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ABSTRACT

Some long-context architectures compress sequences into fixed-size fast-weight
memories with deterministic regression readouts. At its population optimum,
squared-error regression returns the conditional mean and can average values com-
patible with the same query. Test-Time Generation (TTG) formulates fast-weight
recall as conditional generation without enlarging the fast-weight state. Online
updates train the state on noisy key–value bindings; each inference read starts
from fresh noise and follows a query-conditioned denoising trajectory with mem-
ory fixed. A simplified analysis suggests that the trajectory uses key similarity and
value-space evidence. In a controlled two-values-per-key probe, stochastic reads
recover both bindings at low and moderate load, unlike the tested deterministic
controls. Fixing readout noise reduces two-value coverage, and higher load fur-
ther degrades retrieval, consistent with separate read- and write-side limitations.
Across the reported long-context runs from 124M to 3B parameters, TTG shows
higher mean RULER accuracy than the corresponding deterministic reference. A
single readout step retains this language-model improvement; extra steps do not
improve the model trained with one readout step in our depth control. In novel
view synthesis, TTG achieves higher PSNR than the tested fast-weight baselines.
These results motivate studying readout design separately from fast-weight state
size.

1 INTRODUCTION

Long contexts are increasingly central to agents, language models, and generative visual systems, yet
retaining the full history makes memory and access costs grow with sequence length. This motivates
recurrent, state-space, fast-weight, and test-time-training architectures that compress a stream into a
fixed-size online state, in contrast to attention’s growing key–value cache (Schlag et al., 2021; Yang
et al., 2024a; Gu & Dao, 2024; Sun et al., 2025; Behrouz et al., 2024; Zhang et al., 2025). Because
one fixed-size state must serve many accumulated bindings, retrieval depends not only on what is
written but also on how it is read. Existing work largely focuses on the state and its update rule. A
common readout in this setting is deterministic regression, whose squared-loss population optimum
is the conditional mean (Bishop, 1994; Sohn et al., 2015). When a cue is compatible with several
stored values, a point prediction can merge them even when the state encodes distinct alternatives.
Preserving information and expressing it are separate requirements.

Test-time training (TTT) turns a model’s hidden state into a learner: as a sequence arrives, a self-
supervised objective updates fast weights that later tokens can query (Sun et al., 2025). This makes
online learning itself a memory mechanism, but frequent parameter updates become costly for long
sequences. Subsequent work improves online update rules and memory organization (Behrouz et al.,
2024; 2025a;b); Cartridges trains a compact key–value cache offline on a corpus for reuse across
queries (Eyuboglu et al., 2025). LaCT, for example, groups tokens into large chunks and applies one
fast-weight update per chunk, improving hardware efficiency while retaining a nonlinear, fixed-size
online state (Zhang et al., 2025). Despite these advances in how context is written and maintained,
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Figure 1: Readouts at matched fast-weight capacity. (left) Online writes form a fixed-size state h. (middle) The
squared-loss optimum f⋆

h(k) returns the conditional mean. (right) Gθ,S samples with fresh noise and frozen h.
Curves smoothly illustrate the discrete binding conditional. Mode recovery depicts a multi-step regime; at the
Bayes optimum, S = 1 returns the mean.

the LaCT readout remains a deterministic endpoint. When the state retains evidence for several
cue-compatible values, this interface can express only one prediction. Our motivation is therefore to
improve how the learned state is read, rather than simply enlarge it or change the update schedule.

Inspired by constructive, cue-conditioned episodic recall (Schacter et al., 1998; Hassabis et al., 2007;
Yassa & Stark, 2011; Nader et al., 2000), we introduce Test-Time Generation (TTG). As shown in
Fig. 1, TTG retains LaCT’s memory architecture and chunked update operator, but trains on noisy
bindings and replaces endpoint regression with a key-conditioned denoising trajectory. At inference,
each read starts from fresh noise and follows this trajectory while the updated memory remains fixed;
repeated reads can represent different plausible values without expanding fast-weight capacity. The
key distinction from endpoint regression is how evidence evolves during retrieval, not memory size.

Our analysis makes this distinction precise. Key similarity assigns prior weight to query-compatible
bindings, while the evolving sample contributes value-space evidence that separates their candidate
values along the trajectory (Tong et al., 2024; Bertrand et al., 2025). Unlike associative recall from
weights fixed after training, this readout queries a fast-weight state written online from the current
context. We test this account with a controlled gated-MLP probe that writes two values per key. At
low and moderate loads, stochastic reads recover both alternatives, whereas deterministic readouts
do not, even with enlarged fast-weight capacity or a matched denoiser architecture; fixing the readout
noise likewise eliminates coverage. At the highest tested load, all readouts fail. These controls link
two-value recall to stochastic reading while exposing write-side interference.

Our contributions are: (i) we formulate fast-weight readout as conditional generation and introduce
TTG, replacing endpoint regression with a key-conditioned denoising trajectory over a fixed-size
online state; (ii) we decompose retrieval margins into key-space compatibility and value-space evi-
dence, and design probes distinguishing stochastic readout from added capacity, noisy training, and
write-side interference; and (iii) we instantiate TTG in long-context language modeling and novel
view synthesis (NVS), where it improves retrieval and reconstruction over corresponding determin-
istic references while characterizing write and readout trade-offs.

2 RELATED WORK

Transformers use self-attention for direct token interactions (Vaswani et al., 2017), with quadratic
full-sequence computation and a linearly growing autoregressive key–value cache. These costs mo-
tivate bounded-state alternatives. Linear attention accumulates the past in a fixed-size summary in-
terpretable as fast weights storing key–value associations (Katharopoulos et al., 2020; Schlag et al.,
2021). Related state-space and gated recurrent models use input-dependent dynamics, decay, and
targeted overwrite (Gu & Dao, 2024; Yang et al., 2023; 2024a). Our comparisons include YOCO
(Sun et al., 2024), DeltaNet (Yang et al., 2024b), Mamba-2 (Dao & Gu, 2024), and KDA (Kimi
Team et al., 2025).

