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MetaSight: See, Streamline, Meta-Evolve — A Super
Efficient Multimodal Agent that Evolves at the Edge

Anonymous Author(s)

Abstract
Multimodal large language models (MLLMs) are deployed

today mostly as static endpoints with hard budgets: every

additional video frame and prompt token costs latency and

dollars, and the model has no mechanism to learn from

the questions it gets wrong. We present MetaSight, a self-

evolving multimodal agent that addresses both via hybrid
encoding across three layers: a cascaded edge-side frame gate,

hot/cold skill injection with top-𝑘 retrieved reasoning skills,

and memory routed into a skill evolver so each retrieved ex-

emplar reshapes the skill bank that serves every future ques-

tion, rather than being concatenated alongside skills into the

per-question prompt as in prior memory-augmented agents.

Across 4 video-QA benchmarks with 2 VLM families: Gem-

ini 3 Flash and GPT-5.2, MetaSight cuts per-question API cost

by an average −98% versus full-frame upload (peak −99.3%
on Video-MME long) and by −25.9% over the offline uniform

8 frame ceiling at the same evolved skill bank configuration,

while boosting accuracy on most settings, e.g., an average

+3.85% and a peak +15.80% on EgoSchema using Gemini 3

Flash. When testing on a matched frame budget with the

offline uniformly 8 frames per video, our cascade+uniform-

filling variant still beats the straightforward uniform-8 upper-

bound on almost all benchmarks (e.g., 67.4% vs. 65.7% on

average with FullEvo), and our offline-best configuration

with the full evolution passes Gemini 1.5 Pro on EgoSchema

with a smaller backbone. These properties make MetaSight

a natural fit for live edge applications such as AI glasses,

where the cascade reduces a 1-hour streaming session from

∼3,600 API uploads down to only 5–20 calls.
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1 Introduction
Multimodal large language models (MLLMs) such as Gem-

ini 3 [12], GPT-5 [19], and Claude [1] have achieved strong

accuracy on video question answering: when given the en-

tire clip and a sufficiently long prompt, frontier models score

in the 70–80% range on standard MC benchmarks. The cost

of this paradigm is buried in two assumptions that hold for

offline benchmarks but break the moment the system is de-

ployed — (a) the entire video is available at query time, and

(b) the model is the same at the end of the day as it was

at the beginning. Production video-QA agents, from cloud

assistants to wearable AI glasses, violate both: frames arrive

serially over a stream of unknown length, and the agent

is expected to get progressively better at the questions it

actually receives.

These two assumptions have so far been relaxed only in

isolation. On the efficiency side, frame-selection systems [14,

31, 34, 42] compress or sub-sample the input video, but each

of them requires offline access to the full clip and none ad-

dresses the prompt-side cost: any reasoning context the prac-

titioner injects scales linearly with bank size and is re-sent

to the model on every query. On the adaptation side, skill

libraries for LLM agents [32, 33, 36, 46] distil reusable be-

havioural rules from past failures and inject them at infer-

ence, demonstrating that frontier-model accuracy can be

lifted without weight updates. But all of these systems are

text-only — their multimodal extension is the open problem,

and it raises a new constraint that the text-only setting does

not face: how do we encode a growing bank of skills and

memory so that the bank itself does not become a token

bottleneck?

We present MetaSight, a self-evolving multimodal agent

built around a single design principle: hybrid encoding at

every stage of the pipeline, where information is processed

at multiple fidelity tiers and only a selected portion gets the

expensive treatment. (i) The frame stream passes through

a cascaded gate at three encoder costs — perceptual hash,

128-dim CPU encoder, adaptive change-gate — running at

>100 fps on a single CPU thread, so the cloud VLM only ever

sees salient transitions. (ii) The reasoning bank is encoded

into a hot top-𝑘 tier (with full skill content) plus a cold cata-

logue tier (with just name + one-line description), keeping

per-question prompt cost flat as the bank grows during on-

line evolution. (iii) Memory is encoded as confidence-gated

dense retrievals that condition the offline evolver rather than
the per-question VLM call, shielding the high-frequency call

from low-signal exemplars. The bank itself meta-evolves: an

1
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LLM evolver synthesises new skills from observed failures,

and a per-skill utility tracker continually prunes the bank,

with no weight updates to the VLM at any stage.

We evaluate our method across 4 benches with 2 VLM fam-

ilies: two egocentric benches (EgoSchema, EgoPlan-Bench)

and two general-video benches (Video-MME long, NextQA),

tested on Gemini 3 Flash and GPT-5.2 to measure cross-

VLM transfer of the memory-driven evolved skill bank. The

streaming-deployable configuration is positive on most set-

tings (e.g., 6 of 8 experiments) with an average lift of +3.85%
and a peak of +15.80% on EgoSchema using Gemini 3 Flash.

Moreover, we consider an offline upperbound with 8 uni-

formly sampled frames per video and the proposed evolved

skills, which adds another +3.50% to +13.00% on top. On

efficiency, per-question API cost drops by −25.9% on aver-

age against a matched-method offline ceiling and by −98%
against full-frame upload (peak −99.3% on V-MME long);

even at matched 𝐾=8 frame budget, our cascade-fill vari-

ant still beats simple uniform-8 + FullEvo (e.g., +1.95% on

EgoPlan-Bench, +1.50% on NextQA). Beyond the headline

scorecard, ablations surface findings of independent interest:

routing memory through the offline evolver outperforms per-

question concatenation by an average +2.05% (peak +3.80%
on EgoSchema with Gemini 3 Flash) and is especially helpful

for longer video content; skill and memory activations are

sparse (top-3 of a 40–67-skill bank, ∼1 memory retrieval per

21–59 questions); and the lift is conditional on whether the

target VLM exhibits the bank-evolved-against failure modes

rather than raw capability (+15.80% on Gemini 3 Flash vs.

+4.00% on the stronger GPT-5.2 EgoSchema row).

2 Related Work
Skill-based and memory-augmented agents. A line of

work augments agentswith reusable skill libraries or external

memory to improve performance without modifying model

weights. Reflexion [29] stores verbal self-reflections in an

episodic buffer; Voyager [33] incrementally builds a library

of executable code skills from successful episodes; ExpeL [46]

and Agent-KB [32] distill cross-task experience into natural-

language rules. Memory systems include MemGPT [21],

Generative Agents [23], Mem0 [8], and MemEvolve [43].

A shared limitation is that the skill library is treated as a

static artefact, not coordinated with weight optimisation.

