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Abstract

Test-Time Training (TTT) compresses context into fast weights that are
updated online and queried as recurrent memory. In existing designs these
fast weights are private: every layer owns a state no other layer touches.
We argue this is an arbitrary restriction and study its alternative, universal
fast weights, in which the whole depth stack shares one state, or one pool of
states, rather than L private ones. Sharing lets a fixed fast-weight budget
be spent as one wide operator that every layer applies — more memory
FLOPs per token — or as one pool that every layer routes into, giving a
larger effective state, allocated across depth by routing rather than fixed
at design time, updated as one grouped kernel rather than L small ones.
We instantiate this as uTTT-Dense, a shared dense operator; TTT-MoE, a
routed pool that stays layer-local; and uTTT-MoE, a globally shared pool.
We further observe that a universal TTT model is secretly a fully recurrent
model: one state persisting across depth makes the layer index a second
recurrence axis, so the L-layer stack unrolls into a single recurrence over
(chunk, layer) pairs and state written deep at one chunk is read shallow at
the next; layer-private TTT is the fixed-partition special case. Across large-
chunk language modeling and LVSM-style novel view synthesis, moving
fast weights from layer-private, to layer-local routed, to a globally shared
pool improves long-context retrieval monotonically — RULER accuracy
from 8.5 to 15.5 at 124M and 23.2 to 27.8 at 760M, and object-level render-
ing from 24.6 to 25.5 dB — though the advantage concentrates at shorter
contexts and does not yet hold at the longest evaluated length.

1 Introduction

Long-context modeling trades explicit memory for compressed state. Attention keeps the
full key-value history at growing cost (Vaswani et al., 2017); recurrent networks, linear
attention, and state-space models compress it into a bounded state (Hochreiter & Schmidhu
ber| 1997} Katharopoulos et al., 2020; Gu & Dao, 2023; Dao & Gu, 2024; Yang et al.,[2024).
Test-Time Training (TTT) compresses one step further, storing context in fast weights that
are optimized online during the forward pass and queried as memory (Hinton & Plaut,
1987; Schmidhuber), [1987; Schlag et al., 2021} [Sun et al., 2024; [Behrouz et al., [2024); large-
chunk TTT amortizes those updates so that nonlinear fast-weight state is practical at long
context (Zhang et al.}[2025).

Once fast weights are the memory, a design question appears that is orthogonal to how they
are updated: who owns them. Existing TTT architectures answer it the same way. Each layer
instantiates its own fast-weight tensor, updates it from its own keys and values, and reads it
with its own queries; no other layer touches that state (Sun et al., 2024; Zhang et al., 2025}
Tandon et al.,|2025). The recurrent memory of an L-layer model is therefore not one memory
but L disjoint ones, evolving in parallel and communicating only through the token stream.
This is inherited from the transformer parameter layout, not from any property of test-time
optimization, and it has three consequences: a fixed fast-weight budget is divided by L,
so each state is small and the operator every token applies is narrow; the split of memory
across depth is fixed at design time, so a layer cannot draw on a neighbor’s state; and the
implementation manipulates L small tensors, so the fast-weight path runs as many small
per-layer operations.
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Figure 1: Universal Test-Time Training. Left: the model is a stack of N uTTT blocks. Middle:
a block keeps its own normalization, projections, and local window attention private, and
sends its projected queries, keys, and values to the uTTT memory path. Right: the memory
itself is shared across the whole stack. uTTT-MOoE (top) exposes it as a pool of fast-weight
experts that every block addresses through a shared top-K router, so K of E experts are active
per token head; uTTT-Dense (bottom) exposes it as a single MHA-style dense fast-weight
operator that every block reads and updates in full. Blue arrows are reads (3 — o, Eq. (9));
orange arrows are updates from keys and values (Eq. (6)). Because the same memory is
written by every depth, the stack forms one recurrence over (chunk, layer) rather than L
independent ones (Section [4.6).

This paper studies the alternative. We call fast weights universal when the whole depth stack
reads and writes one shared state, or one shared pool of states, rather than L private ones.
Universality helps for a different reason in each regime a TTT model is built in.

Dense TTT: universal sharing buys fast-weight FLOPs. In a dense TTT layer every token
applies the entire state, so state size and per-token fast-weight compute are one quantity.
Splitting a fixed budget L ways gives each layer a narrow operator; sharing lets the same
budget be assembled into one wide operator that all L layers apply, multiplying the fast-
weight FLOPs spent on memory without adding a parameter. Universal dense sharing
thus scales the compute of the memory path — the axis dense TTT cannot otherwise scale
independently of parameter count (Section [4.2).

Sparse TTT: universal sharing buys effective state and kernel structure. A routed pool of
E experts already separates capacity from active compute: it stores E times an expert’s state
while each token head activates only K < E. A layer-local pool, though, still lets a forward
reach only its own layer’s share; a universal pool lifts this ceiling, so the effective state
visible at each forward grows by up to Lx at equal parameters, and how much each depth
claims becomes a learned allocation rather than a fixed partition. Sharing also reshapes the
computation: because all layers write one bank, their per-chunk updates are gradients on
the same tensors and can be applied as a single grouped operation instead of L small ones

(Sections 4.5).

Relation to prior sharing. Sharing parameters across depth is established for slow weights
— Universal Transformers, ALBERT, and their MoE variants (Dehghani et al., [2019; |[Lan
et al., [2020; [Tan et al. 2023; (Csordas et al.,|2024) — and recently for the expert pool of a
transformer MoE (Huang et al., 2026} |Chen et al., 2026). We take this to fast weights, where
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Figure 2: Per-token loss versus long-context retrieval, at (a) 124M and (b) 760M parameters.
Each point is one model; the horizontal axis is per-token loss averaged over positions
beyond 30K in 32K-token sequences and the vertical axis is RULER accuracy averaged over
4K-32K, so the upper-left corner is best. Making the fast-weight pool universal (uTTT -
MoE) moves the model toward that corner relative to its balanced and unbalanced layer-
local counterparts (TTT-MoE w/ LB and TTT-MoE w/o LB) and to the layer-private dense
baseline (Lact), at both scales. Transformer, with full attention, is the one model reaching
higher retrieval, at the cost of a key-value cache that grows with context.

the shared object is not a static parameter store but the model’s recurrent state, so sharing it
changes what the model can remember; Section 2| gives the full comparison.

