded
on the same rows, with one seed and one split. Under a 0.2 requests per second load, training
adds p99 0.134 s to a request’s time to first token, the longest training piece has p99 0.145 s,
and median time to first token stays at 1.41 s against 1.44 s with no training. Training adds
0.296 GB of peak memory and never copies the base. In an end-to-end run through the hub,
the node was killed mid-job twice, once by the test script and once by the operator after a stall,
and the final adapter matched an uninterrupted run in all 304 arrays. One failure stays open: a
memory-pressure gate held training for about 55 minutes and needed manual help. Sharing a
base between serving and fine-tuning is not new; our contribution is a measured, narrow data
point for consumer Apple Silicon.

1 Introduction

Fine-tuning a small open model on a team’s own labelled examples is a common way to fit it to a
narrow task, such as intent classification or field extraction [4, 10]. On the task in this paper it moves
a 9B model from 73.6% to 91.2% accuracy. The value of such a model comes from the customer’s
labels, not from the volume of tokens it serves. That makes it a plausible job for machines that
cannot compete on token volume, such as consumer Macs.

This paper asks one question. Can a customer’s adapter be fine-tuned in the idle gaps of a live
inference engine, on a consumer Mac with a 4-bit base held in memory, without hurting serving,
and resume exactly after the process is killed?

The question matters now for two reasons. First, networks of provider-owned Macs already
serve open models [5]. When checked on 2026-10-27, every model in one such network’s catalog
required at least 24 GB of memory, so a 16 GB Mac served none of them. Second, OpenAI’s self-serve
fine-tuning stops accepting new jobs from active customers on January 6, 2027 [15]. The same
page states that inference on fine-tuned models continues until the base model shuts down; for
gpt-4o-mini and gpt-4.1-mini that date is January 14, 2027. Teams that depend on small custom
models will need somewhere else to train and serve them.
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What we build. uli is a scheduler that runs training as short, resumable pieces inside the inference
engine’s own idle loop, on the quantized weights the engine serves. A request is blocked directly by
at most one piece. Finished adapters are served per request, side by side with other adapters and
the base, in one batch. A hub accepts a dataset, assigns the job to a node, stores checkpoints so a
killed node can resume, deletes training data when the job ends, and proxies chat to the adapter.

What we measure. All results come from one M1 Pro (Section 4) running Qwen3.5-9B [17] at 4
bits [6]:

1. The adapter learns the task: 91.2% of 500 held-out Banking77 rows from the query alone,
against 73.6% for the base with every label in its prompt, with one seed and one split
(Section 5.1).

2. Serving cost is small: at 0.2 requests per second training adds p99 0.134 s to time to first
token, the longest training piece has p99 0.145 s, and training adds 0.296 GB of peak memory
(Sections 5.2 and 5.3).

3. Resume is exact: after two SIGKILLs mid-job, one scripted and one by the operator after a
stall, the final adapter is bit-identical in all 304 arrays to one trained without interruption
(Section 5.5).

4. The loop works end to end through the hub, including routing (unit-tested; one node in the
live run), adapter serving and data deletion (Section 5.5).

What we do not claim. Sharing one base model between fine-tuning and serving, and suspending
fine-tuning at fine granularity to protect inference latency, are published [2, 9, 12, 14]. Our claim
is narrower: the mechanism works on Apple Silicon with MLX, in unified memory, on a resident
4-bit base, with bit-exact resume after a kill, and we report what it costs. The design targets
memory the owner’s other applications also use, but the passing serving and equivalence runs had
those applications closed; under their pressure the piece bound failed or the gate stopped training
(Section 6). We make no claim about provider earnings, other Macs or other base models.

2 Background and related work

LoRA on a quantized base. LoRA trains a low-rank update beside frozen weights [10]. QLoRA
showed that the frozen base can stay quantized while the adapter trains in higher precision [4]. uli
trains a rank-8 adapter in float32 on the 4-bit weights the engine already serves, so no second copy
of the base exists.