MetaClaw [36] addresses this by coupling skill evolution

with RL training; MetaSight keeps the coupling but freezes

the policy weights, relying instead on per-skill utility track-

ing and bank hygiene to keep the library quality-controlled

across long evolution histories.

Continual and meta-learning. Meta-learning frames

learning as optimisation for fast adaptation to new tasks.

RL
2
[9], PEARL [24], and ProMP [27] demonstrate fast adap-

tation in robotic control with low-dimensional action spaces.

Table 1. Selected-frame MLLMs. Selector is the frame se-

lection method. Online indicates if the method keep/skip

decision frame-by-frame as frames arrive. Edge-CPU: selec-

tor runs on-device with no GPU. And existing multimodal

agents are unable to evolve natively.

Method Selector Online Edge-CPU Evolve

LLoVi [42] uniform chunks no no —

MovieChat [31] sliding window no no —

MA-LMM [14] trained mem-Q no no —

VideoAgent [34] LM planner no no —

Frame-Voyager [40] LM planner no no —

SeViLA [39] BLIP-2 locator no no —

VideoTree [35] LM tree-descent no no —

TimeChat [26] uniform no no —

VTimeLLM [15] uniform no no —

Video-LLaMA [44] uniform no no —

LLaVA-Video [45] uniform no no —

MetaSight cascade (heuristic) yes yes yes

Continual learning studies sequential task adaptation with-

out forgetting [4, 16, 41]. Online meta-learning relaxes the of-

fline assumption. MetaClaw [36] extends this to LLM agents

in a non-stationary task stream, with strict support/query

separation and a versioning protocol; MetaSight inherits

the protocol structure and applies it to video-QA failure dis-

tillation, with per-skill utility tracking serving the role of

MetaClaw’s stale-reward filtering.

Selected-frame and efficient video VLMs. A growing

line of work selects a small subset of frames before invok-

ing the VLM, but the prevailing approach puts an LM in the
per-frame selection loop or assumes offline access to the full

clip. LLoVi [42] extracts per-chunk captions and chains them

through an LLM. MovieChat [31] and MA-LMM [14] use

memory-augmented sliding windows or learned memory

queries to compress long video. VideoAgent [34] and Frame-

Voyager [40] treat keyframe selection as an LLM-planning

problem, iteratively scoring candidate frames against the

question. SeViLA [39] self-chains a BLIP-2-style locator to a

BLIP-2 answerer, also requiring full-clip access. VideoTree [35]

builds a hierarchical tree of frames and adaptively descends

query-relevant branches. TimeChat [26] and VTimeLLM [15]

prefix time tokens to a uniformly-sampled frame stack to en-

able temporal grounding, but inherit the uniform-sampling

cost. Vid2Seq [38], Video-LLaMA [44], and LLaVA-Video [45]

operate on uniform-sampled stacks at fixed budgets. Table 1

summarizes the comparison: MetaSight’s cascade is the only

mechanism in this set that (a) runs CPU-only on the edge,

(b) makes its decision frame-by-frame as frames arrive, and

(c) does not require any LM in the selection loop — a point

the rest of the literature has not occupied because they are

designed for offline benchmarks rather than streaming de-

ployment. Orthogonally, none of these methods evolve a

reasoning bank or memory store across the task stream; the

prompt-side cost in each is fixed at deployment time.

2
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Figure 1. MetaSight pipeline. A two-tier system with hybrid encoding and meta-evolve. An on-device cascade gate encodes

frames per-frame, and a memory-augmented evolver paired with a hot/cold skill injector evolves the language-layer scaffolding

per-question and per-session.

Egocentric and general video QA benchmarks. We eval-

uate our method on both egocentric and general multimodal

data. EgoSchema [18] is the standard 5-way MC benchmark

for 3-min ego clips; EgoPlan-Bench [5] targets ego plan-

ning from a single observation frame. Ego4D [13], Charades-

Ego [30], EgoThink [7], and VidEgoThink [6] provide com-

plementary task formats. For general video, Video-MME [10]

covers 12 task types across short/medium/long durations,

NextQA [37] tests causal/temporal reasoning on∼30 s YouTube
clips, and IntentQA [17] targets intent reasoning. We report

results of MetaSight on EgoSchema, EgoPlan-Bench, Video-

MME long, and NextQA.

Tool registries and hybrid injection. Toolformer [28]

trains LLMs to call tools; MCP [2] standardises tool adver-

tising between models and clients. Our hybrid hot/cold skill

injection is conceptually adjacent — we serve a small “hot”

set inline and a “cold” catalogue with on-demand body fetch,

but apply this to reasoning skills rather than tool definitions,

and the choice between hot/cold tiers is made by retrieval

against the current question rather than declared statically.

3 Method
To address the visual redundancy on the input side and frozen

scaffolding on the reasoning side, our MetaSight composes

three filtering stages, each operating at its own timescale:

an edge-side cascaded gate 𝐺 that triages frames per-frame,
a hot/cold skill injector that triages the bank 𝑆 per-question,
and a memory-augmented evolver that distils new entries

into 𝑆 per-session from a confidence-gated episodic store𝑀𝑣 .

The first stage cuts the visual cost; the latter two evolve the

language-level scaffolding {𝑆,𝑀𝑣} over the task stream. VLM

weights 𝜃 are never updated. We present MetaSight pipeline

of hybrid encoding and meta-evolve in Figure 1.

3.1 Preliminaries and Notation
We denote the multimodal model to be evolved as 𝑀 =

(𝜃, 𝑆,𝑀𝑣,𝐺), with 𝜃 the (frozen) weights of a cloud VLM,

𝑆 = {𝑠1, . . . , 𝑠𝐾 } a library of language skills,𝑀𝑣 an episodic

memory store indexed by dense sentence embeddings, and

𝐺 an edge-side cascade visual encoding gate we proposed.

For a question 𝑞 over a stream of frames F , the answer 𝑎 is
generated by:

𝑎 ∼ 𝜋𝜃
(
· | 𝑞, 𝐺 (F ), Ret𝑆 (𝑞, 𝑘), Cat(𝑆), Ret𝑀𝑣 (𝑞)

)
, (1)

where Ret𝑆 (𝑞, 𝑘) returns the top-𝑘 retrieved skills (the hot

tier), Cat(𝑆) produces the name-and-description cold cat-

alogue, and Ret𝑀𝑣
(𝑞) retrieves confidence-gated memory

snippets. The three components {𝐺, 𝑆,𝑀𝑣} are updated at

three qualitatively-different timescales:

Per-frame (∼10 𝜇s, edge). 𝐺 inspects each arriving

frame and emits a major / minor / skip verdict. CPU-

only.