What we build. We instantiate universal fast weights in three architectures. uTTT-Dense
shares a single dense operator across all layers. TTT-MoE turns a layer’s fast weights into a
routed expert pool but keeps it private to the layer, and uTTT-MoE promotes that pool to
one global bank every layer-head routes into; TTT-MoE is the controlled midpoint, so the
step to uTTT-MoE isolates universality from routing. We train with an aggregated update
schedule that reads a common per-chunk snapshot and applies one grouped write over the
bank, which is what lets the shared-memory path run as a single large kernel; a sequential
schedule that writes after each layer is also possible and left as an ablation (Section [4.5).

Universal TTT is secretly a fully recurrent model. Sharing state across depth changes
the model class, not just the parameter layout. When one state persists across layers, depth
becomes a second recurrence axis: the state written at layer ¢ of chunk c is read at layer £+ 1
of the same chunk and, at the chunk boundary, at layer 1 of chunk ¢ + 1. Unrolling depth
and time together, the L-layer stack collapses into a single recurrence over (c, ) pairs whose
carried state is the shared bank. The memory then receives L optimization steps per chunk
rather than one, and state written deep in the stack can be read shallow at the next chunk —
a top-down path no layer-private design has. Layer-private TTT is the special case in which
the bank is partitioned into L disjoint blocks with fixed routing (Section |4.6)).

Instantiations. We evaluate the framework where fast-weight memory is stressed in
two different ways. The primary setting is large-chunk autoregressive language mod-
eling (Zhang et al., 2025), where the token stream is split into large causal chunks and
ownership is measured through long-context retrieval and per-token loss. We then repeat
the question in LVSM-style novel view synthesis (Jin et al.}|2024; Sajjadi et al., 2022;Wang
et al., 2025b), where posed images are written into the fast weights as scene memory and
pose-only cameras query that state, so the chunk structure is explicit and the memory
demand is spatial rather than lexical.
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Contributions. (i) We identify fast-weight ownership as a design axis of TTT and argue
that the universal setting, not the layer-private one, is the natural default. (ii) We give three
architectures — uTTT-Dense, TTT-MoE, and uTTT-MoE — and explain why universality
helps in the dense regime (fast-weight FLOPs) and in the sparse regime (effective state,
learned depth allocation, and grouped-kernel updates). (iii) We show that a universal TTT
model is a fully recurrent model over the joint (chunk, layer) index, with layer-private TTT
as a fixed-routing special case. (iv) We instantiate the framework in language modeling and
novel view synthesis, with controlled comparisons that isolate the sharing domain from
routing and balancing.

2 Related Work

Test-time training, fast weights, and recurrent models. Fast weights are a classical mech-
anism for rapidly writable memory (Hinton & Plaut, 1987; Schmidhuber) |1987); modern
Test-Time Training realizes them as neural parameters optimized online and queried as
recurrent state (Schlag et al., 2021} |Sun et al., 2024; Behrouz et al.| 2024} von Oswald et al.,
2025; Wang et al.,[2025a;|Iandon et al.,[2025). TTT therefore belongs to the family of models
that compress an unbounded history into a bounded carried state — recurrent networks,
linear attention, and state-space models (Hochreiter & Schmidhuber), |1997; |[Katharopoulos
et al., 2020; |Gu & Dao) 2023;|Dao & Gu, 2024;|Yang et al., 2024) — distinguished by a state
that is a parameter vector and a transition that is a gradient step rather than a fixed linear
map. Large Chunk TTT (LaCT) amortizes the update over large chunks, raising arithmetic
intensity and making nonlinear fast-weight state practical at long context (Zhang et al.,[2025).
All of these, LaCT included, keep the state layer-private, so the recurrence is block-diagonal
across depth. We leave the update rule and chunk granularity untouched and change only
ownership, which turns those L block-diagonal recurrences into one recurrence that also
runs along depth.

Mixture-of-experts. Sparse MoE layers decouple total capacity from active per-token
computation by routing each token to a few experts (Shazeer et al.,[2017; Lepikhin et al.,
2020; [Fedus et al.}[2022;|Clark et al.}[2022;|Jiang et al.| 2024). The same principle has been
applied to memory: MoM routes among several linear memory states (Du et al. 2025,
and LaCT-style routing gives large-chunk TTT fast-weight experts whose address space is
nonetheless confined to one layer (Zhang et al.,|2025). We adopt sparse routing for the same
reason — it separates stored from active state — but treat the routed experts as the recurrent
memory of the whole model, which additionally forces a choice of how reads and updates
from different depths interleave on shared experts.

Universal models and cross-layer sharing. Universal Transformers tie a block’s parame-
ters across all layers and read depth as recurrence with adaptive halting (Dehghani et al.,
2019); ALBERT ties parameters for efficiency (Lan et al.,2020). This work establishes depth-
wise weight sharing as a viable inductive bias, and a shared block applied repeatedly as a
recurrent computation. Our claim is analogous in form but concerns a different object: a
Universal Transformer shares slow weights that are fixed during a forward pass, whereas
uTTT shares a state rewritten several times within one forward pass, so sharing it couples
the layers dynamically rather than only tying their parameters. We do not require slow
weights to be tied.

Universal mixture-of-experts. Closest to us is recent work that makes a transformer MoE’s
expert pool universal across depth. UniPool replaces layer-private expert sets with one
globally shared pool addressed by independent per-layer routers, balanced at the pool
level (Huang et al., 2026); MoUE shares a pool of universal experts so depth becomes
reusable virtual width under a fixed activation budget (Chen et al.}[2026). Partial variants
relax rather than remove the sharing domain: ReXMOoE reuses experts across adjacent
layers (Tan et al., 2025), tied-expert models share the expert sub-block across groups of
layers (Jaggi, 2026), path-constrained MoE shares routers instead of experts (Gu et al.,
2026), and MoEUT and Sparse Universal Transformers pair sparse experts with a layer-
tied backbone (Csordés et al.,[2024; Tan et al.,2023). These directly motivate uTTT-MoE;
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the difference is what the pool holds. In a transformer MoE the shared experts are static
functions, so universality is parameter reuse; in uTTT-MoE the shared experts are the
recurrent state, so universality also fixes which layer reads what another layer wrote, and at
which chunk.

Novel view synthesis as a memory testbed. LVSM-style novel view synthesis compresses
posed observations into a learned scene state and renders target cameras from it (Jin et al.,
2024; Sajjadi et al.,2022;|Wang et al., 2025b). This makes it a clean stress test for fast-weight
memory: update chunks must accumulate cross-view information in a bounded state,
and query chunks must retrieve what a new pose needs. We use Objaverse/GSO and
DL3DV (Deitke et al., 2023;|[Downs et al., 2022; [Ling et al||2024) not for a leaderboard but
because the task’s read /write structure is explicit enough to make ownership measurable.