The bounded state can itself become an expressivity bottleneck. Test-time training (TTT) addresses
this by representing recurrent state as the parameters of an online learner, with self-supervised up-
dates writing incoming observations into fast weights for later queries (Sun et al., 2025). Canonical
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TTT performs frequent tokenwise or small-minibatch updates, which are memory-bound; LaCT
improves this write-side efficiency by aggregating losses over large chunks and updating once per
chunk (Sun et al., 2025; Zhang et al., 2025). TTG targets an orthogonal, read-side limitation: a de-
terministic fast-weight readout returns one prediction for each query and state, whose squared-loss
population optimum is the conditional mean (Bishop, 1994; Sohn et al., 2015). It instead formulates
retrieval as query-conditioned generative refinement from a fixed memory. Although iterative, this
readout differs from both the online write recursion of TTT and recurrent-depth architectures, which
repeatedly transform evolving sequence representations (Dehghani et al., 2019; Giannou et al., 2023;
Geiping et al., 2025; Zhu et al., 2025; Bae et al., 2025): here the query and memory remain fixed
while only the candidate value evolves. Additional refinement therefore allocates read-time compu-
tation to a value-space sample without changing the write schedule or memory capacity.

Among continuous generative formulations, our denoising readout is closest to linear conditional
flow matching with a rectified-flow-style straight path (Liu et al., 2022; Lipman et al., 2023). It
interpolates noise and memory values, then integrates with Euler steps. Related work studies condi-
tional transport couplings (Cheng & Schwing, 2025) and weighted flow matching (Calvo-Ordonez
et al., 2025). Predicting the clean value rather than velocity yields an equivalent pointwise vec-
tor field under the linear bridge, while changing how errors at different noise levels are weighted.
The trajectory is conditioned on a query and an online-written fast-weight state that remains fixed
throughout reading. The formulation is therefore more naturally described as straight-path flow
matching than as a diffusion probabilistic or score-based model: it learns neither reverse transition
kernels nor a score field, although these families share Gaussian denoising ingredients (Ho et al.,
2020; Song et al., 2021). Prior work interprets denoising as associative retrieval from fixed weights;
energy-based models offer another route to iterative inference (Ambrogioni, 2024; Hoover et al.,
2023; LeCun et al., 2006; Du & Mordatch, 2019).

3 METHOD

Preliminaries. Test-time training (TTT) represents recurrent state h as an online learner’s fast
weights (Sun et al., 2025). Offline training learns slow parameters θ and initialization h0 from next-
token or image-reconstruction loss, differentiating through the implemented reads and updates. At
test time, θ and h0 remain fixed: each independent sequence or scene starts with a copy of h0 and
fresh optimizer buffers, retaining its updated state between groups. Slow projections supply write
bindings (kj , vj , ηj). At the objective level, a group Cb updates the fast weights as

Lwrite
b (hb) =

∑
j∈Cb

ηjℓwrite(hb; kj , vj), hb+1 = Opt
(
hb,∇hb

Lwrite
b (hb)

)
. (1)

Here Opt includes the online optimizer’s state and transformations (Zhang et al., 2025); the no-
tation ηj omits head and matrix indices. The gradient notation describes the write objective; im-
plemented kernels use explicit residual-based approximations to this direction, and outer gradients
follow those operations. We abstract the resulting state as effective bindings Dh = {(ki, vi)}Mi=1,
with association weights πi(k;h) := P (i | k, h) for query k and empirical conditional p̂(v | k, h) =∑

i πi(k;h)δ(v − vi). This is a conceptual view of a fixed-size state, not an explicit table (Geva
et al., 2021; Ramsauer et al., 2021; Ambrogioni, 2024; Hoover et al., 2023). In Fig. 1, conventional
TTT (middle) returns a deterministic value v̂ = fh(k), whereas TTG (right) uses the conditional gen-
erative readout v̂ = R(k, h, ε) with ε ∼ N (0, I). Denoising and energy-based sampling instantiate
this readout.

Generative fast-weight readout. TTG writes observed bindings into a gated fast-weight MLP and,
with the resulting state fixed, generates each queried value from fresh noise. For linear flow match-
ing, let xt = αtε+βtv, where αt = 1− t and βt = t (Lipman et al., 2023; Liu et al., 2022; Albergo
et al., 2025). For the idealized binding mixture, Bayes’ rule gives posterior weights and mean

wi(x, t, k;h) =
πi(k;h)N (x;βtvi, α

2
t I)∑

j πj(k;h)N (x;βtvj , α2
t I)

, mt(x, k;h) =
∑
i

wivi. (2)

Under squared loss, mt is optimal. For distinct values and positive priors, the ideal bridge posterior
concentrates on its generating component as t ↑ 1 (Appendix Observation C.3). With ∆ij :=
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Figure 2: Language-model (left) and novel-view-synthesis (right) interfaces. Blue (A) accumulates weighted
denoising losses into Lwrite

b ; dashed arrows supply its gradient to Opt (Eq. 1). Orange (B) reads with frozen
state: prefix hb before the language-model chunk update, or updated scene state h+ for target-camera queries.
Scene-group indices are suppressed. Write repeats r are omitted; training uses d read steps and evaluation uses
S.

log(wi/wj), the expected margin of i over j is

E[∆ij | i, k, h] = log
πi(k;h)

πj(k;h)
+

β2
t

2α2
t

∥vi − vj∥2. (3)

The two terms measure key-space compatibility and value-space evidence, respectively, but only for
distinctions retained in h (Appendix Proposition C.4).

With ρ = 1 − t, let xρ = ρε + (1 − ρ)v and let Dθ(x, ρ, k;h) approximate this posterior denoiser.
Each query draws fresh noise and holds h fixed, starting at xρ0

= ε on the uniform schedule ρs =
1 − s/S. Implementations normalize Gaussian draws to their value-space convention (L2 for the
language model, RMS for NVS); the Gaussian mixture above is an analytical idealization. At step
s = 0, . . . , S − 1, predict ṽs = Dθ(xρs , ρs, k;h), set λs = (ρs − ρs+1)/ρs, and update xρs+1 =
(1 − λs)xρs + λsṽs. These Euler steps define Gθ,S(k, h, ε) := xρS

. More steps add fast-MLP
evaluations without changing capacity. In the ideal mixture, the Bayes-optimal S=1 read returns
m0(ε, k;h) =

∑
i πi(k;h)vi; mode separation requires S > 1. A finite network trained jointly with

the task need not equal this optimum: its single-step gains do not establish multimodal recovery.

