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Abstract

Multi-turn novel view synthesis generates a scene
one target view at a time, making it a useful
testbed for reliable long-horizon video genera-
tion. Current memory-augmented systems main-
tain persistent state by retrieving past views and
feeding their dense tokens to the denoiser, which
makes the conditioning interface grow linearly
with retrieval size. We ask how small that inter-
face can be when compression is optimized for
the behavior that retrieved memory induces in the
generator. We show this with BankCodec, which
jointly reads retrieved views with learned queries
and emits a fixed-rate compact bank trained di-
rectly through the generator’s flow-matching loss.
On the Memory-V2V benchmark, BankCodec ex-
poses only 42 denoiser-facing memory tokens in
place of the 16,380 retrieved-memory tokens used
by uncompressed Memory-V2V, while preserving
camera, subject, image quality, temporal flicker,
and motion-smoothness metrics. It remains com-
petitive with a 126-token local codec, while lo-
cal streams retain better cross-view consistency.
BankCodec thus turns a growing memory stream
into a compact scene-level state and identifies the
regimes where local correspondence cues remain
useful. ©

1. Introduction

Multi-turn novel view synthesis (NVS) generates a cam-
era path one target view at a time. Each target view is
denoised independently, yet the sequence should preserve
subject identity, scene layout, and camera behavior across
turns. Memory-V2V (Lee et al., 2026) caches generations,
retrieves views overlapping the next target camera, and feeds
their tokens back as conditioning.
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Figure 1. Retrieved-memory conditioning-token cost versus the
number of retrieved memories k. BankCodec uses a fixed-rate
compact bank: with bank rate M =2 and 21 latent frames in our
setup, it emits 42 memory-conditioning tokens regardless of re-
trieval size. In contrast, uncompressed Memory-V2V and local
per-memory compression both grow with the number of retrieved
views.

Retrieval answers which past views to use. We study the
complementary question: how small can the retrieved-
memory conditioning interface be? Dense retrieved-view
tokens are expensive and scale with retrieval size, but they
matter only through the behavior they induce in the genera-
tor. We therefore treat compression as a behavioral problem:
the compact bank should make the generator respond as if
it had seen the retrieved memories, without carrying their
dense token sequences.

This makes multi-turn NVS a controlled testbed for a
broader long-horizon video question: what persistent state
should a generator carry forward under a fixed memory bud-
get? The camera trajectory gives an explicit control signal,
the retrieved views provide the persistent state, and failures
appear as camera drift, identity drift, or cross-view incon-
sistency. We introduce BankCodec, a compressor that maps
retrieved views into a fixed-rate compact bank whose rate
directly controls how many memory-conditioning tokens
the generator sees. For each latent frame, learned queries
jointly read all retrieved memories; the resulting bank is
trained through the generator’s rectified flow-matching ob-
jective (Liu et al., 2023). This joint read exploits redundancy
across memories that observe the same subject, appearance,
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and scene layout, representing shared state once rather than
repeating it in separate memory streams. We evaluate how
far this interface can be compressed, where it matches a
learned local per-memory codec, and where preserving lo-
cality remains valuable.

Our contributions can be summarized as follows:

* Behavioral compression. We study retrieved-memory
compression as preserving the denoising behavior induced
by retrieved views.

» Compact banks. We introduce BankCodec, which jointly
reads all retrieved views into a fixed-rate bank and trains
directly through the generator’s flow-matching loss.

* Aggressive token reduction. We show that 42 denoiser-
facing BankCodec tokens retain the camera, subject, im-
age quality, temporal flicker, and motion-smoothness be-
havior of the 16,380 retrieved-memory tokens used by
uncompressed Memory-V2V, while remaining competi-
tive with a 126-token learned local codec.

* Joint-local tradeoff. We identify where compact scene-
level banks are sufficient and where local correspondence
cues still matter: local per-memory compression retains
an advantage in pairwise cross-view consistency.

2. BankCodec

At one generation turn, Memory-V2V retrieves k previously
generated views whose cameras overlap the target view,
tokenizes them, appends their tokens to the conditioning
sequence, denoises the new target view, and stores it back in
memory. BankCodec encodes the retrieved-memory tokens
into a compact bank and appends that bank through Memory-
V2V’s token-conditioning interface.

