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Abstract

Test-time training methods compress a growing context into fast weights, but most1

read the state through deterministic regression: a query is mapped to a single key-2

conditioned value in one or a few steps. This endpoint view averages multimodal3

bindings, entangles reusable value geometry with instance-specific variation, and4

weakens retrieval when nearby keys should recover distant values. We propose Test-5

Time Generation (TTG), a generative fast-weight framework that treats memory6

readout as key-conditioned transport from latent noise to target values. Our analysis7

casts fast weights as conditional associative memory and shows that rectified-flow8

denoising augments key-space similarity with a value-space posterior term whose9

retrieval margin grows along the trajectory. TTG implements this posterior with a10

fast-weight denoiser: updates supervise noisy versions of observed bindings, while11

reads integrate for a controllable number of steps. In novel view synthesis and12

long-context language modeling, TTG improves over LaCT-style deterministic13

readout and exposes accuracy–compute tradeoffs through stochastic update repeats14

and variable-depth generation.15

1 Introduction16

Biological memory is constructive, cue-conditioned, and plastic rather than archival. Episodic recall17

recombines partial traces, uses pattern separation and completion to recover structure from partial18

cues, and can be updated after retrieval [13, 19, 28, 31, 34, 35, 48]. This suggests a computational19

principle for machine memory: recall need not be a one-shot lookup. A cue can initialize a trajectory20

that first recovers shared structure and then progressively resolves instance-specific uncertainty.21

Long-context models face the same tension in a compressed form. Recurrent state-space, fast-22

weight, and test-time training (TTT) methods write a growing stream into a fixed-size online state23

[3–5, 14, 18, 22, 23, 27, 36, 40–42, 46, 47, 49, 50]. This gives linear-time memory, but it also forces24

many rare key-value bindings to remain retrievable through a small recurrent state. Existing TTT25

memories usually update fast weights by deterministic target fitting: given a key, regress the target26

value in one or a few steps, then read the state through that endpoint map [3–5, 14, 22, 42, 49, 50].27

Under squared loss, multimodal bindings collapse to the conditional mean; under finite capacity,28

shared value geometry, key routing, and residual variation compete inside the same endpoint map29

[11, 16, 17, 25, 51].30

We instead treat fast-weight memory as conditional generation: learn the distribution p(v | k, h)31

induced by the recurrent state, not only its mean. The state h supplies a key-conditioned binding prior,32

while latent noise carries residual value-space uncertainty that deterministic regression would average33

away [7, 38]. Figure 1 illustrates this shift from endpoint prediction to cue-conditioned sampling.34

The next sections make this construction explicit. We first view a fast-weight state as a conditional35

associative memory over effective bindings. Under a Gaussian bridge from noise to values, Bayes’36

rule yields a posterior whose denoiser is the conditional mean and whose retrieval margin decomposes37

into a key-prior term plus a value-space denoising term. This analysis explains why iterative recall38
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Figure 1: Regression versus conditional sampling for test-time memory. Given recurrent state h
and query key k, deterministic fast-weight regression returns one value fθ(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 ε and reads through Gθ(k, h, ε), 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-conditioned39

steps separate individual memories as trajectory signal-to-noise increases [2, 6, 8, 9, 21, 44, 45].40

Building on this posterior view, we propose TTG, a generative fast-weight framework for key-value41

binding. TTG instantiates the bridge with flow matching [1, 20, 30, 37, 39]: observed bindings42

supervise noisy value states during the online update, and read queries integrate a key-modulated43

denoising trajectory at test time. The same formulation gives two practical compute controls,44

stochastic repeats during update and integration depth during readout. We evaluate TTG in novel45

view synthesis and long-context language modeling, compare against deterministic fast-weight46

baselines, and study the objective, noise schedule, adaptive conditioning, and readout depth that47

determine recurrent memory quality.48

2 Related Work49

2.1 Test-Time Training50

Long-context models trade explicit retrieval for recurrent compression: linear-attention, fast-weight,51

and state-space methods store history in compact states rather than full key-value caches [18, 25,52

27, 36, 46, 47]. Test-time training further adapts hidden states, fast weights, or auxiliary parameters53

during inference [3–5, 14, 22, 40, 42, 50]. Our work keeps this compressed-memory setting, but54

replaces deterministic endpoint readout with generative recall conditioned on a key or query.55