Per-question (∼10ms, cloud). Ret𝑆 and Ret𝑀𝑣
rank

the bank against 𝑞; the top-𝑘 skills are inlined, the

rest catalogued.

Per-session (minutes, offline). After every 𝑁evo

failures the LLM evolver E analyses failure trajecto-

ries and proposes new skills, 𝑆 ← 𝑆 ∪ E(𝑆, 𝐷 fail, 𝑀𝑣);
bank-hygiene filters 𝐹1, 𝐹2 maintain bank quality.

3



331

332

333

334

335

336

337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

Conference’17, July 2017, Washington, DC, USA Anon.

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

Algorithm 1MetaSight streaming inference loop.

Require: Meta-model 𝑀 = (𝜃, 𝑆, 𝑀𝑣,𝐺); question stream

{𝑞𝑖 }; frame stream {𝑓𝑡 }; evolve threshold 𝑁evo; hybrid

top-𝑘 .

1: 𝐾 ← ∅; 𝐻 ← ∅; 𝐷 fail ← ∅
2: ⊲ per-frame, sub-ms

3: for each frame 𝑓𝑡 from edge do
4: ℎ ← dHash(𝑓𝑡 )
5: if minℎ′∈𝐻 Hamming(ℎ,ℎ′) ≤ 6 then
6: continue ⊲ near-duplicate

7: end if
8: 𝐻 ← 𝐻 ∪ {ℎ}; 𝑒 ← LightweightEncoder(𝑓𝑡 )
9: 𝑔← ChangeGate(𝑒;𝜏major, decay)
10: if 𝑔 = major then
11: 𝐾 ← 𝐾 ∪ {𝑓𝑡 }
12: end if
13: end for
14: ⊲ per-question, ∼10ms

15: for each question 𝑞𝑖 do
16: 𝑆hot𝑖 ← Ret𝑆 (𝑞𝑖 , 𝑘)
17: 𝑆cold𝑖 ← Cat(𝑆 \ 𝑆hot𝑖 )
18: 𝑚𝑖 ← Ret𝑀𝑣

(𝑞𝑖 ) ⊲ cosine ≥ 0.55

19: 𝑎𝑖 ← 𝜋𝜃 (· | 𝑞𝑖 , 𝐾, 𝑆hot𝑖 , 𝑆cold𝑖 ) ⊲ cloud VLM call

20: 𝑟𝑖 ← Score(𝑎𝑖 , 𝑞𝑖 )
21: UpdateUtility(𝑆hot𝑖 , 𝑟𝑖 )
22: if 𝑟𝑖 = 0 then
23: 𝐷 fail ← 𝐷 fail ∪ {(𝑞𝑖 , 𝑎𝑖 ,𝑚𝑖 )}
24: end if
25: if |𝐷 fail | ≥ 𝑁evo then
26: ⊲ per-session, minutes

27: Δ𝑆 ← E(𝑆, 𝐷 fail,𝑚𝑖 ) ⊲ evolver fires, fusion

28: Δ𝑆 ← F1Dedup(Δ𝑆, 𝑆) ⊲ Jaccard ≥ 0.5 rejected

29: 𝑆 ← 𝑆 ∪ Δ𝑆 ; 𝐷 fail ← ∅
30: end if
31: if 𝑖 mod 100 = 0 then
32: 𝑆 ← F2Prune(𝑆)
33: end if
34: end for

The full cascade encoding and evolution loop is summarized

in Algorithm 1.

3.2 Per-frame: Cascaded Encoding Gate
Most frames within a contiguous window of a streaming

video are visually redundant, and cloud-VLM cost grows lin-

early with each forwarded frame. We therefore filter the

stream content-aware on the edge, forwarding only the

salient transitions with a decision rule that consumes no

future frames — ruling out any selector that needs the full

clip up front. Concretely, the visual encoding gate𝐺 maps

each arriving frame 𝑓𝑡 to a verdict𝑔𝑡 ∈ {major,minor, skip}
from 𝑓1:𝑡 alone: major frames cross the major-change thresh-

old and are forwarded to the cloud VLM as keyframes, minor

frames cross only a lower threshold and update the rolling

reference for subsequent comparisons but are not uploaded,
and skip frames fall below both thresholds and trigger no

action at all. The keyframe set forwarded to the cloud is there-

fore 𝐾 = {𝑓𝑡 : 𝑔𝑡 = major}, while minor and skip frames

are discarded at the edge. 𝐺 composes three 𝑂 (1)-per-frame

stages, applied in order:

• Perceptual hash (dHash). Hamming-distance dedup

against a rolling buffer of recent hashes rejects bit-exact

and near-exact duplicates, catching camera shake, identical-

scene re-frames, and stationary periods.

• Lightweight encoder.A 128-dim CPU-only feature com-

bining HSV histogram, luminance, edge density, and tex-

ture statistics. No deep network, no GPU; produces a

scene-similarity vector usable with cosine distance.

• Adaptive change gate. Compares the current encoded

frame against a rolling reference and emits major / minor

/ skip verdicts using thresholds that adapt with temporal

decay, so the gate fires reliably even on slow-moving

scenes and stationary cameras.

Because 𝑔𝑡 depends only on 𝑓1:𝑡 , the cascade runs on a live

stream of unknown length without buffering or replay. Only

frames in 𝐾 are forwarded to the cloud VLM; everything else

is discarded at the edge.

3.3 Per-question: Skill Bank with Hybrid Hot/Cold
Injection

Agent scaffolds empower LLM agents without weight up-

dates, but each injected skill costs prompt tokens at every

query, and once the skill bank 𝑆 exceeds tens of entries full-

inline injection saturates the prompt context and obscures

task-specific signal. We therefore inject the skill in two tiers.

Each text skill 𝑠 𝑗 ∈ 𝑆 is a short markdown card with a name,

a one-line description (the retrieval key for skill evolve),

a numbered procedural body, and an explicit anti-pattern

section, and 𝑆 is initialized with a small seed bank of 𝐾seed

cross-cutting visual-reasoning patterns that are bootstrapped

from a held-out probe run of the same skill evolver E, and
grows during deployment thereafter. We treat each 𝑠 𝑗 as an

implicit preference rule rather than a procedural recipe.

