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The contribution is a capacity–efficiency tradeoff

• Write context into fast weights in large chunks: 2K tokens to about 1M, depending
on the task.
• Use the resulting GPU efficiency to scale nonlinear memory and richer update rules.
• Keep local window attention for fine-grained structure and causality.
• Evidence: novel view synthesis, language modeling, and autoregressive video diffusion.

Paper, Secs. 1–2, pp. 1–3. Three separate task-specific models.
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Fast weights are a temporary neural memory

Write: W ←W − η∇WL(fW (k), v) Read: o = fW (q).

• Slow weights learn across training samples; fast weights adapt within a context.
• The same memory mechanism runs during training and inference.
• A fixed state compresses history, so storage does not grow with every token.
• Compression limits what can be retrieved exactly.

Paper, Sec. 2.1, Eqs. (1)–(2), p. 2.
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Small updates can leave matrix units underused

rintensity =
2h2b

2h2 + 4hb
=

b

1 + 2b/h
≤ min(b, h/2).

• For BF16 matmul: FLOPs divided by bytes moved.
• Both chunk size b and matrix width h constrain arithmetic intensity.
• Large chunks offer sequence-dimension parallelism within each update.
• Reported peak utilization is a layer-level result, not universal end-to-end utilization.

Paper, Sec. 2.2, Eq. (3), Fig. 1, p. 3.
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Two paths handle two scales of dependency

• Window attention: local token structure and fine-grained causality.
• Large-chunk TTT: compressed history in a nonlinear weight state.
• A conventional feed-forward network supplies channel mixing.
• Language/video share QKV between TTT and window branches; outputs are

combined.
Paper, Fig. 2, p. 4; Algorithm 2, p. 20.
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The memory is a SwiGLU network

fW (x) = W2[SiLU(W1x) ◦ (W3x)]

Li = −fW (ki )
⊤vi , g = ∇W

b∑︂
i=1

ηiLi .

• x , ki , vi ∈ Rh; W1,W3 ∈ Rrh×h and W2 ∈ Rh×rh.
• h: head width; r : hidden-width multiplier. The objective is negative dot product, not

MSE.
• Token-dependent positive ηi controls write importance; normalization stabilizes the

state.
Paper, Sec. 3.1, Eqs. (4)–(7), p. 4; Algorithm 1, p. 19.
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Muon changes how the write uses matrix directions

g = UΣV⊤, Muon(g) ≈ UV⊤, W ← L2Norm(W −Muon(g)).

• Five Newton–Schulz iterations approximate gradient orthogonalization.
• With momentum: M ← β̄M + g , then transform M.
• Large chunks amortize matrix update overhead.
• Muon helps key NVS/language results; video experiments do not use it.

Paper, Sec. 3.2, p. 5; Appendix A, pp. 18–20; C.3, p. 27.
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Read/write order defines the dependency mask
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Figure 3: Different ‘Update’ and ‘Apply’ orders and their equivalent attention mask. A blue mask in
i-th row and j-th column means the i-th token’s output depends on the j-th token.

orders; this allows us to model diverse kinds of data dependencies, similar to different attention
masks in self-attention. Figure 3 illustrates this concept. In Figure 3a, when the chunk size equals the
full sequence length, performing the apply followed by the update operation is conceptually similar
to full attention. Using update and apply alternately leads to a block-wise causal mask (Fig. 3b),
where the block size corresponds to the chunk size. Switching the order between the two operations
results in the a shift in the mask (Fig. 3c). This shifted mask does not leak future information within
the chunk and is important when building the full causal mask in Language Modeling (Sec. 4.2).
Moreover, only updating on a subset of chunks and applying to all (Figure 3d) is analogous to strided
block-wise causal mask.

3.2 Non-Linear Update of Fast-Weight

Fast-weight updates in TTT repeatedly accumulate gradients, and thus suffer from magnitude ex-
plosion or decayed memory. Large-chunk TTT allows non-linear updates to improve stability and
effectiveness while preserving efficiency. For the ‘weight-update’ operation in Eqn. 5, our vanilla
implementation involves gradient descent followed by weight normalization:

weight-update(W, g) = L2-Normalize(W − g). (8)

We have also explored a more robust nonlinear Muon [8] update rule 1 with weight normalization:
weight-update(W, g) = L2-Normalize(W −Muon(g)) (9)

Fast-weight normalization. We apply L2 weight normalization [22] to the updated fast weights along
the input dimension. We do not use explicit weight-decay term as in previous methods [5, 23, 13, 11].
When the network is conceptually rotated 90 degrees, treating the sequence dimension as the depth
of a virtual model, the test-time training updates act as residuals over time [19]. In this view, our
fast-weight normalization is analogous to the post-layer norm in Transformer architectures, which
constrains activation scales within the residual path.

