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Learns to Maintain Running Scene State

La
be

ls
 /

Ju
dg

e
S

el
f-

Ev
ol

ut
io

n
S

pa
ti

al
-

Pr
iv

ile
ge

T
em

po
ra

l
S

S
L

How many objects are there?

Ground-Truth
Labels

External
Judge

Optimizes
Consistency over

Correctness

How many objects are there?

Only Spatial
Knowledge

No Temporal
Information

Teacher View
(Crop/Zoom)

5Predicted
Answer 5 7 4

Shuffle Reverse Fast/Slow
Learns Temporal
Transformations

Can’t Maintain
Running State

Q: There is first a water-pouring phase and then a separate espresso-pouring phase. A cup counts as successful 
only if it receives both water in first phase and espresso in second phase. How many cups were successful?

Q: The video first shows an initial central block structure. Then the camera keeps moving while a robot hand 
makes several add/remove attempts. After all actions finish, how many blocks remain in the central structure?
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Figure 1. S3T uses temporal sampling density as self-supervision for visual state tracking. Prior methods (top left) either rely on
external supervision or do not directly learn this capability. Reinforcement learning needs labels or an external judge, self-evolving methods
reward consistency rather than correctness, frame-based privileged-view distillation uses spatial crops without temporal information, and
temporal self-supervision focuses on shuffle, reversal, or speed rather than running state. S3T (top right) instead distills a denser-view
teacher into a sparse-view student with the same frozen weights, using only a self-generated target and no labels, judge, or separate model,
so it learns to maintain counts and scene states as objects are added, removed, or recoloured. Qualitative examples (bottom) test this on
two VSTAT [57] (CC BY 4.0) clips by asking each item’s question independently on the first 25, 50, 75, and 100% of the video: S3T
converges on the correct running state early and holds it, while baselines keep revising their answer as more of the clip is revealed.

Abstract

Video Large Language Models (Video-LLMs) answer com-001
plex questions about dynamic scenes but still struggle to002
maintain visual state over time. Accurate counting and state003

tracking require accumulating evidence as objects appear, 004
disappear, move, or become occluded. Existing methods 005
either do not explicitly optimize this capability or depend 006
on external supervision like ground-truth answers or better- 007
capable bigger models. We introduce S3T (Self-Supervised 008
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Self-Distillation over Time), which, to the best of our knowl-009
edge, is the first fully self-contained framework for contin-010
uous state tracking in video. Our method treats temporal011
sampling density as privileged information, based on the012
hypothesis that a denser view of the same clip provides013
a more reliable estimate of the running state. This view014
serves as the teacher, while a sparse-view student with the015
same frozen weights learns to match its next-token distribu-016
tion. The target is generated by the model itself, so train-017
ing requires no labels, separate teacher, or reward signal,018
and adds no inference cost. On LLaVA-OneVision-2-8B,019
S3T improves VSTAT by +2.70, while prior self-evolving020
methods leave state tracking largely unchanged. The ca-021
pability learned from unlabeled synthetic clips transfers to022
real videos, improving performance by +7.95 on web-video023
counting questions and +4.50 on MVBench Action Count.024
Our code and models will be released.025

1. Introduction026

Recent progress in Video Large Language Models (Video-027
LLMs) models has improved multimodal reasoning and028
enabled complex question answering over dynamic visual029
content [9, 48, 61, 62]. However, visual state tracking re-030
mains a major limitation, as models must maintain accurate031
running counts and scene states while objects are added, re-032
moved, moved, or occluded over time [7, 54]. VSTAT [57]033
is a benchmark designed to test this cumulative state reason-034
ing, and it shows that human performance reaches 90.5%,035
while the strongest open-source models score only 34–036
35%. A likely reason is that existing training objectives,037
whether supervised fine-tuning for single-answer correct-038
ness [29, 34, 35, 46] or contrastive alignment of video–text039
pairs [15, 18, 53, 55], do not require models to accumulate040
evidence across the full clip. VSTAT also notes that current041
benchmarks focus mainly on action recognition and mo-042
ment localization, leaving cumulative state tracking weakly043
represented in the training signal [3, 47, 56].044

Reinforcement learning with verifiable rewards im-045
proves video reasoning but depends on ground-truth labels046
or expensive judge models [31, 32, 60, 65]. Self-distillation047
aims to reduce this dependence by using model’s own out-048
puts as supervision [13, 43]. However, the only prior049
self-distillation method for video reasoning, VISD, still re-050
quires ground-truth labels and a judge model [22]. Recent051
self-evolving frameworks [12, 14, 59, 63] use a model’s052
own outputs through questioner–solver co-evolution or053
proposer–solver agent coupling, but target general reason-054
ing or temporal grounding, which focuses on event local-055
ization rather than maintaining a running visual state.056

We present S3T (Self-Supervised Self-Distillation over057
Time), the first fully self-contained self-distillation frame-058
work for improving continuous state tracking in videos059

without external supervision. The central idea is to use 060
temporal sampling density as privileged information. We 061
hypothesize that a denser sampling of the same sequence 062
provides more evidence about the running scene state, such 063
as object counts through occlusion, than a sparse sampling, 064
while requiring no labels or annotations. Framed under a 065
learning-under-privileged-information (LUPI) [25, 42] per- 066
spective, S3T uses this denser view as a teacher and dis- 067
tills its next-token distribution into the sparse-view stu- 068
dent, using only the model’s self-generated outputs. Our 069
method requires no labels, separate teacher network, reward 070
model, or tracker (see Fig. 1). S3T improves VSTAT ac- 071
curacy from 34.74 to 37.44 (+2.70), with gains concen- 072
trated on cumulative-state axes, including Count (+4.9), 073
Atomic (+5.1), and Sequence (+5.8). These gains trans- 074
fer to real videos, improving VSTAT-YouTube cumulative- 075
state questions by +7.95 and MVBench Action Count by 076
+4.50, while maintaining general video-understanding per- 077
formance. 078

To summarize, our contributions are: 079

• We introduce temporal sampling density as privileged in- 080
formation for self-distillation in Video-LLMs, enabling 081
supervision from unlabeled videos without external an- 082
notations or reward models. 083

• We propose S3T, the first fully self-contained self- 084
distillation framework for Video-LLMs that improves 085
cumulative-state reasoning while preserving general 086
video-understanding performance. 087

• We show the capability learned from unlabelled synthetic 088
clips transfers to real video, improving cumulative-state 089
questions on web video by +7.95 and MVBench Action 090
Count by +4.50, without retraining on real data. 091

2. Related Work 092

Video Understanding and State Tracking. Video-LLMs 093
have progressed from early cross-modal alignment meth- 094
ods [1, 5, 27, 38] to recent systems [23, 28, 37, 64] 095
that extend large language models to video through frame 096
sampling and temporal aggregation. These models sup- 097
port open-ended dialogue [24, 36] and temporal reason- 098
ing [20, 21], but are primarily trained for action recog- 099
nition, moment localization, and video question answer- 100
ing [51, 52]. These tasks generally require identifying the 101
frames that contain the answer rather than maintaining a 102
running scene state throughout a video. Recent benchmarks 103
such as VSTAT [57] make this limitation explicit, with cur- 104
rent open-source VidLLMs achieving only 34–35% on state 105
tracking compared to about 90.5% for humans. Tempo- 106
ral self-supervised objectives such as frame-order predic- 107
tion [16, 30], arrow-of-time classification [33, 49], pace es- 108
timation [6, 45], and masked video modeling [41] learn tem- 109
poral structure from chronology, motion, or missing frames, 110
but they do not require maintaining running counts or evolv- 111
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ing scene states over long sequences and occlusions.112
Self-Distillation and Self-Evolution. Visual represen-113
tations can be learned without human annotations using114
self-generated supervisory signals or privileged informa-115
tion, where additional information is available during train-116
ing but not inference [39, 40, 44]. In image understand-117
ing, CVPD [43] and Vision-OPD [58] exploit privileged118
spatial views, such as high-resolution crops or zooms, to119
improve fine-grained recognition. These methods lever-120
age spatial redundancy but do not address temporal ac-121
cumulation across frames. Recent self-evolving methods122
improve Video-LLMs using model-generated supervision.123
Video-Zero [63], EvoGround [14], and CurEvo [59] op-124
timize objectives for question difficulty, answer consis-125
tency, evidence discovery, or temporal grounding rather126
than cumulative-state tracking. Their self-generated signals127
reward identifying relevant moments or producing consis-128
tent answers, but do not require integrating evidence across129
an entire video to maintain a running scene state. VISD [22]130
is closer to video self-distillation, but relies on ground-truth131
answers, spatio-temporal grounding annotations, and an ex-132
ternal video-aware judge. Thus, to our knowledge, no prior133
method directly targets cumulative-state tracking while re-134
maining fully self-contained.135