2.2 Generative Models56

Generative models represent uncertainty with latent variables or iterative denoising and transport57

processes, including VAEs, diffusion models, score models, flow matching, and stochastic interpolants58

[1, 20, 26, 30, 33, 37, 39, 44]. Recent work connects these dynamics to associative memory: Hopfield59

retrieval, key-value attention, and denoising or flow trajectories can all be viewed as content-based60

recall [2, 6, 16, 21, 32, 45]. We transfer this view from data-space generation to fast-weight memory,61

where sampling becomes iterative test-time recall.62

3 Preliminary63

The introduction motivates replacing one-shot fast-weight regression with a generative readout. This64

section gives the common notation used by TTG: a recurrent state induces a key-conditioned prior65

over bindings, and a denoising trajectory turns that prior into posterior recall.66

2



3.1 Fast Weights as Conditional Associative Memory67

Let h be the recurrent fast-weight state after a prefix, abstracted as effective key-value bindings68

Dh = {(ki, vi)}Ni=1, ki ∈ Rdk , vi ∈ Rdv .

For a query key k, the state induces a binding prior and empirical conditional value distribution69

πi(k;h) := P (i | k, h),
N∑
i=1

πi(k;h) = 1, p̂(v | k, h) =
N∑
i=1

πi(k;h) δ(v − vi).

Here πi(k;h) is the key-space evidence available before generation, while p̂(v | k, h) is the value70

distribution that a deterministic readout would collapse. This notation covers transformer key-71

value memories, modern Hopfield retrieval, and diffusion-style associative memory under the same72

conditional-memory view [2, 16, 21, 32].73

3.2 Gaussian Bridge and Posterior Retrieval74

To make the empirical conditional distribution readable by a generative model, bridge latent noise75

and values by76

xt = αtε+ βtv, ε ∼ N (0, I), t ∈ [0, 1],

where α0 = 1, β0 = 0, α1 = 0, β1 = 1; linear flow matching uses αt = 1 − t and βt = t.77

Conditioned on binding i,78

pt(x | i) = N (x;βtvi, α
2
t I),

so Bayes’ rule gives79

wi(x, t, k;h) =
πi(k;h)N (x;βtvi, α

2
t I)∑N

j=1 πj(k;h)N (x;βtvj , α2
t I)

. (1)

80

mt(x, k;h) := E[V | xt = x, k, h] =

N∑
i=1

wi(x, t, k;h) vi. (2)

Proposition 3.1 (Bayes-optimal denoiser and velocity). Under (1), the Bayes-optimal denoiser is81

D⋆
t (x, k;h) = mt(x, k;h).

For the linear bridge xt = (1− t)ε+ tv, the velocity is82

u⋆
t (x, k;h) =

mt(x, k;h)− x

1− t
. (3)

Proof. The minimizer of E[∥D(x, k)− V ∥22 | x, k, h] is the conditional mean E[V | x, k, h], which83

is (2) under the discrete posterior weights in (1). For the linear bridge, xt = (1 − t)ε + tv has84

constant target velocity v − ε. Since ε = (xt − tv)/(1 − t), the conditional velocity target is85

E[(V − ε) | xt = x, k, h] = (mt(x, k;h)− x)/(1− t).86

Denoising and flow matching therefore retrieve a posterior mean whose weights depend on both the87

key and the current latent state. This is the mathematical object TTG will parameterize with fast88

weights, and it matches recent associative-memory and closed-form FM analyses [2, 6, 21].89

3.3 Why Flow Matching Instead of Direct Regression90

Theorem 3.2 (Deterministic regression collapses multimodal bindings). For squared loss on (K,V ),91

the Bayes predictor is f⋆(k) = E[V | K = k] and the optimal risk is E[Var(V | K)]. Thus92

a deterministic one-shot regressor averages non-degenerate bindings instead of modeling their93

conditional distribution.94

Proof. Condition on K = k and expand E[∥f(k) − V ∥22 | K = k] = ∥f(k) − E[V | K =95

k]∥22 + trVar(V | K = k). The first term is minimized by the conditional mean, leaving the96

conditional variance term. Averaging over K gives the stated risk and shows that any non-degenerate97

conditional distribution is collapsed to one endpoint.98

3



This is the endpoint failure described in the introduction: direct regression spends fast-weight capacity99

on a single conditional mean. Modeling the conditional distribution avoids that collapse [7, 38], and100

flow matching adds shared-to-specific dynamics:101

Proposition 3.3 (Shared-to-specific retrieval dynamics). If βt∥vi − vj∥ ≪ αt for many pairs (i, j),102

the Gaussian factors in (1) overlap and103

mt(x, k;h) ≈
N∑
i=1

πi(k;h)vi.