3 Preliminaries

This section fixes the notation for TTT memory, for chunked recurrence, and for the state
and compute budgets that the rest of the paper holds constant when comparing ownership
schemes.

3.1 Test-Time Training

Let x1.7 be a token sequence processed by a stack of L blocks. Block ¢ uses slow weights 0,
learned by ordinary training, to form projected features (g ;, ks ;, vy ;) for token i. Attention
would store the context as the accumulated keys and values; a TTT layer instead stores it in
fast weights W, a set of neural parameters that is optimized during the forward pass, and
reads it through a parametric readout fyy ().

Read and update. Reading applies the current fast weights to a query,
0 = fw(4i), ey

and writing performs one step of an online optimizer on a self-supervised objective that fits
keys to values,

W « Update (W, Vw Li1i L(fw(ki),vi)), )

where 77; is a learned or fixed per-token weight and Update may include momentum, weight
decay, or a normalized step. The recurrent state of the model is thus a set of parameters,
and the transition is a descent step rather than a fixed linear map. Whether fyy is linear
or a small MLP, and whether Update is plain gradient descent or a preconditioned rule, is
orthogonal to the question we study.

Ownership. Equations (I)-(2) say nothing about which W a given block uses. Standard
practice instantiates one fast-weight tensor Wy per block, so block ¢ reads and writes only
W,. We call this the layer-private convention, and it is the assumption this paper removes.

3.2 Chunk Recurrence

Updating fast weights once per token is expensive and has poor arithmetic intensity, because
each token triggers a small optimizer step on the whole state. Large-chunk TTT instead
partitions the sequence into chunks Cy, ..., Cy and updates once per chunk (Zhang et al.,
2025): all tokens in a chunk read the same state, their update contributions are accumulated,

and one write occurs at the chunk boundary. Writing W(¢) for the state after chunk ¢, a
layer-private model evolves as

00 = f WD (90:), i€C, W,fc) = Update (Wéc_l), V Yice i L(f (kf,i)rvé,i)>~ 3)

Two properties of (3) matter later. First, the recurrence is block-diagonal in depth: W, depends
only on the history of Wy, and layers exchange information only through the token acti-
vations within a chunk. Second, the state advances exactly N times over a sequence of N



191
192

193

194
195
196

198
199
200
201

202

203
204
205
206
207
208

209

210
211
212
213

214
215

216
217

218
219
220
221

222
223
224
225
226
227

228

229

Under review as a conference paper at COLM 2026

chunks, regardless of how deep the model is. What counts as a chunk is setting-specific — a
posed image or a block of tokens — and is defined for each in Sections[4.7]and

3.3 Total State, Active State, and Update Steps

Two quantities separate once fast weights are routed. Total state is all fast-weight memory
maintained for a sequence; active state is the subset a single token head reads or updates.
Dense TTT ties them — every token applies the whole state, so widening the state widens
the compute by the same factor — while sparse fast weights separate them: with E experts
of size S and K <« E active, total state scales as ES and active compute as KS. A third
quantity is implicit in (3) and becomes free only once fast weights are shared across depth:
the number of update steps the memory receives per chunk, one for layer-private models
and up to L for universal ones.

4 Method

Universal Test-Time Training (uTTT) removes the layer-private convention of Section[3} As
shown in Figure |1} every block keeps its own slow weights, projections, and local attention,
but the fast weights it reads and writes are drawn from one memory shared by the whole
depth stack. Section 41| defines the shared memory and its routing, Sections give the
three architectures, Section [4.5|the update schedules, and Section [4.6] the recurrent-model
view.

4.1 Universal Fast Weights

Let B = {W.}L_; be a bank of fast-weight modules, each with readout fy,(-). The bank
is a property of the model, not of any block: it is allocated once and persists across depth
and across chunks. A block ¢ and head /1 do not own state; they own an address, a routing
function

Ren(z) € C{L,..., E}, )

into the visible domain (), the subset of the bank layer ¢ may address. Token i at (¢, 1) reads
a gated combination of the addressed modules,

Opni = Yo Semie fwe (o), ®)
e€Ryu(qen,i)

and, at the end of chunk C, the addressed modules are updated by the accumulated
contributions of every layer-head that routed to them,

W, + Update (We/ VW), Y. Semieloni £(f Wv(kf/hri)’wfh'i))' ©)
h ieC
ee 'R,l@,h (kepn,i)

Read routing and update routing share the address space but use separate projections, so a
layer-head may read from one part of the bank and write to another. The design choices
are the bank size, each layer’s visible domain €2y, how many modules a head activates, and
when (6) is applied relative to (5) across depth.

Ownership as a routing constraint. The visible domain makes prior designs special cases.
Layer-private dense TTTis E = L, Oy = {{}, and R/, = Q: the routing is constant and
the domains partition the bank. Layer-private routed TTT keeps disjoint (), but lets R,
vary with the input inside its block. Universal designs set 0y = {1, ..., E} for all £. What
matters is therefore not whether fast weights are routed but how large the visible domain is
relative to the bank, and we sweep it from fully partitioned to fully shared.

4.2 uTTT-Dense

uTTT-Dense is the case E = 1: a single dense operator W, visible to every layer, with no
routing to decide. Each block projects its own (g, k, v), reads fy(7), and contributes to the
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update of W. Suppose the layer-private baseline gives every block a state of size S, so the
model stores LS fast-weight parameters and a token performs ©(S) fast-weight work at
each layer. Two matched variants follow. The FLOPs-matched variant (W of size S) makes
the shared operator one baseline layer’s size: total parameters drop by L while per-token
compute is unchanged, isolating sharing from scale. The size-matched variant (W of size LS)
assembles the whole depth-wide budget into one wide operator: total parameters equal the
baseline, but every token now applies an L-times-wider operator, so per-token fast-weight
compute rises by L. The size-matched variant is the one the dense argument predicts should
help — at fixed parameter count it converts memory fragmented across depth into one large
state and scales the compute of the memory path. Its cost is that dense reads and writes are
unconditional, so state and compute stay coupled, which motivates the sparse variants.

4.3 TTT-MoE: Routed but Layer-Local Fast Weights

TTT-MoE replaces block ¢’s single state with a private pool ), of Ej,. experts, disjoint across
blocks, and routes each token head to K of them via (), with reads and updates restricted to
a single /. This decouples state from compute within a layer — the layer stores Ej,. experts’
worth of state but a token pays for K — and adds specialization, since different experts can
capture different aspects of the context. It does not change ownership: the visible domain
is still a depth-indexed partition, the reachable state at any forward is Ej,.S rather than
the model’s LEj,S, and the recurrence stays block-diagonal. TTT-MoE is therefore the
controlled midpoint of the design space; it isolates the benefit of routing, so the remaining
difference to uTTT-MOoE isolates the benefit of universality.