To adopt skills dynamically, for each incoming question

𝑞, a sentence-transformer embedding ranks 𝑆 against the

question text. The top-𝑘 skills 𝑆hot = Ret𝑆 (𝑞, 𝑘) are inlined
as hot bodies into the system prompt; the remaining skills

become a cold catalogue 𝑆cold = Cat(𝑆 \ 𝑆hot) of name-and-

description pairs only, with bodies fetchable on demand if

the model decides it needs them. Per-question prompt cost is

therefore bounded by 𝑘 rather than |𝑆 |, decoupling injection
cost from bank growth during online evolution.

3.4 Per-session: Memory-augmented Meta-evolution
In real-life scenarios, as use cases become complex, a static

𝑆 cannot adapt to bench-specific failure modes the user did

4
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Table 2. Main results across 4 benchmarks × 2 VLMs. Cascade columns report 6 streaming-deployable configurations;

Uniform-8 plain is the offline baseline upper-bound. We mark best per row across the cascade columns in bold.

Cascade (streaming-deployable) Uniform-8

Bench VLM Plain Seed +Evolve +SkillMemCat +Evo+SkillMemCat FullEvo (Δ) Plain

EgoSchema

Gemini 52.60 67.20 68.00 65.20 64.60 68.40 (+15.80) 60.60

GPT-5.2 64.00 66.60 66.20 67.20 65.60 68.00 (+4.00) 70.60

V-MME long

Gemini 60.33 61.56 61.33 62.78 62.56 64.22 (+3.89) 61.44

GPT-5.2 55.89 54.00 52.22 54.67 52.78 55.89 (0.00) 58.78

EgoPlan-Bench

Gemini 24.62 30.80 29.93 28.31 30.04 28.85 (+4.23) 37.96

GPT-5.2 28.42 28.74 28.31 28.09 28.85 29.39 (+0.97) 43.06

NextQA

Gemini 72.70 75.10 73.90 75.50 75.70 74.50 (+1.80) 77.70

GPT-5.2 73.20 72.00 72.30 70.90 72.50 73.30 (+0.10) 78.90

not anticipate, while a naive LLM evolver invoked on raw

failures introduces two new failure modes of its own: it may

emit narrow recipes that overfit to the triggering failure,

and 𝑆 may bloat with near-duplicates over long evolution

histories. We therefore want an evolver E that is conditioned

on positive examples so it abstracts from successful patterns

rather than memorizing the failure surface, and a bank that

self-cleans as it grows.

Unlike prior memory-augmented agents [21, 29, 36] that

concatenate retrieved memory directly into the per-question

prompt, we route memory into the offline evolver — so each

retrieved exemplar reshapes the skill bank that serves ev-

ery future question rather than competing with the visual

context for one-shot attention. An auxiliary episodic mem-

ory store𝑀𝑣 records correctly-answered questions as dense

embeddings (sentence-transformer), with queries combin-

ing question and option text and retrieval confidence-gated

by cosine similarity so only on-topic exemplars surface. Let

𝐷 fail
accumulate scored failures since the last evolve. When

|𝐷 fail | ≥ 𝑁evo the evolver fires: Δ𝑆 = E(𝑆, 𝐷 fail, 𝑀𝑣) retrieves
the top exemplars from 𝑀𝑣 that match the failure context,

conditions its skill-synthesis prompt on them, and proposes

new entries. We expose memory→ VLM concatenation as

an optional secondary lever (§4.2 validates that fusion beats

concatenation on 3 of 4 Gemini experiments).

Two filters keep the skill bank 𝑆 quality-controlled across

long evolution histories: (F1) a token-Jaccard dedup at evolve-
time rejects entries in Δ𝑆 whose names overlap heavily with

existing 𝑠 𝑗 ∈ 𝑆 , and (F2) a per-skill utility tracker logs each

𝑠 𝑗 ’s hit rate on scored answers and periodically prunes skills

whose accuracy lags the bank mean. Together they make the

per-session evolution loop “self-healing” rather than mono-

tonically blowing.

4 Experiments
4.1 Setup
Multimodal Language Models.We test two cloud VLMs

— Gemini 3 Flash [12] (lightweight) and GPT-5.2 [20] (one

of the strongest available) — with Claude Haiku 4.5 [3] as

the offline evolver and all-MiniLM-L6-v2 [25] as the mem-

ory encoder. Cascade gate. Frames arrive at 1 fps with up

to 8 keyframes per question; the major-change threshold

𝜏major=0.30 relaxes from 4 s of stability (decay_start) to-
ward a floor of 0.3 (decay_floor), and a 10 s silence ceiling

forces a major verdict so the gate also fires on stationary

scenes. Evolve trigger.𝑁evo=15 failures, with𝐾seed=12 skills

in the bootstrapped seed bank. Variants.We compare five

configurations sharing the same cascade gate: Plain (bare
VLM, no scaffolding); Seed (the𝐾seed-skill seed bank injected

per question); +Evolve (seed plus the evolver firing every

𝑁evo=15 failures, no memory); +SkillMemCat (seed plus top-
3 confidence-gated memory exemplars concatenated along-

side the skills into the per-question VLM prompt, no evolver);

and FullEvo (all three, with memory routed to condition

the evolver instead of the per-question prompt — the §3.4

design choice).

Benchmarks. We evaluate MetaSight on two ego-view

and two general video-QA datasets to simulate the use of real-

life scenarios and to probe in more general multimodal situa-

tions. For the ego-view datasets, we use EgoSchema [18] with

500 instances, 3-min clips on average to test long-horizon ego

activity recognition, and EgoPlan-Bench [5] with 923 entries

and single observation frame for planning tasks. As for the

general video QA, we test on Video-MME long [10] with 900,

and 30+ min video content to test the reasoning at a long

clip duration, as well as NextQA [37] with 1000 instances

and ∼30s videos for short-clip causal/temporal reasoning.

4.2 Accuracy Results and Analysis
Table 2 presents the main scores for 6 streaming-deployable

configurations alongside the plain baseline at uniform-8
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Table 3. FullEvo on top of uniform-8 sampling delivers a

positive lift across all four benches using Gemini 3 Flash.

Bench U-8 plain U-8 + FullEvo Δ

EgoSchema 60.60 73.60 +13.00
V-MME long 61.44 66.78 +5.34
EgoPlan-Bench 37.96 50.11 +12.15
NextQA 77.70 81.20 +3.50

frame budget, where we uniformly extract 8 frames in the

video for question-answering. The FullEvo consists of the
skill evolve and memory→ evolver fusion; injection mode

with memory-guided skill evolution instead of simple con-

catenation. The Uniform-8 plain column is included as an

offline reference: it shows what the same VLM achieves with

offline access to all 8 sampled frames but no method scaf-

folding added.