Each head stores h = (W0,W1,W2) and computes Fh(z) = [SiLU(zW0) ⊙ (zW2)]W1. Adaptive
layer normalization (AdaLN) maps the key plus sinusoidal time embedding to input shift, scale, and
output gate: the modulated noisy value enters Fh, whose gated output is normalized. The illustrated
NVS variant also adds the key to this input; additive conditioning instead sums value, key, and time
embedding. Slow feature projections and conditioning belong to θ, outside h.

Write objective, repeats, and trained depth. For each observed (k, v), sample noise and ρ ∼
U [0, 1], form xρ, and define

ℓwrite(h; k, v) = Eρ,ε

[
∥Dθ(xρ, ρ, k;h)− v∥22

]
. (4)

The inner update changes only fast weights, using tokenwise rates and residuals accumulated over
Cb. For ρ > 0, v − xρ = ρ (v − ε), so uθ = (Dθ(xρ, ρ, k;h) − xρ)/ρ gives ∥uθ − (v − ε)∥22 =
ρ−2∥Dθ(xρ, ρ, k;h)−v∥22. Thus v-prediction and velocity prediction share the pointwise optimum,
but differ by weight ρ−2 when averaged over noise levels. Stochastic repeats r supply independent
(ρ, ε) draws for each binding; residuals are averaged over the repeated group before one optimizer
update. Trained readout depth d sets the number of read steps in the offline forward pass, through
which the task loss backpropagates. The inner write still uses one denoiser prediction per corrupted
binding, not a d-step endpoint loss. Evaluation depth S can differ from d; neither depth improves
results monotonically (Section 4.2; Fig. 4).

Discrete-time variants sample ρ uniformly from {1 − j/d}d−1
j=0 . With d = 1, this fixes ρ = 1, the

pure-noise endpoint. The experimental label t ≡ 1 uses the implementation’s noise-level variable,
equal to our ρ, rather than the clean-endpoint bridge time t = 1.
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Shared online execution. Chunks use local window attention and read prefix state hb with the
sampler above. Slow feature projections supply {(kj , vj , ηj)}j∈Cb

for the single boundary up-
date in Eq. (1). All S readout evaluations reuse the cached low-precision fast weights. A shared-
conditioning variant reuses the timestep and AdaLN parameters across blocks (Peebles & Xie, 2023;
Dhariwal & Nichol, 2021). Matched deterministic and matched-noise controls test conditioning ca-
pacity and write/read stochasticity, respectively (Section 4.4).

Task-specific interfaces. As shown in Fig. 2, the shared read/write mechanism is instantiated for
language modeling and novel view synthesis. The sampler above and the write objective in Eq. (4)
realize the conditional generative readout with rectified flow (Liu et al., 2022; Lipman et al., 2023);
Table A4 also reports results for an energy-based readout. For language modeling, text has no
natural chunk boundary, so B is a hyperparameter and reads use a shifted apply-before-update order
(Fig. 2, left). Before writing Cb = {nb, . . . , nb + B − 1}, Dhb

= {(kupdi , vi)}i<nb
. Each v̂n =

Gθ,S(k
read
n , hb, εn) for n ∈ Cb reads only this prefix, preserving causality; then xρ,n = ρεn + (1−

ρ)vn trains the chunk update via Eq. (4). The recurrent TTT interface remains unchanged (Sun et al.,
2025; Tandon et al., 2025; Hu et al., 2025; Zhang et al., 2025).

For novel view synthesis, an LVSM-style model patchifies posed images and target poses (Fig. 2,
right) (Jin et al., 2025). Observed tokens supply write bindings {(kupdj , vj)}j∈Cb

, where kupdj en-
codes pose, patch position, and context, and vj is the reconstruction latent. Target-camera tokens
then produce v̂q = Gθ,S(k

read
q , hb+1, εq), approximating the posterior in Eq. (2). The feed-forward

posed-token interface remains unchanged (Zhang et al., 2025; Jin et al., 2025). In both tasks, recov-
ery is limited by the key-space evidence retained in πi(k;h), which governs binding separability at
read time (Eq. (3) and Section 4.4).

Each forward pass uses one noise trajectory per query. The sampled latent returns to the block
through normalization, projection, and residual addition; final features are decoded by the language-
model vocabulary head or NVS RGB-patch head.

4 EXPERIMENTS

We evaluate TTG on long-context language modeling and NVS, testing retrieval and reconstruction
from a fixed-size recurrent state. We measure quality, analyze write and readout choices, and use a
binding probe to separate readout effects from capacity and write interference.

4.1 EXPERIMENTAL SETUP AND METRICS

We train 124M, 760M, and 3B language-model families on Long-Data-Collections (Together AI,
2023) with the Mistral tokenizer (Jiang et al., 2023), matching data, optimizer, schedule, and 4K-
token chunks (B=4096) within each fast-weight contrast. Evaluation reports deep-context per-token
loss (PTL; archived 30K–32K tail summaries) on 32K-token Book-3 (Gao et al., 2020) sequences
and mean RULER (Hsieh et al., 2024) accuracy over 13 tasks at 4K, 8K, 16K, and 32K. Scale labels
identify model families; conditioning changes total parameter counts. Appendix A documents the
historical PTL aggregation conventions.

Object-level NVS models train on Objaverse (Deitke et al., 2023) and evaluate on GSO (Downs
et al., 2022); scene-level models train and evaluate on DL3DV-10K (Ling et al., 2023). Both use an
8-layer, width-512 backbone, 12 training views, 24 evaluation views, and PSNR. As an L2 criterion,
PSNR alone cannot falsify mean collapse; retrieval and binding provide sharper tests.

4.2 LONG-CONTEXT LANGUAGE MODELING

Main comparison. TTG with r=d=1 leads bounded-state retrieval at all three scales (Table 1;
Fig. 3). Relative to LaCT, mean RULER rises by 5.02, 1.88, and 3.8 points at 124M, 760M, and
3B; the 32K margins are +3.78, +5.44, and +5.6. At 124M, it exceeds full attention (17.38 vs.
16.52) and LaCT at every length (Appendix Table A1). At 760M, it has the lowest reported PTL
and leads LaCT at 8K–32K, but trails at 4K (43.96 vs. 46.67). Lower PTL does not imply better
retrieval: KDA-SWA and Mamba-2-SWA have lower PTL at 124M, while TTG improves 3B RULER
despite 0.039 worse PTL than LaCT. This disagreement motivates our probe but does not establish
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memory-value averaging: next-token prediction and the inner squared-error objective are different
losses. Section 4.4 tests competing-value recovery directly.