Co-serving fine-tuning and inference. FlexLLM fuses inference and parameter-efficient fine-
tuning at the token level on shared GPUs, interleaving training tokens into every co-serving iteration
under latency targets [14]. LLMStation turns a tuning task into a suspendable pipeline that shares
one base with serving, pausing backward work per layer or operator [9]. DeltaServe converts idle
inference capacity into LoRA fine-tuning throughput through a hook interface over existing engines,
admitting fine-tuning only when there is headroom under the inference SLO [2]. LOCAL runs
inference and adaptation for an on-device agent on one GPU and manages adapter versions against
cached state [12]. LLMStation and DeltaServe already establish training in serving gaps with
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Figure 1: One engine, one resident base. Serving rows and the training job share the same 4-bit weights;
each request binds its own adapter row, and training runs only in the loop’s idle calls.

fine-grained suspension, and FlexLLM shows that inference and fine-tuning can share every iteration
instead. Three of the four were evaluated on consumer GPUs: LLMStation on RTX 3090s as
well as H100s, DeltaServe on a single RTX 5090 with 32 GB, and LOCAL on a 7B model on one
24 GB consumer GPU. None of the four reports Apple Silicon, training on a 4-bit base held for
serving, or a 16 GiB unified-memory machine. Related systems also exist: FineInfer multiplexes
one base between fine-tuning and inference with iteration-level scheduling [8], Loquetier runs LoRA
fine-tuning and serving in one runtime [19], and ConServe protects online requests from offline
inference by preempting the offline work layer by layer [16].

Serving many adapters. S-LoRA and Punica serve many LoRA adapters over one base by
batching requests for different adapters together [3, 18]. uli serves adapters the same way at small
scale, binding an adapter, or none, to each row of a batch. We claim nothing new here beyond its
correctness on this engine.

3 Design

3.1 Setting and constraints

A node is one Mac holding one base model in memory and serving requests from it. The owner keeps
using the Mac for other work, so free memory changes without warning. The engine is EngineV2, a
continuous-batching engine in an MIT-licensed fork of mlx-swift-lm on MLX [7, 11]. Serving always
has priority: training may only use time when no request is waiting or running. Figure 1 shows the
parts.
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Figure 2: Serving and training share one engine loop. Training runs only when the loop is idle, one piece
per idle call, so a new request is blocked directly by at most the piece already running.

3.2 Training as pieces

A micro-step is one training example’s forward pass, backward pass and, every fourth micro-step, an
optimizer update. On this model one micro-step takes several seconds of compute, far too long to
make a request wait behind it. uli therefore splits each micro-step into pieces: an embedding piece,
two forward pieces per decoder layer (the token mixer and the MLP), a head piece, two backward
pieces per layer, and an update piece. A micro-step runs in 131 pieces. Between pieces the trainer
is suspended and holds its own state. Each backward piece recomputes its sublayer from one stored
hidden state, so activations for only one sublayer are live at a time. The update piece is the only
point where a step becomes visible to serving: it replaces the adapter arrays at once.

3.3 The idle hook

uli adds one observer to EngineV2’s loop (patch 0003). When the loop finds no waiting or running
request, it calls the observer instead of sleeping. The observer runs at most one training piece and
returns, and the loop checks for requests again. A request that arrives during a piece is therefore
blocked directly by at most that one piece. Figure 2 shows the pattern.

3.4 The training gate

Before each piece a gate checks the machine. It refuses when MLX’s active memory is within a
headroom margin of its limit, when macOS reports memory pressure other than normal, or when
swap-outs rose in the last 10 seconds. Serving is never gated. MLX’s buffer cache is capped at
1 GiB. Section 6 reports how the pressure rule failed in practice.

3.5 Adapters per row

Target linear layers are wrapped once with adapter layers that share the base weights. For each
forward pass the engine reports which request owns each row, and uli binds that row’s adapter, or
none. Each adapter row computes its low-rank term on its own slice, so a row’s output does not
depend on the rest of its batch. A training job is one more adapter in the same bank.