3. Method136

Here we present the proposed framework, starting with the137
data, two temporal views, and the distillation objective.138
S3T samples each unlabeled clip at two frame densities and139
lets the denser view teach the sparser one. Both views140
pass through the same frozen model and learn from self-141
generated targets, requiring no labels, separate teacher, re-142
ward model, or tracker, with no inference-time cost.143

3.1. Data144

We train on a fixed set of 300 unlabeled clips from State-145
Gen, our procedural video generator. Each clip is a 512 ×146
512 video at 12 FPS and lasts about 16 seconds, giving147
T = 192 frames. Scenes contain 3–11 near-identical en-148
tities on a textured background and evolve through 3–11149
non-overlapping events sampled from a fixed set of add, re-150
move, move, swap, and recolour operations. Events are at151
least 18 frames apart, while occlusion and global camera152
motion continue throughout the clip (Fig. 2). Because en-153
tities can appear and disappear over time, recovering the154
correct scene state requires information from the full se-155
quence. The clips contain no state annotations, question-156
answer pairs, or captions. The model only receives RGB157
frames, and all supervision comes from its own generated158
outputs (§3.2). We use procedurally generated videos be-159
cause temporal-density distillation needs many clips where160
the observed scene state changes with sampling density,161
which would be expensive to collect and annotate at scale.162
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6 obj -> -rem • +add • recolor • move • -rem • swap • move -> 4 obj

9 obj -> swap • move • recolor • +add • +add • move • +add -> 12 obj

6 obj -> swap • recolor • -rem • +add • move • move • recolor -> 6 obj

7 obj -> swap • recolor • -rem • +add • -rem • move • move -> 6 obj

Event Vocabulary Training Clips

Figure 2. Training data generated by StateGen. Left: The five
event types: add, remove, move, swap, and recolour. Right: Four
example training clips shown at five uniformly spaced time points.
Scenes contain near-identical objects undergoing these events un-
der occlusion and global camera motion. Object counts below
each strip are for visualization only and are not used in training.

StateGen randomly samples entity counts, event counts, and 163
event timings to create clips with different levels of diffi- 164
culty (sampling details given in §4). Although training uses 165
only synthetic videos, S3T transfers to real videos and im- 166
proves cumulative-state tracking on the real-world evalua- 167
tion split (§4.4). 168

3.2. Temporal Self-Distillation 169

Let fθ be the frozen base model with parameters θ, and 170
fθ+ϕ the same model with a trainable low-rank adapter ϕ, 171
so that fθ+ϕ(· | x, k) denotes its next-token distributions 172
from k frames of clip x. 173
Two temporal views. For a clip x decoded to T native 174
frames, a view is a uniform set of k frame indices span- 175
ning the whole clip. The student view samples ks = 12 176
frames and the teacher view samples kt = 24 frames over 177
the same span, so the only difference is temporal density: 178
both cover [0, T − 1] with no crop, window, or sub-span. 179
With more frames, the teacher has a more complete view of 180
how the scene changes over time and can better recover its 181
cumulative state. We treat these additional frames as priv- 182
ileged information: they are available only to the teacher 183
during training, while the student sees the sparse view and 184
carries the gradient (LUPI; [25, 42]). The student thus 185
learns to recover this readout from fewer frames, and §4 186
shows that it transfers to the frame budget used at evalua- 187
tion. Teacher and student use the same weights fθ+ϕ and 188
differ only in the number of input frames; they are not sep- 189
arate networks. The student indices are also not a subset of 190
the teacher’s. The two uniform grids over [0, T − 1] share 191
only their endpoints, so the teacher sees additional temporal 192
evidence rather than a deterministic superset of the student’s 193
frames. The goal is to make the teacher more informative 194
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Figure 3. Overview of S3T. (Left) We uniformly sample the clip at two densities: 12 frames for the sparse view and 24 for the dense view.
(Right) A frozen video-language model with a trainable LoRA adapter processes the same fixed state question q in three roles: the Student
on the sparse view, the Teacher on the dense view, and the Reference on the sparse view with the adapter disabled. All three score the same
self-generated answer, yielding next-token distributions pS , pT , pR. The loss L = dpos + βdref pulls the Student toward the Teacher via
dpos=JSD(pT ∥ pS), while dref=JSD(pR ∥ pS) anchors it to the base model, with β set by an adaptive controller. Gradients flow only
through the Student and only the adapter is trained, so the extra teacher frames are used during training but not at inference.

while keeping its readout recoverable from the sparse stu-195
dent view. We study this trade-off in §4.5.196
On-policy, self-generated target. We use a single fixed197
probe question q for every clip and view; the model does198
not generate it, and it is not derived from the clip. It names199
the domain objects and asks for a short description of the200
current state, including which balls are visible, their colors,201
and their count. The model generates only the answer. Be-202
cause q is shared across views, the frame budget is the only203
difference between the teacher and student passes, making204
their answer distributions comparable. Our strongest model205
soups [50] two runs trained with different probes, one ask-206
ing for the full visible state and the other asking a single207
question about what changed. Together, they produce com-208
plementary models that improve performance across ques-209
tion types. Given q, the student greedily decodes its own210
answer on its own sparse view,211

a = arg decode fθ+ϕ( · | x, ks, q ), (1)212

and this single string a becomes the shared teacher-forcing213
target for every view. Let Ta = |a| denote its length. For214
a view at k frames we read the next-token distributions at215
exactly the Ta positions that predict the tokens of a,216

P (k) =
(
p
(k)
1 , . . . , p

(k)
Ta

)
,

p
(k)
j = softmax fθ+ϕ( · | x, k, q, a<j ).

(2)217

All views are therefore scored on the same answer region,218
position by position. Targeting the student’s own greedy219

rollout keeps the objective on-policy because the aligned 220
tokens are exactly those the student emits at inference, mak- 221
ing the distilled readout reachable from the sparse policy. 222
Objective. The model is trained to match the teacher’s next- 223
token distribution while remaining anchored to the base, 224
and both terms use the same token-averaged JSD over the 225
answer region, 226

DJSD

(
P
∥∥Q

)
=

1

Ta

Ta∑
j=1

[
1
2
DKL

(
pj

∥∥mj

)
+ 1

2
DKL

(
qj

∥∥mj

)]
,

mj = 1
2

(
pj + qj

)
,

(3) 227
computed in bits (log2), so each position contributes at most 228
one bit. We use JSD rather than KL because it is sym- 229
metric and bounded on [0, 1], so the objective and its gra- 230
dient stay controlled even when the moving teacher and 231
student momentarily diverge on some tokens. Holding the 232
teacher-student gap fixed, forward and reverse KL yield a 233
roughly 3.8× larger and markedly spikier objective, and a 234
∼ 3.8× larger gradient norm (see Fig. 4). The distillation 235
term moves the student toward the teacher’s reading, 236

dpos = DJSD

(
sg[P (kt)]