Table 1: Long-context summary. Deep-context PTL and mean RULER accuracy over 4K, 8K, 16K, and 32K.
Bold marks the best bounded-state value at each scale. The TTG row uses r=d=1; † denotes an unbounded-
cache reference. Fig. 3 shows loss–retrieval trajectories across model sizes; Appendix Table A1 gives exact
values.

124M 760M 3B

Model PTL ↓ RULER ↑ PTL ↓ RULER ↑ PTL ↓ RULER ↑

Transformer (full attention) † 3.0869 16.52 2.5978 34.16 2.3881 51.87
YOCO † 3.0661 15.14 2.5749 26.39 — —
Transformer-SWA 3.1243 14.50 2.6325 22.27 2.4544 30.73
Gated DeltaNet-SWA 3.0994 12.32 2.6075 21.48 2.3900 31.31
DeltaNet-SWA 3.1336 11.69 2.6086 20.77 2.3974 25.81
KDA-SWA 3.0560 12.12 2.5705 22.81 2.3625 32.31
Mamba-2-SWA 3.0845 12.96 2.5862 23.54 2.3797 30.54

LaCT 3.1088 12.36 2.5722 24.88 2.4464 31.1
TTG 3.0985 17.38 2.5630 26.76 2.4855 34.9

The r=d=1 label specifies repeats and depth, not a complete conditioning configuration. The 124M-
family main row uses timestep embedding, per-block AdaLN, and fixed ρ=1, without conditioning
sharing or modulation reuse (172.7M total parameters). Consequently, model-family comparisons
and conditioning ablations with explicit parameter counts answer different questions.
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Figure 3: Pareto trade-offs across model scales. Colors distinguish model families, and markers show their
available 124M, 760M, and 3B results, with pink stars denoting TTG. Smooth curves interpolate measurements
within each family; shaded bands indicate the PTL range at each size. The upper right corresponds to lower
loss and higher mean RULER accuracy. TTG achieves the highest mean RULER among bounded-state models
at all three sizes, while loss and retrieval rank models differently. YOCO has results only at 124M and 760M.

Training-time write and readout trade-offs. We vary write repeats r and trained readout depth d
to study how additional training compute should be allocated. At 124M and 760M, the main com-
parison and this sweep use different implementation cohorts, each with its own LaCT reference;
conclusions are within-cohort comparisons (Appendix B). Increasing either factor is not uniformly
beneficial (Fig. 4). At 124M, d=4 consistently worsens PTL, whereas r=4, d=1 gives the lowest
PTL and r=1, d=2 the highest RULER accuracy. Only r=2, d=1 exceeds the sweep’s LaCT refer-
ence at 760M; at 3B, several configurations improve retrieval but none matches LaCT in PTL. Thus
r=d=1 is a low-cost default, not a universal optimum.
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Figure 4: Pareto trade-offs across write repeats and trained readout depth. (a–c) Tail per-token loss versus
mean RULER accuracy at 124M, 760M, and 3B. (d) GSO versus DL3DV PSNR. Colors encode write repeats
r, and marker shapes encode trained readout depth d. Pink stars mark the default r1d1 configuration; gray points
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lighter points show the remaining results. Loss axes are reversed, so the upper right is better in every panel.
Connecting segments serve as visual guides; the NVS frontier uses scores rounded to two decimal places.

Evaluation-time depth. We vary S for one step-10,240 checkpoint trained with r=d=1, using a
separate Book-3 evaluation harness. Absolute PTL values are therefore not directly comparable with
the main table or training sweep. S=1 improves PTL over its LaCT reference (3.1282 vs. 3.1313),
whereas S=2 and S=4 worsen it to 3.1316 and 3.1395. A model trained with r=1, d=2 performs
best at S=2 (Appendix E), suggesting that evaluation depth should match training depth. The S=1
gain may arise from the learned denoising readout rather than extra iterations; this full-model result
does not establish recovery of multiple valid values.

Conditioning ablations. Per-block AdaLN improves all four metrics over additive conditioning
across the four combinations of timestep embedding (TE) on/off and continuous/fixed noise level
(Fig. 5). With TE enabled, shared AdaLN improves both language-model metrics over additive con-
ditioning; per-block AdaLN improves them further. Sharing saves 32.5M language-model parame-
ters and 9.2M NVS parameters. The 124M-family ablation spans 137.3M–172.7M total parameters
(Table A2). Sharing ties conditioning parameters; reuse additionally shares the computed per-token
modulation across blocks. NVS PSNR remains close after sharing, while reuse has mixed effects
across datasets (Table 2(a)).
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Figure 5: Conditioning ablations at r=d=1. (a) Tail per-token loss and RULER accuracy; (b) GSO and
DL3DV PSNR. Colors encode timestep embedding (TE) and time settings (plot t denotes noise level ρ). Arrows
connect additive conditioning (hollow circles) to per-block AdaLN (filled circles); the TE-on language-model
paths include shared AdaLN (squares). Loss is reversed, so upper right is better.

4.3 NOVEL VIEW SYNTHESIS

Evaluation protocol. We evaluate all 1,019 GSO objects and 140 DL3DV scenes. At position
k=1, . . . , 23, the first k sampled views predict view k+1: the target changes along the curve.
PSNR averages scenes and, for headline scores, all 23 positions, using one generated sample. TTG,
DeltaNet, and Gated DeltaNet share seed-0 view sequences; archived LaCT and Transformer results
use seed 9595. All cover the full test sets, but the latter comparisons are not paired by view sampling.
The GSO/DL3DV TTG checkpoints use four/one fast-weight heads, batches 128/64, and 24K/18K
training steps, respectively; Appendix D specifies their conditioning and selection.
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Reconstruction quality. Figure 6 compares TTG with LaCT, Transformer, DeltaNet, and Gated
DeltaNet. With r=d=1, TTG reaches mean PSNR of 24.93 dB on GSO and 16.59 dB on DL3DV,
exceeding LaCT (23.99/16.14), DeltaNet (23.95/15.83), and Gated DeltaNet (24.33/16.05) on both
datasets. The growing-cache Transformer reference remains higher at 25.36/17.41 dB. A histori-
cal sampled-online GSO sweep yields median PSNRs of 23.559, 24.785, and 24.879 dB for LaCT,
energy-based, and generative readouts (Table A4). All runs with valid 24K evaluations count, in-
cluding failed-but-complete runs; configurations and counts differ (n=20, 22, 85), so the comparison
is descriptive. Readout effects are not isolated.