MetaSight Scores at the Top. In Table 2, MetaSight’s

FullEvo achieves an average performance boost of +3.85%
over the Plain baseline and a peak of +15.80% on EgoSchema

with Gemini 3 Flash. Notably, Gemini 3 Flash yields at least

4% lift at the streaming budget on two egocentric benchmarks

(EgoSchema +15.80%, EgoPlan-Bench +4.23%), demonstrat-

ing its advantage in real-world applications like personalized

AI glasses.

To better understand the role of each function, we walk

through each component in Table 2, summarising lifts as

the four-bench average per VLM. The initial seed skill bank

alone (Seed) lifts Gemini’s Plain by +6.10%, suggesting that

the bootstrapped seed addresses the dominant Gemini failure

modes. However, the three separate components: adding the

skill evolver (+Evolve, +5.73% over Plain), memory concate-

nation alone (+SkillMemCat, +5.39%), or evolver with con-

catenation together (+Evo +SkillMemCat, +5.67%) do not

improve over the Seed baseline on Gemini or the GPT-5.2

variant, suggesting evolved skills and concatenated memory

each compete with the initial seed skill bank for prompt

budget when added in isolation. Only the full FullEvo that

routes memory through the evolver instead of concatenating

it, consistently beats Seed on both VLMs (+0.33% on Gemini,

+1.31% on GPT-5.2 over Seed), and is the only variant that

lifts the stronger GPT-5.2 backbone above Plain on average

(+1.27% vs. −0.04 to −0.62% for the four other variants), con-

firming that the proposed memory routed skill evolution

drives the major performance lift.

Validating FullEvo on the Offline Baseline. As the
increased accuracy of MetaSight primarily comes from the

memory-driven skill evolutionwe proposed, we apply FullEvo
to the Uniform-8 offline method in Table ?? to better validate
its use. Even added to the stronger baseline, our FullEvo
delivers an additional +3.50 to +13.00% over the offline Plain

baseline, peaking at +13.00% on EgoSchema (60.60→73.60)

Table 4. EgoSchema leaderboard results. All baseline num-

bers are reproduced from cited works.

Method Acc. (%) Backbone

Frozen Bilinear (baseline) [18] 17.6 ResNet+BERT

LongViViT [22] 56.8 ViViT

LLoVi (GPT-4) [42] 61.2 GPT-4

LLoVi (GPT-4o) [42] 67.6 GPT-4o

VideoAgent [34] 71.3 GPT-4 + LLM planner

Gemini 1.5 Pro [11] 72.2 Gemini 1.5 Pro

MetaSight (cascade + FullEvo, online) 67.2 Gemini 3 Flash

MetaSight (uniform-8 + FullEvo, offline) 73.6 Gemini 3 Flash

and +12.15% on EgoPlan-Bench. This forms an offline upper-

bound (Uniform-8 + FullEvo) that our streaming FullEvo
approximates within 5.20% on EgoSchema and 2.56% on V-

MME long while running at a small fraction of the cost (see

§4.3).

Memory Routing Beats Concatenation. We isolate the

contribution of routing memory through the skill evolver

against two memory-concatenation baselines that differ only

in whether the evolver is active. +SkillMemCat disables the

evolver and concatenates retrieved memory alongside the

seed bank into the per-question prompt, whichmatches prior

memory-augmented methods. +Evo +SkillMemCat keeps

the skill evolver running but still concatenates memory at an-

swer time, matching FullEvo’s components and differs only

in the memory routing mechanism. And in Table 2, FullEvo
wins in most cases with an average lift of +2.05% and a peak

of +3.80% on EgoSchema using Gemini 3 Flash, with +3.11%
on V-MME long using GPT-5.2, which also confirms the direc-

tion transfers across VLM families. However, when dealing

with shorter video clips (e.g., EgoPlan-Bench and NextQA),

Gemini 3 Flash with our FullEvo shows slight decrease of
the performance (e.g., −1.19% on average). This is because

brief visual context leaves enough prompt-budget headroom

that concatenated memory does not crowd the question sig-

nal. Moreover, the comparison against +SkillMemCat mir-

rors the same direction on three of four Gemini experiments

(e.g., average +1.73%, peak +3.20% on EgoSchema), support-

ing our choice to fuse memory into the offline evolver rather

than concatenate it into the model prompt.

MetaSight Surpasses Frontier Baselines on EgoSchema.
On the EgoSchema leaderboard (Table 4), MetaSight’s streaming-

deployable configuration (online) achieves 67.20%, sitting

within 4.10% of VideoAgent’s offline LLM-driven planner

(71.30%) at a fraction of the latency since the cascade rejects

∼98% of frames before any radio is woken (§4.3). Pushing to

the offline-best configuration (uniform-8 + FullEvo, 73.60%)
edges past Gemini 1.5 Pro’s 72.20% on a 4× smaller, cheaper

Gemini 3 Flash backbone, and outperforms LLoVi (GPT-4o)

by 6.00% (73.60 vs. 67.60). The performance boost over the

per-VLM Plain baseline at uniform-8 (e.g., 60.60→ 73.60

with+13.00%) further demonstrates that the gain compounds
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Table 5. Per-benchmark API-cost comparison on Gemini 3 Flash. KF/Q = frames sent to the API; tok/Q = input tokens per

question; $/run = Gemini 3 Flash spend across the bench at $0.30/M input + $2.50/M output. Savings are our MetaSight vs the

two baselines.

Bench (n, avg dur) Configuration KF/Q tok/Q $/run vs Full-frame vs U-8+FullEvo

EgoSchema (3min)

Full-frame @1 fps ∼180 ∼192,841 $28.93 — —

Uniform-8 + FullEvo 8.00 13,419 $2.01 — —

MetaSight 2.95 9,524 $1.44 −95.0% −28.4%

V-MME long (∼30min)

Full-frame @1 fps ∼1,800 ∼1,926,361 $520.12 — —

Uniform-8 + FullEvo 8.00 15,818 $4.28 — —

MetaSight 5.41 13,420 $3.63 −99.3% −15.2%

EgoPlan (∼23 s)
Full-frame @1 fps ∼23 ∼16,363 $4.53 — —

Uniform-8 + FullEvo 8.00 13,348 $3.69 — —

MetaSight 1.13 10,728 $2.97 −34.4% −19.5%

NextQA (∼30 s)
Full-frame @1 fps ∼30 ∼32,429 $9.73 — —

Uniform-8 + FullEvo 8.00 14,025 $4.21 — —

MetaSight 1.51 8,207 $2.47 −74.6% −41.3%

All experiments total (𝑛=3,322Q, 4 benches) — — $563.31 / $14.19 / $10.51 −98.1% −25.9%

Table 6. Parity-budget comparison (𝐾=8, Gemini 3 Flash).