4.4 uTTT-MoE: A Universal Fast-Weight Expert Pool

uTTT-MoE promotes the pool to one bank of E experts every layer-head may address. Each
block forms routing features with layer-specific projections ¢, and per-head normalization,
and selects experts by inner product against learned expert addresses r:

Ren(z) = TopK ({(Pz(zz,h)TVp((z),e}eGQP(O, K) @)

where a softmax over the selected logits produces the gates g/ ;. of (5). Read routing
projects the query stream and update routing the key stream; the per-head normalization
matters more here than with layer-local pools, because logits produced at different depths
compete on one address space and would otherwise be incomparable in scale. The map p
assigns each layer to a pool group and thereby sets the sharing topology: local (p(¢) = ()
recovers TTT-MOokE, partitioned groups contiguous layers into p banks (Tan et al., 2025} Jaggi,
2026), and global shares one bank across all layers (Huang et al., 2026;|Chen et al., 2026).

What universality provides. Three properties follow, the sparse counterpart of the dense
FLOPs argument. (i) Effective total state: a layer’s reachable memory grows from its own
share to the entire bank, so at fixed parameters the state a forward can draw on is larger
by up to Lx. (ii) Depth-allocated capacity: because R is learned and input-dependent, the
fraction of the bank each depth claims is set by the router, not the architecture; a layer that
needs more memory routes to more experts, and layers with similar needs share experts
instead of keeping redundant copies. (iii) Cross-depth reuse: an expert updated at layer ¢ of
chunk ¢ may be addressed at layer ¢’ < ¢ of chunk ¢ + 1, so memory written high in the
stack becomes available low in the stack at the next chunk.

Load balancing. A shared bank makes balancing a model-level concern, since one depth
can monopolize an expert, and we enforce it at the pool level. The auxiliary-loss variant
penalizes the deviation from uniform of expert-utilization statistics pooled over all layer-
heads. The auxiliary-loss-free variant instead maintains a per-expert additive bias, applied
to the routing logits before the top-K selection and adjusted from that expert’s running
utilization; the bias steers selection but leaves the gate values of (5) unchanged. Both match
the pool-level balancing of globally shared transformer expert pools (Huang et al., 2026;
Chen et al.}, [2026).
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4.5 Update Schedules and Grouped Execution

With a shared bank the order of reads and writes across depth becomes a real choice. Writing
W(0) for the bank after layer £ of chunk ¢, the sequential schedule writes after each layer,

Of,i = fW(C,[—l) (W,i)/ W(C’E) = Update (W(C’é_l)/ GC,E)/ (8)

with G, ; the update contribution of layer £ over chunk C, and W(0) = W(eLL): the state
advances L times per chunk, and a layer sees everything written below it in the same
chunk. The aggregated schedule has all layers read the chunk-start snapshot and sums their
contributions into one write,

00i = fyien(qei) ¥, W =Update (W(C_l)/ Y Gc,é)’ ©)

so the state advances once per chunk, as in the layer-private case, but integrates evidence
from every depth.

Grouped execution. The aggregated schedule is what makes the fast-weight path cheap.
A layer-private model performs L separate optimizer steps per chunk, each on a small
state, and in the routed case L separate dispatch/gather sequences — small, launch-bound
operations that underutilize the accelerator. Under (9) the per-layer contributions are
gradients on the same tensors, so they accumulate and apply as one large update over the
bank at the chunk boundary, and for uTTT-MoE the routed writes form one grouped scatter
rather than L small ones. The read path stays sequential in depth, since layer ¢’s queries
depend on layer ¢ — 1’s output, but all reads hit one snapshot that stays resident across
the traversal. The sequential schedule (8) gives up this grouping for stronger within-chunk
recurrence; we train with the aggregated schedule and treat the choice as an ablation.

4.6 A Universal TTT Model Is Secretly a Fully Recurrent Model

Sharing state across depth changes the model class, not just the parameter layout. Indexing
the (c, ¢) pairs in execution order by t = (¢ — 1)L + ¢, the sequential schedule (8) makes the
shared bank obey

W® = Update (W'Y, G;), o) = fwen (1), (10)

a single recurrence of length NL whose carried state is the entire fast-weight memory. The
cell at step f uses slow weights 6(;) with £(t) = 1+ ((f — 1) mod L), a period-L modulation;
tying 6 = --- = 6L removes it and gives a homogeneous, Universal-Transformer-style
recurrence whose state is its fast weights (Dehghani et al., 2019), which we do not require.
Three consequences follow.

* Depth is extra test-time optimization. The layer-private recurrence (3) advances
each state N times over a sequence; advances one state NL times. Since each
step descends the TTT objective, depth supplies more inner-loop optimization on
one memory rather than initializing L separate optimizations.

e Information can flow backward in depth. In (3) information reaches layer ¢’ from
layer ¢ > ¢’ only through the loss during training; at inference the path is strictly
bottom-up. Under sharing, layer ¢ of chunk ¢ writes state that layer ¢’ < ¢ reads at
chunk ¢ + 1, a top-down pathway with a one-chunk delay.

* Layer-private TTT is a strict special case. Setting E = L, Oy = {¢},and Ry, = ()
makes each G; act on block ¢(t) alone, so the transition of is block-diagonal and
factorizes into L non-interacting length-N recurrences that reproduce (3) exactly.
The aggregated schedule ([9) recovers the same baseline under the same constraint.

Every architecture here thus lies on one axis: how much of the bank each depth may see,
from a disjoint partition (layer-private) through contiguous groups (partitioned) to the
whole bank (universal).
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4.7 Instantiation: Autoregressive Language Modeling

For language modeling, the token stream is split into large causal chunks following the
large-chunk TTT recurrence (Zhang et al.,[2025). A shifted block-wise update/apply order
lets tokens in a chunk read only fast weights written by strictly earlier chunks, preserving
causality through the memory path, while sliding-window attention supplies local causal
context inside the chunk. Causality is unaffected by sharing, since (8) and (9) both order
writes at chunk boundaries; what sharing changes is only which layer may read a given
write.

4.8 Instantiation: Novel View Synthesis

In the LVSM-style setting a scene is a sequence of chunks. A posed RGB image, patchified
with its ray encoding, forms an update chunk that reads the current bank and contributes to
(6); a target camera, encoded by rays alone, forms an apply-only chunk that reads through
and renders the held-out view. Each block keeps local window attention over the current
chunk, which preserves image structure, while all cross-view information passes through
the fast weights. The bank is thus the only cross-chunk scene memory, so ownership is
directly observable in rendering quality. Because the number and order of input views vary,
the bank must accumulate scene content in an order-robust way. All variants share the same
patchification, window size, depth, width, and rendering head; only the fast-weight bank
and its routing differ.