Let X; 2 RF S D be the tokenized i-th memory, with F
latent frames, .S spatial tokens per frame, and hidden width
D; Xi.f denotes frame f. BankCodec has a learned query
bank QB 2 RM D, shared across samples and applied
independently at each latent frame. For frame f, it concate-
nates the k retrieved memories and uses Q® to read them
through cross-attention:

X¢ = [Xvf;. . Xier), X¢ 2 RKS) D (1)
Bf = Resampler(Xf; QB), Bf2RM P (2
B=|[By,...,Bg]2RFM D 3)

Here @ supplies the cross-attention queries, while X sup-
plies keys and values:

Resampler(X; Q) = FFN(Q + CrossAttn(Q, X, X)) .

The bank rate is M tokens per latent frame, so memory-
conditioning cost is ¥ M, independent of k. The joint
read represents subject and scene structure shared across
retrieved views while preserving the temporal frame lay-
out expected downstream (Figure 2). Because the learned
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Figure 2. BankCodec reads dense tokens from retrieved views and
exposes a fixed-rate compact bank to the diffusion backbone. The
generator-facing memory size is ' M, independent of retrieval
size.

queries read all retrieved memories for a frame at once, they
must allocate a fixed token budget across redundant and
complementary evidence. Shared appearance and layout
can be represented once in the bank, while view-specific
details compete for the same limited interface.

BankCodec returns B in the layout expected by the existing
token-conditioning interface. We optimize the bank encoder
end-to-end with the base generator’s rectified flow-matching
objective (Liu et al., 2023). With clean target latent =g, noise
e N(,I),t U(0,1),and 2t = (1 t)e + txo, the
Memory-V2V/Wan convention predicts u’ = ¢ . For

non-memory conditioning ¢ and bank tokens B (X),

L ow(#, ) = Ex,outku (zt,t;¢, B (X)) (¢ x0)k3,
so the compact bank is optimized through the same denois-
ing objective that consumes its memory state at generation
time.

3. Experiments

We evaluate on the Memory-V2V (Lee et al., 2026) multi-
turn NVS benchmark: 40 held-out clips, three target tra-
jectories per clip, and k=2 retrieved memories unless
stated otherwise. Metrics are VGGT camera error (Wang
et al., 2025), MEt3R multi-view consistency (Asim et al.,
2025), and VBench-style subject, image, flicker, and mo-
tion scores (Huang et al., 2024). Token counts in the tables
refer to retrieved-memory conditioning tokens consumed
by the denoiser under each pipeline; they exclude target-
view, text, camera, and any pre-compression tokens read
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Table 1. Main Memory-V2V benchmark, k=2. BankCodec M =2
and the local codec K=1 form the matched-budget comparison
at 42 denoiser-side memory-conditioning tokens; local K=3 is
the stronger learned local baseline at 126 tokens. Numerical bolds
mark column-best means. Method-level bootstrap CIs are reported
in Appendix C.

Method Tok. MER" Rot# Trans.# Subj.” Img." Flick." Smooth.”
Memory-V2V 16,380 0374 176 0.064 0.924 0.645 0.977  0.992
Local K=3 126 0376 1.60 0.063 0.927 0.646 0.977  0.993
Local K=1 42 0.379  1.62 0.065 0.927 0.646 0.977  0.992

BankCodec M=2 42 0362 1.58 0.062 0.926 0.647 0.977 0.993
BankCodec M=4 84 0362 1.60 0.062 0.926 0.646 0.977  0.993

by BankCodec or local-codec encoders. The main learned
comparator is a local per-memory codec that applies the
same learned-query compression independently to each re-
trieved memory, emitting F' Kk denoiser-side tokens. We
report method-level bootstrap confidence intervals over the
40 clips (N=10,000 resamples) as an uncertainty audit in
Appendix C. The benchmark, retrieval, training, and metric
protocols are specified in Appendix D.7, Appendix D.5, and
Appendix D.6.

This study is designed to isolate four decisions about com-
pact memory: how far the memory interface can shrink,
what is lost by making memory joint rather than local, which
bank rate is sufficient, and whether the measured behavior
remains stable as retrieval grows.

