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Abstract

Test-time training methods compress a growing context into fast weights, but most
read the state through deterministic regression: a query is mapped to a single key-
conditioned value in one or a few steps. This endpoint view averages multimodal
bindings, entangles reusable value geometry with instance-specific variation, and
weakens retrieval when nearby keys should recover distant values. We propose Test-
Time Generation (TTG), a generative fast-weight framework that treats memory
readout as key-conditioned transport from latent noise to target values. Our analysis
casts fast weights as conditional associative memory and shows that rectified-flow
denoising augments key-space similarity with a value-space posterior term whose
retrieval margin grows along the trajectory. TTG implements this posterior with a
fast-weight denoiser: updates supervise noisy versions of observed bindings, while
reads integrate for a controllable number of steps. In novel view synthesis and
long-context language modeling, TTG improves over LaCT-style deterministic
readout and exposes accuracy—compute tradeoffs through stochastic update repeats
and variable-depth generation.

1 Introduction

Biological memory is constructive, cue-conditioned, and plastic rather than archival. Episodic recall
recombines partial traces, uses pattern separation and completion to recover structure from partial
cues, and can be updated after retrieval [13} |19} 28 31} 134} 135, 48]]. This suggests a computational
principle for machine memory: recall need not be a one-shot lookup. A cue can initialize a trajectory
that first recovers shared structure and then progressively resolves instance-specific uncertainty.

Long-context models face the same tension in a compressed form. Recurrent state-space, fast-
weight, and test-time training (TTT) methods write a growing stream into a fixed-size online state
[3R5) 1144 18] 1221 231127, 136, 1405421 146, 1477, 149, 150]]. This gives linear-time memory, but it also forces
many rare key-value bindings to remain retrievable through a small recurrent state. Existing TTT
memories usually update fast weights by deterministic target fitting: given a key, regress the target
value in one or a few steps, then read the state through that endpoint map [3H5] [14] 22} 142} 49| |50]].
Under squared loss, multimodal bindings collapse to the conditional mean; under finite capacity,
shared value geometry, key routing, and residual variation compete inside the same endpoint map
(L1 16k 17, 25051].

We instead treat fast-weight memory as conditional generation: learn the distribution p(v | k, h)
induced by the recurrent state, not only its mean. The state h supplies a key-conditioned binding prior,
while latent noise carries residual value-space uncertainty that deterministic regression would average
away [[7,38]]. Figure|[T]illustrates this shift from endpoint prediction to cue-conditioned sampling.

The next sections make this construction explicit. We first view a fast-weight state as a conditional
associative memory over effective bindings. Under a Gaussian bridge from noise to values, Bayes’
rule yields a posterior whose denoiser is the conditional mean and whose retrieval margin decomposes
into a key-prior term plus a value-space denoising term. This analysis explains why iterative recall

Submitted to 40th Conference on Neural Information Processing Systems (NeurIPS 2026). Do not distribute.



39
40

41
42
43
44
45
46
47
48

49

50

51
52
53
54
55

56

57
58
59
60
61
62

63

64
65
66

Regression as point prediction Stochastic generation as conditional sampling
)

et~ P G, yt(z)
@  — . — yt<3>
t

Step 1: Predict one best output Step 2: Sample diverse plausible outputs
Ve = folx) = E[Y|x] ye~po(Y|x,2),  z~p(2)
y Py Ix) — singleestimate

multiple plausible
L4 / samples

Solqr)

qr Xt y» E[Y|x] ye v

Figure 1: Regression versus conditional sampling for test-time memory. Given recurrent state i
and query key k, deterministic fast-weight regression returns one value fy(k; h) ~ E[V | k, h], so
multimodal or residual uncertainty in the bindings is averaged into a single point estimate. Conditional
generation augments the cue with latent noise ¢ and reads through Gy (k, h, £), modeling a distribution
over plausible values and letting recall refine ambiguous bindings through a trajectory.

helps: early noisy states can share vector-field structure across bindings, while later key-conditioned
steps separate individual memories as trajectory signal-to-noise increases [2} 16} 8l 9, 21} 144} 145].

