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Figure 1. Long histories with a live speculative draft. Both JustFit generations reach a tested 320K B2 page capacity; v2 retains its
draft during concurrent decoding. Solid bars show tested B1 bounds; hatching extends them to the separately tested B2 total. Speed uses
eight fixed SPEED-Bench 16K tasks and 512 output tokens. V2 prefill is 9–46% faster than Splash 1.3.0; singleton decode is 2–9%
slower. Capacity and speed are separate tests. *M6 has physical 32 GiB; 8 GiB is locked for its v1/v2 B2 tests only. Capacity, speed and
historical-baseline protocols are specified in Section 8.1.

Abstract
Long-context local serving must fit more than a
model: histories, a speculative draft, image en-
coding and concurrent requests compete for the
same unified memory. JustFit v2 makes this live
set affordable through four cooperating mecha-
nisms: KVExec executes compressed history with
bounded reconstruction and rotated-domain at-
tention; PhaseSwap controls transient residency
while keeping the draft live; StateTrans preserves
committed composite state across scheduling and
restart; and CrossFire shares work across CPU,
GPU and Apple Neural Engine. Warm-prefix
tests retain 320K aggregate page capacity across
two live requests with a resident draft, preserving
v1’s capacity on two physical 24 GiB Macs and a
32 GiB system with 8 GiB locked. Across eight
fixed-output 16K tasks, median decode is 2.0–
2.5× v1. Against Splash 1.3.0, prefill improves
by 9–46%, with a 2–9% singleton-decode cost.
At 32K, four-request aggregate decode reaches

Contact: contact@yuhuachen.com. Code: https:
//github.com/YuhuaBillChen/justfit-llm.

111.28 tokens/s on M5 Pro and 81.30 on M6, up
from 56.84 and 34.58 at one request; M4 Pro
largely plateaus. ANE vision offload reduces the
measured maximum text delivery gap from 1.70 to
0.43 seconds at increased image latency, and cold-
restart checks restore committed KV and recurrent
state on all three devices. Together, these results
show how coordinating state representation, own-
ership and execution extends local serving from
fitting weights to sustaining long histories and
concurrent work.

1. Introduction
A local agent spends much of its life between requests:
retaining a document, waiting for a tool, answering a follow-
up, or accepting an image while another answer is already
streaming. A quantized model that loads successfully need
not support this service. Target weights, the speculative
draft, compressed KV, recurrent state, visual features, and
temporary matrices can still overlap beyond the physical
memory available to the application.
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Splash 1.3.0 provides model-specialized Metal execution
and the DFlash2 learned draft (Inco AI, 2026b;a). Its evalu-
ated four-bit Qwen3.8-27B package documented a 36 GB
minimum and a 48 GB recommendation (Inco AI, 2026e;d).
JustFit v2 targets a 24 GiB Mac with this target/draft pack-
age. Its central design question is how to retain long histo-
ries and serve concurrent work while keeping fast specula-
tive decoding available.

JustFit v1 established three principles in MLX (Chen, 2026;
Hannun et al., 2023): compact history should be expanded
only for its next consumer (KVExec); components should
remain attached only while an owner needs them (Phas-
eSwap); and execution-mode changes should preserve com-
mitted progress (StateTrans). Its concurrent policy used
autoregressive decoding after batched speculation proved
unattractive in the studied configurations. V2 changes the
constraint: the speculative draft stays live beside concur-
rent histories. Memory must be recovered from execution
intermediates, component overlap, and idle state without
discarding the context needed by the decoder.

CrossFire extends these lifetime principles to heterogeneous
execution: CPU/GPU column partitioning accelerates el-
igible prefill operations, while ANE vision encoding can
overlap GPU text work. Language-model ANE execution
joins the same phase and resource policy. The resulting
design treats compute placement and memory ownership
together, allowing each accelerator to contribute when its
work fits the current live set.

The contributions are:

• KVExec: representation-aware native execution.
Page-native TQ4, bounded head reconstruction,
rotated-domain verification, and layout-aware staging
retain compressed-history savings at the computation
boundary.

• PhaseSwap: residency with a live draft. Component
leases, mapped host embedding, reused arenas, and
a shared verification-row budget control peak overlap
while preserving concurrent speculative execution.

• StateTrans: committed continuity. Layered schedul-
ing and composite-state publication, persistence, and
restoration preserve valid progress. Ancestor reten-
tion makes earlier committed histories available after
continuation and restart.

• CrossFire: budgeted heterogeneous service.
CPU/GPU partitioning and full-tower ANE vision
make otherwise idle compute available when shapes,
phase, and resource admission permit it, with GPU
fallback.

Figure 1 connects the design to system-level outcomes: Just-

Fit v2 preserves v1’s tested 320K aggregate retained capac-
ity with a live speculative draft and delivers 2.0–2.5× its
median decode rate on the fixed-output workload. The eval-
uation then explains the execution and residency choices,
concurrent scaling, image interference, restoration and task
outcomes. Table 8 separates whole-system comparisons
from mechanism studies and functional checks.

2. One Budget, Different Lifetimes
The live set can be written as

M(t) = WT (t) +WD(t) +K(t) + S(t)

+X(t) + V (t) +H(t).
(1)

where target and draft weights, retained KV, recur-
rent/speculative state, temporary workspaces, visual work,
and host/allocator storage share physical unified memory.
CPU mappings share this physical budget; SSD storage ex-
tends retained history between uses, while active attention
consumes resident state.

The target interleaves 16 full-attention layers with 48 Gated
DeltaNet layers (Yang et al., 2024). Each attention layer has
four KV heads of dimension 256. TQ4 stores 128 bytes of
indices and a two-byte norm per K or V vector, giving

β = 16× 2× 4× (128 + 2) = 16,640 B/token. (2)

FP16 KV would occupy 16 GiB at 256K retained positions,
compared with 4,160 MiB of TQ4 payload. These figures
exclude recurrent state, the draft, allocator effects, and exe-
cution workspaces.

The evaluated native cache uses 32-token pages (532,480
bytes per page), unlike v1’s 256-token pages. A single
128K chain already needs 2.03125 GiB of native KV pay-
load, before its composite state and metadata. This explains
why a 2 GiB persistent-cache quota could not qualify full
128K restoration. A larger SSD budget removes that capac-
ity obstruction, but cannot repair a missing state snapshot.
Section 8.7 separates those causes experimentally.

3. KVExec: Execute in the Right
Representation

3.1. From v1 to Native Pages

V1 used TurboQuant’s normalized rotated MSE represen-
tation (Zandieh et al., 2026), page-addressed reconstruc-
tion, and stock floating attention consumers. Fusing page
lookup, unpacking, centroid reconstruction, inverse rota-
tion, and norm restoration avoided a sequence of temporary
packed and floating arrays. Explicit evaluation prevented
lazy operands from surviving across many layers. Later v1
head grouping reconstructed two of four KV heads at a time.
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ONE UNIFIED-MEMORY BUDGET

Target + resident draft KV + recurrent state Working memory Visual / host state

01  KVExec
Compact pages → bounded operands
Rotated attention · coalesced staging

02  PhaseSwap
Last-consumer ownership
Workspace reuse · shared verify rows

03  StateTrans
Committed KV + recurrent + draft state
Schedule · publish · persist · restore

04  CrossFire
CPU/GPU partition · GPU/ANE overlap
Phase-aware admission and fallback

Figure 2. Four components, one memory budget. KVExec, PhaseSwap, and StateTrans extend v1’s principles into a native speculative
runtime. CrossFire adds heterogeneous execution. The four mechanisms coordinate the same live set through representation, residency,
committed state and execution placement.

V2 integrates compact pages with the native allocator and
Metal command graph. Decode and short verification con-
sume packed history; long prefill reconstructs a K/V head
into a BF16 staging plane and reuses it across query tiles. At
256K history, one head’s K/V pair is 256 MiB; staging all
four together would require 1,024 MiB. Explicit dependen-
cies complete the old reader before that plane is reused by
another head or layer. This calculation bounds the attention
operand; process-level measurements include the rest of the
live set.

3.2. Rotated-Domain Attention

Let the stored reconstructed key be k̂t = RT
Kk′t, where RK

is orthogonal and k′t includes centroid and norm reconstruc-
tion in the stored domain. With a separate value transform
RV ,

αt = softmaxt

(
(RKq)Tk′t/

√
d+mt

)
, (3)

o = RT
V

∑
t

αtv
′
t. (4)

The query rotates once and the weighted output returns once.
The implementation avoids undoing the transform for every
historical vector. Staged-head prefill and rotated verification
are complementary choices: the former amortizes recon-
structed operands over many query tiles, while the latter
changes the domain of a short query’s traversal.

The numerical validation follows the transformation from
operator to model: identical-input references check low-
precision arithmetic, fixed-prefix full-vocabulary compar-
isons check logits, and paired tasks check model outcomes.
Historical M5 Pro real-model ROT0/1 repeats at 64K reduce
verification-cycle time from about 145.0 to 120.9 ms. Sec-
tion 9 distinguishes these mechanism measurements from
final-profile attribution.

3.3. Layout-Aware Kernels

The coalesced V path changes the mapping from com-
pressed token-major codewords to dimension-major staging.
Adjacent lanes write adjacent token positions instead of
widely separated addresses. Its selected comparison pre-
serves the arithmetic and codebook. A historical M5 Pro
32K+6K experiment reports native TG 85.01 versus 95.88
tokens/s, with a 95.91 repeat; these measurements identify
the benefit in that historical configuration.

The layout issue can be expressed without changing the
quantizer. Let the staging plane be V [d, t] with token stride
one. Threads traversing d at a fixed t write addresses sepa-
rated by the history length, whereas threads traversing t at
fixed d write adjacent locations. Reassigning the reconstruc-
tion work to match the latter pattern changes transaction
organization while retaining the same centroids, norms and
output elements. The consumer’s head/dimension mapping
must remain consistent. Byte comparisons and unchanged
acceptance distinguish this layout intervention from a preci-
sion change.

A separate compact softmax adapts upstream Page32 thread
organization to staged TQ4 attention. Tile shape, query
reuse, and barrier cost are evaluated rather than inferred
from instruction count. Appendix A summarizes the mecha-
nisms and measured alternatives.

3.4. Codec, Page Addressing, and Consumer Contracts

For a nonzero d-dimensional vector x, let ρ = ∥x∥2, Hd

be an unnormalized Hadamard matrix and S a diagonal
random-sign matrix. The normalized rotation and recon-
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Table 1. Representation parameters for the evaluated hybrid model.
Page payload includes all attention layers, both K/V and all KV
heads.

Quantity Value

Full-attention / recurrent layers 16 / 48
KV heads / head dimension 4 / 256
Q4 indices + norm per vector 128 + 2 bytes
KV payload per retained token 16,640 bytes
MLX / native page length 256 / 32 tokens
MLX page payload 4,259,840 bytes
Native page payload 532,480 bytes

struction are

y = Rx/ρ, R = HdS/
√
d, (5)

zj = arg min
k∈{0,...,15}

|yj − ck|, (6)

x̂ = ρ̂RTc[z]. (7)

The nonuniform scalar centroids and midpoint thresholds
are shared. Norm computation uses FP32, its stored value
uses FP16, and eight four-bit indices occupy one 32-bit
word. K and V use separate random signs. The two-byte
norm explains why the effective reduction from FP16 is
3.94×, rather than exactly four. Quantization error comes
from the centroid approximation and stored norm; execution
error additionally depends on reconstruction and accumula-
tion arithmetic.

For logical token t in a page of length P , the page-table
lookup selects the physical page at ⌊t/P ⌋, and t mod P se-
lects the row. Sharing a prefix shares physical pages through
references; allocating a continuation need not duplicate its
prefix. The attention consumer must respect logical length
and causal masking even when the final physical page is
only partially occupied.

Storage and expansion have different scopes. At 256K po-
sitions, retained TQ4 across all attention layers occupies
4,160 MiB. Reconstructing all four KV heads for just one
layer requires another 1,024 MiB in BF16. Limiting the
expanded consumer set to one head bounds this operand
to 256 MiB (Figure 3). This bound holds only if preced-
ing consumers complete before their storage is reused; de-
ferred execution can otherwise keep several generations of
operands reachable.