Muon-update rule. Essentially, Muon normalizes the spectral norm of matrix gradient using Newton-
Schulz iterations. In short, let g = USV T be the Singular Value Decomposition(SVD) of the gradient
g, then Muon operator approximately converts the gradient as:

Muon(g) ≃ UV T (10)
Muon also improves the numerical stability in our setup. For example, the learning rate (ηi in Eqn. 4)
now only reflects the relative importance of tokens within a chunk as Muon normalizes the absolute
scale. See [8] and Appendix A for analysis of its computational cost.

3.3 Window Attention

The large-chunk TTT layer treats data as sequences of sets because its fast weight updates inherently
disregard token order and spatial locality within each chunk. However, many data modalities—such

1Muon requires weights in matrix form, and our current fast-weight function SwiGLU-MLP has three
matrices as the weights (i.e., W1,W2,W3 in Eqn. 6).

5

• Update then apply: current chunk can communicate internally.
• Apply then update: read only previous chunks; no future leakage.

Original Fig. 3, p. 5. Masks describe dependencies, not numerical attention equivalence.
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Language needs both delayed writes and a causal window

Teaching example: chunk length 4

Tokens 5–8 read the state written by tokens 1–4. A causal local window handles recent
tokens. Write tokens 5–8 only after reading the chunk.

• Window length at least chunk length covers the missing recent dependencies.
• Actual chunks/windows: 2048 or 4096 tokens.
• Low-rank learnable initialization reduces slow parameters, not the full online state.

Paper, Sec. 4.2, p. 7; Fig. 10 and Appendix B.2, p. 22; C.2, pp. 25–26.
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For image sets, prefill builds a scene-specific memory

• Input: posed RGB images; query: camera rays of target views.
• Within-image attention preserves local spatial structure.
• Each layer writes all input views, then reads for input and target tokens.
• After prefill, render new views with fixed fast weights; targets do not write back.

Paper, Sec. 4.1, pp. 6–7; Fig. 9 and Appendix B.1, pp. 20–21.
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Video writes clean context, not denoising candidates

S = [X noise
1 ,X1,X

noise
2 ,X2, . . .], X noise

i = (1− ti )Xi + tiϵ.

• One chunk = 3 latent frames = 4680 visual tokens.
• Only clean chunks update persistent memory; noisy chunks read it.
• A local window spans two chunks with a causal inter-chunk mask.
• 1.3B, 5-second training repeats noisy chunks twice; 14B does not.

Paper, Sec. 4.3, p. 7; Fig. 11, p. 23; Appendix C.3, pp. 27–28.
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Large chunks also support distributed writes

g =
∑︂
j

∇W

∑︂
i∈shard j

ηiLi .

• All devices compute local gradients at the same old state.
• All-reduce the gradients before nonlinear Muon and normalization.
• NVS: split tokens inside a chunk; reported throughput overhead 1–3%.
• Video: shard TTT heads, switching between sequence and head layouts.

Paper, Sec. 3.4, p. 6; Appendices E–F, pp. 29–32.
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The three evaluations test different capabilities

Task Setup Main metric

View synthesis Objaverse/GSO; DL3DV; 312M
model

PSNR, SSIM, LPIPS

Language 760M/40B and 3B/60B training
tokens; 32K context

Per-position loss; retrieval

Video Wan 2.1, 1.3B and 14B; propri-
etary training data

Held-out denoising loss

• Linear-cost baselines receive matching local attention.
• Maximum lengths and training protocols must not be mixed across tasks.

Paper, Sec. 5 and Table 1, pp. 7–11; Appendix C, pp. 24–28.
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NVS substantially reduces prefill time

Model Parameters Prefill (s)↓ Render FPS↑

Full attention 284M 16.1 2.3
Perceiver attention 287M 16.8 34.4
LaCT 312M 1.4 38.7

• A100; 48 input images at 512× 512; 196K input tokens.
• Calculated: 11.5× faster prefill and 16.8× rendering throughput versus full attention.
• These are separate phases, not a single end-to-end speedup.