1 4 8 12 16 20 23
20

22

24

26

28

PS
NR

 (d
B)

 ↑

(a) GSO

24.49
24.60
25.06
25.85
26.54

1 4 8 12 16 20 23

15.0

16.5

18.0

19.5
(b) DL3DV

16.29
16.56
16.69
17.27

18.55

Number of input views

TTG-r1d1 LaCT Transformer DeltaNet Gated DeltaNet

Figure 6: Per-view reconstruction quality on (a) GSO and (b) DL3DV. Curves show PSNR as input views
accumulate for TTG (r=d=1), LaCT, Transformer, DeltaNet, and Gated DeltaNet. Pink stars denote TTG; end-
point labels report the 24th view predicted from 23 inputs, rather than the mean across all prediction positions.

Qualitative reconstruction. Figure 7 shows two selected GSO objects reconstructed after writing
all 24 views, including observed views. This differs from sequential next-view prediction.

Ladybug PSNR (dB): Ref 26.32 · TTG 30.07 · ∆ +3.75
v1 v3 v5 v7 v9 v11 v13 v15 v17 v19 v21 v23

GT

Ref

TTG

Cactus PSNR (dB): Ref 21.47 · TTG 24.90 · ∆ +3.43
v1 v3 v5 v7 v9 v11 v13 v15 v17 v19 v21 v23

GT

Ref

TTG

Figure 7: Full-set GSO reconstruction after writing all 24 views. Rows show ground truth (GT), deterministic
reference (Ref), and TTG; columns select every other view index. Ladybug and cactus are selected high-gain
examples highlighting markings and multi-part geometry, not benchmark averages. Gains of +3.75/+3.43 dB
average all 24 targets, including observed views.
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4.4 CONTROLLED TWO-VALUE RECALL

To test whether the readout can recover competing bindings, we write two values per key into the
same gated-MLP fast-weight memory. Values lie on the unit sphere with separation 1.732; decoded
reads are likewise L2-normalized. We compare TTG, LaCT, 4×-capacity LaCT, and a matched-
noise deterministic control; N keys contain 2N bindings. The matched-noise control preserves
TTG’s squared-loss form, conditioning, widths, and denoising loop, replacing noise in both writes
and reads with a learned constant. The capacity control quadruples LaCT’s fast weights at matched
slow-parameter count. Coverage is the fraction of keys for which 32 reads include a sample at
distance strictly below half the value separation from each stored value. TTG reaches 65.9% at
N=4, S=4 and 34.4% at N=16, S=8 (Fig. 8). All deterministic controls have zero two-value
coverage by construction.

1 2 4 8
Readout depth S

0

20

40

60

C
ov

er
ag

e
(%

) N=4

N=16

Figure 8: Two-value recall versus readout
depth. Blue and orange show TTG with N=4
and N=16 keys, respectively (2N bindings).
Coverage is the percentage of keys for which
32 reads recover both stored values. The
dashed line marks zero coverage for determin-
istic controls and TTG at N=64.

Table 2: (a) NVS conditioning with TE enabled, a continuous noise schedule, and r=d=1. Params counts all
model parameters; PSNR is in dB. Reuse applies per-token modulation computed in the first block to subse-
quent blocks. Bold marks the best PSNR per column. (b) TTG probe mixture negative log-likelihood (NLL;
lower is better) at readout depths S=1 and S=8, with N keys and two values per key.

(a) NVS conditioning

Conditioning Params (M) GSO ↑ DL3DV ↑

Per-block AdaLN 59.3 24.351 16.392
Shared AdaLN 50.1 24.338 16.474
Shared + Reuse 50.1 24.538 16.431

(b) Probe mixture NLL

Keys N S=1 S=8

4 57.3 10.8
16 70.8 69.9

Mixture NLL scores decoded reads under a reference two-value mixture and averages over draws
and keys; it is not a likelihood assigned by a normalized TTG density. At N=4, increasing S from
1 to 8 substantially lowers NLL; at N=16, NLL changes little despite coverage rising from 0 to
34.4% (Table 2(b)). Coverage requires only one hit near each value among 32 draws, so occasional
successful reads can improve coverage without improving average sample fidelity.

In the N=64, S=4 capacity check, quadrupling LaCT’s fast weights moves its output closer to the
normalized two-value mean (distance 0.52 → 0.42) without recovering both values. A one-value-
per-key control succeeds in both families, checking that ordinary recall remains possible. Freezing
noise on trained TTG weights removes all two-value coverage, as expected when repeated reads
return the same output. The substantive evidence is that stochastic reads reach both valid values,
beyond merely producing different outputs; these controls do not isolate denoising training as the
only possible cause. At N=64, every arm has zero coverage, and at S=4, TTG’s mixture NLL is
about 3.5× LaCT’s: generative reading does not overcome write-side interference.

5 CONCLUSION

We introduce TTG, a framework for reading adaptive fast-weight memory through conditional gen-
eration. Our motivation is that a fixed-size state may preserve multiple plausible values, while
a deterministic regression readout can collapse them into a single prediction. TTG addresses this
limitation by combining online fast-weight updates with a stochastic, query-conditioned readout.
Controlled probes and experiments in long-context language modeling and novel view synthesis
provide evidence for improved two-value recall, long-context retrieval, and reconstruction in the
tested settings, while also revealing compute and capacity limits. Within the TTT setting, TTG pairs
conditional generation with a bounded fast-weight state that updates online while slow parameters
remain fixed. We hope this perspective inspires future work on long-context modeling and other
settings that require test-time adaptation, including embodied agents and video world models.
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A ADDITIONAL LONG-CONTEXT RESULTS

We provide position-wise diagnostics for long-context language modeling. Per-view NVS results
appear in Fig. 6.
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Figure A1: Per-token validation loss of TTG and eight baselines at 124M and 760M. The 760M DeltaNet-SWA
and Gated DeltaNet-SWA curves are recovered, previously smoothed plot samples from the uTTT archive;
the other 16 curves use complete numerical evaluation series. All inputs receive the same additional local
smoothing for display on a logarithmic token-position axis from 2K to 32K. Recovered curves are not used to
recompute scalar PTL. Stars highlight TTG; lower is better, with separate loss ranges for each size.