∥∥P (ks)
)
, (4) 237

where sg[·] is the stop-gradient, so with the teacher view at 238
kt = 24 frames detached the gradient trains only the student 239
view at ks = 12 frames toward it. The anchor keeps the 240
adapted student within a bounded distance of the base on 241
identical input, 242

dref = DJSD

(
sg[P ref ]

∥∥P (ks)
)
,

P ref = fθ( · | x, ks, q, a ),
(5) 243
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Figure 4. JSD gives a bounded and smoother objective than KL
for the same teacher–student gap. We vary only the distillation
divergence and plot dpos (left) and pre-clip gradient norm (right)
over full training for JSD, forward KL, and reverse KL, averaged
over three seeds. The teacher–student gap is comparable across
runs, with the JSD monitor staying near 0.005, so the differences
come from the divergence choice. Forward and reverse KL turn
the same gap into an objective that is about 3.9× larger and much
spikier, with an average pre-clip gradient norm about 3.9× larger
as well. Both curves use seed-averaged rolling means. Since gra-
dient clipping keeps all runs stable, the difference lies in objective
boundedness and smoothness rather than overall training stability.

where P ref is the base distribution on the student’s own244
sparse view, obtained by disabling ϕ to recover fθ. Because245
dref is a JSD to the base rather than a KL, it inherits the246
same boundedness. The full objective is247

L = dpos + β dref (6)248

with dpos at unit weight and β weighting the anchor.249
A fixed β is sensitive to the chosen value. If it is too250

small, the adapter drifts from the base model and loses gen-251
eral calibration; if it is too large, the adapter fails to absorb252
the teacher’s readout. Hence, we adapt β during training so253
that dref stays near a target κ,254

β ← clip
(
β · exp

(
η · clip(δ, −3, 3)

)
, βmin, βmax

)
,

δ =
dref − κ

κ
,

(7)255
at adaptation rate η. When the student drifts past the set256
point, so that dref > κ, the weight grows and pulls it back,257
and when the student is well anchored it relaxes; the in-258
ner clip caps the per-step move so a single dref spike can-259
not drive β to its bound, and the outer clip keeps it within260
[βmin, βmax]. Thus, the anchoring budget is a controlled261
quantity rather than a hand-tuned coefficient. Algorithm 1262
summarizes one complete S3T training step.263

4. Experiments and Analyses264

Implementation Details. We finetune LLaVA-OV-2-8B [2]265
using LoRA [11]. The base model weights and vision en-266
coder are kept frozen, and only the adapter is updated.267
Our strongest configuration also adapts the vision encoder,268

Algorithm 1 One S3T training step
Require: frozen base fθ , adapter ϕ, probe q, frame counts

ks=12, kt=24, anchor set point κ, rate η, bounds
[βmin, βmax], anchor weight β

1: sample clip x; decode to T frames
2: Vs ← ks uniform frames of x ▷ student view
3: Vt ← kt uniform frames of x ▷ same span, denser
4: a← greedy decode fθ+ϕ(· | Vs, q) ▷ self-generated target
5: P (kt) ← fθ+ϕ(· | Vt, q, a), no grad ▷ teacher
6: P ref ← fθ(· | Vs, q, a), no grad ▷ adapter off
7: P (ks) ← fθ+ϕ(· | Vs, q, a) ▷ student
8: dpos ← DJSD

(
sg[P (kt)] ∥P (ks)

)
9: dref ← DJSD

(
sg[P ref ] ∥P (ks)

)
10: L ← dpos + β dref
11: back-propagate L through ϕ only; clip; step
12: δ ← (dref − κ)/κ
13: β ← clip

(
β e η clip(δ,−3, 3), βmin, βmax

)
▷ anchor

which we report as a separate row throughout. The adapter 269
is applied to the language model’s attention and feed- 270
forward projections with rank r=32, α=64, and dropout 271
0.05; the vision-to-language projector is never adapted, so a 272
frame becomes the same tokens in every view and the views 273
differ only in frame count. We explain why the decoder is 274
the right place for this capacity at the end of §4.5. We train 275
for 3000 steps with one clip per step using AdamW [26], 276
weight decay 0.01, gradient clipping at 1.0, and a learning 277
rate of 1.5× 10−5, on 4×A100 GPUs in bfloat16. The stu- 278
dent view samples 12 frames, while the teacher view sam- 279
ples 24 frames from the same clip. The anchor set point is 280
κ=0.06 with adaptation rate η=0.05, and its weight β starts 281
at 0.05 and is clipped to [10−3, 5]. 282
Baselines and Evaluation. We evaluate on VSTAT [57], a 283
visual state-tracking benchmark with 1,500 questions: 536 284
multiple-choice questions and 964 numerical questions. It 285
includes both procedurally generated and real videos, and 286
its questions cannot be answered from a single keyframe or 287
from the last frame alone. We report the benchmark met- 288
ric, defined as the average of multiple-choice accuracy and 289
mean relative accuracy on numerical questions. Each ques- 290
tion also includes a state element label (Count, Location, 291
Attribute) and a state structure label (Atomic, Sequence, 292
Set, Dictionary), which indicate the aspects of state track- 293
ing being evaluated. We compare against a broad set of 294
open-source video models, self-evolving methods, and es- 295
tablished temporal self-supervised objectives. All models 296
are evaluated under the same protocol for fair comparison. 297

4.1. Main Results 298

Tab. 1a compares S3T against open-source video models, 299
prior self-evolving methods, and our own reproduction of 300
the baseline(s). Visual state tracking improves with no su- 301
pervision beyond the model itself; our baseline improves 302
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State Element State Structure

Method Avg Count Loc. Attr. Atom. Seq. Set Dict

Human Performance [57] 90.5 92.8 89.9 86.4 93.7 77.5 90.0 92.4

Open-source Models
LLaVA-OV-2-8B [2] 35.1 28.3 43.0 40.5 33.5 38.7 46.9 27.3
LLaVA-OV-2-8B (codec) [2] 35.0 28.6 42.0 40.6 33.9 37.0 46.3 27.6
Molmo2-4B [8] 34.4 31.6 39.7 34.5 37.1 33.6 36.7 27.1
Cambrian-S-7B [56] 34.2 33.2 33.6 36.9 34.0 30.6 40.2 32.5
Molmo2-8B [8] 34.0 30.9 37.0 37.0 34.7 36.3 39.1 27.0
Qwen3VL-8B [3] 33.2 30.9 37.0 33.9 32.4 33.3 37.9 31.5
InternVL3.5-2B [47] 31.8 29.6 33.9 34.1 31.7 29.9 36.3 29.9
Cambrian-S-3B [56] 31.8 29.7 32.7 35.0 32.7 31.9 35.1 27.2
VITA-1.5-7B [10] 31.5 25.5 36.3 38.6 29.4 33.0 43.1 26.3
Qwen3VL-4B [3] 31.3 27.0 33.3 37.9 30.4 32.8 39.8 25.8
InternVL3.5-8B [47] 30.6 25.1 33.2 39.2 26.9 33.8 41.8 28.3
Qwen3VL-2B [3] 29.4 29.4 28.2 30.5 32.5 24.9 32.1 23.5
Cambrian-S-1.5B [56] 29.3 26.0 34.1 31.0 28.0 31.0 31.8 29.3
LLaVA-OV-7B [17] 28.6 20.1 34.8 39.4 24.5 30.0 43.8 25.0
LLaVA-OV-0.5B [17] 21.3 14.6 33.9 21.7 19.7 25.8 22.2 20.9

Self-Evolving Methods
Qwen3-VL-4B† [3] 31.43 27.7 33.7 36.6 31.9 32.5 38.5 24.4
Video-Zero-4B† [63] 31.63 27.7 34.5 36.5 32.1 32.3 37.8 25.5

Qwen3-VL-8B† [3] 34.11 32.6 37.8 33.4 35.0 33.1 37.1 30.4
Video-Zero-8B† [63] 33.89 32.0 37.2 34.3 34.1 35.5 38.3 29.1

Qwen2.5-VL-7B† [4] 31.84 25.2 37.4 39.5 28.8 39.4 41.6 26.2
EvoGround† [14] 32.66 26.7 36.6 40.6 29.7 39.5 42.9 27.0

Ours
LLaVA-OV-2-8B† 34.74 27.7 42.0 41.4 32.6 37.0 48.6 27.4
S3T (SFT teacher) 34.45 26.0 42.2 43.6 30.9 38.0 50.9 27.5
S3T 36.48 30.4 41.7 43.3 35.2 39.4 47.8 28.8
S3T (soup) 37.12 32.4 40.7 43.0 37.2 41.4 44.9 28.4
S3T (soup, + vision enc.) 37.44 32.6 42.3 42.1 37.7 42.8 45.5 27.4

(a) VSTAT leaderboard.