A fused reconstruction kernel performs page lookup, nib-
ble unpacking, centroid lookup, inverse rotation and norm
restoration into the final consumer operand. This writes the
floating consumer operand directly, eliminating intermedi-
ate arrays. The MLX predecessor also forces evaluation
before progressing to the next head group or layer. In the
native path, command dependencies perform the equivalent
lifetime enforcement.

For a query block with many rows, staging a head once
avoids repeating reconstruction for each query tile. For a
short speculative query, that amortization is weaker: rotated-
domain attention keeps history in its stored domain and
rotates the query instead. Consumer geometry selects the
appropriate path. Masks, head mapping, and the state bound-
ary remain identical requirements on either path.

4. PhaseSwap: Residency with a Live Draft
4.1. Last-Consumer Ownership

In v1, an untied LM head (644.14 MiB in the archived
layout) could detach during intermediate prefill but had to
return before logits. A generation owner retained the head
through mixed prefill and decode. Vision used a separate
media lease: encode, evaluate embeddings, and release the
tower before ordinary text prefill. The singleton MTP pre-
dictor was released when the system switched to concurrent
AR.

V2 retains target and draft during the studied concurrent
mode. A mapped host-embedding gather reduces Metal
residency without changing the unified-memory budget. Vi-
sual weights and optional prefill storage are admitted when
needed. Nonoverlapping GDN packed/hidden workspaces
share backing with later staging users; a separately mea-
sured arena change reduced allocation by 89 MiB. Packed
and hidden storage remain separate when the gate simul-
taneously reads one and writes the other. Decode-owned
RoPE constants survive the release of prefill-only arenas.

Elastic workspace releases prefill storage at its last consumer.
Its initial isolated screen left capacity and throughput un-
changed, illustrating the role of the limiting phase: a local
allocation reduction helps the whole workload only when it
reduces the peak live set.

4.2. Lifetime and Ownership Invariants

Let Oc(t) be the owners requiring component c, and let ac(t)
denote whether its evaluated storage is attached. Residency
obeys

|Oc(t)| > 0 =⇒ ac(t) = 1. (8)

An owner outlives submission: an asynchronous reader
can still require a component after its encoding function
returns. A release therefore waits for its last consumer,
not merely the end of the host function. Generation-bound
owner identifiers prevent an old completion callback from
releasing a new cohort’s lease.

Host embedding gather illustrates the distinction between
placement and lifetime. The native table is mapped read-
only on the host and selected rows are gathered into shared
input storage. This removes 715,177,984 bytes from the
studied Metal fixed allocation, while the mapping still be-
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Figure 3. Analytical payload bounds. Left: attention KV across all 16 layers. Right: temporary BF16 K/V operands for one attention
layer with four KV heads, two-head grouping, or one-head staging. Weights, recurrent state, allocator overhead and other workspaces are
excluded.

STORED Page table +
Q4 codes Centroids + norm Committed length

PREFILL Reconstruct one
KV head

Reuse across
query tiles

Release / reuse
operand plane

VERIFY Rotate query into
stored K domain

Attend to
packed history

Inverse-rotate
weighted V output

Figure 4. Three consumers of the same packed history. The prefill path amortizes one head reconstruction across query tiles; short
verification instead moves the query/output transforms around attention. Boxes show data and operations.

longs to the same physical memory budget. Gather comple-
tion must precede the target consumer. The unconstrained
speculative path may require a draft/verify command split
because proposal IDs are not known before drafting com-
pletes.

The host gather reproduces quantized row reconstruction
and BF16 round-to-nearest-even behavior; its archived test
compares 777 rows at each of two hidden sizes against the
corresponding Metal embedding kernels. A reduced Metal
allocation is thus paired with an arithmetic check, rather
than inferred from an address-space change.

Workspace aliasing has an equally strict overlap test. A
GDN packed input and its output cannot share storage while
a gate reads one and writes the other. Later staging buffers
can reuse backing only when their earlier consumers fin-
ish. Decode-owned RoPE constants must remain available
even after prefill-only arenas are released. These ownership
constraints determine the safe aliasing graph.

The predecessor’s untied output head is a different object
from the native token embedding: its 644.14 MiB can be
detached during eligible intermediate prefill, but must return

for logits. An incumbent decoder keeps its head lease while
another request prefills. Conflating these components would
incorrectly count the same phase-local saving as permanent
capacity.

An elastic arena helps capacity when its lifetime overlaps
the limiting peak. In its initial cold two-lane experiment,
the second request still needed prefill storage at the limiting
instant, and the binding constraint moved to host memory.
Its mixed-arrival run reduced Metal peak by about 136 MB
but did not improve that cold capacity boundary. This illus-
trates why the live-set maximum must be evaluated over the
entire workload.

4.3. Bounded Verification Rows

Concurrency and speculation share a row budget. The
shared-row design enforces

br ≤ 32, r ∈ {8, 16}. (9)

A full B4 cohort uses eight rows per lane; B1/B2 can use
sixteen. Scratch is sized by packed rows and lifetimes, rather
than allocating sixteen rows independently for every lane.
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Table 2. Resource effects from separately scoped measurements or analytical bounds. Rows are not additive reductions of a common
process peak.

Mechanism Quantity and scope Before After Interpretation

Head grouping BF16 operand, 192K (MiB) 768 384 Two of four heads at once
Head grouping Synthetic MLX incremental

peak, 192K (MiB)
3123.8 1589.3 Measured; latency +3.6%

Borrowed checkpoint Synthetic MLX incremental
peak, 224K (MiB)

3640 227.5 Cache-only save workload

Native staged head BF16 operand, 256K (MiB) 1024 256 Analytical one-layer bound
Host embedding Metal table residency (MiB) 682.047 0 Host mapping remains
Verification rows Shared A8 workspace (MiB) 425.055 220.098 64-row versus 32-row allocation

Encode Prefill Verify Done Save
Phases (schematic)

Target + draft

Vision tower

Visual features

Prefill arena

History

Snapshot writer

Figure 5. Conceptual resource lifetimes for an image-bearing
request. Target/draft residency spans generation; vision and prefill
storage end at their last consumers. A composite snapshot can
outlive request completion through its own writer ownership. The
native draft stays resident; the predecessor’s concurrent-AR policy
released its singleton predictor. Intervals are schematic.

With FFN A8 enabled in both arms, the archived shared-
workspace comparison is 425.055 to 220.098 MiB. The
separate non-A8 comparison is 421.234 to 219.500 MiB;
each comparison holds its A8 setting fixed.

Wider 48/64-row alternatives were measured. A cooled his-
torical comparison found only +0.80% at B3 and −0.32%
at B4 with 204.957 MiB more shared workspace, motivating
the context-first 32-row choice in that study. A cohort that
shrinks from B4 to B2 can later widen; actual row width is
recorded during common-active intervals.

4.4. Accepted Work, Row Packing, and Lookup
Extension

A speculation cycle contains proposal construction, target
verification, acceptance, and state reconciliation. Let ar
be committed tokens and τr the complete cycle time at
verification width r. The useful rate is ar/τr; a longer
proposal is beneficial only if its accepted work offsets its
draft, verify and replay cost. The row constraint is

∑
i ri ≤

32; the evaluated homogeneous implementation specializes
this to br ≤ 32.

Table 3. Adaptive verification decision at a completed-step bound-
ary. This describes the studied controller; it does not change target
acceptance or sampling semantics.

Condition Action

Row budget cannot fit width
16

Keep width 8

Two favorable prior observa-
tions

Select 16; singleton sticky
count 3

Singleton sticky count re-
mains

Select 16; decrement count

Otherwise Select 8
Lookup head disagrees Keep learned head; invali-

date tail
Target rejects a suffix Commit accepted boundary;

reconcile state

The lookup path retains seven learned proposal tokens. A
context-derived continuation supplies an extended proposal
only if its first seven tokens agree with that learned head. On
disagreement, the learned head remains and the lookup tail
is invalidated. This prevents a repeated field name from re-
placing a correct learned value with a stale continuation. Tar-
get verification, rather than context lookup, decides which
tokens become committed output.

The archived controller observes signals from the preceding
completed step: whether the lookup tail can be filled and
whether at least eight tokens were emitted. Two consecu-
tive favorable observations allow wider verification when
the row budget permits it. Singleton execution retains that
preference for up to three further steps; multi-lane execution
does not use that sticky interval. The controller uses these
recent observations to adapt to available proposal work.

Acceptance and rollback align target KV, recurrent state,
draft context, masks and logical offsets. Actual width is
recorded during common-active intervals: B4 uses eight
rows, while a subsequent B2 tail can widen to sixteen.

In the cooled M5 Pro study, the wider alternative has shared
workspace 425.055 MiB rather than 220.098 MiB. At 4K
input its TG improves by 3.815% for B3 and 2.387% for

6



JustFit v2: Long-Context Local LLM Serving
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Shared verification rows

B1 × 16

B2 × 16

B3 × 8

B4 × 8

Color identifies a lane
a  Allocate within 32 rows
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TG change (%)
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32K / B4

Adds 205 MiB of shared workspace
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+2.39%
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-0.32%

b  Doubling to 64 rows

Figure 6. Left: conceptual packing of a shared 32-row verification workspace. B3 uses eight rows per lane and leaves eight unused; B4
uses all 32. Right: historical cooled M5 Pro comparisons of 64 versus 32 shared rows with prefill and target FFN A8 enabled. Wider rows
add 204.957 MiB of shared storage; the 32K throughput differences are small.

B4; at 32K the changes are +0.798% and −0.321%. All
eight paired outputs match. Process-peak differences are
recorded separately from this shared-allocation delta.

5. StateTrans: Preserve Committed Progress
5.1. Admission, Scheduling, and Mode Changes

V1 distinguished queue arrival from admission. It reserved
prompt pages plus a bounded output allowance, tracked
shared-prefix references, and converted MTP to AR only
at a completed round. Completion and cancellation first
evaluated pending work, filtered departing rows, and then re-
leased page references. Generation-bound owner identities
prevented an old finalizer from releasing a newer cohort’s
lease.

Native v2 applies the same continuity principle with a dif-
ferent resident set. Layered prefill retains a large arithmetic
chunk while executing it in layer ranges. Intermediate state
survives between ranges, and incumbent decode receives
scheduling opportunities between slices. This differs from
merely shrinking the token chunk. Evaluation reports incum-
bent decode, new-prompt prefill, and chat TTFT separately;
the historical study improved the first two while increasing
short-chat TTFT.

5.2. Lookup and Adaptive Useful Work

A long coding workflow repeats text that can cheaply supply
proposal tokens. The studied design retains DFlash2’s seven
learned proposals and appends a context-lookup tail only
when its head agrees; target verification still decides which
output is committed. The context-lookup tail follows Hy-
perQwen (syv-ai and HyperQwen contributors, 2026); the
contribution here is its combination with learned proposals
and bounded adaptive verification, rather than a new learned
drafter.

Widening is useful only if accepted work grows faster than
cycle cost:

a16/a8 > τ16/τ8. (10)

The implemented heuristic uses completed-step emission
and matching-tail opportunity, consecutive favorable ob-
servations, and limited singleton hysteresis, subject to the
row budget. Width changes must preserve masks, recurrent
replay, draft context, and rollback. The evaluation sepa-
rates copy/edit workloads from sampling and constrained-
decoding controls.

5.3. Composite Publication and Persistence

KV alone cannot resume this hybrid speculative model. A
reusable point contains target KV, GDN state, and the draft
context required at the committed boundary. Decode-end
snapshots publish generated history after the tentative win-
dow is committed. Paged persistence shares chain segments;
immutable state and page references survive until their trans-
fers finish. Resource pressure can prevent publication even
when the request itself completes.

V1’s synchronous disk-only snapshot borrowed page-run
views instead of materializing the whole packed cache. Its
single-pass writer forwarded bounded payloads to an atomic
destination. Native v2 extends this continuity to composite-
state disk storage and sliced restoration. Root publication
follows required segment data. A later state does not gener-
ally reconstruct the recurrent state of an earlier branch point,
a distinction exposed by the restart study below.