Table A1: Complete results for Table 1. PTL reports archived Book-3 tail-loss summaries (aggregation con-
ventions below); RULER is 13-task retrieval accuracy (%) at each length. Bold marks the best bounded-state
value; † denotes an unbounded-cache reference.

Model PTL ↓ RULER ↑ 4K 8K 16K 32K

124M
Transformer (full attention) † 3.0869 16.52 23.82 20.24 13.10 8.93
YOCO † 3.0661 15.14 22.70 17.95 11.40 8.53
Transformer-SWA 3.1243 14.50 26.93 14.73 9.94 6.41
Gated DeltaNet-SWA 3.0994 12.32 23.78 12.93 8.30 4.26
DeltaNet-SWA 3.1336 11.69 22.52 11.23 7.63 5.36
KDA-SWA 3.0560 12.12 20.86 12.98 8.36 6.28
Mamba-2-SWA 3.0845 12.96 24.21 13.93 8.32 5.37
LaCT 3.1088 12.36 24.34 14.09 6.97 4.06
TTG (r=d=1) 3.0985 17.38 28.36 19.80 13.50 7.84

760M
Transformer (full attention) † 2.5978 34.16 41.70 37.95 33.36 23.62
YOCO † 2.5749 26.39 35.81 28.12 23.17 18.45
Transformer-SWA 2.6325 22.27 45.23 22.64 12.67 8.57
Gated DeltaNet-SWA 2.6075 21.48 40.40 23.12 13.66 8.76
DeltaNet-SWA 2.6086 20.77 43.43 20.56 11.79 7.28
KDA-SWA 2.5705 22.81 43.47 24.17 14.65 8.96
Mamba-2-SWA 2.5862 23.54 48.42 25.49 12.60 7.65
LaCT 2.5722 24.88 46.67 27.55 15.85 9.45
TTG (r=d=1) 2.5630 26.76 43.96 28.99 19.20 14.89

3B
Transformer (full attention) † 2.3881 51.87 59.10 55.71 52.20 40.48
Transformer-SWA 2.4544 30.73 64.11 29.48 18.11 11.22
Gated DeltaNet-SWA 2.3900 31.31 61.76 33.30 18.54 11.63
DeltaNet-SWA 2.3974 25.81 51.62 26.92 15.04 9.66
KDA-SWA 2.3625 32.31 64.71 32.53 18.77 13.24
Mamba-2-SWA 2.3797 30.54 61.45 32.71 17.58 10.39
LaCT 2.4464 31.1 55.4 37.8 20.5 10.7
TTG (r=d=1) 2.4855 34.9 59.1 38.3 25.7 16.3
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We retain the scalar PTL values reported by each archived evaluation. Some legacy summaries
average from zero-based index 29,999 and include a terminal zero placeholder, whereas the position-
wise curves exclude invalid terminal entries. Their tail means therefore need not reproduce every
historical scalar exactly.

B COMPLETE ABLATION TABLES

Tables A2 and A3 give the complete conditioning and write/readout sweeps underlying Figs. 5 and 4.

At 124M and 760M, the main comparison and the write/depth sweep use separate archived imple-
mentation cohorts. At 124M, the main TTG row is the v5 conditioning-ablation checkpoint (TE on,
per-block AdaLN, fixed noise level), paired with the batched dense-v1 LaCT reference; the sweep
uses batched diffusion-v1 and dense-v4. At 760M, the main comparison uses diffusion-v2 and
LaCT ref-v1, whereas the sweep uses diffusion-v1 and ref-v4. Thus the 760M main-table TTG/LaCT
RULER pair (26.76/24.88) and sweep r1d1/reference pair (28.45/28.59) are different comparisons,
not contradictory outcomes for one configuration. Version labels distinguish implementation cohorts
and do not denote random seeds.

Table A2: Complete conditioning ablation underlying Fig. 5. All rows use r=d=1. TE is the timestep em-
bedding, Mod is AdaLN conditioning, Sch is the continuous noise schedule (off fixes ρ ≡ 1, labeled t ≡ 1 in
the plots), Share reuses one conditioning stack across blocks, and Reuse computes per-token modulation only
in the first block. Language modeling uses a 124M model and reports deep-context PTL and RULER accuracy
(%); NVS reports PSNR on DL3DV and GSO. Params is the complete model size in millions. Bold marks the
best PTL, RULER, and PSNR values across all rows.

Language modeling (124M) Novel view synthesis

Params PTL ↓ RULER ↑ Params PSNR ↑

TE Mod Sch Share Reuse (M) 30k+ 4k 8k 16k 32k avg. (M) DL3DV GSO

Additive conditioning
✓ 137.3 3.1297 19.6 12.9 8.2 4.3 11.3 48.8 16.063 23.438

137.3 3.1205 15.5 11.9 4.9 2.9 8.8 48.8 16.149 23.728
✓ ✓ 138.2 3.1228 21.8 13.6 8.9 4.5 12.2 53.0 16.075 23.774
✓ 138.2 3.1181 23.2 10.3 6.1 3.8 10.8 53.0 16.023 23.646

AdaLN, per-block conditioning
✓ ✓ 158.5 3.1135 29.5 20.1 12.1 5.6 16.8 55.1 16.424 24.480
✓ 158.5 3.1074 20.8 14.5 9.7 5.2 12.5 55.1 16.450 24.525

✓ ✓ ✓ 172.7 3.0951 26.9 16.3 11.5 7.3 15.5 59.3 16.392 24.351
✓ ✓ 172.7 3.0985 28.4 19.8 13.5 7.8 17.4 59.3 16.428 24.398

AdaLN, shared conditioning
✓ ✓ ✓ ✓ 140.2 3.1045 26.5 14.5 9.7 6.1 14.2 50.1 16.474 24.338
✓ ✓ ✓ 140.2 3.1023 23.8 15.7 10.8 6.2 14.1 50.1 16.459 24.389
✓ ✓ ✓ ✓ ✓ 140.2 3.1002 25.5 13.9 8.5 5.3 13.3 50.1 16.431 24.538
✓ ✓ ✓ ✓ 140.2 3.1023 28.0 15.8 10.0 6.3 15.0 50.1 16.471 24.308