As αt/βt decreases, the posterior sharpens toward memory-specific recall, consistent with FM104

mean-to-cluster-to-point phases [45].105

Proof. When βt∥vi − vj∥ ≪ αt, the likelihood ratio between any two nearby Gaussian factors in106

(1) is close to one over the relevant latent region, so the normalized weights are dominated by the107

prior πi(k;h). As αt/βt decreases, the exponent in the Gaussian likelihood increasingly penalizes108

values whose βtvj is far from the current latent x, sharpening the posterior toward value-specific109

bindings.110

Proposition 3.4 (Retrieval margin and denoising SNR). For two bindings i and j, define111

∆ij(x, t, k;h) := log
wi(x, t, k;h)

wj(x, t, k;h)
.

Then112

∆ij(x, t, k;h) = log
πi(k;h)

πj(k;h)
− ∥x− βtvi∥2 − ∥x− βtvj∥2

2α2
t

. (4)

If xt = βtvi + αtε with ε ∼ N (0, I), then113

E[∆ij(xt, t, k;h) | i, k, h] = log
πi(k;h)

πj(k;h)
+

β2
t

2α2
t

∥vi − vj∥2.

Proof. Taking the log ratio of (1) cancels the shared normalization and the Gaussian constants, giving114

(4). If xt = βtvi + αtε, then ∥xt − βtvi∥2 = α2
t ∥ε∥2 and ∥xt − βtvj∥2 = ∥βt(vi − vj) + αtε∥2.115

The cross term has zero expectation, yielding the stated expected margin.116

The margin separates key-prior evidence from a value-space denoising term amplified by β2
t /α

2
t117

[6, 8, 9, 44]. Thus sharper key conditioning raises the prior margin, while flow integration adds118

value-space separation along the trajectory. TTG uses the first term through query-conditioned fast119

weights and the second term through iterative denoising readout.120

4 TTG121

The preliminary section defines the posterior that a generative memory should read from a fast-122

weight state. TTG turns that posterior into an online transformer block: the state hb is stored in fast123

MLP weights, observed bindings supervise denoising along the bridge, and read queries run a short124

generation trajectory through the current state.125

4.1 Generative Fast-Weight Readout126

Section 3.1 views h as memory Dh = {(ki, vi)}Ni=1. In TTG, h is not materialized as an explicit127

table; it modulates a fast MLP that approximates the posterior denoiser in Proposition 3.1. A read128

query supplies the key k, and latent noise supplies the unresolved value-space component. Instead of129

a deterministic endpoint map f(k;h), TTG learns a stochastic denoising readout Gθ,S(k, h, ε). With130

ρ = 1− t, the bridge becomes xρ = ρε+ (1− ρ)v. Let131

Dθ(x, ρ, k;h) : Rdv × [0, 1]× Rdk → Rdv

denote the fast-weight denoiser, which takes the current latent, noise level, read key, and recurrent132

state.133
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At test time, readout starts from normalized Gaussian noise and repeatedly denoises:134

xρ0
= ε, ρ0 = 1 > ρ1 > · · · > ρS = 0, v̂ = xρS

. (5)
At step s, the fast-weight MLP predicts ṽs = Dθ(xρs

, ρs, k;h) and updates135

xρs+1 = (1− λs)xρs + λsṽs, λs =
ρs − ρs+1

ρs
, (6)

with λs = 1 for the final step. This update is the operational readout used by the applications below:136

early steps share coarse value structure, and later steps let the key-conditioned posterior sharpen.137

Under the linear bridge with t = 1− ρ, it follows138

uθ(x, t, k;h) =
Dθ(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 a139

separate training objective.140

4.2 Trajectory-Level Test-Time Objective141

The write objective uses the same bridge as the readout, so every observed binding trains the posterior142

that will later be queried. For an observed binding (k, v), sample ρ and ε ∼ N (0, I), then form143

xρ = ρε+ (1− ρ)v.

The clean-value denoising loss is144

Ldenoise(θ) = E(h,k,v),ρ,ε

[
∥Dθ(xρ, ρ, k;h)− v∥22

]
. (7)

For ρ > 0, this also supervises145

uθ(x, ρ, k;h) =
Dθ(x, ρ, k;h)− x

ρ
.