5.4. Transitions, Publication, and Recovery Ordering

The reusable boundary is a tuple

Ct = (Kt, S
recurrent
t , Dt, ℓt, It), (11)

where Kt denotes target KV, Dt the draft context, ℓt logical
offsets and It relevant input identities. Every element must
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Table 4. Serving-transition ordering. These invariants apply across
both execution modes; v2 retains its draft where v1 could switch
to concurrent AR.

Step Required action

1 Finish the current speculative round and its outstanding
consumers.

2 Commit accepted progress; reconcile rejected tentative
state.

3 Filter completed/cancelled requests; decrement page
references.

4 Check page, output-reserve, phase and workspace ad-
mission.

5 Admit the new request; bind owners to the new cohort
generation.

6 Interleave prefill slices with incumbent decode.
7 Publish only a consistent committed composite state.

describe the same committed prefix. Tokens proposed but
not accepted do not advance that prefix. For multimodal
inputs, matching text IDs alone is insufficient: overlapping
segments must also carry the image identity.

Queue arrival alone does not consume an execution lane
or change an incumbent’s state. The MLX predecessor
reserves an unshared request’s prompt plus up to 8,192
output tokens in 256-token-page equivalents; shared prefixes
require reference-aware accounting. That particular reserve
policy is distinct from unlimited output completion. Native
admission additionally accounts for its resident draft and
selected verification workspace.

Checkpoint ownership is independent of request comple-
tion. The synchronous borrowed writer may retain page-run
views because the producer cannot mutate them before seri-
alization returns. An asynchronous writer must hold stable
page/state references. Segment payload and state data be-
come durable before a root is published; otherwise a visible
root could reference incomplete data. On transfer failure, an
optional save may be abandoned while generation and its
source state remain valid.

Demand-allocated persistence staging. A later native
revision removes a permanently reserved 196,083,712-byte
(187 MiB) staging buffer. An asynchronous transfer instead
retains an immutable owning source until IO completion.
When snapshot-memory admission fails, a synchronous
direct-to-disk path borrows the live lane state and waits
for serialization before that state may change. Thus mem-
ory denial need not silently discard the recovery point, and
cancellation cannot free a still-consumed source. Small and
full-187 MiB native IO checks exercise this ownership and
fallback; model-level cold/restart checks on each device re-
produce 64 output tokens exactly with one composite-state
hit and 8,704 disk KV tokens. Transfers retain their own
memory and IO costs while eliminating the permanent reser-

History H
KV prefix pages
Own state boundary

Continuation H′
KV prefix pages
Own state boundary

H′ cannot restore H’s recurrent state.

1  Write payloads 2  Publish root

Restart restores the root’s KV + state.

Figure 7. Composite continuation and ancestor retention. H and
its continuation H′ share KV prefix pages but require their own
recurrent-state boundary. A durable H′ does not reconstruct H’s
recurrent state. Publication exposes the root only after its required
payloads. Arrows show publication dependencies.

vation. The warm B2 capacity experiment in Section 8.1
uses this revision; the earlier cold-admission and persistence
studies retain their original identities.

Background saves can themselves prevent recovery by pin-
ning pages needed for admission. A historical pressure test
first restored an agent state, then immediately evicted it be-
cause pending saves pinned the pressure request’s pages.
The revised policy releases references as segments finish
and allows pending work to yield under pressure. In the
controlled follow-up, the next turn and a fork each re-
store 16,640 tokens and recompute 633, with disk-restore
times 298 and 256 ms. Injected segment-write failures
instead cause recomputation; all four requests complete,
with no leftover root or temporary file. These tests concern
ownership and failure ordering, distinct from the ancestor-
retention defect in Section 8.7.

5.5. Layer Slices Preserve Matrix Efficiency

Shrinking a token chunk improves scheduling opportunities
but can underutilize matrix hardware. Layered prefill re-
tains a large chunk and executes consecutive layer ranges as
separately schedulable parts. Hidden state, destination reser-
vations and recurrent parity remain live between parts. The
public chunk offset advances only when all required layers
reach a consistent boundary. A final short prompt should
not be attached to a long multi-part chunk if doing so would
postpone its first logits until the long chunk completes.

The chunk target and slice target control different tradeoffs.
The former changes arithmetic geometry and new-arrival
wait; the latter changes opportunities to serve incumbent
decode. Neither is a hard latency bound. The measured 32K
setting uses a 2,000 ms chunk target and 500 ms slice target.
At 128K, matching the incumbent’s decode share is neces-
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sary before attributing prefill improvements: a setting that
gives decode more service can make the incoming prompt
slower even while total service improves.

6. CrossFire: Heterogeneous Execution
6.1. CPU/GPU Partition and Arithmetic Selection

CrossFire is the v2 framework for using additional compute
under the same physical budget. Intra-prefill CPU/GPU
execution partitions projection columns. On M4 Pro, the
selected CPU-SME path uses GPU-matched arithmetic and
a bounded CPU fraction; the evaluated profile specifies 0.16
with eight threads. Earlier 0.20 or 0.33 studies are distinct
from that evaluated recipe.

On M5 Pro, selective W4A8 prefill and target-verification
FFN use hardware INT8 opportunities; the implementa-
tion follows the register-decoding approach credited to
oMLX (PowerSpy and oMLX contributors, 2026). Pre-
fill and verify switches are separate. Historical operator
measurements found the studied M4 Pro INT8 path did not
provide the M5 Pro advantage, so profile selection is device-
specific. A8 means activation quantization and is distinct
from ANE execution.

The inherited Splash language-FFN ANE path is a third
execution form. Our integration concerns phase buffers, co-
existence, retention/release, and numerical characterization.
M6 enables this path in its selected profile. Its numerical
behavior and history dependence are evaluated separately
from the vision tower.

6.2. Complete ANE Vision Tower

CrossFire also moves supported vision encoding off a
busy GPU. The full 27-layer vision tower is executed
as nine groups with actual full-ANE/no-GPU placement
checks. Authoring uses fixed capacity tiers and runtime
position/mask inputs. M4 Pro and M5 Pro historical stud-
ies compiled 4K, 8K, and 14.4K variants; an oversized tier
can waste work on padding even when the logical image is
small.

The numerical work is part of the contribution. Equiva-
lent LayerNorm range conditioning addresses measured
variance overflow; explicit original GELU expressions and
attention probability–value scaling address additional low-
precision errors. These preserve model weights and real-
arithmetic definitions. Device-local placement, memory
metering, worker ownership, cancellation, and recovery sup-
plement embedding comparisons (Apple, 2022).

The aligned M5 Pro historical recipe measured encoder
cores of 0.903, 5.606, and 14.747 seconds on the three fix-
tures, with FP32-relative embedding L2 of 0.683%, 3.190%,
and 2.987%.

6.3. Routing and Service Objectives

Text decoding for an image answer still uses the GPU; lan-
guage prefill can additionally use ANE on M6. Routing
must therefore consider the whole request and its peers, not
just encoder speed. For image arrival a and completion
times cI , cT , image latency is cI − a, remaining text latency
is cT −a, and remaining makespan is max(cI , cT )−a. The
sum of waiting times is a different metric.

Historical routing experiments used measured tier costs and
forced diagnostic routes to study overlap. The completed
service instead qualifies ready 4K/8K tiers using execu-
tion phase, queue state, worker/payload leases, and current
memory admission. These tier sizes count raw patches, not
display pixels or language tokens. M4 Pro/M5 Pro permit
vision ANE during GPU text prefill and decode. M6 addi-
tionally uses ANE for language prefill, so its vision policy
permits decode-only overlap with no active prefill; image
encoding stays on GPU during language prefill. Ownership
and safe-point coordination serialize access to the shared
accelerator. A slowdown by itself is not evidence of simul-
taneous conflicting ANE execution.

Idle or unknown phase, unsupported geometry or multi-
image cases, queue contention, and denied memory can
select GPU. Larger compiled tiers remain historical exper-
iments rather than default serving policy. The final pol-
icy is not a calibrated latency predictor based on earlier
placeholder or borrowed cost thresholds. Section 8.12 dis-
tinguishes functional qualification of this policy from the
historical forced-route interference measurements.

6.4. Two Execution Forms and Their Synchronization

For Y = XW , the projection can partition output columns
as Y = [XWGPU, XWCPU]. Both producers must com-
plete before a consumer uses all of Y . The CPU fraction and
thread count affect load balance; assigning more columns
to CPU need not improve wall time. Synchronization must
also avoid submitting a GPU wait that can time out before
its CPU producer becomes runnable. Producer completion,
host-job readiness and suffix submission are separate events
that require traceable ordering.

The CPU numerical path must match the intended recon-
struction arithmetic. Rounding dequantized weights to BF16
before an otherwise FP32 product can introduce a system-
atic difference. The studied CPU-SME work uses a GPU-
matched reconstruction path and operator comparisons on
the same inputs. W4A8 is a separate choice: selective
INT8 activation arithmetic on supported GPUs may increase
throughput while changing logits and acceptance. Prefill A8
and verify A8 therefore have independent controls.

The ANE path partitions work across requests rather than
projection columns. An image must fit a supported capac-
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a  WITHIN ONE PROJECTION

Input X
GPU · X W_GPU

CPU · X W_CPU

Join columns Consumer

b  ACROSS REQUESTS

GPU

ANE

Incumbent text computation

Image tower

Image language
processing

Figure 8. CrossFire’s distinct forms. Top: CPU and GPU compute disjoint output-column partitions of a projection and join before
its consumer. Bottom: ANE image encoding overlaps GPU text work; image-language processing still returns to GPU. Intervals are
schematic.

ity tier, its compiled graph must have verified placement,
and worker plus payload memory must be admitted. GPU
text work can overlap the tower, but the resulting visual
embedding and image-language prefill still consume GPU
resources. Phase and contention determine the scheduling
benefit.

6.5. Vision Graph Geometry and Numerical
Conditioning

The full tower comprises 27 layers executed in nine three-
layer groups. Fixed-capacity assets accept runtime positions
and masks; four raw image patches merge into one language-
side visual token. Capacity therefore must not be confused
with language context length. Padding an image into a larger
tier still executes dense work in the studied graph.

For 16 attention heads and query tiles of 1,024 rows, a
three-layer group contains

Ntiles = 3× 16× ⌈C/1024⌉. (12)

Capacities 4,096, 8,192 and 14,400 yield 192, 384 and 720
tiles. Dense attention pair work grows quadratically in
capacity, while projections grow linearly. This explains
why tier selection matters even when masked padding is
semantically inert. Compiler time is measured separately
from this operation count.

Low-precision errors require operator-level references. Lay-
erNorm range conditioning addresses variance overflow
while preserving the intended normalization; original GELU
operand ordering avoids an unintended approximation
change. Rescaling probability–value multiplication,

PV = ((sP )V )/s, (13)

can move intermediates into a better representable range
without changing real-arithmetic semantics. In a sam-
pled historical correction with s = 64, relative error falls

Table 5. Historical M5 Pro full-ANE tower observations. Each tier
uses a different recorded image; these rows are not a same-image
scaling experiment.

Tier capacity Encoder core (s) FP32-relative L2 (%)

4,096 0.903 0.683
8,192 5.606 3.190

14,400 14.747 2.987

from 21.283% to 0.213%; splitting reduction alone leaves
21.280%. This local result is separate from the aligned
full-tower recipe and from answer accuracy.

Worker lifecycle is part of the interface: input ownership
lasts through encoding, reservations are released on com-
pletion or cancellation, and unsupported shapes or denied
admission take an explicit GPU route. A measured worker
lease is not total accelerator memory; external service stor-
age and shared pages can complicate physical attribution.
The HTTP and concurrency studies therefore record actual
encoding and reservation outcomes in addition to core tim-
ing.

7. Experimental Method
Platforms and configurations. The M4 Pro and M5 Pro
systems each have 24 GiB of physical memory; M6 has
32 GiB. The earlier native batch matrices and 16K speed
cohort use a 21,631 MiB native allocation setting, a sepa-
rate 128 MiB host-headroom threshold, and a 22,015 MiB
owned-process-group physical-memory guard. The later
warm B2 capacity cohort uses a 22,015 MiB native bud-
get and demand-allocated persistence staging; its host and
guard protocol is recorded with that cohort. V1 uses a
21,000 MiB group guard. These limits account for different
resources: native allocations, host headroom and sampled
process-group footprint. Table 8 maps the experiments to
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their protocols. Throughout the paper, device names iden-
tify complete evaluated configurations (Table 6). M4 Pro
uses CPU-SME fraction 0.16 with eight threads and dis-
ables W4A8, lookup and language-model ANE. M5 Pro
enables prefill/verify W4A8 and lookup. M6 additionally
enables language-model ANE. Prefix reuse is enabled in the
batch matrices; the stock-speed controls use fresh processes
and disable candidate prefix reuse. Persistence comparisons
change restore-point retention in separately identified builds.