5 Experiments: Language Modeling

Long-context language modeling is our primary testbed. It isolates the ownership question
in the setting where fast weights are most obviously acting as memory: the chunk structure
comes from a causal token stream, sliding-window attention supplies local context, and
anything a token needs from far earlier in the sequence must have survived in the recurrent
state. It also admits two metrics that stress different things — per-token loss and explicit
retrieval — which turn out not to agree.

51 Setup

Data and scales. Following the large-chunk TTT language-modeling protocol (Zhang
et al., 2025), we train autoregressive models at 32K context with large recurrent chunks
on Long-Data-Collections (Al [2024), at 124M and 760M parameter scales. The smaller
scale is used for the wider architectural sweep and the larger scale for controlled pairwise
comparisons.

Metrics. We report two complementary quantities. Per-token loss (PTL) is the mean next-
token loss over positions at or beyond 30K in 32K-token sequences, evaluated on Book-3
from The Pile (Gao et al.,[2020), following the large-chunk TTT protocol (Zhang et al., 2025)
and the per-position loss convention of the Forgetting Transformer (Lin et al., 2025); it
measures how well the memory path still serves prediction deep into a sequence. RULER
retrieval accuracy (Hsieh et al| [2024), averaged over the 4K, 8K, 16K, and 32K settings,
measures whether specific content written into the bank can later be recovered. The two are
not redundant: a model can lower average loss without improving retrieval.

Variants. The comparison walks a four-point ownership ladder, holding tokenizer, chunk
size, sliding-window attention, depth, width, optimizer, and token budget fixed so that only
the fast-weight bank differs. LaCT gives every layer one private dense state. TTT-MoE w/o
LB replaces that state with a layer-local routed pool. TTT-MoE w/ LB adds auxiliary-loss-
free balancing to the same pool. uTTT-MoE promotes the pool to a single globally shared
bank with pool-level balancing. Four models outside the fast-weight family bound the
comparison: Transformer (full attention) and Transformer-SWA (sliding-window attention),
and DeltaNet-SWA and Gated DeltaNet-SWA, which mix a linear-attention state with a
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Figure 3: Per-task RULER accuracy at 124M parameters. All 13 RULER tasks at 4K-
32K; panels 1-13 are the individual tasks, each on its own accuracy range (task difficulty
spans more than an order of magnitude), and panel 14 is their unweighted mean, which
reproduces the aggregate RULER score of Figure[2| The mean tracks the ownership ladder
monotonically, 8.50 — 9.99 — 12.82 — 15.46% from layer-private, to routed, to balanced, to
universal; uTTT-MokE is the strongest fast-weight model at every length, with the largest
gain over TTT-MoE w/ LB in the middle of the range (+4.1 points at 8K, +3.6 at 16K), and
remains below the full-attention Transformer (15.46 vs 16.52%), which keeps a key-value
cache that grows with context. The separation is concentrated in single-needle, multi-query,
multi-value, and word-extraction tasks; multi-key 2/3 and variable tracking sit near the
floor for every method.

sliding window. Only the last step of the ladder changes the sharing domain; the earlier
steps vary routing and balancing inside a layer.

Scope. This sweep covers the sparse branch only: uTTT-Dense (Section [£.2) is defined but
not evaluated here. Every routed model uses the aggregated schedule, so the sequential
schedule of Section [4.5is not exercised, and we do not report throughput or peak memory,
so the cost side of the grouped-execution argument is stated but not measured.

Configurations. Table(Appendix lists the architecture and training settings, shared
by all variants except the fast-weight bank. The bank is the only difference along the ladder:
LaCT keeps one dense fast-weight state per layer; TTT-MoE routes each token head into
a layer-local pool of E = 4 experts (K = 1), either without balancing (w/o LB) or with
loss-free balancing (w/ LB); and uTTI-MoE routes into a single global pool (K = 1, per-layer
router, loss-free balancing) of E = 48 experts at 124M and E = 96 at 760M. Table 2| gives the
full per-model configuration.

5.2 Results
Figure [2| places every model on the two headline axes, Figures 3| and {4| decompose the

retrieval score by task and length, and Figure esolves the loss by position. The captions
read each figure; here we record only what the three imply jointly. For reference, uTTT-MoE

10
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Figure 4: Per-task RULER accuracy at 760M parameters, in the layout of Figure[3] at roughly
six times the parameter count. The aggregate ordering replicates, 23.21 — 24.86 — 25.73 —
27.85% along the same ladder, so the ownership effect is not an artifact of the small-scale
sweep. The per-length decomposition, however, is not uniform: relative to TTT-MoE w/
LB, uTTT-MoE gains +8.9 points at 4K and +1.6 at 8K but gives back —1.8 at 16K and
—0.1 at 32K, and at 32K the strongest fast-weight model is TTT-MoE w/o LB (12.33% vs
10.23% for uTTT-MoE). The aggregate gain at 760M is thus carried by the shorter lengths,
and a universal pool does not yet help at the longest context evaluated — the clearest open
problem raised here: sharing enlarges the memory a layer can address, but at 32K the
binding constraint appears to be what survives in that memory rather than how much is
addressable.

outperforms the sliding-window Transformer and the DeltaNet baselines on retrieval at
both scales; only full attention, at the cost of a cache that grows with context, scores higher.

The ordering is robust, the attribution is narrower. Aggregate retrieval improves at every
step of the ladder, and the ordering survives a six-fold change of scale. That is the direction
Sectionpredicts. The attribution, however, is narrower than the ordering makes it look:
only the final step changes the sharing domain, so universality is one contributor among
three rather than the cause of the end-to-end gap. Reading the two adjacent steps as a
controlled pair — layer-local pool versus globally shared pool, with routing width and
balancing held fixed — is the comparison the framework actually rests on.

Capacity effects surface in retrieval, not in average loss. The state-allocation view of
Section 3| predicts that enlarging the addressable memory should change what a model can
recover, not how well it predicts on average, and that is the asymmetry the two metrics show
at 760M. This is a reason to treat retrieval as the primary probe of fast-weight ownership
and per-token loss as a guard against regressions, rather than a reason to prefer whichever
metric is more favourable.