Training uses continuous ρ or schedule-matched discrete levels, often with multiple noise draws per146

binding. Unlike deterministic TTT regression, these repeats expose the same value through different147

corrupted states, giving trajectory-level supervision while keeping readout in denoiser form. After148

t = 1− ρ, the target matches Proposition 3.1.149

4.3 Online State Updates and Cached Inference150

The abstract state h becomes an online sequence state hb. The model processes chunks Cb with local151

window attention, reads the prefix state by (5)–(6), and applies a shared slow MLP. The resulting152

features provide write bindings {(kr, vr)}r∈Cb
for the next state.153

After an update chunk, TTG writes the state by one learned TTT step:154

hb+1 = Uϕ(hb, {(kr, vr, ηr)}r∈Cb
) , (8)

where ηr are tokenwise learning rates. Each memory block stores gated-MLP fast weights; denoising155

residuals are backpropagated through them, scaled by ηr, accumulated across tokens and noise156

repeats, and applied to the master weights. Normalized low-precision copies are cached for reads.157

Thus slow denoiser parameters are shared across time, while hb carries recurrent memory across158

chunks. Caching does not change the conditional memory p̂(v | k, hb) from Section 3.1; it only159

amortizes posterior-mean readout and boundary updates.160

4.4 Applications to LVSM161

For LVSM-style novel view synthesis [24], posed images and target poses are patchified into tokens,162

as instantiated in Figure 2. Observed tokens write a scene memory Dhb
= {(kupdr , vr)}r∈Cb

, where163

kupdr encodes pose, patch position, and local context, and vr is the reconstruction latent or residual164

feature.165

The update path samples xρ,r = ρεr + (1− ρ)vr, applies the denoising loss in (7), and writes hb+1166

with (8); the read path queries this state with target-camera tokens. For read key kreadq , (1)–(2) define167

the posterior over observed bindings, while (5)–(6) implement v̂q = Gθ,S(k
read
q , hb+1, εq) with168

target (3). Thus TTG keeps the feed-forward posed-token interface of transformer NVS [24, 50], but169

replaces deterministic apply fW (q) with posterior generative readout; noise repeats strengthen the170

scene update, and readout steps refine target features with fixed fast weights.171
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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 Modeling172

Autoregressive language models predict pθ(xn | x1, . . . , xn−1). Since text has no natural chunk,173

TTG treats chunk size as a hyperparameter and follows LaCT’s shifted apply-before-update order:174

Figure 3 uses sliding-window attention inside Cb and fast weights for compressed evidence from175

earlier chunks.176

Before writing Cb = {nb, . . . , nb + B − 1}, hb stores previous bindings Dhb
= {(kupdi , vi)}i<nb

;177

RMS-normalized hidden states produce RoPE-augmented read keys, update keys, and value targets.178

Apply reads only the prefix state, v̂n = Gθ,S(k
read
n , hb, εn) for n ∈ Cb, so no future chunk token179

enters the fast-weight path; (1)–(2) give the posterior read and (5)–(6) the denoising trajectory. After180

next-token prediction, examples xρ,n = ρεn + (1− ρ)vn train the update in (7) and (8), preserving181

LaCT’s recurrent TTT interface for long-context language models [22, 41, 42] while replacing182

one-step recall fW (q) with variable-depth generative readout.183

5 Experiments184

5.1 Setup185

Novel View Synthesis Setup We compare LaCT and TTG on incremental novel view synthesis186

(NVS), where posed context views must support reconstruction from new camera poses, stressing187

recurrent retrieval over dense visual tokens. Object-level models train on Objaverse [10] and evaluate188

on the GSO Instant3D split [12]; scene-level models train on filtered DL3DV-10K [29] and evaluate189

on its benchmark split. We train with 12 views, evaluate with 24 views, and report PSNR. Each 2562190

image is tokenized into 8× 8 patches (1,024 tokens per view); alternating posed-image context and191

pose-only target tokens yields 22,528 training tokens and 47,104 evaluation tokens. Both methods use192

the same 8-layer, width-512 backbone and 20K-step AdamW setup (learning rate 4× 10−4, weight193

decay 0.05, 2.5K warmup, gradient clipping at 1.0, L2 loss) on 8 A100 80G GPUs with global batch194

size 128.195

Language Modeling Setup Language modeling predicts the next-token distribution from the196

preceding context, so long sequences directly test whether a recurrent state can preserve token-level197

evidence across many chunks. We compare LaCT and TTG on Long-Data-Collections [43], training198
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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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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 parallelism199

while exposing the models to long histories, both methods process 4K-token chunks and use gated200

attention for recurrent-state readout. We evaluate three model scales: 124M parameters trained on201