Whole-stack baseline. Stock is upstream Splash 1.3.0
with INT8 KV, language ANE disabled and a 21,631 MiB
native memory limit. The paired candidate uses TQ4 KV
and its device-specific settings; model and prompt identi-
ties are frozen in the manifests. Stock retains a fixed 2,048
MiB host reserve and reports a 20,992 MiB hard budget;
the candidate uses a 128 MiB host reserve. The compar-
ison therefore covers representation, allocation policy, ef-
fective admission budgets and execution settings together.
Paired PP trials have identical input-token counts and frozen
prompts; generated trajectories and stop lengths vary. At
M5 Pro 1K, stock/candidate arms reach the 1,024-token cap
in 18/21 of 24 trials, respectively.

Batch throughput. We use two nominal input buckets
(1K and 32K), eight fixed fixtures, three repeats and widths
B1/B2/B4: 144 cohorts per device, or 24 per cell. Actual
prompt lengths vary by fixture. Generation uses natural
EOS and a 1,024-token cap. A barrier holds decode until
all cohort prompts are ready. We report the arithmetic mean
of per-cohort native aggregate decode rates, including the
shrinking tail. Observed min–max whiskers show workload
dispersion. All three matrices are complete. The M4 Pro ma-
trix uses the pre-repair common source, identified separately
from the later persistence build; its 144 launch records con-
figure CPU prefill at fraction 0.16 with eight threads, with
W4A8 and lookup disabled. CPU partitioning applies to
eligible prefill operations. Persistent disk-cache quotas are
128 GiB on M4 Pro and 2 GiB on M5 Pro/M6. These config-
urable storage-retention limits and device-specific execution
profiles accompany each result.

Image interference. The M5 Pro diagnostic starts one
or three 32K text lanes, releases their decode barrier, and
then submits an image. No-image, GPU-image, and forced-
ANE-image arms use three rotated-order repeats. The image
makes total concurrency B2 or B4. We measure the largest
text delivery-event gap in the 30-second arrival window, im-
age latency, and full text-cohort wall time. Delivery events
may contain multiple tokens. The 8K and 14.4K visual tiers
share the same no-image control. Forced routing and actual
execution device are recorded separately.

Task quality. Task subsets retain their paired prompts,
sampling settings, and output limits. M4 Pro uses 15 se-
lected AIME questions and 30 questions each from MMLU-
Pro and LiveCodeBench (LCB). M5 Pro uses a different
24-question LCB subset with a 32K output cap, and 30
AIME questions across three seeds. Seed repeats are not
additional independent questions. Vision uses 30 MMMU-
Pro questions containing 34 images; only questions actually
encoded on ANE support ANE task-quality comparisons.
These selected subsets serve as paired regression probes.

Restart protocol. A writer submits history H, repeats H,
and submits a continuation H′. A fresh engine then requests
H and H′; an additional control reverses that fresh-process
order. We record cached/recomputed tokens, disk-KV reads,
recurrent-state hits, time to first token (TTFT), and output
equality. Disk reads are attributed per request: a second
request can reuse pages already restored by the first.

8. Evaluation
8.1. System Generations: Capacity and Fixed-Output

Speed

Figure 1 compares mlx-vlm, JustFit v1, upstream Splash
1.3.0 and JustFit v2. We freeze eight real code tasks
in source order from the low-entropy block, exclud-
ing placeholder-only rows, in the official SPEED-Bench
throughput_16k/test split (NVIDIA, 2026) before
inspecting outputs. Each request generates exactly 512 to-
kens with greedy sampling and medium thinking, EOS and
custom-stop termination disabled, and zero prompt-cache
hits. Actual inputs span 17,053–18,253 tokens. PP divides
input tokens by client TTFT; TG uses the 511 intervals af-
ter the first generated token. Medians summarize the eight
tasks, not repeated trials of one prompt. Different numerical
paths can produce different token trajectories; fixed lengths
equalize output work, not semantic content or quality.

The mlx-vlm baseline is a preserved historical snapshot. His-
torical mlx-vlm/v1 use MXFP4 weights and MTP, whereas
Splash/v2 use packed Q4 and DFlash. M4 Pro Splash uses
a 1 GiB host reserve after original-default startup failures;
M5 Pro/M6 retain the 2 GiB upstream reserve. Failed starts
are retained outside completed trials. The original four-
arm cohort contains 96 requests. A subsequent alternating
old/new v2 runtime check contributes 16 requests per de-
vice; all 24 paired outputs match and median PP/TG changes
remain within 1%. Figure 1 uses that refreshed v2 cohort.
Speed runs use 21,631 MiB internally; a one-prompt-per-
arm sanity check at 22,015 MiB yields equal outputs on all
devices.

The retained-context panel reports successful tested bounds,
not a searched maximum. B1 includes input and generated
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Table 6. Earlier batch-matrix configuration dimensions (the batch-throughput study). The native allocation limit is 21,631 MiB, host
reserve 128 MiB, and owned-group guard 22,015 MiB. Historical mechanism experiments use the explicitly described local settings.

Device Physical GiB
CPU fraction
/ threads

Prefill /
verify A8

Context
lookup

Language
ANE

M4 Pro 24 0.16 / 8 Off / off Off Off
M5 Pro 24 0 On / on On Off
M6 32 0 On / on On On

Table 7. Metric definitions used throughout the evaluation. A result is compared only within the same denominator and timing scope.

Metric Definition and interpretation

Client-visible PP Original input tokens divided by TTFT; recomputed rows do not inflate the numerator.
Native aggregate TG Runtime-reported aggregate generated-token rate per cohort; includes the cohort tail under the

stated protocol.
Common-active TG Generated work during the interval when all intended decode lanes are active.
Client-visible TG Generated tokens divided by the client generation interval; distinct from native kernel timing.
Maximum / p99 delivery gap Gaps between observed stream delivery events in the specified window; events may contain multiple

tokens.
Image latency Image completion minus its own arrival; excludes preceding time spent by already-active requests.
Physical peak Sampled footprint for the owned process group; can miss short peaks or double-count shared pages.
Metal allocation Runtime allocation accounting; excludes some host and external accelerator-service storage.
Restore evidence Cached/recomputed tokens, disk-KV reads and composite-state hits attributed to each cold or warm

request.

positions; B2 is an aggregate over two live requests. JustFit
v1 completes (160K+16K)+(128K+16K) with ordered
warm prefixes under a 21,000 MiB process-group guard.
V2 completes (128K+ 32K)× 2 with a 22,015 MiB native
budget and demand-allocated persistence staging; its draft
remains resident. Both therefore reach a 320K page capacity,
with distinct initialization and output shapes. V1’s nearest
final simultaneous logical sample is 327,677 positions (three
below 327,680); its page high-water mark reaches 327,680.
This is warm aggregate capacity across two live requests.

M4 Pro and M5 Pro have physical 24 GiB. M6 has physical
32 GiB; its final v1/v2 B2 tests reserve and lock 8 GiB, with
compression and swap permitted in the remaining mem-
ory. M6 speed runs use the full physical configuration. At
16K, v2 improves median PP relative to Splash by 9.2%,
18.8% and 46.2% on M4 Pro, M5 Pro and M6, respectively.
Median TG changes by −8.8%, −3.6% and −2.2%. The
context-oriented configuration thus pairs faster prefill with a
modest singleton-decode cost in this fixed-output workload.

8.2. Historical Native Development Progression

The development chain shows how execution changes re-
cover the cost of compressed storage. Introducing TQ4 first
reduces allocation and slows both rates; later representation-
aware kernels and workspace changes recover throughput
while keeping the smaller live set. Recorded outputs are
identical across stages, with zero prefix-cache hits and
no resource suspension or replay. Earlier snapshots re-
tain checkpoint-publication failure counters. Scheduling,

CPU/ANE execution and lookup are evaluated in their own
studies below.

8.3. Batch Throughput and Matched Controls

Concurrency raises aggregate decode on M5 Pro and M6
while revealing a different scaling regime on M4 Pro (Fig-
ure 11). At 32K, M5 Pro grows from 56.84 to 83.84 to
111.28 tokens/s for B1/B2/B4; M6 grows from 34.58 to
56.60 to 81.30. Their B4 rates are about twice the singleton
rate or more. M4 Pro changes from 40.92 to 43.32 to 43.12
tokens/s at 32K, and from 58.03 to 61.10 to 60.35 at 1K,
yielding B4/B1 ratios of 1.054 and 1.040. Counter decom-
position below relates this plateau to cycle-cost growth that
nearly offsets additional useful output.

All three matrices contain 144 cohorts with accepted syn-
chronization barriers and no recorded physical-memory
guard trip. B1 native-prefill means at 1K/32K are
146.20/129.95 tokens/s on M4 Pro, 553.29/471.07 on
M5 Pro and 444.44/403.75 on M6, computed from exe-
cuted input tokens and native prefill wall time with zero
matched prompt tokens. Prefill and fixed-width decode are
both lower at 32K than at 1K on each device. These na-
tive rates exclude client and first-token overhead; the stock
controls below use client-visible timing.

B1/B2 record no matched prompt tokens. B4 records
3,840/115,072 matched tokens at nominal 1K/32K on
M5 Pro and 3,840/171,072 on both M4 Pro and M6. The
56,000-token difference follows a 28,000-token fixture pre-
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Table 8. How to read the evidence. Each row answers a different question; later installation checks do not refresh historical performance
results. K denotes 1,024 positions.

Evidence Protocol Supported interpretation

Figure 1: speed Eight fixed 16K tasks per device/system; 512 forced
tokens; later v2 cohort checked against the earlier
cohort

End-to-end system rates; different numerical
paths and decoders

Figure 1: capacity Separate warm-prefix B1/B2 checks; v1/v2 B2 use
different input/output shapes and budgets

Successful retained-position bounds; not a
searched maximum or cold admission

Figure 9 Historical M5 Pro 32K+6K snapshots; one or two runs
per stage

Development tradeoffs; not final-build single-
factor attribution

Figure 11 Eight fixtures, three repeats; natural EOS, 1K output
cap; decode barrier

Within-configuration batch scaling; not a fixed-
length cross-device comparison

Figure 13 Forced GPU/ANE routes; image arrival during incum-
bent decode

Text continuity versus image latency under the
recorded contention

Section 8.12 Phase-aware routing, cancellation and cold restart Integrated functionality; not a throughput or
quality distribution

1 2 3 4 5 6 7 8
Development stage

18

19
GiB

18.71

17.67

a  Metal allocation ↓

1 2 3 4 5 6 7 8
Development stage

0

200

400

tok/s

376.2
480.5

b  Prefill ↑

1 2 3 4 5 6 7 8
Development stage

0

50

100
tok/s

91.5 95.9

c  Decode ↑

Figure 9. M5 Pro native-GPU development snapshots at fixed 32,768 input and 6,144 output tokens. Stages: (1) INT8 baseline; (2) TQ4;
(3) scratch aliasing; (4) rotated verification; (5) staged prefill; (6) verify A8; (7) prefill A8 plus memory updates; (8) coalesced V staging.
The dashed boundary separates build cohorts. Earlier stages have one run each; the last shows the median and range of two runs. Metal
allocation excludes host and external accelerator memory; its axis starts above zero to resolve the 18.71-to-17.67 GiB change (−5.6%).
Table 8 distinguishes this historical workload from the fixed-output code tasks.

fix: it matches in one of three anchor-zero repeats on M5 Pro
and all three on M4 Pro/M6. The fixture set is the same.
These observations document within-cohort prefix sharing
alongside the disk quotas in the protocol. M4 Pro’s maxi-
mum measured process-group footprint is 19.71 GiB across
this matrix.