The long-context reversal is unexplained. The one result that the framework does not
anticipate is the loss of the universal pool’s advantage at the longest evaluated context.
Section argues that sharing raises the state a layer can address; it says nothing about
whether the contents of that state survive tens of thousands of tokens of overwriting. If the

11
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Figure 5: Per-token validation loss by position within a 32K-token sequence, at (a) 124M
and (b) 760M. Loss on Book-3 against position on a log-scaled axis; positions below 1K are
omitted as warm-up, and PTL is the mean of the right-hand end (positions > 30K), the
horizontal axis of Figure[2| Loss discriminates the models far less than retrieval, and more
so with scale: at 124M the per-token-loss ordering matches the RULER ordering (uTTT-MoE
lowest at 3.0857), but at 760M the four fast-weight models fall within a 0.0075-nat band
(2.5768-2.5843) and the ordering no longer matches — LaCT has the second-best PTL but
the worst RULER of the four, while their RULER spread is 4.6 points. Reading either metric
alone would support a different conclusion, which is why we report both. uTTT-MoE also
reaches lower per-token loss than the full-attention Transformer at both scales (3.0857 vs
3.0869; 2.5768 vs 2.5978) while scoring below it on retrieval: a key-value cache buys recall of
specific content, not better average prediction.

binding constraint at 32K is retention rather than addressability, then the update rule and
the schedule, not the sharing domain, are the axes that matter there — which is exactly the
part of the design space this sweep leaves untested.

6 Experiments: Novel View Synthesis

We next ask whether the ownership conclusions of Section [5|survive a change of modal-
ity. Novel view synthesis is a useful second testbed because its read /write structure is
explicit rather than inferred: posed views are written into the fast-weight bank and pose-
only cameras query it, so rendering quality depends directly on what the shared memory
retained.

6.1 Setup

Datasets and metric. We study both object-level and scene-level synthesis and report
PSNR on held-out target views. Object models are trained on Objaverse (Deitke et al.,
2023) and evaluated on Google Scanned Objects (Downs et al.,2022) at 256 x 256, with 12
input views and 24 evaluation views per object. Scene models are trained and evaluated
on DL3DV (Ling et al.,[2024), using its 11K+ training scenes and 140 held-out test scenes at
960 x 536.

Sequence construction. Each sequence alternates posed-image update chunks with pose-
only target-camera query chunks, following Section Training randomizes both the order
and the number of conditioning views, so the bank must accumulate scene content robustly
rather than exploit a fixed view schedule.

12



427
428
429
430
431
432
433
434
435
436
437
438

439
440
441
442
443

444

445
446
447
448
449

450

451
452
453
454

Under review as a conference paper at COLM 2026

—e- LaCT TTT-MoE-e8al === uTTT-MoE-e64al
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Figure 6: PSNR against view index on (a) object-level and (b) scene-level novel view
synthesis. Moving right, more posed images have been written into the bank; the value
at the right edge is the final PSNR. The three configurations walk the language-modeling
ownership ladder collapsed to three rungs — LaCT keeps one private dense state per layer,
TTT-MoE-e8al a layer-local pool of 8 experts with one active per head, and uTTT-MoE-e64al
a global pool of 64 experts with one active per head. The two domains disagree. On
Objaverse/GSO the ladder is reproduced: the universal pool separates within a few views
and holds to the end, 25.52 dB against 24.79 (layer-local) and 24.63 (layer-private). On
DL3DV the curves interleave and the final spread is 0.19 dB (16.84/16.76/16.65), which we
do not read as a separation.

Configurations. Figure|f|compares the same three ownership regimes as the language-
modeling ladder: a layer-private dense baseline, a layer-local pool of 8 experts per block, and
a global pool of 64 experts with one active per token head. With L = 8 blocks, the layer-local
pool holds 8 x 8 = 64 experts in total, matching the global pool’s 64; the two therefore have
the same total fast-weight capacity and differ only in whether it is partitioned across depth
or shared. All three configurations share the same LVSM-style patchification, local attention
window, depth, width, optimizer, data schedule, and training-token budget, so a difference
is attributable to the fast-weight bank and its routing alone. The main-text comparison fixes
these controls; Appendix [A]reports view-index ablations of dense fast-weight width, stored
expert capacity, active expert width at fixed stored capacity, and partitioned pool topology.
The sequential schedule is not evaluated, and every routed model reported here uses the
aggregated schedule.

Training details. Table[6|(Appendix B) lists the architecture and training settings, identical
between the object-level and scene-level models except for the dataset and the per-device
batch. Object models are trained for roughly 1.25T visual tokens and scene models for
roughly 1.8T, with progressive resolution and view-count scaling, on NVIDIA A100 GPUs
with context parallelism at high resolution.

6.2 Results

The object-level result (Figure [6) reproduces the language-modeling ordering across the
same three ownership regimes, on a task where the stored content is spatial rather than
lexical — the transfer this section set out to test. The scene-level result does not, and we
report it rather than the object-level panel alone: a cross-modality claim that rested only on
the domain which happened to agree would not be evidence of transfer.

7 Conclusion

TTT models inherit a layout convention from transformers: one fast-weight state per layer,
private to that layer. We argued that this convention is arbitrary and studied the universal
alternative, in which the whole depth stack reads and writes one shared fast-weight memory.
The argument for universality differs by regime. In the dense regime it is a compute

13
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argument: a shared operator lets a fixed fast-weight budget be assembled into one wide
state that every layer applies, scaling the FLOPs of the memory path without adding
parameters. In the sparse regime it is a capacity and scheduling argument: a global expert
pool raises the effective state visible at every forward, lets routing rather than architecture
decide how much memory each depth claims, and turns L small per-layer updates into
one grouped operation over a single bank. Underneath both, a universal TTT model is a
fully recurrent model over the joint (chunk, layer) index, in which depth supplies additional
test-time optimization steps on one memory and deep layers can write state that shallow
layers read at the next chunk, with layer-private TTT recovered as the fixed-partition special
case. Instantiated as uTTT-Dense, TTT-MoE, and uTTT-MoE and compared in language
modeling and novel view synthesis, moving fast weights toward a globally shared pool
improves long-context retrieval, most clearly at the shorter contexts.