Building on this posterior view, we propose TTG, a generative fast-weight framework for key-value
binding. TTG instantiates the bridge with flow matching [1} 20} [30} 137, 39]]: observed bindings
supervise noisy value states during the online update, and read queries integrate a key-modulated
denoising trajectory at test time. The same formulation gives two practical compute controls,
stochastic repeats during update and integration depth during readout. We evaluate TTG in novel
view synthesis and long-context language modeling, compare against deterministic fast-weight
baselines, and study the objective, noise schedule, adaptive conditioning, and readout depth that
determine recurrent memory quality.

2 Related Work

2.1 Test-Time Training

Long-context models trade explicit retrieval for recurrent compression: linear-attention, fast-weight,
and state-space methods store history in compact states rather than full key-value caches [[18} 25}
27,136, 146|147]. Test-time training further adapts hidden states, fast weights, or auxiliary parameters
during inference [3H5) (14} 22| 40, 42l |50]. Our work keeps this compressed-memory setting, but
replaces deterministic endpoint readout with generative recall conditioned on a key or query.

2.2 Generative Models

Generative models represent uncertainty with latent variables or iterative denoising and transport
processes, including VAEs, diffusion models, score models, flow matching, and stochastic interpolants
[, 12051261130k 133} 137,139, 144]]. Recent work connects these dynamics to associative memory: Hopfield
retrieval, key-value attention, and denoising or flow trajectories can all be viewed as content-based
recall [2, 16 116} 21,132} 145]]. We transfer this view from data-space generation to fast-weight memory,
where sampling becomes iterative test-time recall.

3 Preliminary

The introduction motivates replacing one-shot fast-weight regression with a generative readout. This
section gives the common notation used by TTG: a recurrent state induces a key-conditioned prior
over bindings, and a denoising trajectory turns that prior into posterior recall.
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3.1 Fast Weights as Conditional Associative Memory

Let h be the recurrent fast-weight state after a prefix, abstracted as effective key-value bindings
Dh = {(kla'vl) f\ila kz Ede7 V; ERd“.

For a query key k, the state induces a binding prior and empirical conditional value distribution

N N
mi(k; h) := P(i | k, h), Zm—(k;h):l, p(u|k,h):zm(k;h)a(vwi).

Here ;(k; h) is the key-space evidence available before generation, while p(v | k, h) is the value
distribution that a deterministic readout would collapse. This notation covers transformer key-
value memories, modern Hopfield retrieval, and diffusion-style associative memory under the same
conditional-memory view [2} 116} 21} [32].

3.2 Gaussian Bridge and Posterior Retrieval

To make the empirical conditional distribution readable by a generative model, bridge latent noise
and values by
Ty = e + By, 6"’]\/(0,[), tE[O,lL

where ag = 1, By = 0, @1 = 0, 1 = 1; linear flow matching uses o = 1 — t and 5; = t.
Conditioned on binding 7,
pe(z | 4) :N(%ﬁtvmagf)?
so Bayes’ rule gives
mi(k; h) N (2 Bpvi, of T)

wi(z,t,k;h) = . (D
Sy i (ks ) N (2; Bro, o)
N
me(x,k;h) :=E[V |z =,k h] = Zwi(x,t,k‘;h) v;. 2)
i=1

Proposition 3.1 (Bayes-optimal denoiser and velocity). Under (1)), the Bayes-optimal denoiser is
D (@, ks h) = my(z, k; h).
For the linear bridge xy = (1 — t)e + tv, the velocity is

my(x, k;h) —x

uf (z, k; h) = 3

3

Proof. The minimizer of E[|D(z, k) — V|3 | z, k, h] is the conditional mean E[V' | x, k, h], which
is (@) under the discrete posterior weights in (I). For the linear bridge, z; = (1 — t)e + tv has
constant target velocity v — . Since ¢ = (z; — tv)/(1 — ¢), the conditional velocity target is
E[(V —¢€) | vt = x, k, h] = (my(z, k; h) — ) /(1 —1). O

Denoising and flow matching therefore retrieve a posterior mean whose weights depend on both the
key and the current latent state. This is the mathematical object TTG will parameterize with fast
weights, and it matches recent associative-memory and closed-form FM analyses [2, 16l 21]].