The stock controls show a consistent prefill benefit and
workload-sensitive singleton decode. M5 Pro’s mean de-
code rises by 8.20% at 1K and 3.42% at 32K (Table 9),
whereas the fixed-output 16K cohort in Figure 1 falls by
3.6%. The sign change is compatible with the protocols:
different prompts and context lengths, natural EOS versus
fixed 512-token output, and means versus medians. Both
measure client-visible speed; the native batch bars use a
separate timing definition. These observations therefore
describe different operating points of the same system.

Table 10 reports the paired dispersion over eight fixtures,
each with three technical repeats. Both M5 Pro fixture-
bootstrap intervals cross zero, so the positive mean TG dif-
ferences remain tentative across workloads. M4 Pro’s 32K

prefill improves by 7.61%, while decode falls by 9.45%,
exceeding the experiment’s descriptive 7.5% slowdown cri-
terion. The candidate GPU-only timing arm needed to iso-
late its CPU-partition contribution is absent. A separate M6
language-ANE toggle raises 32K visible PP from 360.72 to
399.74 and reduces TG from 36.34 to 34.66.

Useful work per cycle. Table 11 instantiates the useful-
work/cycle-cost framework using counter differences within
each cohort. For cohort i, let Di be drafted tokens, Ai

accepted draft tokens, Oi decode output tokens, Ni decode
batches, and Ti accumulated decode-cycle milliseconds. We
compute Ai/Di, Oi/Ni, and Ti/Ni, then average each ratio
across the 24 cohorts. Output tokens are measured directly,
not reconstructed from accepted drafts. The peak column is
the maximum observed owned-group footprint.

For M5 Pro 32K, mean output per batch grows from 4.95 to
16.13 (3.26×), while mean cycle time grows from 87.0 to
146.7 ms (1.69×). For M4 Pro 32K, output per batch grows
from 4.53 to 15.78 (3.49×), but cycle time grows from 110.8
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Figure 10. Memory and speed at 32K input on two 24 GiB systems, using the same 27B model package. Stock Splash and JustFit v2 are
compared over 24 trials per arm and device (eight fixtures, three repeats). Memory is the maximum observed request-phase physical
peak; PP and TG are arithmetic means of client-visible rates. Percentages compare those displayed summaries, not the mean of paired
percentage changes. JustFit reduces the observed memory peak on both devices and improves PP; M4 Pro TG regresses while M5 Pro TG
improves modestly. The whole-stack controls include KV format, execution settings and effective admission budgets.

Table 9. Matched client-visible prefill (PP) and decode (TG), tokens/s; 24 trials per arm and bucket. These whole-stack controls have a
different timing definition from Figure 11.

Device Input Stock PP JustFit PP Change Stock TG JustFit TG Change

M4 Pro 1K 132.18 142.72 +7.98% 56.43 57.22 +1.40%
M4 Pro 32K 121.05 130.27 +7.61% 45.20 40.93 -9.45%
M5 Pro 1K 422.04 524.55 +24.29% 65.54 70.92 +8.20%
M5 Pro 32K 376.13 468.62 +24.59% 55.02 56.90 +3.42%

to 367.9 ms (3.32×), while draft acceptance changes only
from 0.504 to 0.497. M4 Pro cycle time is 1.27× M5 Pro
at B1 and 2.51× at B4. Thus increasing cycle cost nearly
offsets the increased useful output on M4 Pro; the aggregate
counters narrow the observed plateau to width-dependent
cycle cost, rather than a large collapse in acceptance. These
counters cover complete cycles, including full occupancy
and shrinking tails; Table 7 defines their aggregation.

Common-active TG counts callback-delivered tokens in
the interval from the latest first-token event to the earliest
final-token event. Its difference from native aggregate TG
includes timing conventions and the cohort tail. B4/B1
ratios paired by fixture anchor and repeat are supplied in the
data supplement, but B4 also adds other fixtures, so these
are not equal-work matched requests.

At M5 Pro 1K, maximum request-phase footprint is 18.40
GiB for stock and 17.18 GiB for the candidate; at 32K it
is 19.46 versus 17.52 GiB. These observations include dif-
ferent KV representations and allocation policies. They
quantify the memory reduction of the complete configura-
tion.

8.4. Capacity and Retained Progress

M4 Pro completes 128K singleton and total-300K B2
checks, a bounded two-hour/12-cycle run, and three-repeat

B2/B3/B4 retention tests. These earlier experiments estab-
lish retained progress under their recorded configurations.

An M5 Pro two-lane workload retains 131,072 input plus
16,384 output tokens per lane, with common-active decode
of 118.56 tokens/s and peak owned-group footprint of 20.97
GiB. One decode-state publication fails, separating success-
ful generation from subsequent history reuse. A separate
singleton retrieves the expected checkpoints from 261,632
prompt tokens and emits 36 tokens without recorded replay.
The later warm-prefix checks in Section 8.1 extend B2 ca-
pacity to all three configurations with their own budgets and
output shapes.

8.5. CrossFire: Continuity versus Image Latency

For the 8K tier, GPU image processing increases the median
maximum text delivery gap from 0.107 to 1.702 seconds;
ANE offload reduces it to 0.425 seconds. At 14.4K, GPU
and ANE gaps are approximately 3.51 and 0.40 seconds.
Image latency rises from 8.54 to 13.15 seconds at 8K and
from approximately 15.7 to 23.1 seconds at 14.4K (Fig-
ure 13). CrossFire therefore trades image completion time
for continuity of the incumbent text stream in these one-lane
workloads. Recorded ANE preparation takes 6.21–6.33 s at
8K and 15.49–15.58 s at 14.4K, with approximately 6.9–7.7
s remaining until image completion. Median preparation is
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Figure 11. Context length and concurrent throughput in the same native experiment. Left: adjacent 1K/32K bars show B1 native prefill
per device. Right: each context has B1/B2/B4 aggregate-decode bars; aligned columns give the B1 and B4 means (tokens/s) and their
B4/B1 ratio. Exact B2 means are retained in the complete throughput table. Every bar is a mean of 24 cohorts; whiskers show observed
min–max, not confidence intervals. Device profiles are listed in Table 6; native timing is defined in Table 7.

Table 10. Client TG dispersion and task+repeat pairing. Parentheses are sample SD; paired change is the mean of per-pair percentages,
unlike the ratio of means in Table 9. Intervals are exploratory percentile bootstrap intervals resampling eight fixtures with all three
repeats retained (20,000 draws). Positive counts are over eight fixture means. With only eight selected fixtures, percentile intervals can
under-cover and do not establish population significance. For M4 Pro 32K, a fixture-level t sensitivity check gives t = −2.27 (7 df),
p ≈ 0.058; its 95% t interval includes zero.

Device Input
Stock TG
(SD)

Candidate TG
(SD)

Paired %
(SD)

Positive
fixtures

Fixture 95%
interval

M4 Pro 1K 56.43 (6.07) 57.22 (4.81) +2.09 (10.26) 4/8 -3.77, +9.76
M4 Pro 32K 45.20 (5.70) 40.93 (4.04) -8.61 (10.27) 1/8 -15.11, -1.30
M5 Pro 1K 65.54 (6.33) 70.92 (7.84) +9.00 (13.65) 6/8 -1.31, +16.93
M5 Pro 32K 55.02 (7.35) 56.90 (9.70) +3.53 (11.78) 5/8 -4.63, +11.37

about 73% and 99% of the corresponding GPU arm’s entire
image latency. These cross-arm ratios describe the harness
intervals; Appendix C retains the full timing ranges.

Admission limits the result under higher concurrency. With
three incumbent text lanes, some nominal ANE attempts
fall back to GPU. One original GPU control overlaps back-
ground compilation and is unsuitable for a clean comparison.
In a separate set of five uncontaminated B4 control records,
both requested ANE routes encode zero images on ANE;
the 8K record is retained inside a failed assertion payload,
and the 14.4K attempt is denied its memory lease. These
attempts document admission fallback rather than executed
ANE throughput.

Twelve loopback HTTP requests exercise GPU/policy rout-
ing for 8K and 14.4K images. All content checks pass,
reservations return to zero, and disconnect/recovery suc-
ceeds. For the long-prefill cases, text wall changes from

79.54 to 78.29 seconds at 8K and from 83.96 to 81.62 at
14.4K, while image latency increases. Each shape/arm has
one observation, so this is a lifecycle and routing test rather
than a sustained-service result.

A separate three-pair M4 Pro CPU/GPU/ANE coexistence
study reduces mean total wall from 308.964 to 287.077
seconds (7.08%) with essentially unchanged decode rate.
The measurement covers the combined CPU/GPU/ANE
configuration.

8.6. Task Outcomes

M4 Pro compares GPU and CPU-assisted execution; M5 Pro
LCB compares stock and JustFit, AIME compares A8 off/on,
and MMMU-Pro compares GPU and actual ANE execution.
Table 12 gives bounded regression evidence. M6’s GPU
AIME subset has 14 correct and one capped answer among
15; separate language-ANE on/off probes each pass four
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Table 11. Counter-derived cycle measurements, 24 cohorts per cell. Native and common-active TG use different clock/window definitions.
Rate, acceptance, output/batch and ms/batch columns are means of 24 cohort ratios; peak is the maximum footprint across those cohorts,
not total machine or ANE service memory.

Device Input B Native TG
Common-active
TG A/D Tokens/batch ms/batch Peak GiB

M4 Pro 1K 1 58.03 57.85 0.610 5.27 91.1 17.67
M4 Pro 1K 2 61.10 60.97 0.604 9.36 153.2 17.67
M4 Pro 1K 4 60.35 59.02 0.579 16.82 279.8 18.52
M4 Pro 32K 1 40.92 40.83 0.504 4.53 110.8 17.24
M4 Pro 32K 2 43.32 43.08 0.501 8.59 199.0 18.28
M4 Pro 32K 4 43.12 42.75 0.497 15.78 367.9 19.71
M5 Pro 1K 1 70.52 70.41 0.554 5.32 75.5 17.16
M5 Pro 1K 2 107.31 117.46 0.538 9.01 84.1 17.16
M5 Pro 1K 4 157.53 166.77 0.573 17.18 109.6 18.40
M5 Pro 32K 1 56.84 56.70 0.506 4.95 87.0 17.16
M5 Pro 32K 2 83.84 87.16 0.501 8.81 105.2 18.13
M5 Pro 32K 4 111.28 116.21 0.522 16.13 146.7 19.95
M6 1K 1 42.29 42.17 0.535 5.11 121.1 17.80
M6 1K 2 69.17 76.03 0.516 8.91 128.8 17.82
M6 1K 4 110.79 119.94 0.558 17.04 154.4 18.80
M6 32K 1 34.58 34.50 0.497 4.71 136.3 17.80
M6 32K 2 56.60 58.89 0.503 8.78 155.5 18.78
M6 32K 4 81.30 86.02 0.524 16.38 201.9 20.87
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Figure 12. Measured useful work and cycle cost at nominal 32K input. Each point is the mean of 24 per-cohort counter ratios. Both useful
output and cost increase with concurrency; these measurements include shrinking tails and are not isolated verification-kernel timings.

Table 12. Selected task probes: correct / capped or ungraded. Arm
totals can agree despite different per-question outputs. M5 Pro
AIME contains 30 questions at three seeds.

Device Task (n) Control Treatment

M4 Pro AIME (15) 14 / 1 14 / 1
M4 Pro MMLU-Pro (30) 27 / 0 27 / 0
M4 Pro LCB (30) 25 / 3 25 / 3
M5 Pro LCB (24) 17 / 7 17 / 7
M5 Pro AIME (90) 86 / 3 85 / 3
M5 Pro MMMU-Pro (29) 26 / 0 24 / 0

coding and eight retrieval cases. The task sets differ across
devices.

The M5 Pro three-tier vision profile encodes 27 questions

through 4K and two through 8K with full-ANE/no-GPU
placement. One remaining question exceeds 14.4K capac-
ity and falls back to GPU. Thus this packet contains no
14.4K task-quality sample. The paired actual-ANE subset
scores GPU 26/29 versus ANE 24/29 (Figure 14); the GPU
control is reused after input/build/settings identity checks.
Music_134 and Pharmacy_333 favor GPU at this seed. Ad-
ditional M4 Pro outcomes follow below under their own
protocol; Section 9 discusses statistical scope.