10B tokens, and 760M parameters trained on 40B tokens. All language models use RoPE base 1M;202

the three scales use global batch sizes of 32, and 32 on 8, and 32 A100 80G GPUs, respectively. We203

report Book-3 validation loss [15] on 32K-token sequences averaged over 10,240 evaluation steps.204

5.2 Main Results205

Novel View Synthesis Figure 4 tests the retrieval failure mode from Section 3.3: as more target206

views are queried, the recurrent state must keep many camera-conditioned bindings separable rather207

than average them into an endpoint map. On the object-level benchmark, TTG improves average208

PSNR from 25.09 to 26.00 and improves the last evaluated target view from 26.31 to 27.23. On209

DL3DV, the gain is larger: average PSNR increases from 16.27 to 17.46 and the final target-view210
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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 the211

margin view in (4): when pose keys alone are not enough to disambiguate texture and occlusion,212

value-space denoising contributes additional separation during readout.213

Language Modeling Figure 5 evaluates the same endpoint-versus-trajectory question in text. On214

Book-3 validation, TTG keeps a lower per-token loss across the full plotted context range. The215

absolute loss gap is small, but it is persistent across token positions, which is the expected signature216

for a recurrent memory improvement rather than a short-context modeling change. Together with217

the NVS results, these language-modeling results support the paper’s central claim: generative218

readout helps the compressed state remain useful when one-shot deterministic recall would blur many219

bindings together.220

5.3 Test-Time Scaling221

TTG exposes two test-time compute knobs in novel view synthesis: stochastic update repeats r,222

which revisit observed bindings with fresh noise, and readout depth d, which runs more denoising223

steps for each query. Figure 6 shows that both knobs improve the PSNR envelope: increasing r224

strengthens the adapted fast-weight memory, while increasing d refines target-view features with the225

updated memory fixed.226

8



0 2 4 6 8 10 12 14 16 18 20 22
Num of views

20

21

22

23

24

25

26

PS
NR

TTG - Parameter Comparable
TTG

(a) Parameter-comparable comparison.

0 2 4 6 8 10 12 14 16 18 20 22
Num of views

20

21

22

23

24

25

26

PS
NR

Flow-Matching
Energy-based Modeling

(b) Generative objective design choice.

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 Comparisons227

Parameter Comparable Comparison We next separate the effect of generative readout from228

parameter allocation inside the memory block. Figure 7(a) compares the default TTG model with229

a parameter-comparable variant. Both models use the same data, backbone, training schedule, and230

evaluation protocol, so this control targets memory-block allocation rather than optimization or231

dataset differences. The curves nearly overlap across target views: average PSNR changes from 24.92232

to 24.95 and final target-view PSNR changes from 25.86 to 25.89. This suggests that the gains in233

Figure 4 are not explained by a larger or easier memory parameterization, but by the trajectory-level234

read and write objective.235

5.5 Design Choice on Generative Models236

The framework is not tied to a single generative objective. The analysis and default implementation237

use flow matching because it gives the closed-form bridge and velocity target in Proposition 3.1.238

Figure 7(b) compares this choice with an energy-based modeling variant under the same NVS239

protocol. Energy-based modeling gives higher PSNR in this configuration, improving average PSNR240

from 24.16 to 24.99 and final target-view PSNR from 25.01 to 25.87. We interpret this as evidence241

that the key idea is the conditional generative memory interface, while the best objective can be task242

dependent. The important requirement is that the fast-weight state support a conditional distribution243

over values, rather than a single deterministic point estimate. Flow matching remains attractive for its244

direct trajectory supervision and compute-controlled readout; energy-based objectives may provide a245

stronger inductive bias for visual reconstruction.246

6 Conclusion247

This paper reframes test-time memory readout as conditional generation rather than deterministic248

endpoint regression. Starting from a fast-weight state interpreted as a conditional associative memory,249

we showed that denoising retrieval decomposes into a key-prior term and a value-space posterior250

term whose margin grows along the trajectory. TTG implements this idea by writing noisy versions251

of observed bindings into fast weights and reading queries through a short denoising process. Across252

novel view synthesis and long-context language modeling, this trajectory-level interface improves253

over LaCT-style recall and exposes useful compute controls through stochastic update repeats and254

readout depth. The main message is the same one introduced at the start: compressed memory need255

not recall by averaging to a single endpoint; it can use the cue to start a generative trajectory that256

progressively resolves the binding.257
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A Limitations421