Count

Loc.

Attr.

Atom.Seq.

Set

Dict

30

40

Qwen3VL-8B
Molmo2-8B

Baseline
S3T (ours)

(b) Per-axis profile against the size-matched 8B open
models.

Training objective Avg Count Dict

Base (no training) 34.74 27.7 27.4

Frame-order [16, 30] 34.98 27.7 30.5
Arrow-of-time [33, 49] 34.75 27.4 26.5
Pace [6, 45] 35.45 29.0 27.1
Mask-infill [41] 34.25 25.2 26.3

S3T (ours) 36.48 30.4 28.8

(c) Established temporal pretexts.

Table 1. Performance comparison of S3T variants vs prior methods on VSTAT. (a) Scores are VSTAT accuracy (%) following the
protocol given by [57]. † marks scores we reproduced. Our reproduction of the LLaVA-OV-2-8B base gives 34.74, compared with the
benchmark’s reported 35.1 for the same model, and all deltas are computed from our reproduced score. Each self-evolving method is listed
directly under the base model it evolves from, and both are measured under our protocol so the two are directly comparable. Per column,
best and second are shaded. (b) The improvement is strongest on the cumulative-state axes, such as Count, Atomic, and Sequence,

while performance on the binding-oriented axes is largely preserved. (c) Comparison between four established temporal self-supervised
objectives, trained with the same recipe while changing only the target. The S3T row is the single model from (a) (36.48) and not either
soup, since the pretext baselines are unsouped and a single model is the like-for-like comparison. Only S3T visibly improves overall.

from 34.74 to 37.44, a gain of +2.70. This gain does not de-303
pend on souping; a single S3T run already scores above ev-304
ery open-model result in the table. Runs trained with differ-305
ent state-probe questions come out strong on different axes,306
so we soup two such runs, and adapting the vision encoder307
adds a little more improvement. The closest comparisons308
are the prior self-evolving methods, since they also train on309
model-generated outputs rather than external labels. Under310
our protocol, however, they produce at most marginal gains311
over their respective base models, and sometimes regress.312
S3T is the only method that produces a clear improvement.313

The per-axis breakdown shows that the gains are con-314
centrated on the cumulative-state axes where answering re-315
quires integrating evidence across the entire clip. Accord-316

ingly, S3T variants achieve the top two overall scores as 317
well as the top two scores on Atomic and Sequence. Per- 318
formance on the binding-oriented axes changes little over- 319
all, suggesting that S3T improves cumulative-state reason- 320
ing rather than general visual reasoning. The radar plot 321
(Fig. 1b) shows the same trend against models of matching 322
8B size. Supervised finetuning (SFT) helps isolate the effect 323
of the distillation objective. It uses the same dense teacher 324
view but fine-tunes on the teacher’s generated text instead 325
of its predictive distribution. Although it achieves the best 326
Attribute and Set scores, it remains below the base model 327
overall. It shows that improving individual axes alone is 328
not sufficient, and that the gains of S3T arise from better 329
cumulative-state tracking (we return to this in §4.3). 330

6



WACV
#*****

WACV
#*****

WACV 2027 Submission #*****. Algorithms Track.

Table 2. Component ablations of S3T. Each block changes one
component of the method. Scores are VSTAT accuracy (%) overall
and on the Count and Dictionary axes. Rows marked (ours) are the
setting we use. Within each block, best and second are shaded
per column; blocks are separate comparisons and are not ranked
against each other.

Setting Overall Count Dict

Teacher view
Temporal stretch 12→24 (ours) 36.48 30.4 28.8
Temporal zoom (windowed) 33.91 26.1 25.2
Event-aware 35.11 28.5 27.5
Multi-scale {16, 32, 48} 36.23 29.9 28.1
Multi-scale {12, 24, 48} 36.04 29.3 28.0
Adaptive (router) 36.26 30.9 27.9
Adaptive (budget-controlled) 36.49 30.4 27.7
Identical 12→12 (no privileged view) 34.83 27.7 27.6

Objective
JSD distillation (ours) 36.48 30.4 28.8
SFT (cross-entropy on teacher text) 34.45 26.0 27.5
JSD to generator’s true state 33.90 27.5 29.2
The distillation divergence (JSD vs. forward/reverse KL) is ablated in Fig. 4.

Anchor
Reference-JSD anchor (ours) 36.48 30.4 28.8
No anchor (β=0) 33.68 27.3 27.7

Frame ratio
12→24 (our ratio) 36.48 30.4 28.8
12→36 35.56 27.6 27.8
12→48 34.67 27.1 27.5
8→32 33.81 28.6 26.7
24→48 32.63 26.5 27.5

4.2. Comparison with Temporal Pretexts331

Tab. 1c compares S3T against four established temporal332
self-supervised objectives. Frame-order prediction [16, 30]333
asks the model to recover the correct order of shuffled clip334
segments, arrow-of-time [33, 49] predicts whether a clip is335
played forward or backward, pace prediction [6, 45] iden-336
tifies the playback speed, and masked temporal infill [41]337
predicts the content of a masked temporal span. All are338
trained using the same S3T recipe on the same base model339
and configurations while changing only the learning ob-340
jective. Appendix A2 provides the complete definition of341
each pretext. None of the four matches the gains of S3T.342
Pace prediction performs best among them, consistent with343
its similarity to temporal-density supervision, but recovers344
less than half of the improvement, while masked temporal345
infill falls below the baseline. The clearest difference ap-346
pears on Count. S3T is the only objective that improves it,347
while the remaining pretexts leave it unchanged or reduce348
it. Frame-order prediction is the only exception on a single349
axis, achieving the best Dictionary score without improv-350
ing Count or the overall score. Thus, we can conclude that351
the gains arise from temporal-density distillation rather than352

Table 3. S3T on real video, where a running tally is needed.
Change in accuracy (%) over our base. The first row is the 185
web-video (VSTAT YouTube [57]) questions that require a run-
ning tally; the second is the one MVBench [19] question type that
does. soup is the frozen-encoder model and +vis. also adapts the
vision encoder.

Real-video benchmark S3T (soup) S3T (soup, +vis.)