8.7. Restoring Composite History

The cache can omit an ancestor state when exactly one child
subtree contains an ordinary state. Its KV chain can remain
on disk even though the recurrent state needed to resume
that ancestor is absent. We evaluate a retention rule that
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Figure 13. M5 Pro, one incumbent text lane plus one arriving image. Bars are medians of three repeats. All ANE-arm images in these cells
execute on ANE. Offload reduces the maximum delivery gap but increases image latency. The no-image maximum gap is approximately
0.107 s.
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Figure 14. Paired outcomes on the 29 questions actually encoded
by ANE. Two discordances favor GPU at the evaluated seed. The
selected sample contains 29 paired questions.

preserves such restore points when the stored chain is at
least 32,768 tokens long.

For the M5 Pro 128K history, retaining the state restores
131,040 tokens, recomputes 32, and reduces TTFT from
445.38 to 1.90 seconds. The corresponding M6 pair changes
from 582.91 to 1.86 seconds with the same restored token
count (Figure 15). Output equality is checked separately
from semantic answer correctness.

The threshold is defined on stored chain length, not nominal
prompt length: on M5 Pro, a 32,768-token prompt stores
32,736 tokens and remains below threshold; a 32,800-token
prompt stores 32,768 and benefits. Shorter ancestor histories
are not universally preserved. In a fresh-process H′-first con-
trol, all ten combinations of five lengths and two retention
policies show the expected disk-KV reuse, a recurrent-state
hit, and matching outputs. This isolates continuation persis-
tence from ancestor retention and from pages warmed by an
earlier request.

A small-quota experiment bounds reported KV disk use
at 3,221,143,552 bytes under a 3 GiB setting, but all six
requested histories recompute in its oldest-first restart se-

1 10 100 1,000
Restart TTFT (s) · logarithmic

M5 Pro

M6

445.38 s

1.90 s

582.91 s

1.86 s

Baseline Retain ancestor

Figure 15. 128K original-history restart after a continuation. Com-
pare the two retention policies within each device; fixture construc-
tion differs across devices. Logarithmic TTFT axis. Outputs match
within each pair.

quence. Outputs remain equal. The counter excludes some
state/metadata storage. The next experiment follows a sur-
viving chain through eviction and reconciles budget account-
ing with filesystem occupancy.

Integrated-build restart and request order. A separate
M5 Pro experiment combines the ancestor-retention change
with both image-submission repairs. It uses a 128 GiB
persistent-cache budget and two independent writer/restart
groups with H of 131,072 tokens and H′ of 131,104 tokens.
The first group requests H first after restart; the second
requests H′ first. Table 13 reports only the first request
in each new process. Both restore the expected disk KV
and recurrent state, recompute 32 tokens, and reproduce
the writer’s output token sequence. Each ordering has one
deterministic functional observation.

The second request in each process obtains zero additional
disk-KV hits because its pages are already resident. Its
TTFT is 1.092 seconds (H′ after H) or 1.083 seconds (H
after H′), with matching output. A disk-hit predicate applied
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Table 13. M5 Pro integrated-build cold recovery. Only the first re-
quest after a fresh-process restart is counted. Both outputs exactly
match their respective writer references.

First Disk KV State hits Recompute TTFT (s)

H 131,040 1 32 1.732
H′ 131,072 1 32 1.731

H first H′ first
0.0

0.5

1.0

1.5

2.0

TT
FT

 (s
)

1.73 1.73

1.09 1.08

Cold first request
Warm second request

Figure 16. Request-order control on M5 Pro. One observation
per bar. Cold restart and subsequent in-process reuse are different
operations; the latter is not an additional cold-recovery sample.

indiscriminately to this second request would incorrectly
report a restoration failure. Figure 16 therefore separates
cold recovery from same-process reuse. These tests check
output trajectories and restore counters on M5 Pro with
language ANE disabled.

Real eviction and storage accounting. A separate 1 GiB
control writes three independent 32,800-token histories. A
restores 32,768 disk tokens before pressure. After B and C
are written, A has been evicted and recomputes all 32,800 to-
kens, whereas C restores 32,768 disk tokens and recomputes
32. All three checked outputs match their cold references
(Table 14). The first seeded history occupies 715 MiB of
budget-accounted storage (528 MiB KV plus 187 MiB state),
so two such resident disk copies cannot fit within 1 GiB. B
is not requested after the final write, and no claim is made
about its recoverability. Thus correct eviction can coexist
with correct restoration of a surviving chain; eviction is not
itself a restore defect.

Budget-accounted bytes must be distinguished from filesys-
tem occupancy. After pressure, the 1 GiB control reports
1,073,594,368 accounted bytes, but 1,269,707,008 logical
file bytes and 1,080,827,904 allocated bytes. The KV slot
file is sparse: its logical length is 1,073,233,920 bytes while
only 878,051,328 bytes are allocated; released slots can be
hole-punched without shortening the file. Logical length
must not be interpreted as physical SSD occupancy. Total
allocated storage exceeds 1 GiB by about 6.76 MiB. The
7,233,536-byte difference between allocated and budget-
accounted storage decomposes into 6,291,456 bytes of state-

Table 14. M5 Pro small-budget eviction control. Each row is one
observed request; state hits are one for the restored rows and zero
for evicted A.

Request Disk KV Recompute Exact

A before pressure 32,768 32 yes
A after pressure 0 32,800 yes
C after pressure 32,768 32 yes

slot allocation slack, 540,672 bytes of KV-slot slack, and
401,408 bytes for records files. This reconciles the observed
snapshot. The configured quota is therefore not an exact
cap on total filesystem allocation in this observation. In
each 128 GiB restart group, the corresponding counts are
3,003,252,736 accounted bytes, 3,004,049,152 logical bytes,
and 3,021,840,384 allocated bytes. These measurements
demonstrate survivor recovery and quantify the observed
accounting overhead.

8.8. Mechanism Measurements and Tradeoffs

The following earlier native and MLX experiments explain
the execution and scheduling choices behind the design.

Rotated-domain verification reduces the M5 Pro cycle from
100.2/100.3 to 93.4/93.5 ms at 16K, and from 145.0/145.2
to 120.9/120.9 ms at 64K. The corresponding split-attention
kernel changes from 18.0 to 10.9 ms and from 62.6 to 38.3
ms. End-to-end generation also changes its trajectory: at
16K, an explanation task improves from 28.7 to 30.2 to-
kens/s, while a copy task falls from 35.7 to 35.0. At 32K the
two tasks change from 28.2 to 30.8 and 34.7 to 42.5; at 64K
from 21.8 to 25.7 and 42.0 to 47.3. This variation motivates
measuring both cycle cost and accepted work.

Coalesced V staging changes the address mapping rather
than the codebook. In its historical M5 Pro 32K+6K work-
load, TG rises from 85.01 to 95.88 tokens/s, with a 95.91
repeat. The recorded outputs and acceptance are unchanged
in that comparison. This layout experiment holds the code-
book and recorded outputs fixed.

At 32K, layering improves incoming prefill by 13.1% and
incumbent decode by 68.7%, with byte-identical outputs
in all repeated runs. At 128K, the 2000/500 setting reallo-
cates service toward decode and slightly slows the incoming
prefill. The 4000/1500 setting approximately matches the
control’s incumbent TG and improves prefill. The policy se-
lects a service tradeoff; a throughput-only summary would
hide it.

8.9. Numerical Validation: Three Reference Levels

An independent codec reference checks unpacking, cen-
troids, rotations and norms separately from target atten-
tion. A higher-precision attention reference on fixed inputs
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Figure 17. Historical mechanism measurements. Left: M5 Pro real-model verification cycles, two observations per arm at each length.
Middle/right: M4 Pro 32K mixed-arrival medians, four control and three layered-prefill runs. Layering improves prefill and incumbent
decode, but chat TTFT rises from 1.58 to 1.91 s. These are separate configurations and workloads.

Table 15. Layered-prefill tradeoffs on M4 Pro. The 32K rows are repeated medians; the 128K settings have one observation each. For the
128K layered settings the incumbent output budget is extended to span the full prefill. This prevents an artificially uncontended tail.

Incoming input Policy PP (tok/s) Incumbent TG Gap p99 (s) Prefill wall (s) Chat TTFT (s)

32K Token-chunk control 75.9 8.18 1.984 431.8 1.58
32K Layered 2000/500 ms 85.8 13.80 1.107 381.8 1.91
128K Token-chunk control 42.9 5.2 3.99 3057.0 1.85–4.00
128K Layered 2000/500 ms 41.5 14.1 1.11 3156.5 2.00–3.05
128K Layered 4000/1500 ms 63.7 5.3 2.82 2056.5 3.10–4.37

then separates compression distortion from additional ker-
nel arithmetic error. Finally, full-model comparisons track
accepted tokens, output length and graded tasks. Agreement
at one level does not imply agreement at another.

In the archived first-chunk TQ4 study, sampled vector re-
construction distortion is approximately 9.425–9.785%. A
separate population-quadrature Lloyd–Max calculation with
16 scalar levels gives relative RMS of 9.747% for a stan-
dard Gaussian and 9.699% for a coordinate of a uniform
256-dimensional sphere, scaled to unit variance. Three ini-
tializations converge to the same values. Their proximity
to the sampled reconstruction error provides a distribution-
level consistency check under those scalar models. The
quadrature script and converged centroids accompany the
source. Across six captured sets at final query row 2,047,
attention-output intrinsic relative RMS is 4.34–8.53%, while
additional native arithmetic error is 0.165–0.175%. The
study samples two prompts, three layers and all four KV
heads. A fixed-history replay avoids confusing accumulated
trajectory differences with a local operator defect.

Ambiguous task graders are another source of false con-
clusions. A fixture allowing two legal assignments and an
underspecified day-boundary schedule were corrected indi-
vidually; their original outputs remain evidence. Capped
reasoning is recorded separately from completed wrong
answers. This is why the public task tables retain both incor-
rect and capped counts rather than reporting only a single

Table 16. M4 Pro quality counts separated by diagnostic proto-
col. Actual ANE denotes at least one encoded image; aggregate
requested-arm accuracy includes fallback. The coverage supple-
ment changes routing coverage and is not pooled with the original
diagnostic.

Arm Requests Correct Actual ANE

gpu 30 25 0
ane-diagnostic 30 25 2
8K coverage 30 24 29

pass percentage.

8.10. Additional M4 Pro vision and interference
evidence

A separate M4 Pro packet completes 36 image-pipeline re-
quests, 90 quality requests, and 18 image-arrival cohorts
without execution failure. Task accuracy is reported sepa-
rately. The quality packet comprises 30 GPU controls, 30
original diagnostic requests, and 30 additional 8K-coverage
requests; the latter reuse the same questions and are not
30 new independent samples. Table 16 separates these pro-
tocols. The coverage supplement increases actual ANE
execution from two questions to 29; the protocols remain
separate in the table. Figure 18 and Table 17 show that, for
one text lane, the maximum-gap median falls from 3.315 s
(GPU image) to 0.474 s (ANE image), while image-ready
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Figure 18. M4 Pro median maximum text-output gap in the image-
arrival window (three observations per cell). All six requested-
ANE cohorts actually encode on ANE. The vertical axis is loga-
rithmic. Lower gaps describe continuity, not lower image latency.

Table 17. M4 Pro image-arrival medians. Text rate uses the fixed
observation window; image time uses the packet image-ready
measurement. These are descriptive cells, not confidence intervals.

Lanes Arm Gap (s) Text tok/s Image (s)

1 ane 0.474 22.80 36.91
1 gpu 3.315 15.50 32.97
1 none 0.115 30.50 –
3 ane 0.364 39.50 80.61
3 gpu 0.542 39.23 83.28
3 none 0.321 39.83 –

latency increases from 32.97 to 36.91 s. With three text
lanes, corresponding gaps are 0.542 and 0.364 s and image-
ready latencies are 83.28 and 80.61 s. The modest three-lane
image-latency advantage is consistent with offloading tower
work reducing GPU contention, but this is a possible ex-
planation rather than an isolated mechanism measurement:
three repeats per cell do not separate queueing, scheduling,
and compute costs. The no-image controls retain smaller
gaps. These M4 Pro observations complement the separately
versioned integrated-build checks below.