3.3 Why Flow Matching Instead of Direct Regression

Theorem 3.2 (Deterministic regression collapses multimodal bindings). For squared loss on (K, V),
the Bayes predictor is f*(k) = E[V | K = k] and the optimal risk is E[Var(V | K)]. Thus
a deterministic one-shot regressor averages non-degenerate bindings instead of modeling their
conditional distribution.

Proof. Condition on K = k and expand E[||f(k) — V|3 | K = k] = ||f(k) —E[V | K =
K]||3 + tr Var(V | K = k). The first term is minimized by the conditional mean, leaving the
conditional variance term. Averaging over K gives the stated risk and shows that any non-degenerate
conditional distribution is collapsed to one endpoint. O
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This is the endpoint failure described in the introduction: direct regression spends fast-weight capacity
on a single conditional mean. Modeling the conditional distribution avoids that collapse [[7,38]], and
flow matching adds shared-to-specific dynamics:

Proposition 3.3 (Shared-to-specific retrieval dynamics). If 8;||v; — v;|| < oy for many pairs (i, j),
the Gaussian factors in (1)) overlap and

N
my(z, k; h) ~ Z i (k; h)v;.
i=1

As oy /By decreases, the posterior sharpens toward memory-specific recall, consistent with FM
mean-to-cluster-to-point phases [45]].

Proof. When S;||v; — v;|| < ay, the likelihood ratio between any two nearby Gaussian factors in
(1) is close to one over the relevant latent region, so the normalized weights are dominated by the
prior 7;(k; h). As oy /B; decreases, the exponent in the Gaussian likelihood increasingly penalizes
values whose f;v; is far from the current latent x, sharpening the posterior toward value-specific
bindings. O

Proposition 3.4 (Retrieval margin and denoising SNR). For two bindings i and j, define

YAV +h) i=log —2—"-Z.
i (@, k3 h) o8 wj(x,t,k; h)

Then

AL _ 2 _ 12
At ) — Tog TEEER) e = Bl — e — B @
™

i(k;h) 207

If vy = Byv; + aue withe ~ N(0, 1), then

. mi(k; h) 5752
E[A;; (x4, £, k: ) | i, k, B] = log 2o ) Dt
[ ](zt ) ‘ ¢ } og 7Tj(k', h) + 20&%

lvi — ;%

Proof. Taking the log ratio of () cancels the shared normalization and the Gaussian constants, giving
@). If 2, = Biv; + aue, then ||z, — Bivil|? = a|e]|? and ||y — Bev;l|? = |18 (vi — vj) + auel?
The cross term has zero expectation, yielding the stated expected margin. O

The margin separates key-prior evidence from a value-space denoising term amplified by 37 /a2
[6) 18,19, 44]. Thus sharper key conditioning raises the prior margin, while flow integration adds
value-space separation along the trajectory. TTG uses the first term through query-conditioned fast
weights and the second term through iterative denoising readout.

4 TTG

The preliminary section defines the posterior that a generative memory should read from a fast-
weight state. TTG turns that posterior into an online transformer block: the state hy, is stored in fast
MLP weights, observed bindings supervise denoising along the bridge, and read queries run a short
generation trajectory through the current state.

4.1 Generative Fast-Weight Readout

Section views h as memory Dy, = {(k;,v;)}}¥,. In TTG, h is not materialized as an explicit
table; it modulates a fast MLP that approximates the posterior denoiser in Proposition[3.1] A read
query supplies the key &, and latent noise supplies the unresolved value-space component. Instead of
a deterministic endpoint map f(k; h), TTG learns a stochastic denoising readout Gy g(k, h, ). With
p =1 —t, the bridge becomes z, = pe + (1 — p)v. Let

Dy(z, p, k; h) : R x [0,1] x R — R

denote the fast-weight denoiser, which takes the current latent, noise level, read key, and recurrent
state.
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At test time, readout starts from normalized Gaussian noise and repeatedly denoises:
Tpy =€, 00:1>p1>"'>PS:0a /ﬁzzps' (5
At step s, the fast-weight MLP predicts 0, = Dy (x,,, ps, k; h) and updates
s = M7 (6)
Ps

with Ay = 1 for the final step. This update is the operational readout used by the applications below:
early steps share coarse value structure, and later steps let the key-conditioned posterior sharpen.
Under the linear bridge with £ = 1 — p, it follows
Dy(x,1 —t,k;h) —x

1—t ’
whose Bayes target is (3). The number of steps .S is therefore a test-time compute knob rather than a
separate training objective.