Paper, Table 2, p. 8. Ratios calculated from reported values.
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View quality stays close to full attention
Table 2: Complexities of methods on novel view synthesis w/ n input. Prefill and rendering speed are
measured on A100 with 48 512×512 input images (196K input tokens, 4K decoding tokens).

State Size Prefill Compute Decoding Compute # Params Prefill speed Rendering FPS

Full attention O(n) O(n2) O(n) 284M 16.1 s 2.3 FPS
Perceiver Attention O(1) O(n2) O(1) 287M 16.8 s 34.4 FPS
Ours O(1) O(n) O(1) 312M 1.4 s 38.7 FPS

48 views
48 views

8 views
8 views

GSO 256×256 GSO 512×512 DL3DV 960×536

(a) Object dataset (b) Performance v.s. Prefill speed (c) Scene dataset with 1M tokens

Figure 4: (a, b) our method achieves quality comparable to full-attention models with significantly
lower prefill latency, and it clearly outperforms perceiver-attention baselines. (c) On the high
resolution scene dataset, our approach surpasses LongLRM, limited to 32 views, and outperforms 3D
Gaussian Splatting with sparse views, remaining competitive up to 128 input views (1M total tokens).

Baselines. For object-level evaluation, we use two baselines: a full-attention model and a Perceiver-
style register-attention model [35]. The full-attention baseline replaces TTT layers with block-wise
causal attention layers, enabling bidirectional interaction among input tokens and cross-attention
from novel views. The Perceiver-style baseline compresses input tokens into 4096 registers, decoding
novel views via cross-attention to these registers. For scene-level evaluation, we compare with
LongLRM [36], a state-of-the-art model combining Mamba [12] and full attention for 3D Gaussian
splat predictions, as well as pure optimization-based 3D Gaussian splatting methods. Table 2
summarizes the computational complexities of all models.

Training details. For object dataset, we train all models with 1.25 trillion tokens with progressive
resolutions. For scene dataset, we train our model with 1.8 trillion tokens with progressively higher
resolutions and more views, at a maximal sequence length of 1 million tokens. High-resolution
models are trained with inner-chunk context parallelism (Sec. 3.4). See more details in Sec. C.1.

Results. Experimental results and analysis are presented in Figure 4.

5.2 Language Modeling

Datasets & Metrics. We train our models on the Long-Data-Collections dataset [37], using ap-
proximately 60B tokens from its total 68.8B tokens. For evaluation, we employ the per-token loss
metric from [38], assessing models’ ability to effectively use the full context. A monotonically
decreasing loss indicates successful context utilization, whereas plateauing suggests limited context
usage. Additionally, we report retrieval accuracy [39] at various sequence lengths.

Model details. We remove the window-attention layer from the original the LaCT block, integrating a
sliding window-attention(SWA) layer directly into the Large-Chunk TTT layer. Following GAU [25],
SWA shares Q, K, and V vectors with the fast-weight network, with additional per-channel scaling
and shifting on Q and K. The pseudocode for this design is in Algorithm 2.

Baselines. We compare against full attention, Gated Linear Attention (GLA) [13], DeltaNet [3, 15].
To ensure fairness, we enhance both GLA and DeltaNet with the same sliding window attention.
Based on prior work [38, 40, 41] highlighting the importance of a large RoPE [42] base for long-
context transformer training, we adopt a RoPE base of 1 million for training with 32K token contexts.
Tab. 3 summarize the mechanism and training throughput of all methods.

Training details. We trained models at two scales using a 32768-token sequence length: a 760M-
parameter model trained for 40B tokens with a 2048-token sliding window, and a 3B-parameter
model trained for 60B tokens with a 4096-token sliding window. See more details in Sec. C.2.

8

• GSO, 5122, 48 views: 39.1 dB LaCT vs. 39.3 dB full attention.
• DL3DV: 24.7 to 28.9 dB as input views rise from 16 to 128.
• The million-token result uses posed images, not text retrieval.

Original Fig. 4, p. 8; Tables 5–6, p. 25.
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Language curves show useful long-range memory

Table 3: Comparison of baseline methods in terms of state size, training throughput (measured in
tokens per second, TPS), update rules, and memory read-out mechanisms. Training throughput is
evaluated using a 3B-parameter model with 32K-sequence length on A100-40GB GPUs.