8.11. Integrated-build regression scope

Four targeted M4 Pro checks on the integrated build pass:
CPU and GPU image paths complete without GPU timeout
or memory guard trips and reproduce reference outputs; 1K
and 32K text controls each reproduce two recorded reference
logit values bitwise and the 64 generated tokens exactly. The
image fixture is answered incorrectly by both reference and
candidate, so output preservation is not an accuracy pass.
Section 8.12 extends these checks with three-device service
cold recovery. The integrated M6 build also completes two
large-image GPU-tower trials with language ANE enabled,
a text control, and a forced 8K ANE-tower image. Its first
cold-process 128K history request restores 131,040 disk
KV tokens and one state snapshot, recomputes 32 tokens,

and has a single observed TTFT of 1.85 s. The following
branched request is in the same process: its 131,072 cached
tokens include only 32 additional disk KV tokens, so it is
not a second independent cold-restart observation. Both
outputs match the writing process. These checks exercise
the integrated execution and restoration paths.

8.12. Integrated Service: Phase Ownership and
Committed History

The following experiments extend the preceding mechanism
studies to the completed service path. They use the later
integrated implementation, distributed as software version
2.3; JustFit v2 remains the system studied in this paper.
Table 8 identifies these as integrated functional checks.

Phase-dependent heterogeneous execution. All three
nodes execute both 4K and 8K vision tiers on ANE in their
allowed phases. M4 Pro/M5 Pro admit vision ANE during
GPU text prefill and decode; M6 admits it during decode
without active prefill and retains GPU vision while language
ANE prefill runs. Placement checks require full-ANE/no-
GPU execution within the vision groups, in addition to
native route counters. These checks connect the earlier
forced-route diagnostics to the phase-aware service policy.

Cancellation must propagate from the request to worker
ownership and payload reservations. Successful cancella-
tion and subsequent recovery are observed on each device.
The M6 test illustrates why admission and cancellation must
be distinguished: its two-decode-lane cancellation attempt
was denied ANE memory and ran on GPU. A subsequent
one-lane interval exercised actual ANE cancellation and
recovery. The two-lane routing cases and the one-lane can-
cellation case establish different properties; the failed proxy
is retained.

Cold composite-state restoration. A common request
is prepared, the service process is restarted, and its first
recovery request is checked for disk reads, state reuse, and
output equality. Each device restores 34,464 disk KV tokens,
hits one composite-state snapshot, and reuses 34,464 tokens;
outputs match the preparation run (Table 18). This supplies
the previously absent M4 Pro service cold-restart evidence.
The earlier 128K M5 Pro/M6 observations retain their own
build and request-order identities. Section 9 identifies the
remaining durability coverage.

History preservation through the frontend. State reuse
also depends on the history delivered to the engine. A legacy
image-request rewrite trimmed oldest messages using an ap-
proximate token count, changing the reusable prefix before
native inference. The native-backend route now bypasses
that legacy trimming and delegates context-limit valida-
tion to the engine. A synthetic image-bearing history sent
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Table 18. Later integrated-service cold recovery, one qualified case
per device. All outputs match the respective preparation request.
Each case is the first recovery request after restart.

Device Disk KV State hits Reused tokens

M4 Pro 34,464 1 34,464
M5 Pro 34,464 1 34,464
M6 34,464 1 34,464

through each M5 Pro/M6 broker contains 12,634 prompt
tokens; a follow-up reuses 12,608 tokens (99.79%) and
retrieves the early retained fact and image answer. The con-
structed history checks early-fact preservation together with
prefix reuse.

Four frozen development retrieval tasks per device, at ap-
proximately 16K–34K actual input tokens, yield eight cor-
rect answers across M5 Pro/M6. M6 split counters confirm
language ANE activity. One M5 Pro task resumes warm
after a client interruption and is not cold-speed evidence.
These development tasks extend functional retrieval cover-
age.

Bounded speculative output. Per-request thinking lim-
its must survive the same frontend, protocol, and native
boundaries as history. The restored control validates and
propagates the budget into native request state; speculative
retention respects the remaining budget, and the thinking
segment closes at the cap rather than relying on a template
suggestion. Bounded checks cover small caps, a 1,536-
token alias, streaming, tools, and concurrent requests. This
validates the serving control through the inherited specula-
tive decoder. Installation-level reproduction is described in
Appendix F.

9. Limitations
Comparison and attribution. Whole-system results com-
bine weight formats, decoders, allocation policies, effective
admission budgets and device-specific execution profiles.
They establish the behavior of the evaluated configurations,
not isolated chip rankings or individual-feature gains. His-
torical mechanism measurements explain design choices;
a final-build factorial ablation of rotated attention, coa-
lesced staging, lookup and adaptive width remains open.
The M4 Pro stock comparison lacks a candidate GPU-only
timing arm. Counter-derived cycle costs explain its batch
plateau descriptively but do not separate verification, draft-
ing, scheduling and hardware causes. No matched KIVI or
KVQuant implementation comparison is included.

Workloads and statistics. The headline speed cohort con-
tains eight fixed-output tasks; the natural-EOS matrices
contain eight fixtures with three technical repeats and some

B4 prefix sharing. Fixture variation, shrinking batch tails
and mean-versus-median summaries affect comparisons.
Min–max whiskers describe dispersion, and the exploratory
eight-fixture bootstrap intervals can under-cover. M4 Pro’s
small B4-versus-B2 differences and M5 Pro’s positive stock-
control TG means are descriptive rather than established
population improvements. Some early 16K trials overlapped
dependency/asset provisioning. The 22,015 MiB speed san-
ity check covers one prompt per arm; the full speed distri-
bution uses 21,631 MiB. Disk-quota effects on throughput
are unmeasured. Two input buckets show an observed trend
rather than a context-scaling law.

Capacity and memory scope. The 320K result is warm-
prefix aggregate page capacity across two requests with
a live draft. Cold admission, single-request 320K and
matched long-context answer quality are separate questions.
M6’s locked 8 GiB reservation approximates available RAM
on its physical 32 GiB system; OS, driver and compression
behavior can differ from a physical 24 GiB device. M6
speed runs use its full memory configuration. Analytical
operand bounds, Metal allocation, process-group footprint
and external accelerator memory have different accounting
scopes. Historical resource savings cannot be added into a
single process-peak reduction.

Quality and heterogeneous service. Selected task sub-
sets provide regression evidence, with quality equivalence
unresolved. Embedding error, logit agreement, output equal-
ity and semantic correctness measure different properties.
Forced ANE diagnostics establish behavior when execu-
tion is admitted; final-policy benefit also depends on phase,
memory pressure and actual placement. Language-FFN and
vision-ANE accuracy require separate controls. Harness
preparation and residual image time do not isolate compute
from queueing. The GPU-favoring vision outcomes, M4 Pro
decode regression and denied ANE attempts remain explicit
results.

Persistence and reproducibility. Cold checks restore
34,464 tokens on all three final service configurations, along-
side earlier 128K M5 Pro/M6 studies. Repeated final-profile
128K restoration on every device, short-history retention
policies, all eviction/branch orders, full-budget saturation
and power-loss durability remain open. Request-order tests
compare outputs and counters rather than every restored
tensor. Filesystem overhead is reconciled for the observed
snapshots, without a worst-case or indefinite-operation guar-
antee. Installation checks qualify artifact functionality at
their stated workload sizes; they preserve the identities of
the earlier performance evidence.
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10. Related Work
Local execution and committed state. JustFit v1 sup-
plies KVExec, PhaseSwap, and StateTrans (Chen, 2026)
on MLX, an array framework for Apple silicon (Hannun
et al., 2023). V2 retains these principles while changing the
runtime and concurrent speculative resident set. Splash sup-
plies native execution and DFlash2 the learned draft (Inco
AI, 2026b;a). The baseline remains Splash 1.3.0; future Just-
Fit releases will follow upstream updates such as 1.4 (Inco
AI, 2026c). Gated Delta Networks (Yang et al., 2024) re-
quire the recurrent snapshot to accompany attention KV at
a restore point.

Proposal generation. Target verification separates pro-
posal generation from accepted output (Leviathan et al.,
2023). Prompt Lookup Decoding reuses matching prompt
substrings (Saxena, 2023); LLMA uses reference over-
lap (Yang et al., 2023); REST retrieves proposal tokens (He
et al., 2024). Our context-tail implementation follows the
HyperQwen lookup-augmented DFlash2 patch (syv-ai and
HyperQwen contributors, 2026). JustFit integrates the
learned prefix and lookup tail with adaptive width and a
shared row budget.

KV compression and execution. KIVI studies asym-
metric low-bit key/value quantization (Liu et al., 2024);
KVQuant combines distribution-aware quantization with
outlier handling (Hooper et al., 2024). TurboQuant stud-
ies compact rotated vector representations (Zandieh et al.,
2026); KVExec additionally controls when and how stored
operands are reconstructed for each consumer. PagedAt-
tention manages serving pages (Kwon et al., 2023), while
FlashAttention reduces attention IO (Dao et al., 2022).
These address representation, allocation and IO; our contri-
bution concerns their interaction with bounded consumers
and a live draft on a shared physical budget.

Prefix reuse and service scheduling. RadixAttention in
SGLang reuses shared prefix KV across calls (Zheng et al.,
2024). CachedAttention retains conversation KV in a stor-
age hierarchy, overlapping layer-wise preloading and asyn-
chronous saves with computation (Gao et al., 2024). State-
Trans addresses the composite boundary of a hybrid spec-
ulative model: target KV, recurrent state and draft context
must resume the same committed prefix, including an an-
cestor retained after continuation. Sarathi-Serve studies
prefill/decode scheduling (Agrawal et al., 2024); layered
prefill here additionally yields within a large token chunk.
FlexGen exploits hierarchical storage (Sheng et al., 2023);
on unified-memory devices, CPU mappings consume the
same physical capacity. CrossFire combines accelerator
execution with phase ownership and memory admission,
building on ANE deployment techniques (Apple, 2022) and

the credited oMLX arithmetic implementation (PowerSpy
and oMLX contributors, 2026).

11. Conclusion
JustFit v2 turns state lifetime into a serving resource.
KVExec bounds the expanded history seen by each con-
sumer; PhaseSwap keeps transient storage within the live-
set budget; StateTrans carries committed progress across
execution and restart; CrossFire uses heterogeneous com-
pute under the same ownership rules. Together they preserve
320K aggregate retained capacity with a live draft, deliver
2.0–2.5× v1’s median decode rate on the fixed-output work-
load, and improve prefill over Splash 1.3.0 at a modest
singleton-decode cost. Concurrent scaling, reduced image-
induced text gaps and composite-state recovery bring long
histories and useful overlap to 24 GiB-class local serving.
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A. Mechanisms and Design Alternatives
Table 19 summarizes the transition and supporting mechanisms. The implementation inventory and raw measurements
accompany the source package. Mechanism inclusion does not imply that every feature has an isolated end-to-end ablation.

Table 19. Mechanism coverage and measured design alternatives.

Mechanism MLX predecessor Native extension

KV representation Rotated MSE; 256-token pages; shared page
references

Same compact representation; 32-token pages; native
page/attention interfaces

Attention consumers Fused inverse reconstruction; two-head
grouping; explicit evaluation

One-head BF16 staging; rotated-domain verification; coa-
lesced V layout; compact softmax

Components Head and media leases; singleton MTP re-
leased for concurrent AR

Target/draft retained; host embedding gather; phase-scoped
vision; generation-bound ownership

Workspaces Bound lazy intermediates at evaluation
boundaries

Alias disjoint intermediates; elastic prefill arena; decode-
owned RoPE; shared verification rows

Transitions Admission and output reservation; MTP/AR
switch at complete rounds

Layered prefill; accepted-boundary reconciliation; adaptive
width and shared-lane execution

Persistence Borrowed page-run views; bounded atomic
writer

Composite target/recurrent/draft snapshots; segment/root
ordering; pressure-aware transfer and ancestor retention

Speculation Singleton MTP; concurrent AR Learned proposals plus matching lookup tail; adaptive 8/16-
row verification; selective W4A8

CrossFire Phase-coordinated GPU text and vision CPU-SME/GPU column partition; complete ANE tower;
image/text overlap and fallback; language-ANE integration

Unfilled comparisons. Warm-prefix B2 long-output capacity is supplied on all three configurations in Section 8.1, with
the M6 memory-reservation limitation stated explicitly. Matched long-context task accuracy, three-device vision quality,
final-configuration mechanism ablations, and full global-budget saturation/recovery remain open. M4 Pro batch throughput
and bounded M5 Pro survivor recovery do not close those distinct comparisons. These omissions restrict the corresponding
cross-device, attribution, and durability claims.