8 Limitations

The empirical support is uneven. The language-modeling comparison of Section [5)is com-
plete at 124M and 760M, and the object-level novel-view-synthesis comparison of Section [6]
reproduces its ordering; the scene-level comparison separates the three configurations by
less than two tenths of a decibel, so the cross-modality claim rests on one of the two visual
domains rather than both. Within the language-modeling evidence, the ownership ordering
replicates across both scales on aggregate retrieval, but the per-length decomposition at
760M concentrates the advantage at shorter evaluation lengths, and at 32K the ordering
among fast-weight models does not hold; we therefore do not claim that a universal pool
improves long-context retrieval uniformly. Two further risks are worth stating. Sharing a
bank across depth creates contention, so balancing must be enforced at the pool level and a
single depth monopolizing experts is a failure mode with no layer-private analogue. And
the sequential schedule strengthens the recurrence but forfeits the grouped execution that
motivates part of the design, so quality and throughput need not be optimized by the same
configuration. Finally, the scales we reach are modest, and depth-wise sharing interacts
with depth, so these conclusions should be re-tested before being extrapolated.
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Figure 7: Dense universal fast weights against view index. LaCT is the layer-private
dense baseline; uTTT-Dense-r1/12/r4/r8 use one state shared across all eight layers with
increasing inner width. The size-matched r8 model finishes highest on both Objaverse/GSO
(25.93 vs. 24.63 dB for LaCT) and DL3DV (17.19 vs. 16.76 dB). The intermediate widths
are not strictly ordered: on Objaverse/GSO r4 finishes below 12, so the result supports the
matched endpoints and the strength of r8 rather than a monotone width law.

A Additional Novel View Synthesis Results

The headline ownership comparison remains in Figure [p|of Section|6} This appendix collects
the remaining completed novel-view-synthesis comparisons whose horizontal axis is the
view index: dense fast-weight sharing, stored expert capacity, partitioned expert-pool
topology, and active expert width. In every panel, moving right means that more posed
images have been written into the fast-weight bank; the rightmost value is the PSNR after
view 22. Table[ﬂdeﬁnes the model suffixes and swept fields. All other architecture, optimizer,
data, and training settings follow Table|6]

A.1 Dense Universal Sharing

The dense comparison separates sharing from width. uTTT-Dense-r1 shares one state with
the same width and per-layer fast-weight work as one LaCT state, making it FLOPs-matched
while using one eighth of LaCT’s total fast-weight parameters. At the other endpoint, uTTT-
Dense-r8 combines the eight layer-private states into one width-eight shared state: it is
size-matched to LaCT while applying eight times as much fast-weight work at every layer.
The r2 and r4 variants interpolate between these endpoints.

A.2 Stored Expert Capacity with Top-1 Routing

For the sparse global pool, stored capacity and active compute can be varied separately. We
first hold top-1 routing fixed and sweep the total number of stored experts from 8 to 64.
Every token head still reads and updates one expert, so this changes the addressable state
without increasing the number of active fast-weight operators.
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Figure 8: Stored expert capacity at fixed top-1 access. All models use one globally shared
pool and activate one expert per token head; only the number of stored experts changes. Ca-
pacity does not produce a monotone ordering on Objaverse/GSO: e8al finishes at 25.69 dB,
ahead of el6al/e32al/e64al at 25.42/25.32/25.52 dB. DL3DV varies over a narrow range,
from 16.69 dB for e8al/el6al to 16.77 for e32al and 16.84 for e64al. Merely enlarging the
stored pool under fixed top-1 access is therefore weaker than increasing how much of the
pool is active in Figure

A.3 Partitioned Pool Topology

We next vary the sharing domain while holding the total stored expert budget and active
width fixed. A p1 model exposes one global pool to all eight layers; p2 uses two contiguous
four-layer pools; and p4 uses four contiguous two-layer pools. Each pool stores E/ P experts,
so changing P repartitions the same E experts rather than changing capacity or per-head
active compute.
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Figure 9: PSNR as the shared expert pool is partitioned across depth. The top row fixes
E = 32 and the bottom row E = 64; every model activates one expert per token head. The
fully global p1 topology finishes highest in all four dataset—capacity combinations. The
separation is clearest on Objaverse/GSO at E = 64 (25.52 dB for p1 versus 24.99/25.01 for
p2/p4). On DL3DV the differences are small: p1/p2/p4 finish at 16.77/16.73/16.71 dB for
E =32and 16.84/16.80/16.70 dB for E = 64. We therefore read this as evidence favoring
one global pool on the object-level task, not as a uniform topology effect across domains.
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A4 Active Expert Width

Finally, we keep the stored pool size fixed and increase the number K of experts activated by
each token head. Unlike the ownership and topology comparisons, this sweep deliberately
raises fast-weight compute with K and should therefore be read as a capacity—compute
scaling result, not as an isolated effect of sharing.
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Figure 10: Active-width scaling against view index. The top row fixes a 32-expert stored
budget and compares the matched layer-local TTT-MoE-e4al baseline with uTTT-MoE-
e32aK; the bottom row fixes a 64-expert budget and includes LaCT, TTT-MoE-e8al, and
uTTT-MoE-e64aK. Increasing K from 1 to 4 consistently improves the global-pool models.
At E = 32, a8 finishes highest on both Objaverse/GSO (26.44 dB) and DL3DV (17.52 dB).
At E = 64, Objaverse/GSO saturates at a4/a8 (26.50/26.51 dB), while DL3DV peaks at a4
(17.52 dB) and falls slightly at a8 (17.43 dB). Thus wider active access helps substantially but
is not uniformly monotone at the largest width.
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B Model Configurations

Tables[T} 2} [f} and [7] give the architecture and training settings, extracted from the released
configuration files. Tables nd [o]list the settings shared within each experiment; Tables
andsummarize the fields that distinguish the compared models; and Tables[3] [, and 5|give
the full hyperparameters of the fast-weight memory and of the attention and linear-attention
baselines.

Table 1: Language-modeling configurations. All ownership variants share these settings
and differ only in the fast-weight bank.

124M 760M
Model width d 768 1536
Layers L 12 24
Attention heads 12 24
Head dimension 64 64
FFN SwiGLU, ratio 4
Fast-weight heads 4
Fast-weight update MLP SwiGLU, low rank 32
Fast-weight update rule momentum + Muon, inner-loop LR 1e-3
Chunk size 4096
Sliding-window size 4096
RoPE 6 le6
Context length 32768
Vocabulary 32000
Optimizer AdamW (g = 1e-15)
Peak learning rate le-3
Schedule cosine, warmup 1024 steps, min 0.1x
Gradient clip .
Precision bfl6
Batch size / device 4 1
Training steps 10,240 40,960

Table 2: Per-model configuration for the language-modeling comparison, from the released
configs. Shared architecture and training settings are in Table 1} this table records what
distinguishes each model. All fast-weight models share the fast-weight block: 4 heads, a
SwiGLU update MLP of low rank 32, inner-loop learning rate le-3, momentum with Muon,
reuse-KV memory, and a 4096-token update chunk.