3.6 Checkpoint and resume

A checkpoint is one safetensors file holding every adapter array, the AdamW first and second
moments and step for each array [13], and the micro-step and update counters. It is taken only at
an update boundary, when no gradient is pending. Data order, epoch and learning rate are pure
functions of the step count, the seed and the configuration, and training draws no randomness after
the adapter is created. Restoring writes the saved moments into the optimizer’s own state arrays, so
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every later update runs the same library code as an uninterrupted run. Resume is therefore exact
by construction, and Section 5.5 tests that on the real model.

3.7 Hub and job lifecycle

A hub written in Go holds jobs, datasets, checkpoints and adapters, and routes each request to a
live node holding the base, preferring one with the adapter cached. Nodes are clients: each sends a
heartbeat every 2 seconds carrying progress, losses and outcomes, and receives assignments and
cancellations in reply. A node downloads the dataset into a private job directory, verifies its hash,
trains, uploads a checkpoint every 25 updates, uploads the adapter when done, and deletes the job
directory on success, failure or cancel. A command-line tool submits, watches, cancels and evaluates
jobs and chats with a finished adapter.

4 Methodology

Machine and model. One Apple M1 Pro MacBook Pro with 14 GPU cores and 16 GiB of unified
memory, running macOS 26.2. The base is Qwen3.5-9B [17] quantized to 4 bits for MLX, 6.11 GB
per the network’s catalog [6]. Qwen3.5 interleaves gated-delta layers with attention layers; patch
0001 routes the gated-delta layers to their differentiable path in training mode.

Task and grading. Banking77 is a public intent-classification set with 77 labels [1]. We draw
2,000 training rows and 500 held-out rows, stratified by label with seed 0. Decoding is greedy, and
a completion is correct only if it matches the label exactly. The base gets the full label list in
its prompt; the adapter gets only the query. The pass threshold, adapter accuracy at least base
accuracy plus 15 points, was fixed before the result that passed it existed. The training configuration
was not: three rounds were graded on the same 500 held-out rows, with 1 epoch (79.0%, a run its
own report marked invalid for two sampler gaps), 2 epochs (86.2%, below the threshold), and 3
epochs with the rate decayed across the third (91.2%). Every result uses one seed and one split,
and each reported configuration ran once, with three exceptions: the EngineV2 serving test passed
on its second full run (Section 5.2), the quiet-machine serving test on the earlier loop ran twice
(Table 3), and the equivalence test was rerun after its first run was invalid. Banking77 stands in for
a customer’s labelled data; no real customer is involved.

Training configuration. Rank 8, 3 epochs, 6,000 micro-steps and 1,500 optimizer updates with
gradient accumulation 4. The learning rate is 10−4 for epochs 1 and 2 and decays linearly to zero
across epoch 3.

Serving load. Poisson arrivals at 0.2 requests per second, 200-token prompts and 64 output
tokens, in four 10-minute arms. Arms come in pairs that replay the same arrival schedule and
prompts, one with no training (baseline) and one with an attached job (candidate). Added wait is
the candidate’s time to first token minus the baseline’s for the same request index. At this request
size the engine on this Mac saturates at about 0.36 requests per second, so 0.2 is a moderate load,
not a light one.
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Table 1: Banking77 held-out accuracy. All rows hold the same adapter weights. The base sees all 77 labels
in its prompt; the adapter sees only the query.

Grading path Rows Base Adapter Gain

Single-request loop (M0), trained here 500 73.8% (369) 91.2% (456) +17.4
EngineV2 node (M1), same file 500 73.6% (368) 91.2% (456) +17.6
Through the hub (M2), retrained, identical 100 69 of 100 90 of 100 +21

0 20 40 60 80 100
held-out accuracy (%)

EngineV2 node
n = 500

through the hub
n = 100

73.6 91.2

69.0 90.0

base, all 77 labels in prompt adapter, query only

Figure 3: The adapter, given only the query, beats the same base given every label: on 500 held-out rows
on the EngineV2 node, and on every fifth of those rows through the hub.