Across the six pairs in Table A2, fixing ρ ≡ 1 lowers language-model loss in four pairs but improves
retrieval in only two. This contrasts with the consistent gains from per-block AdaLN in Fig. 5.
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Table A3: Complete write-repeat r and trained-depth d sweep underlying Fig. 4. Language-model cells report
deep-context PTL (lower is better) and RULER accuracy in % (higher is better); the NVS cells report PSNR
in dB. Bold marks the best TTG result per metric within each block. LaCT reference values appear in the
language-model block headers.

d=1 d=2 d=4

PTL ↓ RULER ↑ PTL ↓ RULER ↑ PTL ↓ RULER ↑

124M; LaCT 3.1086 / 13.63
r=1 3.1053 14.58 3.1010 16.86 3.1063 15.79
r=2 3.0994 14.99 3.1018 16.75 3.1108 13.58
r=4 3.0982 14.96 3.1007 15.39 3.1095 15.19

760M; LaCT 2.5698 / 28.59
r=1 2.5715 28.45 2.5695 25.35 — —
r=2 2.5694 31.18 2.5658 25.45 — —

3B; LaCT 2.4464 / 31.1
r=1 2.4855 34.9 2.5065 36.5 — —
r=2 2.5422 32.5 2.5225 29.7 — —

NVS 59M, PSNR in dB
GSO PSNR ↑ DL3DV PSNR ↑ GSO PSNR ↑ DL3DV PSNR ↑ GSO PSNR ↑ DL3DV PSNR ↑

r=1 24.21 16.60 24.27 16.59 24.37 16.44
r=2 24.29 16.55 24.43 16.42 24.47 16.58
r=4 24.38 16.59 24.55 16.52 24.50 16.49

C BRIDGE IDENTITIES AND RETRIEVAL-MARGIN DERIVATION

This section records the standard denoising identities and the algebra behind Eqs. (2) and (3). All
statements concern the idealized discrete mixture in (2); they are background specialized to our
notation, not additional contributions.
Lemma C.1 (Bayes-optimal denoiser and velocity; background). Under (2), the Bayes-optimal
denoiser is the conditional mean mt(x, k;h). The linear bridge has constant target velocity v − ε,
so its optimal velocity is

(
mt(x, k;h)− x

)
/(1− t).

Observation C.2 (Conditional-mean solution; background). Squared loss on (K,V ) decomposes:

E[∥f(K)− V ∥22 | K=k] = ∥f(k)− E[V | K=k]∥22 + trVar(V | K=k).

The second term is independent of f , so f⋆(k) = E[V | K=k] pointwise: deterministic one-shot
regression averages non-degenerate bindings instead of representing their conditional distribution.
Observation C.3 (Shared-to-specific retrieval dynamics; background). Fix k, h and 0 ≤ t < 1, with
finite support and positive normalized priors. Let ℓi = −∥x−βtvi∥2/(2α2

t ). If maxi ℓi−mini ℓi ≤
δ, then

e−δ ≤ wi

πi(k;h)
≤ eδ,

∥∥∥∥∥mt −
∑
i

πi(k;h)vi

∥∥∥∥∥ ≤ (eδ − 1)
∑
i

πi(k;h)∥vi∥.

Thus small likelihood contrast at the current x makes the posterior mean close to the prior mean.
At t = 0, the weights equal the priors exactly. For distinct retained values and bridge samples con-
ditioned on component i, wi → 1 in probability as t ↑ 1; this does not assert monotone sharpening
along arbitrary inputs or trained-model trajectories.

Proof. The normalizer
∑

j πje
ℓj lies between eminj ℓj and emaxj ℓj , giving the ratio bound; the mean

bound follows by the triangle inequality. For xt = βtvi +αtε and j ̸= i, log(wj/wi) has a negative
quadratic term −β2

t ∥vi − vj∥2/(2α2
t ) and a Gaussian term of order βt/αt. The former dominates

as t ↑ 1, yielding concentration on component i.

These are standard discrete-mixture denoising/score and conditional-flow-matching identities (Vin-
cent, 2011; Lipman et al., 2023; Tong et al., 2024; Ambrogioni, 2024; Hoover et al., 2023; Bertrand
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et al., 2025), the squared-loss solution (Bishop, 1994; Sohn et al., 2015), and coarse-to-fine denois-
ing (Wan et al., 2025; Karras et al., 2022; Kamb & Ganguli, 2025).
Proposition C.4 (Retrieval margin and denoising SNR). For 0 ≤ t < 1 and πi, πj > 0, let ∆ij =
log(wi/wj). Canceling the shared normalization in (2) gives

∆ij = log
πi(k;h)

πj(k;h)
− ∥x− βtvi∥2 − ∥x− βtvj∥2

2α2
t

.

Substituting xt = βtvi + αtε, with ε ∼ N (0, I), yields a cross term (βt/αt)⟨vi − vj , ε⟩ of zero
mean and therefore Eq. (3). Its standard deviation is (βt/αt)∥vi − vj∥, so for 0 < t < 1, distinct
values, and an uninformative prior the margin signal-to-noise ratio is (βt/2αt)∥vi − vj∥.

Proposition C.4 separates a key-prior term available to any readout from a value-space term am-
plified by bridge SNR and value separation. It does not guarantee recovery in a trained model: a
recurrent state only approximates the idealized mixture, and πi(k;h) degrades as bindings com-
pete for fixed capacity. The probe of Section 4.4 makes that limit explicit. At fixed separation
∥vA−vB∥ = 1.732, the generative readout recovers both bindings on 0.66 of keys at load N=4 and
0.34 at N=16 at their best depths, against 0.00 for every deterministic arm; at the highest load every
tested arm fails. Finally, the Gaussian bridge, the identities above, and the margin do not cover
the energy-based readout (LeCun et al., 2006; Du & Mordatch, 2019); they motivate our default
flow-matching realization rather than define the readout interface.