* RQ1: Compression limit. How much can retrieved-
memory conditioning shrink while preserving down-
stream NVS behavior?

* RQ2: Joint vs. local memory. What is gained and lost
by replacing local memory streams with one joint bank?

¢ RQ3: Bank rate. What is the smallest reliable bank rate?

* RQ4: Retrieval scaling. Do BankCodec scores remain
stable as retrieval grows?

3.1. RQ1: How Much Can We Shrink
Retrieved-Memory Conditioning?

Table 1 shows that, under the same retrieval and evalua-
tion protocol, BankCodec M =2 reduces generator-facing
retrieved-memory conditioning from the 16,380 tokens used
by uncompressed Memory-V2V to 42 bank tokens while re-
taining the measured camera, subject, image quality, flicker,
and motion-smoothness behavior. The metric that changes
most clearly is MEt3R, where the compact bank is below
both uncompressed Memory-V2V and the local codecs.

Retrieved-memory conditioning is highly compressible
when it is learned for the behavior induced in the generator.
In this benchmark, the interface shrinks to 42 denoiser-side
tokens without losing the measured camera and percep-
tual/temporal behavior; pairwise cross-view consistency is
the visible boundary. Method-level uncertainty is reported

in Appendix C; the token layout and evaluation protocol are
in Appendix D.2 and Appendix D.7.

Key insight 1

Retrieved-memory tokens are highly compressible as
generator state: 42 bank tokens preserve the measured
camera and perceptual/temporal behavior, while MEt3R
reveals the remaining cost in pairwise cross-view con-
sistency.

3.2. RQ2: What Changes When the Bank Is Joint
Instead of Local?

Table 2 shows that, at a matched 42-token budget,
BankCodec and the local per-memory codec remain close
on rotation, translation, subject consistency, image quality,
temporal flicker, and motion smoothness. The consistent
difference is MEt3R: the local codec is higher in both the
end-to-end and frozen-backbone regimes. Table 1 shows
the same pattern when the local codec is given a larger
126-token budget.

Table 2. Matched-budget comparison at 42 memory-conditioning
tokens. The frozen regime keeps the Memory-V2V backbone fixed
and trains only the compressor. Method-level uncertainty for the
end-to-end benchmark rows is reported in Appendix C.

Regime Method Tokens MEt3R" RotErr # TransErr#
End-to-end Local K=1 42 0.379 1.62 0.065
End-to-end BankCodec M=2 42 0.362 1.58 0.062
Frozen Local K=1 42 0.378 1.70 0.067
Frozen BankCodec M=2 42 0.356 1.66 0.061

The joint bank is a compact scene-level state: it represents
shared information once and keeps generator-facing cost
fixed. The local codec keeps separate streams for each re-
trieved memory, preserving more pairwise correspondence
and improving the consistency measured by MEt3R. Com-
pact banks are attractive when fixed generator-side memory
is the priority, while local streams remain valuable when
correspondence is the bottleneck. The frozen-backbone con-
trol is detailed in Appendix E; the local codec is specified
in Appendix D .4.

Key insight 2

Joint banks and local streams preserve different infor-
mation: the joint bank stores shared scene state at fixed
cost, while local streams keep pairwise correspondence
cues that improve MEt3R, even with the backbone
frozen.
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Table 3. Bank-rate selection by coarse-teacher drift. M =2 is the
smallest point on the saturated part of the curve: it matches M =4
while using half as many denoiser-side memory-conditioning to-
kens. The full sweep protocol is in Appendix F.

M Tokens Cosine" Rel. error#
1 21 0.992 0.127
2 42 0.994 0.108
4 84 0.994 0.108
8 168 0.993 0.118
12 252 0.993 0.116
16 336 0.982 0.180

3.3. RQ3: What Is the Smallest Reliable Bank Rate?

Table 3 shows the rate-selection evidence for choosing the
smallest bank that preserves the downstream behavior from
RQI1 and lies on the saturated part of the coarse-teacher drift
curve. M=1 is below that point, while M =2 and M =4
reach the best teacher-relative drift values; larger banks
spend additional tokens without improving teacher tracking
under this training recipe.