Lo, = (1- )\S)xps + AsUs,

Ug(l‘, t7 k? h) =

4.2 Trajectory-Level Test-Time Objective

The write objective uses the same bridge as the readout, so every observed binding trains the posterior
that will later be queried. For an observed binding (k, v), sample p and € ~ A/ (0, I), then form

zp, = pe+ (1 —po.
The clean-value denoising loss is

Laonoise(0) = By oz [1Do (@ p i 1) = ]3] )
For p > 0, this also supervises
Dy(z,p,k;h) —

p
Training uses continuous p or schedule-matched discrete levels, often with multiple noise draws per
binding. Unlike deterministic TTT regression, these repeats expose the same value through different
corrupted states, giving trajectory-level supervision while keeping readout in denoiser form. After
t = 1 — p, the target matches Proposition [3.1]

U6(=T>P7 k7 h) =

4.3 Online State Updates and Cached Inference

The abstract state h becomes an online sequence state h;. The model processes chunks C}, with local
window attention, reads the prefix state by (3)—(6), and applies a shared slow MLP. The resulting
features provide write bindings {(k, v,) }»cc, for the next state.

After an update chunk, TTG writes the state by one learned TTT step:

hb+l = Ud)(hb; {(kT7UTanT)}T€Cb) 9 (8)
where 7, are tokenwise learning rates. Each memory block stores gated-MLP fast weights; denoising
residuals are backpropagated through them, scaled by 7,, accumulated across tokens and noise
repeats, and applied to the master weights. Normalized low-precision copies are cached for reads.

Thus slow denoiser parameters are shared across time, while h; carries recurrent memory across
chunks. Caching does not change the conditional memory p(v | k, hy) from Section it only
amortizes posterior-mean readout and boundary updates.

4.4 Applications to LVSM

For LVSM-style novel view synthesis [24]], posed images and target poses are patchified into tokens,
as instantiated in Figure Observed tokens write a scene memory Dy, = {(k*4, v,.)},ec,, Where
kuPd encodes pose, patch position, and local context, and v,. is the reconstruction latent or residual
feature.

The update path samples z, . = pe, + (1 — p)v,, applies the denoising loss in (7)), and writes hy1
with (8); the read path queries this state with target-camera tokens. For read key k;ead, (I-@) define
the posterior over observed bindings, while (3)—(6) implement ¢, = Gg_yg(kéead, hiot1,€4) With
target (3). Thus TTG keeps the feed-forward posed-token interface of transformer NVS [24] [50], but
replaces deterministic apply fw (q) with posterior generative readout; noise repeats strengthen the
scene update, and readout steps refine target features with fixed fast weights.
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Figure 2: LVSM instantiation of TTG used in Section[4.4] Local window attention forms target-
camera read queries, while observed posed-image tokens provide update keys and value targets
that supervise the fast-weight state through an MSE denoising loss. At apply time, the generative
readout refines a noised latent for S' steps using key, time, and modulation signals before returning
the target-view value.

4.5 Applications to Language Modeling

Autoregressive language models predict pg(z,, | Z1,...,%,—1). Since text has no natural chunk,
TTG treats chunk size as a hyperparameter and follows LaCT’s shifted apply-before-update order:
Figure [3|uses sliding-window attention inside C}, and fast weights for compressed evidence from
earlier chunks.

Before writing C, = {ns, ...,n, + B — 1}, h;, stores previous bindings Dy, = {(k;lpd, Vi) icny
RMS-normalized hidden states produce RoPE-augmented read keys, update keys, and value targets.
Apply reads only the prefix state, 0,, = G97S(kffad, hy, en) for n € Cp, so no future chunk token
enters the fast-weight path; (I)-(2) give the posterior read and (3)—(6) the denoising trajectory. After
next-token prediction, examples z, , = pe,, + (1 — p)v,, train the update in (7) and (8), preserving
LaCT’s recurrent TTT interface for long-context language models [22] 41} |42]] while replacing
one-step recall fyy (g) with variable-depth generative readout.