TTG adds compute to deterministic fast-weight memories. Stochastic update repeats increase422

the cost of writing observed bindings, and deeper denoising readout increases per-query latency.423

Section 5.3 shows that these knobs improve NVS quality, but the best operating point depends on424

the task, hardware budget, and acceptable latency. Our current experiments also use a limited set425

of datasets and mostly single training runs, so the reported trends should be read as evidence for426

the generative-memory mechanism rather than a full scaling law. Finally, the theory analyzes an427

empirical conditional memory with Gaussian bridges; real transformer states only approximate this428

abstraction, and different objectives, schedules, or key parameterizations can change the practical429

retrieval margin.430

B Broader Impacts431

The contribution is a general memory mechanism for generative and long-context models. Positive432

impacts may come from more efficient use of compressed context in vision and language systems.433

Negative impacts are indirect and inherit from downstream deployments: stronger long-context lan-434

guage models and higher-quality view synthesis can be misused for misleading content, surveillance,435

or copyright-sensitive generation if deployed without domain safeguards. We therefore view re-436

lease controls, dataset provenance checks, and downstream misuse evaluation as application-specific437

responsibilities for systems built with TTG.438
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sions to provide some reasonable avenue for reproducibility, which may depend on the532

nature of the contribution. For example533

(a) If the contribution is primarily a new algorithm, the paper should make it clear how534

to reproduce that algorithm.535

(b) If the contribution is primarily a new model architecture, the paper should describe536

the architecture clearly and fully.537

(c) If the contribution is a new model (e.g., a large language model), then there should538

either be a way to access this model for reproducing the results or a way to reproduce539

the model (e.g., with an open-source dataset or instructions for how to construct540

the dataset).541

(d) We recognize that reproducibility may be tricky in some cases, in which case542

authors are welcome to describe the particular way they provide for reproducibility.543

In the case of closed-source models, it may be that access to the model is limited in544
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some way (e.g., to registered users), but it should be possible for other researchers545

to have some path to reproducing or verifying the results.546

5. Open access to data and code547

Question: Does the paper provide open access to the data and code, with sufficient instruc-548

tions to faithfully reproduce the main experimental results, as described in supplemental549

material?550

Answer: [No].551

Justification: The current draft cites the datasets and benchmarks, but it does not yet include552

code, checkpoints, or exact reproduction commands in the paper or supplemental material.553

Guidelines:554

• The answer [N/A] means that paper does not include experiments requiring code.555

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/556

public/guides/CodeSubmissionPolicy) for more details.557

• While we encourage the release of code and data, we understand that this might not558

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not559

including code, unless this is central to the contribution (e.g., for a new open-source560

benchmark).561

• The instructions should contain the exact command and environment needed to run to562

reproduce the results. See the NeurIPS code and data submission guidelines (https:563

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.564

• The authors should provide instructions on data access and preparation, including how565

to access the raw data, preprocessed data, intermediate data, and generated data, etc.566

• The authors should provide scripts to reproduce all experimental results for the new567

proposed method and baselines. If only a subset of experiments are reproducible, they568

should state which ones are omitted from the script and why.569

• At submission time, to preserve anonymity, the authors should release anonymized570

versions (if applicable).571

• Providing as much information as possible in supplemental material (appended to the572

paper) is recommended, but including URLs to data and code is permitted.573

6. Experimental setting/details574

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-575

rameters, how they were chosen, type of optimizer) necessary to understand the results?576

Answer: [Yes].577

Justification: Section 4 describes the model update and readout, while the setup section578

reports the relevant data splits, tokenization, optimizer, learning rate, warmup, gradient579

clipping, batch sizes, model scales, and evaluation protocols.580

Guidelines:581

• The answer [N/A] means that the paper does not include experiments.582

• The experimental setting should be presented in the core of the paper to a level of detail583

that is necessary to appreciate the results and make sense of them.584

• The full details can be provided either with the code, in appendix, or as supplemental585

material.586

7. Experiment statistical significance587

Question: Does the paper report error bars suitably and correctly defined or other appropriate588

information about the statistical significance of the experiments?589

Answer: [No].590

Justification: The current draft reports single-run curves and tables without error bars,591

confidence intervals, or multi-seed significance tests; this is acknowledged in Appendix A.592