State size Train TPS Update Rule Memory read-out
Transformer – 4.1K – –
Transformer SWA – 6.4K – –

Per-token recurrence
GLA SWA 384d 5.0K St ← St−1Diag(αt) + vtk

⊤
t ot = Stqt

DeltaNet SWA 128d 5.1K St ← St−1(I− βtktk
⊤
t ) + βtvtk

⊤
t ot = Stqt

Large-chunk recurrence
Ours GD 2304d 5.0K W ← L2norm(W −

∑b
i ηi∇WLi) ot = fW (qt)

Ours Momentum 2304d 4.9K M ← βM +
∑b

i ηi∇WLi; W ← L2norm(W −M) ot = fW (qt)

Ours Muon 2304d 4.3K M ← βM +
∑b

i ηi∇WLi; W ← L2norm(W −Muon(M)) ot = fW (qt)

Transformer Transformer SWA GLA SWA DeltaNet SWA Ours MuonOurs Momentum

(a) 760M Validation loss (b) 760M S-NIAH-1 (c) 3B Validaiton loss (d) 3B S-NIAH-2

Figure 5: Language Model results. (a, c) Our model achieves lower per-position loss at larger token
indices compared to GLA and DeltaNet at both 760M and 3B scale, indicating stronger long-context
modeling capability. (b, d) Our model consistently outperforms GLA and DeltaNet in retrieval
accuracy. Furthermore, our Muon variant consistently outperforms our Momentum variant.

Results. Please refer to Fig. 5 for experiment results and analysis. See more results in Sec. C.2.

5.3 Autoregressive Video Diffusion

We fine-tune the pretrained Wan 2.1 [43] text-to-video diffusion model into an autoregressive video
diffusion model. Specifically, we replace all bidirectional attention layers with our LaCT layers
combined with sliding window attention. The sliding window attention uses a window size spanning
two autoregressive chunks.

Datasets. We fine-tune the model using an internal, filtered proprietary collection of videos, each
accompanied by a short text prompt generated by a visual language model.

Training details. Following [44, 43], we employ time-step shifting and denoising loss weighting
using a logit-normal distribution. we train on 5-second videos at 16 FPS and 480×832 resolution,
autoregressively denoising in 3 latent-frame chunks. Later we fine-tune the 1.3 billion parameter
model with 10 second videos and 14 billion parameter model with 8.8 second videos. Each 8.8-second
clip contains 56,160 visual tokens, resulting in interleaved noisy-clean chunks totaling 107K tokens
under teacher-forcing training. We use sequence parallelism for MLP layers and tensor parallelism
(sharding heads across devices) for TTT and window attention layers. Full details are listed in
Sec. C.3.

Baselines. We compare our method against three baselines: sliding window attention (SWA) alone,
Mamba2 [23] combined with SWA (using a similar parallel combination strategy as our method), and
full block-wise causal attention.

Evaluation. We evaluate all models on a collection of 2,000 videos after 5,000 training iterations
by computing the denoising loss at five timesteps (550, 650, 750, 850, 950). Figure 6 plots the

9

• Lower later-position loss than GLA/DeltaNet in the reported settings.
• Selected retrieval curves favor LaCT Muon.
• The complete appendix tables reveal important failure cases.

Original Fig. 5, p. 9; full retrieval results in Tables 8–9, p. 27.

16 / 24



Complex retrieval remains far below full attention

3B model, 32K context Single-needle avg. Multi-needle avg.

Transformer 91.2 43.0
GLA + SWA 13.3 11.7
DeltaNet + SWA 28.4 14.8
LaCT Momentum 40.6 14.2
LaCT Muon 48.0 21.2

• Accuracy in percent; higher is better.
• Single-needle gain vs. DeltaNet: +19.6 percentage points.
• Gap to Transformer: 43.2 points. Muon is not best in every table cell.

Paper, Tables 8–9, p. 27. Averages use the three reported tasks in each group.
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Capacity improves without becoming the fastest model

Model Tokens/s/GPU State elements/block

Transformer 4.1K —
Transformer SWA 6.4K —
GLA SWA 5.0K 384d
DeltaNet SWA 5.1K 128d
LaCT Momentum 4.9K 2304d
LaCT Muon 4.3K 2304d

• 3B, 32K, d = 3072; 8 A100-40GB GPUs, FSDP and checkpointing.
• LaCT has 6× GLA / 18× DeltaNet fast-weight state.