Model Family Distinguishing configuration

LaCT LaCT (dense) one dense fast-weight state per layer

TTT-MoE w/0o LB LaCT-MoE (local) layer-local pool E = 4, K = 1; no load balancing

TTT-MoE w/ LB LaCT-MokE (local) layer-local pool E = 4, K = 1; loss-free balancing,
update rate le-5

uTTT-MoE LaCT-MoE (global)  global shared pool, K = 1, per-layer router; E = 48

(124M) / 96 (760M); loss-free balancing, update
rate 3e-5 (124M) / 1e-3 (760M)

Transformer Transformer full softmax attention
Transformer-SWA Transformer sliding-window attention, window 4096
DeltaNet-SWA DeltaNet DeltaNet linear attention mixed with

sliding-window attention (window 4096); head
dim 64, B delta gate, L2 QK-normalization (Table

Gated DeltaNet-SWA  Gated DeltaNet gated DeltaNet mixed with sliding-window
attention (window 4096); output gate, FFN ratio
3.5 (Table
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Table 3: Fast-weight memory configuration for the LaCT-family models. Width, depth, and
head count scale with model size (Table|[l)); where two values appear they are 124M / 760M.
TTT-MoE w/o LB is TTT-MoE with balancing disabled.

LaCT TTT-MoE uTTT-MoE
Fast-weight heads 4 4 4
Update MLP SwiGLU, low rank 32, init gain 0.5
Inner-loop learning rate le-3, per head
Momentum / Muon yes / yes
Learnable TTT scale yes
Update chunk 4096
Memory KV mode reuse-KV
Memory QK / feature norm  SiLU QKV L2 L2
Experts E 1 (dense) 4 48 / 96
Active experts K — 1 1
Pool mode — layer-local shared (global)
Router — — per-layer softmax
Load balancing — loss-free, 1e-5 loss-free, 3e-5 / 1e-3
Aggregate write — — pool-mean, backward full

Table 4: Attention baseline config

uration. Width, depth, heads, head dimension 64, RoPE

0 = 10°, SwiGLU FFN (ratio 4), and vocabulary match Table

Transformer Transformer-SWA
Attention full softmax  sliding-window
Window size 00 4096
Key/value heads multi-head multi-head
QKYV bias no no
QK normalization no no

Table 5: Linear-attention baseline configuration. Both mix a DeltaNet recurrence with
sliding-window attention; width, depth, and heads match Table[l} with head dimension 64

and RoPE 6 = 10°.

DeltaNet-SWA Gated DeltaNet-SWA
Recurrent update DeltaNet delta rule gated DeltaNet
Sliding-window size 4096 4096
FEN (SwiGLU) ratio 4 35
Short convolution disabled disabled
QK activation SiLU —
QK normalization L2 —
B input gate yes —
Output gate no yes
Output norm yes —
Negative eigenvalues disallowed disallowed
k / v expansion 1.0/1.0 — /1.0
Computation mode chunk chunk
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Table 6: Base novel-view-synthesis configuration, shared by the three headline ownership
regimes and by the object- and scene-level models (which differ only in dataset and per-
device batch). The ablations in Appendix[A]retain these settings except for the fast-weight

field explicitly swept in Table[7]

Model width d

Layers L

Attention heads
Fast-weight heads

Head dimension

Patch size

Fast-weight update MLP
Fast-weight update rule

512

8

8

8

64

8

SwiGLU, inner multiplier 1 (headline)
momentum (no Muon), L2-normalized

Optimizer

Peak learning rate

Schedule

Weight decay

Gradient clip

Precision

Training steps

Router load-balancing « (routed variants)

AdamW (B = 0.9,0.95)
de-4

cosine, warmup 2500 steps
0.05

1.0

bfl6

20,000

le-5

Table 7: Fast-weight configurations in the headline and additional novel-view-synthesis
comparisons. In a label eEaK, E is the total number of stored experts and K the number
activated per token head; pP denotes P contiguous depth pools; and 7R is the inner-width
multiplier of the single shared dense state. All unswept architecture and optimization
settings are those of Table[6]

Comparison Models Distinguishing fast-weight configuration
Headline owner- LaCT; TTT-MoE-e8al; uTTT- Eight private dense states; eight private 8-
ship MokE-e64al expert pools with K = 1; or one shared 64-

Dense sharing

Top-1 capacity

Active width, E =

32

Active width, E =

64

Pool topology

LaCT, uTTT-Dense-r{1,2,4,8}

uTTT-MoE-e{8,16,32,64}al

TTT-MoE-e4al;
e32a{1,2,4,8}

uTTT-MoE-

LaCT, TTT-MoE-e8al;
MoE-e64a{1,2,4,8}

uTTT-

uTTT-MoE-e(32,64}al-p{1,2,4}

expert pool with K = 1. The two MoE vari-
ants store 64 experts in total.

One dense state shared by all eight layers,
with inner multiplier r. The endpoints are
FLOPs-matched at » = 1 and size-matched
atr = 8; v = 2,4 interpolate between them.
One globally shared pool with K = 1; the
total number E of stored experts is varied.
32 stored experts: eight private pools of four
for the local baseline, or one shared pool
with K € {1,2,4,8}.

64 stored experts for the routed models:
eight private pools of eight for the local base-
line, or one shared pool with K € {1,2,4, 8}.
E and K = 1 are fixed within a row. P
contiguous pools each span L/ P layers and
store E/ P experts, ranging from one global
pool to four two-layer pools.
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C Datasets and Licenses

Table 8|lists the external assets used in the experiments and their license or access terms. We
do not redistribute raw third-party data; the release manifest records the exact snapshots

and access paths.

Table 8: External datasets and evaluation assets, with license or access notes.

Asset Use in this paper License or access note

Objaverse (Deitke, Object-level NVS Dataset-level ODC-By v1.0; individual objects

et al.|[2023) training source carry Creative Commons licenses recorded in
the Objaverse metadata.

Google Scanned Object-level NVS Released under CC-BY 4.0 by Google Research.

Objects (Downs evaluation source

et al.;2022)

DL3DV-10K / Scene-level NVS training  Access is gated through the DL3DV Hugging

DL3DV and held-out evaluation =~ Face organization and governed by the DL3DV

benchmark (Ling | source terms of use accepted during dataset access.

et al.,2024)

Long-Data- Long-context Mixed-source text collection; use is governed by

Collections (Al, language-model training  the upstream dataset page and

2024) corpus constituent-source terms.

Book-3 from The = 32K per-token loss The Pile is mixed-source with subset-specific

Pile (Gao et al., licenses; we record the exact Book-3 snapshot

2020) and do not redistribute raw text.

RULER (Hsieh Long-context retrieval Evaluation code under Apache-2.0; synthetic

et al.,[2024) evaluation examples are reproducible from the released

scripts.
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