Cascade-fill (cascade gate + uniform-fill of unused slots) beats

uniform-8 sampling at matched frame budget.

Configuration NextQA EgoPlan-Bench

U-8 77.70 37.96

Cascade-fill 79.50 (+1.80) 41.54 (+3.58)

U-8 + FullEvo 81.20 50.11

Cascade-fill + FullEvo 82.70 (+1.50) 52.06 (+1.95)

when the offline budget becomes available, justifying both

the streaming-deployable and offline-best in the rest of §4.

4.3 Efficiency Results and Analysis
Accuracy is one of MetaSight’s two main claims; the other is

that our cascade gate plus hybrid skill injection cut API cost

materially against both the mainstream Full-frame @1 fps

practice and the offline upperbound from §4.2. We compare

frames sent to the API, input tokens, and per-run dollar spend

on Gemini 3 Flash across the four benchmarks against these

two baselines (Full-frame @1 fps: ship every 1 fps frame of

the clip into the VLM; Uniform-8 + FullEvo: the offline up-

perbound from §4.2), complemented by a matched-budget

accuracy comparison at 𝐾=8 frames that isolates frame-

selection quality from frame-count.

Cascade Cuts API Cost by an Order of Magnitude.
In Table 5, we compare our cascade-driven video encoding

against two baselines on Gemini 3 Flash: the mainstream

Full-frame @1 fps and the offline upperbound Uniform-8 +

FullEvo. Against Full-frame @1 fps, our cascade ships 2–

340× fewer frames per question and reduces dollar cost by

−34.4% to −99.3% per benchmark, with an average of −98.1%
over the four benches and a peak of −99.3% on V-MME long

where 30-min clips would otherwise consume ∼1.93M input

tokens per question. Notably, the saving widens with clip

duration (−95.0% on 3-min EgoSchema, −99.3% on 30-min

Table 7. Skill bank composition at end-of-run, Gem-

ini 3 Flash with full-inject FullEvo. Total = 𝐾seed seed (kept)

+ evolved (added by the evolver). F1 = token-Jaccard dedup

rejections at evolve-time. F2 = utility-tracking prune events.

Bench Seed Evolved Total F1 rejects F2 prunes

EgoSchema 12 28 40 0 0

Video-MME long 12 45 57 0 0

EgoPlan 12 55 67 0 0

NextQA 12 32 44 0 0

V-MME long, −34.4% on the single-frame EgoPlan-Bench),

evidencing that the cascade’s dHash gate is most effective

on long-form streaming workloads. Moreover, against the

offline upperbound under the same skill bank configuration,

our cascade still ships only 1.13–5.41 frames per question

and undercuts the upperbound’s cost by −15.2% to −41.3%
per benchmark (average −25.9%, peak −41.3% on NextQA),

while tracking its accuracy on long clips within 5.20% on

EgoSchema and 2.56% on V-MME long. Overall, the cumu-

lative spend across the four benches drops from $563.31 to

$10.51 at FullEvo, and end-to-end latency is dominated by

the cloud round-trip rather than the cascade itself (<10ms

on-device, >100 fps on CPU; full profile in Appendix A.7).

Cascade-fill Beats Uniform-8 at Matched Frame Bud-
get. In Table 6, we evaluate matched-budget accuracy at𝐾=8

frames against the offline upperbound on Gemini 3 Flash.

The motivation is that on short-clip benches (e.g., EgoPlan-
Bench and NextQA, both with ≤ 30 s clips), our cascade

naturally selects only 1.13–1.51 keyframes per question, un-

dershooting the upperbound’s 8-frame budget; to isolate

frame-selection quality from frame-count, we additionally

test cascade-fill, which keeps all cascade-selected keyframes

and pads up to 𝐾=8 with uniformly-sampled fillers, match-

ing the upperbound’s frame budget exactly. At this matched

𝐾=8 budget, cascade-fill beats pure uniform-8 both without
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Figure 2. Two MetaSight wins on Gemini 3 Flash with efficient encoding and evolved skill and memory. Case 1 (EgoSchema,

+14.60%): single major keyframe (1/180); evolved skills flip baseline (C) “picks paint”→ GT (D) “loosens color intensity.”
Case 2 (NextQA, +2.80%): single keyframe (1/36); two memory-bank exemplars on the “hold-tight→ stabilise” pattern flip (C)
“moving themselves”→ GT (B) “hold for balance.”

skill scaffolding (+1.80% on NextQA, +3.58% on EgoPlan-

Bench) and with our FullEvo on top (+1.50% on NextQA,

+1.95% on EgoPlan-Bench), evidencing that scene-change

keyframes carry more signal than evenly-spaced ones at

fixed cost. Notably, cascade-fill + FullEvo reaches 52.06% on

EgoPlan-Bench, a +14.10% lift over plain U-8 (37.96), show-

ing that our frame-selection quality and the skill-side lift

compound rather than compete.

4.4 Further Analysis
Beyond MetaSight’s headline accuracy and efficiency, three

operational properties decide whether the system is deploy-

able in practice: how the proposed skill bank generalises

across VLM families, the runtime behaviour of the evolving

bank and memory store, and the implications for edge-device

streaming deployment. We probe each in turn below.

Capability-conditional Gains. The headline lift is con-
ditional on whether the target VLM exhibits the failure

modes the bank was evolved to address, not on raw capabil-

ity. FullEvo delivers +15.80% on the weaker Gemini 3 Flash

but only +4.00% on the stronger GPT-5.2 EgoSchema row,

despite GPT-5.2 starting from an 11.40% higher Plain base-

line (64.00 vs. 52.60): GPT-5.2 simply does not exhibit Gem-

ini’s premature-abandonment pattern at the same rate, so

Table 8. Memory ingest and retrieval rates per bench, Gem-

ini full-inject FullEvo. Retrievals are evolver-fusion fetches;

in this configuration memory is never injected into the per-

question VLM prompt.