VSTAT-YouTube, cumulative-state +7.35 +7.95
MVBench, Action Count +3.00 +4.50

temporal self-supervision alone. 353

4.3. Ablations 354

Teacher View. The first block of Tab. 2 fixes the 12-frame 355
student and changes only the teacher view. We compare a 356
windowed zoom, an event-aware teacher, two multi-scale 357
teachers, two adaptive teachers, and an identical 12→ 12 358
control. None outperforms the fixed 12 → 24 teacher. 359
The windowed zoom performs worst, particularly on Count, 360
showing that full temporal coverage is more important than 361
concentrating frames within a short window. Event-aware, 362
multi-scale, and adaptive teachers provide no consistent ad- 363
vantage over the fixed view. The identical 12→ 12 control 364
removes only the privileged frames while keeping the objec- 365
tive unchanged, causing performance to fall back to roughly 366
the base model. This shows that the gain comes from the 367
additional teacher frames rather than self-distillation alone. 368
Objective and Anchor. Both supervised alternatives per- 369
form below the base model. Fine-tuning on the teacher’s 370
generated text reduces both the overall score and Count, 371
while distilling toward the generator’s true state performs 372
worse despite using the same divergence and soft targets. 373
The latter achieves the best Dictionary score, but this does 374
not translate into better cumulative-state tracking. The 375
choice of divergence is evaluated separately in Fig. 4. The 376
reference anchor is also essential; removing it (β=0) drops 377
performance below the base, showing that the teacher pro- 378
vides the supervision while the anchor stabilizes adaptation. 379
Frame Ratio. The final block varies the student–teacher 380
frame ratio. Increasing the gap from 12→24 to 12→36 and 381
12→ 48 steadily reduces performance, while changing the 382
student’s sampling budget is more detrimental still. Among 383
the tested settings, the fixed 2× ratio performs best. §4.5 384
explains why moving in either direction hurts performance. 385

4.4. Generalization to Real Video 386

S3T is trained only on synthetic clips, so we evaluate 387
whether the learned capability transfers to real videos. 388
Tab. 3 reports the improvement over our base. VSTAT’s 389
web-video benchmark [57] contains multiple source tasks. 390
Before evaluation, we assigned each task to the cumulative- 391
state group based only on its description. This group 392
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Table 4. Five competing explanations for the gain and the mea-
surement that rules out each one. Scores are VSTAT accuracy
(%) over all 1,500 questions unless stated otherwise. The base
model scores 34.74. Rate of change groups clips by state changes
per second. “Slow” clips contain few changes, while “fast” clips
contain frequent object motion, appearances, or disappearances.
Count error is the model’s reported count minus the true count,
averaged over counting questions, so a value nearer 0 means the
count itself is more accurate rather than the answer merely being
phrased differently.

Could the gain instead be. . . Measurement that rules it out

. . . sensitivity to fast motion? It is largest where the scene changes least: +6.84 on the
slowest-changing clips against +0.79 on the fastest

. . . simply reading more frames at test time? S3T on 32 frames (34.93) already beats the base on 64 (34.74)

. . . extra spatial detail rather than time? A teacher magnifying a short window scores 33.91, against 35.95
for one that samples the whole clip more densely

. . . self-distillation on its own? A teacher given the student’s own 12 frames returns 34.83,
i.e. near the base model’s performance

. . . a different answer style, not better counting? The count error shrinks toward zero, −1.59→ −1.31

contains 185 questions from assembly, pouring, nesting,393
and counting. On these questions, the vision-adapted394
model improves by +7.95 and the frozen-encoder model395
by +7.35, the largest gains we observe. The same pattern396
appears on external benchmarks, where Action Count on397
MVBench [19] improves by +4.50. These results show that398
the capability learned from synthetic clips transfers to real399
videos when cumulative-state reasoning is required, while400
leaving general video understanding largely unchanged (ad-401
ditional results are provided in Appendix A6). We also402
study generalization across baselines in Appendix A7.403

4.5. Discussion404

A benchmark gain of this size could have several expla-405
nations unrelated to cumulative-state tracking. So we test406
five of them before offering any account of the method,407
as listed in Tab. 4. The clearest is motion. If S3T simply408
made the model better at fast-moving video, the gain should409
be largest where the scene changes most; it is the reverse,410
+6.84 where the scene changes least against +0.79 where411
it changes most. The gain also does not come from reading412
more frames at test time, since S3T on 32 frames already413
beats the base on 64. It is not extra spatial detail either: a414
teacher that magnifies a short window, instead of covering415
the whole clip more densely, scores 2.04 points lower than416
one that does. Nor is it the act of self-distillation on its own,417
because a teacher restricted to the student’s own 12 frames418
hardly improves the model from its baseline (initial) perfor-419
mance. The model is indeed counting better and not just420
answering differently, since its average count moves closer421
to the true count.422

S3T is an instance of learning under privileged informa-423
tion [25, 42]: the denser view exists during training but not424
at inference. The teacher has to show the student something425
it cannot already see, while staying close enough to be imi-426
tated, and Fig. 5 shows both limits on the two axes that set427
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Figure 5. The gain depends on both frame budgets. Each sur-
face is fitted to training runs that share our base, our data and our
schedule, and differ only in how many frames the student and the
teacher receive; the dotted line marks teacher = student, below
which the teacher holds no extra frames. Left: the same quan-
tity as a surface, with its contours projected onto the floor, so the
height of the ridge and its fall-off are visible together. Right: the
surface viewed from above. Warm colours are gains over the base
and cool colours are losses; the dashed line is the zero contour,
which separates settings that help from settings that hurt.

them. Along the diagonal the teacher adds no frames and 428
there is nothing to distil, and the identical 12→ 12 control 429
returns +0.09. Moving away from the diagonal helps un- 430
til the teacher’s reading is too far from the student’s to be 431
followed, after which the gain falls back through zero; the 432
windowed-zoom teacher (Tab. 2) which keeps 24 frames but 433
confines them to a short window, returns −0.83 and shows 434
that coverage rather than frame count is what the student is 435
following. The optimum forms a closed region centred near 436
a 12-frame student and a roughly 24-frame teacher, rather 437
than an open ridge. This means that neither budget can be 438
inferred from the other. The student budget is also more 439
sensitive. Increasing the student above roughly 20 frames 440
crosses the zero contour for every teacher we tested. In 441
contrast, with a 12-frame student, the gain remains positive 442
across a wide range of teacher budgets. 443

5. Conclusion 444

We introduced S3T, the first fully self-contained framework 445
for improving continuous visual state tracking in video- 446
language models without any supervision. S3T treats a 447
denser temporal sampling of the same clip as privileged in- 448
formation and distills its predictions into a sparse view of 449
the same model, requiring no labels, external teacher, re- 450
ward model, or tracker. It improves cumulative-state rea- 451
soning on VSTAT while preserving general video under- 452
standing and transfers to real videos on running-tally tasks. 453
These gains persist under sparse inference and concentrate 454
on cumulative-state tasks, indicating better state mainte- 455
nance over time. More broadly, our results identify tem- 456
poral sampling density as an effective source of label-free 457
supervision for learning long-horizon visual state tracking. 458

8



WACV
#*****

WACV
#*****

WACV 2027 Submission #*****. Algorithms Track.

6. Acknowledgement459

References460

[1] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine461
Miech, Iain Barr, Yana Hasson, Karel Lenc, Arthur Men-462
sch, Katherine Millican, Malcolm Reynolds, Roman Ring,463
Eliza Rutherford, Serkan Cabi, Tengda Han, Zhitao Gong,464
Sina Samangooei, Marianne Monteiro, Jacob L Menick,465
Sebastian Borgeaud, Andy Brock, Aida Nematzadeh, Sa-466
hand Sharifzadeh, Mikołaj Bińkowski, Ricardo Barreira,467
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Temporal Self-Distillation: Learning Visual State Tracking in
Videos Without Supervision

Supplementary Material

This supplementary material provides additional ex-820
tended results, implementation details, and further obser-821
vations and inferences.822

A1. Model Souping823

A single S3T model reaches 36.48 on VSTAT. The 37.12824
and 37.44 models reported in the main paper are obtained825
by model souping [50], which combines two independently826
trained runs by averaging their weight updates. The result-827
ing model has the same size and inference cost as a single828
checkpoint. This section describes the two runs, the averag-829
ing procedure, and how the averaging strength is selected.830