M =2 is the smallest reliable operating point. M =1 is use-
ful as a lower-rate stress test, but it loses broader behavioral
signal; larger banks mostly spend additional tokens without
improving the measured NVS behavior under this training
recipe. Two supporting diagnostics test whether this 42-
token state is merely under-optimized or actually near a
useful rate. Per-sample test-time optimization asks whether
direct optimization of the bank tokens can find a better state
for each example; it reduces flow-matching loss by only
0.07%. Linear probes ask whether the compact state still
carries scene information; scene identity, focal group, and
camera position remain recoverable from the bank. The rate
sweep, test-time optimization, probing, and frozen lower-
bound protocols are detailed in Appendix F, Appendix G,
Appendix H, and Appendix E.

Key insight 3

M=2 is the smallest reliable bank rate: M =1 loses
behavioral signal, while larger banks match the coarse
teacher no better and do not improve the measured
NVS metrics enough to justify extra tokens.

3.4. RQ4: Do BankCodec Scores Stay Stable as
Retrieval Grows?

Table 4 asks whether BankCodec’s scores change as the
retriever supplies more memories. Across k 2 2, 4,6, 89,
including k=8 beyond the k 2 [2,6] training range,
BankCodec stays nearly flat: MEt3R remains 0.361-0.362,
RotErr remains 1.58-1.60 , and TransErr remains 0.062—

0.065. The local codec is also stable and remains higher on
ME(3R and slightly lower on the TransErr range, consistent
with the correspondence advantage from RQ2. BankCodec
is better on the RotErr range while exposing the same 42
generator-facing memory tokens throughout the sweep.

Table 4. Retrieval-scaling summary over k 2 2,4, 6, 89. Brack-
ets show the observed metric range across the sweep. BankCodec’s
scores stay nearly flat as retrieval grows; local remains higher on
ME(3R and slightly lower on TransErr. Full per-k rows are in
Appendix L.

Method Tokens, k=2 ¥ 8

Local K=3 126 ¥ 504
BankCodec M =2 42 1 42

ME3R" RotErr # TransErr#

[0.376,0.377] [1.60,1.63] [0.061,0.063]
[0.361,0.362] [1.58,1.60] [0.062,0.065]

The result is not that more retrieved memories improve
the compact bank, but that they do not destabilize it. The
same local-vs-joint tradeoff remains visible throughout the
sweep: local streams preserve stronger pairwise consistency,
while the bank preserves stable camera behavior with a fixed
denoiser-side interface. Full per-k rows and the scaling
protocol are in Appendix L.

Key insight 4

BankCodec’s scores are stable as retrieval grows: in-
creasing k from 2 to 8 leaves MEt3R, RotErr, and
TransErr nearly flat, while the local codec preserves its
MEt3R/TransErr advantage at linearly growing token
cost.

4. Conclusion

BankCodec shows how small retrieved-memory condition-
ing can become in this setting: 42 denoiser-side bank to-
kens preserve the measured camera, subject, image quality,
flicker, and motion-smoothness behavior of Memory-V2V’s
16,380-token retrieved-memory branch, while remaining
competitive with a 126-token learned local baseline and
keeping cost fixed as retrieval grows. The result supports
a simple design principle: retrieved memories should be
compressed for the behavior they induce in the generator.

The remaining boundary is pairwise cross-view consistency:
the joint bank trades some local correspondence for fixed-
rate scene state, which is precisely the pattern suggested
by the MEt3R gap. BankCodec is therefore most attractive
when the priority is a compact persistent state with fixed
generator-facing cost. Tasks that depend on explicit view-
to-view matching may still need local streams, or hybrid
local-global interfaces that keep a small scene-level bank
while preserving selected correspondence cues.
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A. Qualitative Examples

This section provides qualitative support for the over-provisioning thesis through paired comparisons drawn from the same
Memory-V2V multi-turn NVS benchmark used for every quantitative result in the paper. Examples are selected by explicit
criteria, not visual cherry-picking. The selection script and the chosen clip ids are saved alongside the benchmark outputs in
results/bankcodec/qualitative _selection.json.