Evidence. Every run writes an evidence bundle with a sha256 manifest, the commit, a clean-tree
flag, machine state samples every 500 ms, and per-piece events. A run with a sampler gap or a
missing event is marked invalid.

5 Results

5.1 The adapter learns the task

Table 1 and Figure 3 give accuracy. All three rows grade the same weights. The adapter was
trained once on the earlier single-request loop; the EngineV2 row grades that same file again on the
EngineV2 node, and the end-to-end run of Section 5.5 trained a new adapter through the hub that
is bit-identical to it in all 304 arrays. That identity is itself a result: training on two different engine
loops, one of them through the hub with two restarts, produced the same weights. On the EngineV2
node the adapter answers 456 of 500 held-out rows from the query alone, against 368 of 500 for the
base with every label listed. On the earlier loop it scored the same 456 of 500, against 369 of 500
for the base. The adapter’s 44 misses are mostly neighbouring intents, such as two top-up intents or
two transfer states, and no label accounts for more than 3 of them. Training on the idle Mac took
25,673 s (7.13 hours) for 420,789 training tokens, 16.4 tokens per second.

Training through the engine’s idle calls computes exactly what the trainer computes alone. Over
200 micro-steps, every loss and all 304 adapter arrays were bit-identical between the two, and each
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Table 2: Serving at 0.2 requests per second, 200 prompt and 64 output tokens, EngineV2 node, 226 requests
per side. Baseline arms run no training; candidate arms run a job in the gaps. Added wait is the candidate’s
time to first token minus the paired baseline request’s; the longest piece is taken per micro-step, over 114
micro-steps.

Measure Baseline Candidate

TTFT p50 1.44 s 1.41 s
TTFT p90 4.03 s 4.14 s
TTFT p99 8.95 s 8.87 s
Failed requests 0 0

Added wait p99 (max) n/a 0.134 s (0.169 s)
Longest piece p99 (max) n/a 0.145 s (0.147 s)
Optimizer updates per minute, slowest arm n/a 1.3

of 26,200 idle calls ran one piece. This test passed after its gate was reduced to the MLX headroom
check alone; its first run was invalid, because memory pressure from other applications made the
full gate refuse every piece.

5.2 Serving cost

Two latency numbers must not be confused. Time to first token (TTFT) is the whole wait a request
sees on this slow machine under load, with or without training. Added wait is what training adds
on top of that. Table 2 gives both, with the serving-only baseline beside the candidate.

TTFT under this load is long because the Mac is slow, not because of training: the candidate’s
median and p99 are at or below the baseline’s, and its p90 is 0.11 s above it. The added wait
a request sees, measured against the same request in the paired baseline, has p99 0.134 s and a
maximum of 0.169 s. The longest piece in any of the 114 micro-steps has p99 0.145 s and a maximum
of 0.147 s, below the 0.25 s bound we set. The one-piece bound covers direct blocking only; added
wait also carries the engine’s other effects, and on earlier code it exceeded the longest piece (Table 3).
The first run of this test failed that bound on two pieces in the process’s first 30 seconds of training,
so the node now runs a short training warm-up first; the warm-up took 4 micro-steps and 16.8 s.
Figure 4 shows a real minute of the candidate arm, and Figure 5 the full distributions.

Piece granularity sets the direct-blocking bound. Table 3 traces it across the design’s history
on the same Mac. A whole micro-step took 2.46 to 7.80 s. Layer pieces brought the longest piece
p99 to 1.04 s. Sublayer pieces first measured 0.83 s under heavy memory pressure, then 0.136 s and
0.130 s in two runs on a quiet machine. The wait a request actually gains follows piece length only
loosely: on the single-request loop its p99 was 4.17 s under memory pressure and 0.35 s and 0.68 s in
the two quiet runs, against 0.134 s on EngineV2. On the earlier loop, a single run’s added-wait p99
varied about twofold between two runs; the 0.134 s is one run’s value, not a bound.