D ADDITIONAL NVS RESULTS

The main comparison uses separate r=d=1 checkpoints for GSO and DL3DV, selected using prior
sampled evaluations and checkpoint availability before full-test evaluation. Both use RGB MSE su-
pervision (LPIPS weight zero), 256× 256 images, 8× 8 patches, and continuous training timesteps.
GSO uses four fast-weight heads and shared modulation (50.06M parameters, batch 128, step
24,000); DL3DV uses one head with unshared modulation and the second input variant (59.25M
parameters, batch 64, step 18,000). These are dataset-specific configurations, not a matched archi-
tectural comparison between datasets. The qualitative examples use separate full-set reconstruction
runs, whereas the main curves predict each next view from the preceding views.

Table A4: Historical GSO online-evaluation sweep. We retain the model-block families in the original com-
parison and include finite PSNR measured at 24K forward/backward passes, irrespective of W&B status. These
are sampled online evaluations, not the full-test results in Fig. 6. Counts and configurations differ across fami-
lies. Bold marks the largest PSNR in each column.

Readout family n Min Median Max

Deterministic (LaCT) readout 20 13.752 23.559 24.330
Energy-based readout 22 24.542 24.785 24.993
TTG (generative denoising) 85 24.066 24.879 25.153

The sweep includes 11 LaCT runs with fewer successful optimizer updates than forward/backward
passes; all included Energy and generative runs have 24K successful updates at evaluation. Hence
equal attempted-pass counts do not imply matched effective training budgets. The run-level manifest
records inclusion criteria and update counts. Across 15 separately archived identical-configuration
pairs, the median PSNR spread is 0.035 dB and the maximum is 0.165 dB. Four TTG configurations
differ by at most 0.11 dB between reruns. These spreads describe observed variation and do not
provide confidence intervals for the headline comparisons. In the broader sweep in Table A4, the
worst generative run (24.066) remains below the best deterministic run (24.330), although no deter-
ministic run reaches the generative median (24.879). Two separately archived configurations each
of our DeltaNet and Gated DeltaNet adaptations (Yang et al., 2024b;a) of the LVSM-style back-
bone (Jin et al., 2025) obtain 23.952/24.729 and 24.192/24.863 dB, respectively, under historical
online evaluation; the best archived growing-cache attention run reaches 26.105 dB. These are our
measurements, not scores reported by the cited architecture papers.
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E ANALYSIS DETAILS

A model trained with r=1, d=2 achieves its lowest PTL at evaluation depth S=2, with off-depth
penalties below 0.003. Together with the d=1 result, this suggests that the optimum tracks the depth
used in training. Iterated-depth language models show a similar early optimum (Yang et al., 2026).

The two-value probe writes two unit-sphere values with separation ∥vA − vB∥ = 1.732 per key
into the same gated-MLP memory for every arm. Coverage is measured over 32 draws per key.
cover both requires at least one of the 32 reads at distance strictly below 1

2∥vA−vB∥ =
√
3/2 ≈

0.866 from each stored value; the two reads may differ, while a mean-collapsed output cannot count
as success. N controls the number of keys and hence interference. The matched-noise control shares
TTG’s squared-loss form, conditioning, widths, and denoising loop, but substitutes a learned constant
for noise in both write corruption and readout. This changes the training corruption distribution;
freezing readout noise on an already trained TTG model instead intervenes only at read time. The
capacity control gives LaCT 4× fast weights at matched slow-parameter count.

Reference-mixture score. For normalized decoded reads x ∈ R64, the archived evaluator com-
putes

NLL(x) = − log
[
1
2N (x; vA, σ

2
effI64) +

1
2N (x; vB , σ

2
effI64)

]
.

The logarithm is natural; scores are averaged over draws, keys, and evaluation contexts, then over
training seeds, without dividing by dimension. This is an ambient-space reference-mixture score, not
a normalized density of the learned sampler or a spherical likelihood. Let n(z) = z/(∥z∥2+10−5).
With seed 999, the code generates M = 200,000 independent Gaussian pairs zj , ξj ∈ R64, sets
cj = n(zj) and uj = n(cj + 0.05ξj), and uses σ2

eff = (64M)−1
∑

j∥uj − cj∥2. This gives
σeff ≈ 0.0470. The recovered evaluator and original aggregation records identify the displayed
coverage as cover both@0.5.

Within each load the arms share seeds and training budgets; N = 4, 16, 64 use 2/1/3 seeds and
10K/15K/15K training steps, respectively. The lower loads were added after observing zero cover-
age at N = 64, so cross-load trends are descriptive.

Table A5: Complete two-value recall results underlying Fig. 8. Coverage is the fraction of keys for which 32
reads recover both stored values. Bold marks the best coverage per load; all-zero rows are left unhighlighted.
“Det. arms” denotes the deterministic controls; mixture NLL is available at the displayed endpoint depths for
N=4, 16.

N S=1 2 4 8 Det. arms NLL S=1→8

4 0.222 0.592 0.659 0.653 0.000 57.3→ 10.8
16 0.000 0.026 0.251 0.344 0.000 70.8→ 69.9
64 0.000 0.000 0.000 0.000 0.000 —

The deterministic controls never cover both values. At N=64, S=4, extra capacity moves the output
closer to the normalized two-value mean (0.42 away, versus 0.52 for LaCT), while the distance to
the nearer target changes from 0.94 to 0.92; neither arm recovers both values. A one-value-per-
key control succeeds in both families, showing that ordinary recall remains possible at the same
key count. At N=4, S=4, reusing one readout-noise vector across keys and draws within each
evaluation minibatch reduces cover both@0.25 from 0.007 to zero; the shared vector changes
between minibatches. At the half-separation threshold, at-least-one-mode coverage over 32 draws
(cover any@0.5) falls from 0.997 to 0.646. At N=16, increasing S from 1 to 8 expands the draw
spread from 0.06 to 0.61, moves it off the mean direction (0.610 → 0.942), and raises coverage from
0.000 to 0.344. At N=64, however, no arm recovers both bindings and at S=4, TTG’s mixture NLL
is about 3.5× LaCT’s, marking write-side interference as the limiting regime.

The probe leaves one prediction untested. Equation (3) combines a key-prior term with a value-
space term. Nearly colliding keys suppress the first, so the generative advantage should be larger for
colliding than for well-separated keys. Because the current keys are sampled i.i.d., a direct sweep
over paired-key angle remains future work.
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