Bench Ingests Retrievals Retrieval/Q Avg units

EgoSchema 340 11 0.022 3.0

Video-MME long 578 22 0.024 3.0

EgoPlan 266 44 0.048 3.0

NextQA 745 17 0.017 3.0

the seed-bank’s answer-format-completion skill that re-

covers Gemini becomes near-redundant on GPT-5.2. Across

off-family backbones (e.g., GPT-4o, Claude Sonnet 4.5), the
lift further attenuates with the same Gemini-evolved bank,

indicating that portability is bounded to the VLM family

the bank was evolved against. Per-skill transfer dynamics

(format-skill VLM-bound, reasoning-pattern skills transfer

cleanly) are catalogued in Appendix A.3, and per-VLM seed

re-evolution is the natural path forward.

BankComposition andMemoryDynamics. The evolved
bank grows substantially per run (28–55 new skills on a

12-seed base; Table 7), while memory retrieval fires only

8
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∼1× per 21–59 questions (Table 8) — a low-frequency, high-

precision conditioning signal for the evolver. Notably, F1

(token-Jaccard dedup) and F2 (utility-tracking prune) remain

inactive across all four benches at this run length (zero re-

jections, zero prunes; Appendix A.4), suggesting the bank

has not yet reached the saturation regime where dedup and

utility prune become load-bearing; this validates F1/F2 as

scalability scaffolding rather than performance-critical com-

ponents at the scales evaluated. On V-MME long the 12

seed skills accumulate 219 activations at 73% while the top-3

evolved skills accumulate 314 activations at 71%, reinforcing

the §4.2 finding that the seed bank carries most of the lift on

long-form benches (per-bench numerics in Appendix A.5).

The cosine gate filters memory ingest in step with plain ac-

curacy (NextQA 74.5% down to EgoPlan 28.8%), and retrieval

fires only when the skill evolver runs, so the evolver receives

∼40× less memory traffic than a per-question concatenation

would deliver.

Potentials for EdgeDevice Deployment. Streamingwear-

ables are the binding use case: for example, a 1-hour AI-

glasses session at 1 fps emits 3,600 frames, which under a

frontier-VLM full-frame upload would translate into roughly

3.9M input tokens and a tail-latency budget incompatible

with cellular variance. MetaSight’s on-device cascade rejects

∼98% of those frames before any radio is woken, so the same

hour ships 5–20 uploads end-to-end — consistent with the

per-question keyframe rates measured in Table 5 (1.13–5.41

KF/Q across the four benches). Combined with FullEvo’s
skill-driven accuracy lift (§4.2), the cascade therefore makes

a class of AI-glasses video-QA agents viable that would oth-

erwise be either too expensive (full-frame) or too inaccurate

(uniform-8 plain) to deploy on a mobile data plan.

4.5 Case studies
Figure 2 traces two representative MetaSight wins on Gem-

ini 3 Flash, one per recovery pathway. Both share the similar

efficient encoding signature: the cascade compresses the clip

down to a single major keyframe at 𝑡≈1 s (1/180 and 1/36), so
the swing happens purely at the language layer. In Case 1, the

baseline locks onto a surface noun on the keyframe (“picks

paint”) and skips the question’s purpose-clause; the evolved

skills inject a more concrete scope discipline at retrieval

time and recovers GT (D) “loosens color intensity.” Case 2
has no salient skill on retrieval — the lift instead comes

from the memory bank: two prior confidence-gated exem-

plars on the “hold-tight → stabilise” pattern (rope-while-

descending, handlebars-on-trail) re-route the evolver away

from (C) “moving themselves” to GT (B) “hold for balance,”.

Two further wins of our approach, including a cross-VLM

transfer to GPT-5.2, are presented in Appendix A.8.

5 Conclusion
We presented MetaSight, a self-evolving multimodal agent

for cost-sensitive video question answering. The key idea is

hybrid encoding: cheaply filter streaming frames before VLM

upload, route only top-𝑘 skills into each prompt while keep-

ing the rest in a cold catalogue, and use retrieved memories

to evolve the skill bank offline rather than inflating every

per-question call. Across four video-QA benchmarks and

two VLM families, MetaSight substantially reduces API cost

while improving accuracy in most settings, showing that

multimodal agents can become both cheaper and stronger

without weight updates. These results suggest a practical

path toward deployable self-evolving video agents for live

edge scenarios such as AI glasses, where streaming efficiency

and continual adaptation are both essential.
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A Appendix
A.1 Compute cost
Total experiments reported in this paper: ∼$190 across Gem-

ini 3 Flash and GPT-5.2 (Azure proxy). Reasoning-token

billing on the proxy is not separately exposed and may in-

flate the GPT-5.2 portion by 1.5–3× depending on Azure

deployment configuration.

A.2 Cascade-fill on long-clip and uniform-activity
benches

Table 6 reports parity-budget (𝐾 = 8) cascade-fill on the

two short-clip benches where the hybrid wins; we list here

the same comparison on EgoSchema (3-min clips, uniform

activity) and Video-MME long (30+min clips). Per-bench

min_gap_s: EgoSchema 5 s, V-MME long 60 s, EgoPlan 1 s,

NextQA 1 s; all runs use max-keyframes=8. GPT-5.2 cascade-
fill experiments are not yet measured.

The bench-conditional split reflects the underlying frame-

relevance distribution. On EgoSchema’s 3-min uniform-activity

ego clips, salient content is distributed roughly evenly through

the clip rather than concentrated in scene transitions, so the

cascade gate’s content-aware selection has less leverage and

uniform-8’s even temporal coverage is harder to beat. On

V-MME long’s 30+min clips the situation is different but

converges to the same conclusion: with min_gap_s forced to
60 s to keep the cascade-fill samples non-overlapping, the fill

positions are too coarse to recover the content the cascade

missed in the long static stretches between scene transitions.

We report cascade-fill as a parity-budget alternative that is

bench-conditional in its win, not a universal replacement for

uniform-8.

A.3 Cross-VLM transfer dynamics
Cross-VLM transfer dynamics are per-skill rather than bank-
wide: format-enforcement skills are VLM-family-bound while
reasoning-pattern skills transfer cleanly, and the memory-
injection mode preference can invert sign across VLM fam-
ilies. A targeted ablation on the GPT-5.2 EgoSchema row of

Table 2 surfaces three findings.