5.3 Memory

With a job attached, MLX’s peak memory rose by 0.296 GB over serving alone, against a 1.0 GB
bound. Active memory rose by 258.6 MB, under the bound of adapter plus optimizer state plus
64 MiB, 260.6 MB. The base is not copied. The first measurement, before training was split into
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Figure 4: A real 60 s window of a candidate arm at 0.2 requests per second. Requests in flight are black,
with a white tick at the first token; the loop’s idle time between them is grey; red triangles mark completed
training micro-steps. Every micro-step in the window completes inside an idle span.
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Figure 5: Training stays out of serving’s way. (a) All 14,934 pieces of the 114 completed micro-steps in the
candidate arms; the longest piece per micro-step has p99 0.145 s, under the 0.25 s bound. (b) Time to first
token for the 226 requests of the serving-only arms and the 226 of the candidate arms: the two distributions
overlap from median to tail.

layer pieces, added 1.19 GB of peak memory; keeping one layer’s activations at a time removed most
of it.

5.4 Correctness of shared serving

With two adapters and base rows sharing forward passes, 20 of 20 prompts produced the same
first 64 tokens as the same adapter on a separate model instance through upstream LoRA. Base
requests produced identical output with and without a trainer attached, alone and beside adapter
rows. Serving between training pieces left training unchanged: on a small test model, final adapter
arrays agreed within 10−6.

8



Table 3: Training’s cost to waiting requests, by piece granularity. The first row is micro-step duration with
no serving load, measured on battery power; the rest ran under the load of Table 2. Rows 1 to 5 ran on the
earlier single-request loop, row 6 on EngineV2.

Granularity Machine state Longest piece p99 Added wait p99

Whole micro-step battery, no load 2.46 to 7.80 s each n/a
Layer pieces (66 per micro-step) not recorded 1.04 s 0.56 s
Sublayer pieces heavy memory pressure 0.83 s 4.17 s
Sublayer pieces quiet, 5.8 GiB free 0.136 s 0.35 s
Sublayer pieces, repeat quiet 0.130 s 0.68 s
Sublayer pieces, EngineV2 normal pressure 0.145 s 0.134 s
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Figure 6: The overnight job’s loss at each of its 1,500 optimizer updates, on a log scale. Both resumes
restart from the last checkpoint, at 100 and 1025; the stall was found at update 1040. The finished adapter
matches an uninterrupted run in all 304 arrays.

5.5 End to end, with two kills

The final test is one script: start the hub and a node, submit the 2,000-row job through the
command-line tool at the configuration above, kill the node mid-job, restart it, and grade the
adapter through the hub’s chat endpoint. The run did not finish under that script alone; the operator
stepped in, as described below. The run script sent SIGKILL once the hub held a checkpoint at
update 100 and the job had reached update 110. Training resumed from update 100. Later the
memory gate stalled training (Section 6). The operator stopped the run script without its cleanup,
killed and restarted the node, and continued the run with a copy of the script that skips its startup
steps and runs the same grading steps. Training resumed from update 1025, the last checkpoint,
but stayed paused until the operator sent three chat requests through the hub at 00:52 UTC. The
script’s own resume check failed, because it requires exactly one resume and the run had two; the
resume criterion in our specification, that each restart resumes from the last checkpoint and the job
completes, held. The job completed all 1,500 of 1,500 updates and 1,500 losses. The final adapter is
bit-identical, in all 304 arrays, to the adapter from the uninterrupted training run of Table 1’s first
row. Through the hub, the adapter answered 90 of 100 held-out rows (every fifth row of the 500)
against 69 of 100 for the base. Figure 6 shows the job’s loss with both resumes.

The three checkpoint writes the job snapshots record took 0.05 to 0.17 s, and the finished adapter
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is 64.5 MB. After the job ended, none of 20 training queries appeared under the node’s store or in
its logs, and the hub recorded that the node had deleted the data; the same held for a smaller job
that succeeded, one that was cancelled and one that failed. The run took 8 hours 29 minutes of
wall-clock time, about 55 minutes of it paused.