Paper, Table 3, p. 9; Appendix C.2 and Table 7, p. 26.
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Video loss supports memory utility within trained lengths

Transformer OursMamba SWATransformer SWA

6 frames per window

4 frames per window

(a) Comparison with baselines (b) Ablate on window size (c) Eval on longer videos

Figure 6: (a) We achieve comparable validation loss to the full-attention baseline and outperform
both Mamba with sliding window and sliding window attention baselines. This improvement over
SWA is consistent across different window sizes (b) and when evaluating on longer videos (c).

chunk-wise denoising loss across evaluated video frames. We only measure validation loss up to
training sequence length. See project website for our autoregressively generated videos 2.

5.4 Analysis on Design Choices

In this section, we analyze several key design choices in our model, focusing on both the novel
view synthesis and language modeling tasks, where good metrics exist. Specifically, we evaluate
the impact of state size (Fig. 7a), test-time optimizers (Fig. 7b), linear versus nonlinear fast weights
(Fig. 8a), and per-token recurrence versus chunk-wise recurrence (Fig. 8b). Overall, we find that a
large state size, advanced optimizers such as Muon, and nonlinear fast weights significantly improve
our model’s performance. For comparing chunk recurrence with per-token recurrence, in a controlled
NVS experiment, our linear large-chunk recurrence strategy outperforms linear per-token recurrence
with the same state size. For language modeling, where chunk structures are not inherent, our linear
large-chunk recurrence variant—while initially underperforming per-token methods like GLA and
DeltaNet—surpasses them when combined with a large nonlinear state and the Muon optimizer. We
refer the readers to each figure and its caption for more detailed analysis.

1.5𝑑! 3𝑑! 6𝑑! 12𝑑!0.75𝑑!0.375𝑑! Momentum MuonVanilla Gradient Descent

novel view synthesis language model novel view synthesis language model

(a) State Size Scaling (b) Different Test-Time optimizer

Figure 7: (a) Scaling up the state size consistently improves performance in both novel view synthesis
and language modeling tasks. Note, the largest version has state size of 12d2 per block, totaling
40% of model weights as fast weights. (b) Comparison of test-time optimizers demonstrates Muon’s
surprising effectiveness over Vanilla Gradient Descent and Momentum.

State size scaling. These controlled experiments utilize a SwiGLU MLP for fast weights and the
Muon as the test-time optimizer. For NVS, experiments were conducted on the object dataset. All
models were trained for 167B tokens, using 14 stacked blocks and a model dimension d = 768.
To change the state size, we keep the head dimension fixed as model dimension. i.e. single head,
and vary the intermediate dimension of SwiGLU MLP, such that the intermediate dimension ranges
from 192 to 3072. The largest configuration results in a state size per model block as 12d2, totaling

2See video results in project website: https://tianyuanzhang.com/projects/ttt-done-right/
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• Comparable to full block-causal attention; better than SWA/Mamba+SWA.
• Longer-video evaluation follows longer-video fine-tuning.
• 14B: 56,160 visual tokens; about 107K interleaved training tokens.

Original Fig. 6, p. 10; Appendix C.3, pp. 27–28. No zero-shot length extrapolation claim.
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The ablations support the combined design

SwiGLU MLP 6𝑑!
Linear 9𝑑!

Ours SwiGLU + Large State + Muon
Ours Linear

DeltaNet SWA
GLA SWAMamba2

SwiGLU MLP 0.375𝑑!
Linear 0.5𝑑!

novel view synthesis language model novel view synthesis language model

(a) Linear v.s. NonLinear Fast weight (b) Large-Chunk v.s. Per-token Recurrence

Figure 8: (a) Nonlinear fast weights consistently outperform linear fast weights despite using smaller
state sizes. (b) Our linear large-chunk recurrence approach significantly outperforms linear per-token
recurrence (bidirectional Mamba2) for view synthesis tasks at the same state sizes. In language
tasks, linear large-chunk recurrence of the same state size underperforms the GLA baseline, but
when combined with larger nonlinear states and Muon test-time optimizer, it surpasses all per-token
recurrence methods.

40% of model weights as fast weights. For the language model experiments, we use the 760 milion
parameter setup, where the chunk size and sliding window attention (SWA) window size were set
to 2048 tokens. We keep the intermediate dimension of the fast weight SwiGLU MLP the same as
the head dimension. We increase the state size while proportionally decreasing the number of heads
to maintain a fixed model dimension. Figure 7(a) demonstrates that larger state sizes consistently
improve performance. Notably, the performance gap between small and large state sizes widens with
increasing sequence length.