Complementary probes. The two runs differ only in the831
fixed probe q (§3.2), which changes the aspect of the run-832
ning state used for self-supervision. The first uses the full-833
state probe “This is a short video of colored balls moving834
on a background. Some balls may be briefly hidden behind835
moving bars, and the camera may pan or zoom. List the836
colors of the balls you can see and how many there are. Be837
concise (one short line).” The second keeps the same first838
two sentences but asks one question from a small fixed set839
about changes across the clip, such as “How many different840
ball colors appear in total during the clip? Answer with one841
number only.” or “Does any ball change color during the842
clip? Answer only yes or no.” The full-state run performs843
best across the state axes at 36.88, while the single-question844
run performs best on Count at 36.11. Their complementary845
strengths make the resulting soup stronger than either run846
alone.847

Weight averaging and strength selection. We soup the848
weight updates rather than the model outputs. A LoRA849
adapter adds a weight update ∆W = s(BA) to each850
adapted module, where A and B are its low-rank factors and851
s is the fixed scale. For each module, we average the two852
runs’ ∆W , multiply the result by a global strength α, and853
add it to the frozen base weights. The vision-adapted model854
applies the same procedure to the vision-encoder adapters,855
producing a single checkpoint used like any other model.856

The only additional hyperparameter is α, which is se-857
lected without using VSTAT. We evaluate each merged858
model on 100 held-out StateGen synthetic clips from a sepa-859
rate seed range. Their program states are never used during860
training, and their scores do not affect benchmark evalua-861
tion. For each α, the model describes every clip using 12862

Table A1. Choosing the averaging strength on held-out data.
Count error on 100 fresh synthetic clips, whose states are never
used during training or benchmark evaluation. Lower is better,
and the minimum occurs at the reported α=1.3.

α 1.0 1.1 1.2 1.3 1.4 1.5 1.7

Count error ↓ 3.02 3.16 3.20 2.96 3.12 3.26 3.53

frames, and its reported count is compared with the true 863
count. Table A1 shows that the count error is lowest at 864
α=1.3, which is used for the reported 37.44 model. A 865
second label-free criterion based on the remaining teacher– 866
student divergence decreases smoothly with α but does not 867
identify a unique value, so we do not use it. 868

Additional strengths. Table A2 reports performance 869
across a wider range of averaging strengths. The vision- 870
adapted model reaches 37.44 at α=1.3, while the frozen- 871
encoder model reaches 37.12 at α=1.5. Both remain above 872
the base across the tested range. 873

Table A2. Extended strength range. VSTAT overall accuracy
(%) across additional averaging strengths. Every reported value
remains above the base score of 34.74.

α 1.25 1.3 1.35 1.5 1.7

Vision-adapted 36.12 37.44 36.62 36.76 37.06
Frozen encoder 36.13 36.33 36.64 37.12 36.87

A2. Temporal-Pretext Baselines 874

Table 1c compares four established temporal self- 875
supervised tasks. Each applies a known transformation to 876
an unlabeled clip and trains the model to identify that trans- 877
formation. All baselines use the same setup as S3T, in- 878
cluding the LLaVA-OV-2-8B base, the same 300 unlabeled 879
clips, LoRA rank r=32, 3000 training steps, and the refer- 880
ence anchor. Only the training target changes, isolating the 881
effect of the learning objective. 882

Objective construction. Each task applies a transforma- 883
tion T to clip x and derives a short text label ℓ(T ). The 884
model is trained with cross-entropy to predict this label 885
from the transformed clip, 886

Lpretext = CE
(
fθ+ϕ(T (x)), ℓ(T )

)
. (8) 887
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Figure A1. Additional qualitative samples. Each panel is one VSTAT [57] (CC BY 4.0) item. We ask that item’s own question four
times, on the first 25, 50, 75 and 100% of the clip, as four independent queries; every model then samples its usual 64-frame budget inside
the prefix, with greedy decoding and an identical prompt. Correctness follows VSTAT’s own matching rule. These are selected examples
chosen from items our model answers correctly at the full clip; Tab. 1a reports performance over the whole benchmark.

The four tasks differ only in the transformation and label:888

• Frame order [16, 30] splits the clip into four contiguous889
segments and reorders them with a random permutation890
π. The label is the digit sequence that restores the original891
order.892

• Arrow of time [33, 49] plays the clip forward or back-893
ward. The label is forward or backward.894

• Pace [6, 45] samples the clip at one of several playback895
speeds. The label is the corresponding speed level.896

• Masked infill [41] removes a contiguous span of frames.897
The target is a short description of the missing event.898

None of these objectives matches the state-tracking gains899
of S3T (Table 1c). Pace is the strongest baseline at 35.45900
and is closest to our temporal-density setup, but recovers901
less than half of the single-model gain. Masked infill falls902
below the base at 34.25. These tasks can often be solved903
from local appearance or motion cues without maintaining904
the scene state across the clip. Frame order is the only ex-905
ception on one axis, raising Dictionary to 30.5 while leav-906
ing the overall score unchanged. Its weights are not used in907

S3T. 908

A3. Choice of Distillation Divergence 909

Table A3 gives the values behind Fig. 4. We keep the train- 910
ing recipe fixed and vary only the distillation divergence 911
dpos. The reference anchor remains JSD in every run. Re- 912
sults cover the full 3000 training steps and are averaged over 913
three seeds. A separate JSD monitor stays near 0.005 for 914
all three objectives, showing that they act on a comparable 915
teacher–student gap and differ mainly in their loss scale and 916
gradient behavior. 917

A4. Ablation Components 918

Table 2 compares several teacher-view variants. Each 919
keeps the 12-frame student fixed and changes only how the 920
teacher frames are selected. Our default teacher uses 24 921
uniformly sampled frames covering the full clip. 922

Event-aware teacher. This variant places more teacher 923
frames around scene changes detected by the frozen model 924
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Table A3. JSD and KL as the distillation divergence. Mean and
maximum values of dpos and the pre-clipping gradient norm over
3000 steps, averaged across three seeds. The reference anchor uses
JSD in every run. Although the monitored teacher–student gap
remains near 0.005, forward and reverse KL produce losses about
3.8× larger and substantially larger gradient spikes than JSD.

dpos Pre-clip grad. norm

Divergence mean max mean max

JSD (ours) 0.0054 0.133 0.237 5.53
Forward KL 0.0208 1.175 0.873 15.96
Reverse KL 0.0204 0.448 0.918 29.32

without labels (§A5). It therefore allocates more frames to925
periods where the scene state is likely to change.926

Multi-scale teacher. The teacher combines predictions927
from several frame counts, such as {16, 24, 32} or928
{12, 24, 48}, instead of using a single 24-frame view. The929
student is distilled toward the combined prediction.930

Adaptive teachers. These variants choose the teacher931
density separately for each clip. The router selects a frame932
count using a lightweight rule, while the budget-controlled933
variant adjusts the density to keep the teacher–student di-934
vergence dpos near a target range. Both seek a teacher that935
provides additional information while remaining learnable936
from the sparse view. Neither outperforms the fixed 12→24937
teacher.938

A5. Validation of Self-Detected Event Bound-939

aries940

The event-aware teacher in our ablation study places ad-941
ditional frames around boundaries detected by the frozen942
model. Since this variant performs below the fixed tempo-943
ral stretch, we test whether the result is caused by unreliable944
boundary detection.945

The detector uses no labels or external model. At each946
candidate time point, it extracts two short non-overlapping947
windows before and after the point. The frozen model an-948
swers the same state probe on both windows, and we com-949
pute the token-averaged difference between their next-token950
distributions. A larger difference indicates that the model951
reads the scene differently across that point and therefore952
suggests an event boundary.953

The score separates true event times from ordinary time954
points with an AUROC of 0.851 and a confidence inter-955
val of [0.833, 0.869]. Shuffling the boundary labels gives956
0.501 ± 0.014, placing the observed result about 26 stan-957
dard deviations above chance.958

Additional checks show that the detector does not rely 959
on fixed temporal positions or a repeated boundary pat- 960
tern. When candidates are grouped by time and ranked only 961
within each group, AUROC remains between 0.81 and 0.85. 962
Across 253 clips, the detector produces 211 distinct bound- 963
ary sets, and 75.5% of its proposed boundaries match events 964
scheduled by StateGen. 965

Table A4. Detected boundaries are semantic rather than shot
cuts. Detection of true event boundaries on 200 synthetic clips.
AUROC is the probability of ranking a true boundary above a non-
boundary, where 0.5 is chance. The model’s own before/after di-
vergence far exceeds two pixel-based shot-cut detectors, which sit
near chance because these renders contain no camera cuts.