Method comparison (Figure 3). Three scenes are shown across the four interfaces compared in the paper: uncompressed
Memory-V2V (16;380tokens), local per-memorig=1 (42tokens, matched budget), BankCodés2 (42tokens, ours),

and local per-memori{=3 (126tokens,3 budget). The leftmost column is the ground-truth target view at the same
trajectory and frame indices, providing a direct reference. The three scenes are sampled at the cohort median MEt3R
(averaged across the four methods) so that each row is a representative scene rather than a hand-picked best case. Each
cell shows two frames from the same trajectory (early, fra@date, frame70) so the reader can also assess temporal
persistence. The visual takeaway matches the bootstrap evided@ipkéens, BankCodec preserves subject identity, object

layout, and scene structure as well as the much larger uncompressed Memory-V2V interface3anthtiger local codec.

Figure 3. Method comparison &t2 on the Memory-V2V multi-turn NVS benchmark. Each row is one held-out clip selected at the
cohort median MEt3R (representative scene); columns are the ground-truth target view at the same trajectory and frame indices, then the
four methods. Each cell stacks an early frarh® @bove a late framerQ) from the same generated trajectory. The reader is invited to
inspect: subject identity preservation across rows, object layout (truck and shipping containers in row 1; person and stage in row 2; alley
structure in row 3), and temporal persistence between the early and late frame within each cell.

Bank-rate sweep (Figure 4). A second gure visualizes thé-sweep that brackets the operating point in Table 3A. We
pick two scenes where BankCodEl=2 leadsM=1 on the VBench-style behavioral metrics by the largest amount in
the benchmark, so any visual signature of the sub-saturistioh regime should be visible. The columns Mel (21
tokens, below saturationy]=2 (42tokens, ours), antl=4 (84tokens, in the saturation plateau). The visual nding is
consistent with the quantitative on#=1 is plausible but a little less clean on the foreground subjectkihag , while

M=2 andM=4 are visually indistinguishable, matching the drift saturation in Appendix F and the per-metric bootstrap Cls
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in Appendix C. The gure supports the choiceldf=2 as the smallest joint bank rate at which both behavioral metrics and
visual outputs stabilize.

Figure 4. Bank-rate sweep: BankCodde1 , M=2 , M=4 on two rate-sensitivity clips selected by larghbt2 -overM=1 gap on the
VBench-style behavioral metrics. Each cell stacks an early fraf)eapove a late framerQ) from the same trajectory. The reader is
invited to inspect whether identity and scene layout degrade visibly as the bank rate drops below sakiretio2 tokens) or improve
as the rate doubles past saturatibh=4 , 84 tokens). The visual signature matches the drift bracket in TablévBAL is plausible but
cleaner at M=2, while M=2 and M=4 are visually indistinguishable from each other.

Out-of-distribution generalization (Figure 5). The benchmark in the main paper uses the synthetic Memory-V2V
multi-turn NVS protocol. To check that the over-provisioning behavior also holds on real-world video, we generate target
views on the OpenVid-1M proxy benchmark with the same checkpoints used throughout the paper. OpenVid clips are
single-camera — no second-camera ground-truth view exists — so the comparison is method-vs-method on the source
video. The source-video column and the generated columns are at different camera trajectories by construction: the source
column shows the input clip at its own original camera, while each generated column is the corresponding method's output
at a novel target trajectory chosen by the benchmark protocol. The framing and subject position therefore differ between
the source and the generated columns. The reader should compare across the three generated columns (which share the
same target trajectory and frame indices) for the over-provisioning argument, and treat the source column as a content
reference rather than a per-pixel target. We pick three clips spanning content categories (human / scene / object) at the
highest aesthetic-score within each category to ensure visual quality, with no selection by output appearance. The columns
are the source video, then the three interfaces directly relevant to the over-provisioning thesis: uncompressed Memory-V2V
(16;380tokens), BankCodem =2 (42tokens, ours), and local per-memdfy3 (126tokens). The visual nding extends

the on-distribution result: BankCodec4f tokens preserves subject identity, scene structure, and object geometry as well as
the much larger uncompressed Memory-V2V interface an@th&rger local codec on real-world video drawn from a
distribution disjoint from training.