6 Failures and limitations

The gate stall. The gate refuses training whenever macOS reports memory pressure other than
normal. From about 23:58 UTC in the end-to-end run, macOS reported warning while 44% of
memory was available, and swap-outs did not rise. Clearing the file cache and briefly allocating
2 GB left the warning in place. Killing the node returned pressure to normal at once; reloading the
model raised it again. The first of three chat requests the operator sent through the hub returned
pressure to normal, and training ran to the end. A paused node does not leave this state on its own,
and the node did not log which check refused, so diagnosis read the gate’s inputs from outside. An
earlier equivalence run on the same Mac hit the same refusal under pressure from other applications.
The rule as written is too strict for unattended use; a fix that pauses only while available memory is
actually low, and logs the refusing check, is the first follow-up. The second kill in Section 5.5 was
the operator’s response to this stall, not a scheduled test.

Memory pressure sets the tail. On the same code, the longest piece p99 was 0.83 s when free
memory was under 0.2 GiB and the Mac was swapping gigabytes per arm, and 0.136 s when the run
was repeated on a quiet machine. On a shared consumer machine the owner’s other applications
decide the tail, and the gate’s job is to stop training before that happens.

Thin update margin. Training advanced at 1.3 updates per minute in the slowest arm against a
bound of 1.0, and one arm skipped 196 idle calls on swap-outs. At heavier load the gaps shrink and
training slows; we did not measure where it stops.

Scope of the evidence. Every number comes from one 16 GiB M1 Pro and one base model,
Qwen3.5-9B at 4 bits. No other Mac, memory size or base has been measured. Banking77 is a public
benchmark standing in for a customer’s data. The training configuration was chosen over three
rounds graded on the same held-out rows, with one seed and one split, so 91.2% is an optimistic
estimate of accuracy on unseen data. No graded adapter was trained under serving traffic: the
accuracy runs trained on an otherwise idle Mac, the end-to-end run had no chat traffic beyond the
operator’s three requests, and under the serving load of Section 5.2 training reached only 13 and 15
optimizer updates per 10-minute arm. The serving tests ran at 0.2 requests per second against a
ceiling of about 0.36 on this Mac, so the results say nothing about a busy node.

7 Discussion

The results answer the question for one machine. This Mac can fine-tune a useful adapter through
its own inference engine’s idle calls, on the weights it serves, on an otherwise idle Mac; in separate
serving runs the cost to serving is hard to see in TTFT; and it can resume exactly after being killed.
The measurements also show where it is fragile: the gate reads macOS’s pressure signal, which can
stay at warning long after memory is available.
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The timing of this question is not only technical. When OpenAI’s self-serve fine-tuning stops
accepting new jobs [15], teams that customized small models there must move to other hosts or run
open weights themselves. Whether customization stays available to small teams then depends on
where open-weight fine-tuning can run. Fine-tuning that fits in the idle time of hardware people
already own is one answer, and this paper measures its cost on the smallest machine we expect it to
run on.

Two directions follow. The first is the gate: decide on available memory rather than the pressure
level, and record every refusal. The second is breadth: more Macs, more memory sizes and other
bases, with real chat traffic during training.

8 Conclusion

uli trains a customer’s LoRA adapter inside a live inference engine on an M1 Pro laptop, in the
engine’s idle calls, on the 4-bit base the engine serves. The adapter, trained on an otherwise idle
Mac, reached 91.2% of 500 held-out Banking77 rows against 73.6% for the base. Under load, training
added p99 0.134 s to time to first token, and the longest training piece had p99 0.145 s; training
adds 0.296 GB of peak memory; and a job killed twice resumed to a bit-identical adapter. The idea
of co-serving is not new; what this adds is evidence that it works, and what it costs, on consumer
Apple Silicon.
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