Detector AUROC F1

Model before/after JSD (ours) 0.851 0.776
ffmpeg scene-score 0.645 0.63–0.69
PySceneDetect 0.576 0.63–0.69
Random 0.503 –

The signal also differs from standard shot-cut detection 966
(Table A4). Pixel-based tools remain near chance because 967
the clips are continuous renders without camera cuts. In 968
contrast, our detector responds to changes in the model’s 969
predicted scene state. The event-aware teacher therefore re- 970
ceives a reliable boundary signal, and its lower performance 971
is unlikely to result from poor boundary detection. 972

A6. Additional Real-Video Results 973

The additional real-video results show that S3T mainly af- 974
fects tasks requiring cumulative-state reasoning. On VS- 975
TAT’s web-video questions that require a running tally, the 976
model improves by +7.95. On the same source split, it 977
drops by−9.55 on selective-attention questions that require 978
tracking one specified object while ignoring others, reveal- 979
ing a trade-off between cumulative tracking and entity- 980
specific binding. 981

The same pattern appears on MVBench. Action Count 982
improves by +4.50, while the overall score changes by only 983
−0.40. Broader temporal-reasoning benchmarks remain 984
largely unchanged. None of the three TempCompass splits 985
changes significantly for either released model, and MMVU 986
is unchanged. VET-Bench’s shell-game task also remains 987
near chance for both the base model and S3T because it 988
tests tracking one hidden object through swaps rather than 989
maintaining a count. 990

Training on real Kinetics videos gives no clear overall 991
improvement at +0.66, although cumulative-state questions 992
improve by +4.09. Together, these results suggest that the 993
learned behavior transfers beyond synthetic clips but re- 994
mains specific to cumulative-state reasoning. 995
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Table A5. Additional real-video results. Values are changes in accuracy relative to our base unless an absolute score is shown. Brackets
give 95% bootstrap intervals over evaluation items. We mark an effect as significant when its interval excludes zero and otherwise report
it as non-significant.

Benchmark Measure Result

VSTAT-YouTube, cumulative-state (n=185) ∆ overall +7.95 [+4.22,+12.00] [sig.]
VSTAT-YouTube, selective-attention (n=88) ∆ overall −9.55 [sig.]
MVBench, Action Count ∆ acc +4.50 [+1.00,+8.50] [sig.]; +3.00 [n.s.] frozen
MVBench, overall (n=4000) ∆ acc −0.40 [−1.07,+0.28] [n.s.]
Kinetics real-video training (3 seeds) ∆ overall +0.66± 0.28 [n.s.]
TempCompass, caption-matching (n=1503) ∆ acc +0.20 [−0.60,+1.06] [n.s.]; −1.00 [−2.26,+0.27] [n.s.] frozen
TempCompass, multiple-choice (n=1580) ∆ acc −0.06 [−0.82,+0.70] [n.s.]; −1.01 [−2.47,+0.51] [n.s.] frozen
TempCompass, yes/no (n=2453) ∆ acc +0.04 [−0.73,+0.82] [n.s.]; +0.24 [−1.06,+1.63] [n.s.] frozen
MMVU score 55.2 = base (±0.0)
VET-Bench, shell game, 64f 3-way acc base 0.31, S3T 0.33 (+0.02 [n.s.])
VET-Bench, shell game, 128f 3-way acc base 0.28, S3T 0.30 (+0.02 [n.s.])

Table A6. S3T across eleven base models: it clearly helps one,
moves two others slightly in the same direction, and is flat or
harmful on the rest. Every row runs the same self-supervised
objective on the same data; only the base model changes. ∆ S3T
is the change in VSTAT accuracy (%) after training, reported at the
best setting we found for that base rather than at the setting tuned
for LLaVA-OV-2-8B, so that the comparison is not handicapped
by our own tuning. Changes smaller than the ±0.52 seed spread
of our recipe are within noise. Headroom is how much the frozen
base gains on VSTAT when its frame budget is raised from the
student’s 12 to the teacher’s 24, measured with no training and no
adapter; it is the privileged information the objective has available
to distill. It does not separate the one base that improves from
the ten that do not: across the models we test, it is uncorrelated
with ∆ S3T (Spearman ρ = +0.29, p = 0.39, n = 11), and the
largest headroom in the table belongs to Qwen3-VL-8B, which
S3T leaves unchanged.

Base model Backbone family Base ∆S3T Headroom 12→24

LLaVA-OV-2-8B OneVision-2 / Qwen3-8B 34.74 +1.74 +2.91
InternVL3.5-14B InternViT / Qwen3-14B 31.97 +0.27 +1.28
Qwen3-VL-8B Qwen3-VL 34.11 +0.13 +3.42
InternVL3.5-8B InternViT / Qwen3-8B 30.24 ≈0 [n.s.] −0.45
Molmo2-4B† Molmo2 35.81 −0.18 +1.64
InternVL3.5-4B InternViT / Qwen3-4B 29.76 −0.20 +1.12
LLaVA-OV-7B OneVision / Qwen2-7B 28.49 −0.86 −0.76
Qwen3-VL-4B Qwen3-VL 31.43 −0.86 +0.79
Cambrian-S-7B‡ Cambrian-S 31.53 −1.16 −0.33
Qwen2.5-VL-7B Qwen2.5-VL 31.84 −1.43 +1.77
InternVL3.5-2B InternViT / Qwen3-2B 31.31 −4.84 +1.53

†Best of four settings (our recipe, and three re-tunings of the learning rate
and the anchor target); the full checkpoint ladder of the best setting peaks
at 35.82, i.e. exactly the base, so the result is a null rather than an
optimisation failure.
‡Best-anchored of three runs; Cambrian-S is unstable under this objective
and the three runs span −1.16 to −14.02. See Appendix A7.

A7. Transfer Across Base Models996

We apply the same objective, data, and training schedule to997
eleven base models from five families, ranging from 1.5B998

to 14B parameters (Table A6). S3T clearly improves one 999
model. InternVL3.5-14B and Qwen3-VL-8B also reach 1000
slightly above their bases by +0.27 and +0.13, respectively. 1001
Their per-axis results are reported in Appendix A8. 1002

To reduce the chance that these failures come from poor 1003
tuning, we re-tune the two strongest alternatives. Molmo2- 1004
4B reaches 35.82 at its best learning rate, anchor target, 1005
and checkpoint, compared with a base score of 35.81. 1006
On Cambrian-S-7B, raising a hard-coded ceiling that had 1007
capped the anchor weight, and so left the anchor too weak, 1008
improves the result from−4.24 to−1.16, which is the value 1009
reported in Table A6. Neither model shows a positive effect 1010
after re-tuning. 1011