Reproducibility. The accompanying tables preserve counts, units, timing definitions, actual routes, and per-request restore
counters. The separate provenance record maps measurements to exact input, build, profile, and source-result identities.
Plot scripts consume these tables directly. Failed and partial observations remain in that record; they are not converted into
successful comparison cells.
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B. Complete Throughput and Interference Tables
Table 20. Batch matrix means with observed min–max ranges. A dash denotes an unavailable complete cell. Each completed cell has 24
cohorts.

Device Input B n Mean TG Min TG Max TG

M4 Pro 1K 1 24 58.03 53.06 68.31
M4 Pro 1K 2 24 61.10 56.73 65.89
M4 Pro 1K 4 24 60.35 57.38 63.96
M4 Pro 32K 1 24 40.92 35.53 49.45
M4 Pro 32K 2 24 43.32 39.59 48.62
M4 Pro 32K 4 24 43.12 38.99 47.79
M5 Pro 1K 1 24 70.52 59.69 83.65
M5 Pro 1K 2 24 107.31 89.82 121.96
M5 Pro 1K 4 24 157.53 145.22 170.87
M5 Pro 32K 1 24 56.84 45.51 74.55
M5 Pro 32K 2 24 83.84 74.81 101.31
M5 Pro 32K 4 24 111.28 103.44 120.10
M6 1K 1 24 42.29 30.60 50.50
M6 1K 2 24 69.17 50.00 85.98
M6 1K 4 24 110.79 97.21 117.42
M6 32K 1 24 34.58 27.04 41.70
M6 32K 2 24 56.60 51.62 66.83
M6 32K 4 24 81.30 74.68 96.91

Table 21. Original M5 Pro image-arrival diagnostic medians. L denotes incumbent text lanes; an image adds one request. Requested ANE
includes fallback. Three observations per row; the three-lane 8K GPU cell includes the known background-compilation overlap.

Tier L Requested route Actual ANE/n Max gap (s) Text wall (s) Image latency (s)

8192 1 GPU 0/3 1.702 96.029 8.536
8192 1 ANE 3/3 0.425 95.288 13.155
8192 3 GPU 0/3 0.358 265.195 34.691
8192 3 ANE 2/3 0.211 264.495 33.665

14400 1 GPU 0/3 3.508 101.239 15.664
14400 1 ANE 3/3 0.398 100.818 23.137
14400 3 GPU 0/3 0.379 271.282 39.539
14400 3 ANE 3/3 0.208 269.646 37.465

Table 22. Separate uncontaminated three-text-lane controls. Both requested ANE routes have zero ANE encoding. The 8K ANE record
comes from an assertion payload and is not a successful offload trial.

Tier Requested route Encoded Gap (s) Text wall (s) Record status

8192 NONE 0 0.156 253.103 Recorded observation
8192 GPU 0 0.354 260.639 Recorded observation
8192 ANE 0 0.344 262.010 Assertion payload

14400 GPU 0 0.399 268.342 Recorded observation
14400 ANE 0 0.384 268.738 Recorded observation

C. Image-Arrival Timing Ranges
Requested and executed routes are separated. The 8K three-lane GPU control includes the documented background-
compilation overlap and is not a clean control. A denied ANE request executes on GPU; its short attempted preparation
interval is not ANE encoding time. Preparation remains a harness interval, and the residual to completion is not an isolated
GPU stage.
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Table 23. Observed minimum–maximum ranges in seconds; each row contains only one executed route. These are not confidence
intervals.

Tier L Requested Executed n Text max gap Image completion ANE preparation

8192 1 GPU GPU 3 1.657–1.711 8.529–8.578 –
8192 1 ANE ANE 3 0.425–0.426 13.147–13.267 6.210–6.332
8192 3 GPU GPU 3 0.328–0.391 34.295–34.740 –
8192 3 ANE GPU 1 0.334–0.334 34.587–34.587 –
8192 3 ANE ANE 2 0.175–0.211 33.407–33.665 6.285–6.310

14400 1 GPU GPU 3 3.503–3.531 15.660–15.714 –
14400 1 ANE ANE 3 0.398–0.398 22.678–23.151 15.492–15.581
14400 3 GPU GPU 3 0.372–0.427 39.131–39.902 –
14400 3 ANE ANE 3 0.192–0.546 37.121–38.038 15.493–15.581

D. Restart Boundary Measurements

Table 24. Original-history H restart observations with a 128 GiB disk quota, separate from the M5 Pro/M6 2 GiB speed matrices. Prompt
length, rather than a nominal case label, determines the boundary interpretation. Exact means byte-identical output within the paired
comparison, not a semantic correctness score.

Device Retention Prompt Cached Recomputed Disk KV TTFT (s) Exact

M5 Pro Baseline 16384 0 16384 0 31.14 Yes
M5 Pro Deep ancestor 16384 0 16384 0 31.08 Yes
M5 Pro Baseline 32736 0 32736 0 68.79 Yes
M5 Pro Deep ancestor 32736 0 32736 0 68.68 Yes
M5 Pro Baseline 32768 0 32768 0 68.57 Yes
M5 Pro Deep ancestor 32768 0 32768 0 68.59 Yes
M5 Pro Baseline 32800 0 32800 0 68.66 Yes
M5 Pro Deep ancestor 32800 32768 32 32768 0.62 Yes
M5 Pro Baseline 131072 0 131072 0 445.38 Yes
M5 Pro Deep ancestor 131072 131040 32 131040 1.90 Yes
M6 Deep ancestor 16025 16000 25 16000 0.54 Yes
M6 Baseline 16025 16000 25 16000 0.55 Yes
M6 Deep ancestor 32612 0 32612 0 81.06 Yes
M6 Baseline 32612 0 32612 0 80.61 Yes
M6 Deep ancestor 33011 32992 19 32992 0.75 Yes
M6 Baseline 33011 0 33011 0 82.29 Yes
M6 Deep ancestor 131072 131040 32 131040 1.86 Yes
M6 Baseline 131072 0 131072 0 582.91 Yes

The separate 2 GiB sequence is excluded from this cold-restart table: its second request can reuse pages warmed by the first.
A single history’s payload does not determine aggregate occupancy or prove eviction. The raw rows remain in the data
supplement.

The fresh-process continuation-first control tests ten combinations of five lengths and two retention policies. The original
controller’s aggregate verdict is not substituted for the counters above: it also tests incremental disk reads on a second
request whose shared chain can already be in memory. A valid restoration assessment records request order and residency
before interpreting those reads.

E. Design Alternatives and Experimental Boundaries
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Table 25. Measured alternatives and what their outcomes resolve.

Alternative Observation Design implication

Wider verification 204.957 MiB more shared workspace; 32K B3
+0.798%, B4 −0.321% TG.

Keep the smaller row budget for this context-
first workload.

Elastic prefill arena alone Initial cold B2 capacity does not improve; the limit-
ing phase still needs the arena.

Planner headroom is not measured usable
capacity.

Prefill-only A8 Historical PP 370.21 to 487.25 tokens/s, wall 96.62
to 76.49 s; natural TG −12.4%.

Measure generated work and verify sepa-
rately; not a combined-A8 ablation.

Residual quantization Sampled output RMS 0.05695 (4-bit), 0.13608 (3+1-
bit), 0.06726 (4+1-bit).

These tested layouts do not improve the sam-
pled reference error.

Oversized ANE graph Padding still executes dense capacity-sized attention. Select the smallest supported tier that fits
original geometry.

Oldest-first restart under pres-
sure

Six exact outputs but no restore in the recorded small-
quota sequence.

Output correctness does not establish cache-
survivor coverage.

128K partial-overlap schedul-
ing

Incumbent output finishes before prefill, leaving an
uncontended tail.

Exclude that row from matched full-overlap
comparisons; extend incumbent output.

Residual-layout scope. The residual study uses six captured attention sets, eight construction seeds and final query row
2,047. The three layouts use 130, 132 and 164 bytes per 256-dimensional vector. This is an offline operator screen, not
a public task score or a rejection of all residual quantizers. TurboQuant’s QJL residual targets unbiased inner-product
estimation (Zandieh et al., 2026); unbiasedness does not guarantee smaller squared error, particularly after nonlinear
attention. The observed RMS ordering therefore does not itself diagnose a bug or establish the cause in this implementation.

Missing final comparisons. Final-build per-mechanism ablations, full three-device ANE task comparisons and full-budget
filesystem-inclusive eviction/recovery tests remain missing. The M4 Pro batch matrix and bounded M5 Pro eviction-survivor
checks are now measured under their explicitly stated configurations. Historical completed experiments above are retained
under their own configurations; none fills a missing final cell automatically.

F. Artifact Identity and Bounded Reproduction
Three evidence layers. The performance tables identify their own runtime, profile and workload cohorts. Historical
integrated-service checks use the 2.3.0rc14 software reference; later staging and capacity checks retain distinct native
identities. The public software preview is 2.3.0rc24, available at https://github.com/YuhuaBillChen/jus
tfit-llm and https://test.pypi.org/project/justfit-llm/2.3.0rc24/. A later installation check
does not rerun or relabel a historical performance measurement.

The provenance records preserve these distinctions. provenance/reference-artifacts.json binds the
historical source archive, wheel and sdist; provenance/final-service-inputs.json binds historical service
inputs and receipt identities; provenance/later-artifacts.json identifies the subsequent native/staging revision.
provenance/public-preview.json records the public preview and maps the index-built archive identities to the
locally qualified package. Complete file contents agree even where archive metadata changes the outer SHA256. Some
original audit receipts remain private; the published provenance supplies their identities rather than their private contents.
Compiler output is not assumed to be universally deterministic.

Public preview installation. The preview pins 498 project files; its wheel, source archive and sdist contain the same
499-member project tree including the manifest. On each evaluated Mac, the qualified local distributions pass 113 source
tests, 15 service tests and 30 installation/lifecycle checks. A shared prebuilt runtime is installed without receiver compilation,
followed by text, two synthetic images, an eight-token thinking budget, streaming and cold-restart checks. Each restart case
restores 8,704 disk KV tokens with one state hit and equal outputs. These checks have a smaller workload than the earlier
34,464-token service cases and do not replace them. A fresh M5 Pro environment additionally installs the public TestPyPI
package, verifies its source contents, and passes the installation and runtime checks. Formal PyPI publication and Developer
ID signing/notarization remain outside this completed preview.

Precompiled ANE assets. Two device-specific 4K/8K graph-and-cache archives per evaluated configuration are restored
into an initially empty simulated user cache through the HTTPS installer, with certificate verification enabled. On each
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device, both complete towers produce BF16 outputs byte-identical to their qualified references; every tower executes nine
full-ANE/no-GPU groups. The 90 compiled files remain unchanged during loading and execution. Automatic phase-aware
routing, memory admission and fallback are tested separately from forced-route timing studies. These receipts cover the
exact evaluated chips and macOS 27.0.1 build 26A434, not portability across arbitrary chips, OS builds or compiler revisions.
A simulated fresh cache is not a factory-clean machine. Public hosting of those large assets remains separate from the
completed local HTTPS delivery experiment.

Installed graph assets and compiled file sets are checked against their SHA256 manifests before reuse and automatic-profile
startup. Negative regression cases reject modified content even when size and modification time are preserved, missing or
extra files, links and special files, without overwriting the user’s cache. The default trust model still trusts local processes
with the same user identity; these checks are not a sandbox against a concurrent malicious writer.

Scope. Synthetic dashboard and geometric fixtures avoid disclosing private screenshots; their expected answers and
routing checks do not substitute for natural-image quality evaluation. Software tests, dependency checks and negative-input
regressions provide bounded reproducibility evidence. They are not a complete native-code audit, fuzzing campaign or
independent penetration test, and do not establish absence of vulnerabilities. The public software preview does not freeze
this manuscript or turn installation evidence into a new performance dataset.
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