Test-Time optimizer comparison. We compare Muon with vanilla Gradient Descent (GD) and
GD with momentum. Details on momentum implementation are in Appendix A. For NVS, we
train all compared approaches for 671 tokens using model specs of 24 stacked blocks with model
dimension of 768. Language modeling experiments used the 760M parameter setup. Figure 7(b)
shows Muon consistently outperforming other optimizers.

Linear v.s. NonLinear fast weight. Our default fast weight function is a SwiGLU MLP without
bias terms (nonlinear). We compare this against a simple linear fast weight, fW (x) = Wx. Both are
updated using the same online dot product loss for key-value association. Figure 8 (a) presents this
comparison for NVS and language modeling. Although the linear fast weights were configured with
a larger state size than the nonlinear SwiGLU, they achieved lower performance. NVS models were
trained for 671B tokens with 24 blocks and d = 768. Language modeling used the 760M parameter
setup.

Large-chunk v.s. Per-token recurrence. Figure 8(b) presents controlled experiments comparing
our large-chunk recurrence with per-token recurrence. In the novel view synthesis (NVS) task, “Our
Linear" variant employs a linear fast weight: fW (x) = Wx and is benchmarked against a Mamba-2
baseline (a linear per-token recurrence model) with an identical state size. To accommodate the
bidirectional context required by NVS over input image tokens, the Mamba-2 baseline uses two
Mamba-2 layers applied in opposite directions within each model block. Both our linear variant and
this bidirectional Mamba-2 have state size of d2 per block. Both of these two approaches employs
a per-image window attention within each model block. Under this fair comparison, our linear
large-chunk recurrence achieves significantly better view synthesis performance.

For the language modeling experiments also shown in Figure 8(b), the blue line “Our Linear"
variant uses the same state size (0.25d2) as the GLA SWA baseline. It initially underperforms GLA
SWA (blue line underperforms yellow line), likely because language data lacks the inherent chunk
structures that benefit our basic linear chunk recurrence. However, when LaCT is equipped with
a larger non-linear state (1.5d2) and Muon updates, we significantly outperform these per-token
recurrence baselines.

11

• Nonlinear memory beats larger linear memory in these comparisons.
• Equal-state linear large chunks help NVS, but underperform GLA in language.
• The winning language variant also adds larger state and Muon.

Original Fig. 8, p. 11; state/optimizer analysis in Fig. 7, p. 10.
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Interpret state size using actual matrix dimensions

S = 3nhh2r =
3rd2

nh
, FLOPswrite+read ≈ 6nS .

• nh: head count; d = nhh; n: tokens; r : hidden-width multiplier. Three matrices and
nine main matmuls.
• NVS default: 6d2 per block; about 84M fast weights in 312M parameters.
• The 40% state/parameter ratio is a larger-state configuration.
• Momentum, attention cache, activations and Muon cost are additional.

Derivation from Eq. (6), p. 4 and Algorithm 1, p. 19; Appendix A, p. 18 has notation errors.
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The evidence has clear boundaries

• NVS requires camera poses; unposed reconstruction is untested.
• Language reasoning and much larger language models are untested.
• Fixed-size memory still loses retrieval detail; no unlimited-capacity guarantee.
• Video uses proprietary data and denoising loss rather than a complete perceptual

evaluation.
• Q/K rotation invariance is absent in the proposed fast-weight branch.

Paper, Sec. 7, p. 13; reader analysis based on Tables 8–9, p. 27.
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Take away the design principle, with its conditions

Main idea
Amortize memory writes over large chunks, spend the resulting efficiency on expressive
state, and preserve local structure with attention.

• Strong evidence for an NVS quality–speed tradeoff.
• Useful language/video results, with task-dependent limitations.
• Open question: how does the tradeoff change at matched total compute and peak

memory?
Paper, Sec. 8, p. 13. Final question is a discussion prompt, not a paper result.
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Source and reading scope

Tianyuan Zhang, Sai Bi, Yicong Hong, Kai Zhang, Fujun Luan, Songlin Yang,
Kalyan Sunkavalli, William T. Freeman, Hao Tan.

Test-Time Training Done Right. arXiv:2505.23884v1, 2025.
https://arxiv.org/abs/2505.23884v1

Read: full paper and Appendices A–F; same-version author TeX and PDF.

Figures are cropped from the original PDF. Tables select reported values. Interpretations
and derived ratios are identified. No experimental reproduction or project-video
assessment was performed.
Prepared as a research-group paper discussion, approximately 25–30 minutes.
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