S Experiments

5.1 Setup

Novel View Synthesis Setup We compare LaCT and TTG on incremental novel view synthesis
(NVS), where posed context views must support reconstruction from new camera poses, stressing
recurrent retrieval over dense visual tokens. Object-level models train on Objaverse [[10] and evaluate
on the GSO Instant3D split [[12]; scene-level models train on filtered DL3DV-10K [29] and evaluate
on its benchmark split. We train with 12 views, evaluate with 24 views, and report PSNR. Each 2562
image is tokenized into 8 x 8 patches (1,024 tokens per view); alternating posed-image context and
pose-only target tokens yields 22,528 training tokens and 47,104 evaluation tokens. Both methods use
the same 8-layer, width-512 backbone and 20K-step AdamW setup (learning rate 4 x 10~%, weight
decay 0.05, 2.5K warmup, gradient clipping at 1.0, L2 loss) on 8 A100 80G GPUs with global batch
size 128.

Language Modeling Setup Language modeling predicts the next-token distribution from the
preceding context, so long sequences directly test whether a recurrent state can preserve token-level
evidence across many chunks. We compare LaCT and TTG on Long-Data-Collections [43], training
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Figure 3: Language-model instantiation of TTG used in Section 3] Sliding-window attention
handles causal local context inside the current chunk, while the fast-weight branch stores compressed
evidence from previous chunks. Apply reads the prefix state through an S-step denoising module
conditioned on the read key and noise level; after prediction, update keys and value targets train the
next state with an L2 denoising loss.
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(a) Main NVS benchmark. (b) DL3DV.

Figure 4: Novel view synthesis results as the number of target views increases. We compare LaCT
and TTG on the main NVS benchmark and DL3DV; the y-axis reports final evaluation PSNR.

on up to 60B tokens from the 68.8B-token corpus with the Mistral tokenizer. To preserve parallelism
while exposing the models to long histories, both methods process 4K-token chunks and use gated
attention for recurrent-state readout. We evaluate three model scales: 124M parameters trained on
10B tokens, and 760M parameters trained on 40B tokens. All language models use RoPE base 1M;
the three scales use global batch sizes of 32, and 32 on 8, and 32 A100 80G GPUs, respectively. We
report Book-3 validation loss [15] on 32K-token sequences averaged over 10,240 evaluation steps.

5.2 Main Results

Novel View Synthesis Figure [ tests the retrieval failure mode from Section[3.3} as more target
views are queried, the recurrent state must keep many camera-conditioned bindings separable rather
than average them into an endpoint map. On the object-level benchmark, TTG improves average
PSNR from 25.09 to 26.00 and improves the last evaluated target view from 26.31 to 27.23. On
DL3DYV, the gain is larger: average PSNR increases from 16.27 to 17.46 and the final target-view
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Figure 5: Per-token validation loss in long-context language modeling. This setting tests whether
a fixed recurrent fast-weight state can keep token-level key-value evidence sharply retrievable as
the context grows. Across both evaluation views, TTG maintains lower loss than LaCT through
the shown context positions up to 32K tokens, consistent with cue-conditioned generative retrieval
preserving compressed evidence more effectively than deterministic target fitting; lower is better.
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Figure 6: Test-time scaling for diffusion-based TTG on novel view synthesis. Here r denotes the
number of stochastic repeats per observed binding and d denotes the number of denoising steps used
during readout; the y-axis reports final evaluation PSNR as the number of target views increases.

PSNR from 16.80 to 18.64. The widening gap on the scene-level benchmark is consistent with the
margin view in {@): when pose keys alone are not enough to disambiguate texture and occlusion,
value-space denoising contributes additional separation during readout.

Language Modeling Figure[3]evaluates the same endpoint-versus-trajectory question in text. On
Book-3 validation, TTG keeps a lower per-token loss across the full plotted context range. The
absolute loss gap is small, but it is persistent across token positions, which is the expected signature
for a recurrent memory improvement rather than a short-context modeling change. Together with
the NVS results, these language-modeling results support the paper’s central claim: generative
readout helps the compressed state remain useful when one-shot deterministic recall would blur many
bindings together.