We also test whether success can be predicted from prop- 1012
erties of the base model or the two temporal views. From 1013
our experiments, we can conclude that teacher-view head- 1014
room is not predictive. Across the eleven bases, the gain 1015
from increasing the frame budget from 12 to 24 has little re- 1016
lation to the effect of S3T (Spearman ρ = +0.29, p = 0.39). 1017
Qwen3-VL-8B has more headroom than our base, +3.42 1018
versus +2.91, yet S3T changes it by only +0.13. Cambrian- 1019
S is the only failure we can partly explain. Its accuracy 1020
drops when the frame budget is doubled, leaving little use- 1021
ful signal in the teacher view, and its training is unstable un- 1022
der our objective. The remaining failures are not explained 1023
by the factors we measured. 1024

However, two possibilities remain open. The models 1025
may differ in how much temporal post-training they have 1026
already received, or in how effectively a language-model 1027
adapter can act on visual evidence. Testing these possibil- 1028
ities would require models matched on post-training and a 1029
broader study of adapter placement. We therefore scope our 1030
claim to the base model on which S3T shows a clear gain 1031
and leave reliable base-model selection to future work. 1032
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Table A7. Per-axis breakdown for the two bases whose overall change is positive but inside the seed spread. Per-axis change on
VSTAT for the two bases of Table A6 whose overall delta is positive but inside our recipe’s ±0.52 seed spread, with 95% paired-bootstrap
intervals over 10 000 resamples of the items. S3T on LLaVA-OV-2-8B is shown for comparison. Intervals excluding zero are bold. n is
fixed by the benchmark. All three are single seed (seed 7), so these intervals capture item noise only; the per-axis seed spread is larger than
every delta in the top two rows.

Count Location Attribute Atomic Sequence Set Dictionary
n 747 384 369 710 211 249 330

InternVL3.5-14B (+0.27) −0.11 +1.28 +0.00 +0.21 +1.42 −0.08 −0.06
95% CI [−1.30, 1.14] [−0.26, 2.87] [−1.03, 1.14] [−0.90, 1.35] [0.00, 3.32] [−1.69, 1.61] [−1.97, 1.94]

Qwen3-VL-8B (+0.13) +0.95 −2.94 +1.68 −0.39 +2.27 +1.00 −0.76
95% CI [−5.26,−0.70]

S3T on LLaVA-OV-2-8B (+1.74) +2.69 −0.29 +1.92 +2.58 +2.37 −0.84 +1.48

A8. Explanations Tested and Ruled Out1033

S3T clearly improves only one of the eleven base models in1034
Table A6. We report below the explanations we tested for1035
this outcome and the measurement that rules each one out.1036

Teacher-view headroom. A natural hypothesis is that a1037
base must benefit from the denser teacher view before it can1038
learn from that view. We test this by evaluating all eleven1039
bases at 12 and 24 frames without training, using the same1040
1500 VSTAT items and scorer as the main experiments.1041

Teacher-view headroom does not predict the effect of1042
S3T. Across the eleven bases, Spearman correlation is ρ =1043
+0.29 (p = 0.39) and Pearson correlation is r = +0.211044
(p = 0.54). Qwen3-VL-8B provides the clearest coun-1045
terexample. Its score increases by +3.42 when moving1046
from 12 to 24 frames, exceeding the +2.91 headroom of1047
LLaVA-OV-2-8B, yet S3T changes it by only +0.13. Three1048
additional bases have more than half the headroom of our1049
successful base and still decline after training. A base can1050
therefore expose useful information at the denser frame1051
budget without transferring that information to the sparse1052
view.1053

We run two controls on this measurement. First, every1054
model reproduces its published performance at its native1055
frame budget. No model returns the same score at 12 and1056
24 frames, and the per-item answer-change rate is 22–35%1057
for ten models and 11.2% for Cambrian-S. The models are1058
therefore responding to the change in frame budget.1059

Second, InternVL uses a fixed 64-tile budget through1060
dynamic max num = max(1,min(12, 64/T )). At 121061
frames it allocates about five tiles per frame, compared with1062
two at 24 frames, so its default evaluation changes both tem-1063
poral and spatial resolution. We repeat the experiment on all1064
four InternVL sizes with one tile per frame. The conclusion1065
remains unchanged, with ρ = +0.17 and p = 0.62, and1066
Qwen3-VL-8B still has the largest headroom.1067

Taken together, these experiments rule out the expla-1068

nations we could test with the available models. Differ- 1069
ences in prior temporal post-training and in how effectively 1070
language-model adapters act on visual evidence remain 1071
plausible, but evaluating them requires models matched on 1072
post-training and a broader comparison of adapter place- 1073
ment, which we leave for future work. 1074

Hyperparameter sensitivity. The recipe was developed 1075
using LLaVA-OV-2-8B, so unsuccessful transfer could re- 1076
flect poor tuning. We therefore re-tuned Molmo2-4B and 1077
Cambrian-S-7B before reporting their results. 1078

For Molmo2-4B, we halve the learning rate, tighten the 1079
anchor target, combine both changes, and evaluate every 1080
checkpoint from the strongest configuration. Its best score 1081
is 35.82 against a base score of 35.81. Re-tuning reduces 1082
the original deficit from−0.69 to−0.18, showing that some 1083
of the loss came from our initial configuration, but no learn- 1084
ing rate, anchor target, or checkpoint gives a clear improve- 1085
ment. 1086

For Cambrian-S-7B, the original anchor weight reaches 1087
its hard-coded upper bound during 9.3% of training steps. 1088
Raising this bound reduces dref from 0.0758 to 0.0664 and 1089
lowers the proportion of saturated steps from 9.3% to 2.6%. 1090
The result improves from −4.24 to −1.16, which is the 1091
value reported in Table A6. Cambrian-S nevertheless re- 1092
mains unstable under the objective, which is possibly at- 1093
tributed to the nature of the base model itself (because we 1094
do not observe such an instability with any other base). All 1095
three runs diverge during training with gradient norms be- 1096
tween 8.5 and 37. Halving the learning rate does not prevent 1097
this, and that run produces empty answers on 19.7% of eval- 1098
uation items. Its observed range across three runs is −1.16 1099
to −14.02. 1100

Small positive changes on two bases. InternVL3.5-14B 1101
and Qwen3-VL-8B yield +0.27 and +0.13 above their re- 1102
spective bases. Both values fall within the ±0.52 seed vari- 1103
ation of our recipe. We nevertheless examine whether their 1104
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per-axis changes match the pattern produced by S3T on1105
LLaVA-OV-2-8B. Table A7 reports paired bootstrap inter-1106
vals from 10 000 resamples.1107

For InternVL3.5-14B, no axis has an interval excluding1108
zero, and four of the seven axes change by at most 0.211109
points. For Qwen3-VL-8B, only Location excludes zero,1110
and it moves in the negative direction by −2.94 with in-1111
terval [−5.26,−0.70]. This result does not survive Holm1112
correction across the seven axes. With seven tests at the1113
95% level, one uncorrected interval excluding zero is also1114
consistent with chance.1115

Neither per-axis profile clearly resembles the profile of1116
our successful model. Relative to the single-run S3T vec-1117
tor on LLaVA-OV-2-8B, Spearman correlation is −0.041118
(p = 0.96) for InternVL3.5-14B and +0.21 (p = 0.66) for1119
Qwen3-VL-8B. Their signs agree on 3/7 and 4/7 axes, re-1120
spectively. A more favourable comparison against our four-1121
seed mean profile raises the correlations but leaves both in-1122
significant, and on Qwen3-VL-8B the axes that define our1123
result, Atomic and Set, move in the opposite direction.1124

These estimates capture item-level variation but not seed1125
variation because each base was trained with one seed. On1126
LLaVA-OV-2-8B, four seeds produce per-axis standard de-1127
viations of up to 1.80. The two valid InternVL3.5-8B seeds1128
differ by 2.1 to 3.3 points on five axes and reverse direction1129
on Atomic, Sequence, and Set. This variation exceeds every1130
change measured on InternVL3.5-14B. We therefore report1131
the two positive aggregate changes without treating them as1132
established gains.1133
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