Guidelines:593

• The answer [N/A] means that the paper does not include experiments.594
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• The authors should answer [Yes] if the results are accompanied by error bars, confidence595

intervals, or statistical significance tests, at least for the experiments that support the596

main claims of the paper.597

• The factors of variability that the error bars are capturing should be clearly stated (for598

example, train/test split, initialization, random drawing of some parameter, or overall599

run with given experimental conditions).600

• The method for calculating the error bars should be explained (closed form formula,601

call to a library function, bootstrap, etc.)602

• The assumptions made should be given (e.g., Normally distributed errors).603

• It should be clear whether the error bar is the standard deviation or the standard error604

of the mean.605

• It is OK to report 1-sigma error bars, but one should state it. The authors should606

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis607

of Normality of errors is not verified.608

• For asymmetric distributions, the authors should be careful not to show in tables or609

figures symmetric error bars that would yield results that are out of range (e.g., negative610

error rates).611

• If error bars are reported in tables or plots, the authors should explain in the text how612

they were calculated and reference the corresponding figures or tables in the text.613

8. Experiments compute resources614

Question: For each experiment, does the paper provide sufficient information on the com-615

puter resources (type of compute workers, memory, time of execution) needed to reproduce616

the experiments?617

Answer: [Yes].618

Justification: The setup reports GPU type, memory class, GPU counts, and batch sizes, but619

it does not yet report wall-clock time or total compute for each run.620

Guidelines:621

• The answer [N/A] means that the paper does not include experiments.622

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,623

or cloud provider, including relevant memory and storage.624

• The paper should provide the amount of compute required for each of the individual625

experimental runs as well as estimate the total compute.626

• The paper should disclose whether the full research project required more compute627

than the experiments reported in the paper (e.g., preliminary or failed experiments that628

didn’t make it into the paper).629

9. Code of ethics630

Question: Does the research conducted in the paper conform, in every respect, with the631

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?632

Answer: [Yes].633

Justification: The work is an algorithmic study using existing datasets and benchmarks, with634

no human-subject data collection or deployment claims in the paper.635

Guidelines:636

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of637

Ethics.638

• If the authors answer [No], they should explain the special circumstances that require a639

deviation from the Code of Ethics.640

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-641

eration due to laws or regulations in their jurisdiction).642

10. Broader impacts643

Question: Does the paper discuss both potential positive societal impacts and negative644

societal impacts of the work performed?645

Answer: [Yes].646
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Justification: Appendix B discusses positive efficiency/context-use implications and indirect647

misuse risks for downstream language and view-synthesis systems.648

Guidelines:649

• The answer [N/A] means that there is no societal impact of the work performed.650

• If the authors answer [N/A] or [No], they should explain why their work has no societal651

impact or why the paper does not address societal impact.652

• Examples of negative societal impacts include potential malicious or unintended uses653

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations654

(e.g., deployment of technologies that could make decisions that unfairly impact specific655

groups), privacy considerations, and security considerations.656

• The conference expects that many papers will be foundational research and not tied657

to particular applications, let alone deployments. However, if there is a direct path to658

any negative applications, the authors should point it out. For example, it is legitimate659

to point out that an improvement in the quality of generative models could be used to660

generate Deepfakes for disinformation. On the other hand, it is not needed to point out661

that a generic algorithm for optimizing neural networks could enable people to train662

models that generate Deepfakes faster.663

• The authors should consider possible harms that could arise when the technology is664

being used as intended and functioning correctly, harms that could arise when the665

technology is being used as intended but gives incorrect results, and harms following666

from (intentional or unintentional) misuse of the technology.667

• If there are negative societal impacts, the authors could also discuss possible mitigation668

strategies (e.g., gated release of models, providing defenses in addition to attacks,669