5.3 Test-Time Scaling

TTG exposes two test-time compute knobs in novel view synthesis: stochastic update repeats r,
which revisit observed bindings with fresh noise, and readout depth d, which runs more denoising
steps for each query. Figure [6] shows that both knobs improve the PSNR envelope: increasing
strengthens the adapted fast-weight memory, while increasing d refines target-view features with the
updated memory fixed.
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Figure 7: Novel view synthesis comparisons for strict fairness and generative modeling design. The
left panel reports the Section [5.4] parameter-comparable comparison, and the right panel reports the
Section [5.5] flow-matching versus energy-based modeling comparison. Both plot final evaluation
PSNR as the number of target views increases.

5.4 Strict Fair Comparisons

Parameter Comparable Comparison We next separate the effect of generative readout from
parameter allocation inside the memory block. Figure[7(a) compares the default TTG model with
a parameter-comparable variant. Both models use the same data, backbone, training schedule, and
evaluation protocol, so this control targets memory-block allocation rather than optimization or
dataset differences. The curves nearly overlap across target views: average PSNR changes from 24.92
to 24.95 and final target-view PSNR changes from 25.86 to 25.89. This suggests that the gains in
Figure ] are not explained by a larger or easier memory parameterization, but by the trajectory-level
read and write objective.

5.5 Design Choice on Generative Models

The framework is not tied to a single generative objective. The analysis and default implementation
use flow matching because it gives the closed-form bridge and velocity target in Proposition
Figure [7(b) compares this choice with an energy-based modeling variant under the same NVS
protocol. Energy-based modeling gives higher PSNR in this configuration, improving average PSNR
from 24.16 to 24.99 and final target-view PSNR from 25.01 to 25.87. We interpret this as evidence
that the key idea is the conditional generative memory interface, while the best objective can be task
dependent. The important requirement is that the fast-weight state support a conditional distribution
over values, rather than a single deterministic point estimate. Flow matching remains attractive for its
direct trajectory supervision and compute-controlled readout; energy-based objectives may provide a
stronger inductive bias for visual reconstruction.

6 Conclusion

This paper reframes test-time memory readout as conditional generation rather than deterministic
endpoint regression. Starting from a fast-weight state interpreted as a conditional associative memory,
we showed that denoising retrieval decomposes into a key-prior term and a value-space posterior
term whose margin grows along the trajectory. TTG implements this idea by writing noisy versions
of observed bindings into fast weights and reading queries through a short denoising process. Across
novel view synthesis and long-context language modeling, this trajectory-level interface improves
over LaCT-style recall and exposes useful compute controls through stochastic update repeats and
readout depth. The main message is the same one introduced at the start: compressed memory need
not recall by averaging to a single endpoint; it can use the cue to start a generative trajectory that
progressively resolves the binding.
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A Limitations

TTG adds compute to deterministic fast-weight memories. Stochastic update repeats increase
the cost of writing observed bindings, and deeper denoising readout increases per-query latency.
Section[5.3] shows that these knobs improve NVS quality, but the best operating point depends on
the task, hardware budget, and acceptable latency. Our current experiments also use a limited set
of datasets and mostly single training runs, so the reported trends should be read as evidence for
the generative-memory mechanism rather than a full scaling law. Finally, the theory analyzes an
empirical conditional memory with Gaussian bridges; real transformer states only approximate this
abstraction, and different objectives, schedules, or key parameterizations can change the practical
retrieval margin.

B Broader Impacts

The contribution is a general memory mechanism for generative and long-context models. Positive
impacts may come from more efficient use of compressed context in vision and language systems.
Negative impacts are indirect and inherit from downstream deployments: stronger long-context lan-
guage models and higher-quality view synthesis can be misused for misleading content, surveillance,
or copyright-sensitive generation if deployed without domain safeguards. We therefore view re-
lease controls, dataset provenance checks, and downstream misuse evaluation as application-specific
responsibilities for systems built with TTG.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes].

Justification: The abstract and introduction state the generative fast-weight readout claim,
the posterior-margin analysis, and the two empirical settings; Section [5.3]and Appendix [A]
scope the compute and generalization claims.

Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes].

Justification: Appendix[A]discusses added update/readout compute, latency tradeoffs, limited
dataset and run coverage, and the gap between the Gaussian-bridge analysis and real
transformer states.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate ‘“Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes].

Justification: Section [3.TH3.3]defines the memory model and bridge assumptions, and each
theorem or proposition is followed by a proof or proof sketch in the main text.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes].

Justification: The method section specifies the online update and readout objectives, and
the experimental setup reports datasets, tokenization, sequence construction, model sizes,
optimizer settings, training lengths, and evaluation metrics.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: The current draft cites the datasets and benchmarks, but it does not yet include
code, checkpoints, or exact reproduction commands in the paper or supplemental material.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes].

Justification: Section E] describes the model update and readout, while the setup section
reports the relevant data splits, tokenization, optimizer, learning rate, warmup, gradient
clipping, batch sizes, model scales, and evaluation protocols.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: The current draft reports single-run curves and tables without error bars,
confidence intervals, or multi-seed significance tests; this is acknowledged in Appendix [A]

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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8.

10.

* The authors should answer [Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CIL, if the hypothesis
of Normality of errors is not verified.

 For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes].

Justification: The setup reports GPU type, memory class, GPU counts, and batch sizes, but
it does not yet report wall-clock time or total compute for each run.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes].

Justification: The work is an algorithmic study using existing datasets and benchmarks, with
no human-subject data collection or deployment claims in the paper.

Guidelines:

e The answer [IN/A| means that the authors have not reviewed the NeurIPS Code of
Ethics.

e If the authors answer , they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes].
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12.

Justification: Appendix [B]discusses positive efficiency/context-use implications and indirect
misuse risks for downstream language and view-synthesis systems.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A].

Justification: The paper does not currently claim to release new models, datasets, or check-
points that would require release safeguards.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer:

Justification: The main datasets and benchmarks are now cited, but explicit license names
and terms of use are not yet documented in the paper or supplement.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.
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13.

14.

15.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [N/A].

Justification: The paper does not introduce or release a new dataset, benchmark, model
checkpoint, or other asset.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A].
Justification: The work does not involve crowdsourcing or research with human subjects.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A].

Justification: The work does not involve crowdsourcing or research with human subjects, so
IRB approval is not applicable.
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752 Guidelines:

753 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
754 with human subjects.

755 * Depending on the country in which research is conducted, IRB approval (or equivalent)
756 may be required for any human subjects research. If you obtained IRB approval, you
757 should clearly state this in the paper.

758 * We recognize that the procedures for this may vary significantly between institutions
759 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
760 guidelines for their institution.

761 * For initial submissions, do not include any information that would break anonymity (if
762 applicable), such as the institution conducting the review.

763 16. Declaration of LLM usage

764 Question: Does the paper describe the usage of LLMs if it is an important, original, or
765 non-standard component of the core methods in this research? Note that if the LLM is used
766 only for writing, editing, or formatting purposes and does not impact the core methodology,
767 scientific rigor, or originality of the research, declaration is not required.

768 Answer: [N/A].

769 Justification: The core method does not use an external LLM as an important, original, or
770 non-standard component; language models are an experimental domain.

771 Guidelines:

772 * The answer [N/A] means that the core method development in this research does not
773 involve LLMs as any important, original, or non-standard components.

774 ¢ Please refer to our LLM policy in the NeurIPS handbook for what should or should not
775 be described.

21



	Introduction
	Related Work
	Test-Time Training
	Generative Models

	Preliminary
	Fast Weights as Conditional Associative Memory
	Gaussian Bridge and Posterior Retrieval
	Why Flow Matching Instead of Direct Regression

	TTG
	Generative Fast-Weight Readout
	Trajectory-Level Test-Time Objective
	Online State Updates and Cached Inference
	Applications to LVSM
	Applications to Language Modeling

	Experiments
	Setup
	Main Results
	Test-Time Scaling
	Strict Fair Comparisons
	Design Choice on Generative Models

	Conclusion
	Limitations
	Broader Impacts