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from670

feedback over time, improving the efficiency and accessibility of ML).671

11. Safeguards672

Question: Does the paper describe safeguards that have been put in place for responsible673

release of data or models that have a high risk for misuse (e.g., pre-trained language models,674

image generators, or scraped datasets)?675

Answer: [N/A].676

Justification: The paper does not currently claim to release new models, datasets, or check-677

points that would require release safeguards.678

Guidelines:679

• The answer [N/A] means that the paper poses no such risks.680

• Released models that have a high risk for misuse or dual-use should be released with681

necessary safeguards to allow for controlled use of the model, for example by requiring682

that users adhere to usage guidelines or restrictions to access the model or implementing683

safety filters.684

• Datasets that have been scraped from the Internet could pose safety risks. The authors685

should describe how they avoided releasing unsafe images.686

• We recognize that providing effective safeguards is challenging, and many papers do687

not require this, but we encourage authors to take this into account and make a best688

faith effort.689

12. Licenses for existing assets690

Question: Are the creators or original owners of assets (e.g., code, data, models), used in691

the paper, properly credited and are the license and terms of use explicitly mentioned and692

properly respected?693

Answer: [No].694

Justification: The main datasets and benchmarks are now cited, but explicit license names695

and terms of use are not yet documented in the paper or supplement.696

Guidelines:697

• The answer [N/A] means that the paper does not use existing assets.698

• The authors should cite the original paper that produced the code package or dataset.699
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• The authors should state which version of the asset is used and, if possible, include a700

URL.701

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.702

• For scraped data from a particular source (e.g., website), the copyright and terms of703

service of that source should be provided.704

• If assets are released, the license, copyright information, and terms of use in the705

package should be provided. For popular datasets, paperswithcode.com/datasets706

has curated licenses for some datasets. Their licensing guide can help determine the707

license of a dataset.708

• For existing datasets that are re-packaged, both the original license and the license of709

the derived asset (if it has changed) should be provided.710

• If this information is not available online, the authors are encouraged to reach out to711

the asset’s creators.712

13. New assets713

Question: Are new assets introduced in the paper well documented and is the documentation714

provided alongside the assets?715

Answer: [N/A].716

Justification: The paper does not introduce or release a new dataset, benchmark, model717

checkpoint, or other asset.718

Guidelines:719

• The answer [N/A] means that the paper does not release new assets.720

• Researchers should communicate the details of the dataset/code/model as part of their721

submissions via structured templates. This includes details about training, license,722

limitations, etc.723

• The paper should discuss whether and how consent was obtained from people whose724

asset is used.725

• At submission time, remember to anonymize your assets (if applicable). You can either726

create an anonymized URL or include an anonymized zip file.727

14. Crowdsourcing and research with human subjects728

Question: For crowdsourcing experiments and research with human subjects, does the paper729

include the full text of instructions given to participants and screenshots, if applicable, as730

well as details about compensation (if any)?731

Answer: [N/A].732

Justification: The work does not involve crowdsourcing or research with human subjects.733

Guidelines:734

• The answer [N/A] means that the paper does not involve crowdsourcing nor research735

with human subjects.736

• Including this information in the supplemental material is fine, but if the main contribu-737

tion of the paper involves human subjects, then as much detail as possible should be738

included in the main paper.739

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,740

or other labor should be paid at least the minimum wage in the country of the data741

collector.742

15. Institutional review board (IRB) approvals or equivalent for research with human743

subjects744

Question: Does the paper describe potential risks incurred by study participants, whether745

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)746

approvals (or an equivalent approval/review based on the requirements of your country or747

institution) were obtained?748

Answer: [N/A].749

Justification: The work does not involve crowdsourcing or research with human subjects, so750

IRB approval is not applicable.751
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Guidelines:752

• The answer [N/A] means that the paper does not involve crowdsourcing nor research753

with human subjects.754

• Depending on the country in which research is conducted, IRB approval (or equivalent)755

may be required for any human subjects research. If you obtained IRB approval, you756

should clearly state this in the paper.757

• We recognize that the procedures for this may vary significantly between institutions758

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the759

guidelines for their institution.760

• For initial submissions, do not include any information that would break anonymity (if761

applicable), such as the institution conducting the review.762

16. Declaration of LLM usage763

Question: Does the paper describe the usage of LLMs if it is an important, original, or764

non-standard component of the core methods in this research? Note that if the LLM is used765

only for writing, editing, or formatting purposes and does not impact the core methodology,766

scientific rigor, or originality of the research, declaration is not required.767

Answer: [N/A].768

Justification: The core method does not use an external LLM as an important, original, or769

non-standard component; language models are an experimental domain.770

Guidelines:771

• The answer [N/A] means that the core method development in this research does not772

involve LLMs as any important, original, or non-standard components.773

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not774

be described.775
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