(i) Format-enforcement is VLM-family-bound. Remov-

ing the single answer-format-completion skill from the

seed bank (seed-11) recovers GPT-5.2 by +4 to +6% uni-

formly across three benches at 𝑛=50, because the skill was

evolved against a Gemini failure mode (premature aban-

donment) that GPT-5.2 does not exhibit. Caveat: promoting

seed-11 as a universal bank fails for Gemini at full bench

(−4.2% regression on EgoSchema 500), so per-VLM bank

composition is necessary.

(ii) Reasoning-pattern skills transfer cleanly. The re-
maining 11 reasoning-pattern skills deliver +2.60 % on GPT-

5.2 EgoSchema even without the format skill, mirroring the

Gemini “seed alone is most of the lift” pattern.
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Table 9. Approximate compute costs by stage. “Wall” = approximate wall-clock with 6–12 concurrent runs. All Bedrock Haiku

evolver calls are bundled into the Gemini-side accounting.

Stage Runs Approx. cost (USD) Approx. wall (h)

Tier-1 ablation ladder (EgoSchema/V-MME short/TeleEgo) 16 46 18

Tier-2 cascade per-stage breakdown 5 2 1

Cross-VLM full bench (GPT-5.2 6 runs) 6 36 8

Headline 4-bench × 2-VLM experiments 8 ∼50 ∼12
NextQA + EgoPlan ablation ladders 14 ∼50 ∼10

Total ∼50 ∼190 ∼50

(iii) Memory-mode preference inverts. +SkillMemCat
costs −2.0 % on Gemini EgoSchema but delivers +3.20 % on

GPT-5.2 EgoSchema, while memory→evolver fusion is posi-

tive on both VLMs — so direct concatenation is bench/VLM-

conditional rather than universally hurtful, and we keep

FullEvo as the universal recommendation. Combined with

the V-MME long picture (full-inject regresses on GPT-5.2;

hybrid-3 recovers), the rule is: method transfers cleanly on

the evolution-source bench, while non-source benches re-

quire per-VLM injection-mode tuning.

A.4 Bank hygiene activity on supplementary
benches

The F1 (token-Jaccard dedup at evolve-time) and F2 (per-skill

utility prune) filters fired zero times on the four headline

benches: at 500–1000 questions per run the Haiku evolver’s

name-generation diversity is sufficient to avoid near-duplicates,

and per-skill hit rates stay within 5 % of the bank mean. On

the longer / more diverse-task supplementary benches (V-

MME short, TeleEgo) the filters do fire — F1 logs 11 and

5 rejections respectively, F2 fires 2 prune events (10 skills

dropped) — delivering a 24–37 % bank-size reduction at ± 1 %
accuracy. F1+F2 are therefore best understood as low-cost

insurance for longer evolution histories rather than active

levers in the headline configuration.

A.5 Per-skill EgoPlan numerics
On EgoPlan, all top-tier seed skills bottom out near 27%

accuracy (225 activations each), mirroring the bench’s near-

random absolute ceiling for non-frontier VLMs that lack vis-

ible task-progress context (§4.4). Top evolved skills accumu-

late 204 activations at 26 %; later-evolved entries accumulate

148–188 activations at 28–29 %. The per-skill spread is below

the ablation noise floor on this bench, which is consistent

with the headline finding that EgoPlan is at near-random

absolute accuracy regardless of method.

A.6 Cascade per-stage breakdown
We retain the per-stage breakdown for transparency, de-

spite production cg-adaptive losing offline accuracy on

EgoSchema. Table 10 (plain Gemini 3 Flash, EgoSchema 200,

seed=42, 𝜏major = 0.20) shows three things: (i) uniform-8 wins

offline by +9.5 % at 8 KF/Q on this bench; (ii) dhash-only is

the worst cascade mode because hash-passed frames cluster

toward early video, so deduplication alone without scene-

aware reweighting underperforms even uniform sampling;

(iii) adaptive thresholds and temporal decay cost ∼4 % rela-

tive to static thresholds at matched KF/Q on EgoSchema. The

adaptive features are the only mode robust to live-streaming

conditions (slow-moving scenes, stationary cameras, irreg-

ular frame arrival), and the cost reverses on diverse-scene

benches: cg-adaptivewins cg-static by+3.4 % on TeleEgo.

We default to cg-adaptive because cross-bench portabil-

ity under streaming conditions outweighs the EgoSchema-

specific offline gap.

Table 10. Cascade per-stage breakdown on EgoSchema 200,

plain Gemini 3 Flash, seed=42, 𝜏major = 0.20. KF/Q = avg

keyframes per question sent to the VLM.

Mode Pipeline Acc. (%) KF/Q Input tokens

uniform-8 uniform sampling, no gate 66.0 8.00 1,761,645

dhash-only dHash→ take all hash-passed 57.0 8.00 1,761,645

cg-static dHash + LE + CG (no decay) 60.5 4.83 1,077,301

cg-adaptive full pipeline (production) 56.5 4.83 1,083,269

A.7 Full per-experiment token / cost / latency profile
The headline saving in §4.3 (Table 5) compares Gemini Cas-

cade + FullEvo against the Uniform-8 + FullEvo offline

ceiling. Table 11 reports the full per-experiment profile for

both VLM families across the four benchmarks plus the cross-

VLM ablation runs, drawn from the vlm_usage field of each

results dump.

A.8 Additional case studies
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Table 11. Per-experiment token / cost / latency profile across the headline 4-bench × 2-VLM experiments plus key cross-VLM

ablation runs. $/Q assumes Gemini 3 Flash at $0.30/M input + $2.50/M output and GPT-5.2 (Azure proxy) at $1.25/M input +

$10/M output; reasoning-token billing on the proxy is not separately exposed and may inflate the GPT-5.2 cost by 1.5–3×.
KF/Q = avg keyframes per question after the cascade.

Bench Variant Acc. (%) in_tok/Q out_tok/Q $/run $/Q lat./Q (s) KF/Q

EgoSchema

Gemini plain 52.60 3,430 15.1 $0.53 $0.0011 9.05 2.96

Gemini FullEvo 68.00 9,524 5.9 $1.44 $0.0029 9.80 2.95

GPT-5.2 plain 64.00 905 5.0 $0.14 $0.0003 4.39 2.95

GPT-5.2 FullEvo 68.00 6,369 4.9 $0.96 $0.0019 5.43 2.95

V-MME long

Gemini plain 60.33 6,111 10.8 $1.67 $0.0019 14.56 5.43

Gemini FullEvo 64.22 13,420 2.3 $3.63 $0.0040 13.66 5.41

GPT-5.2 plain 55.89 5,461 4.9 $6.18 $0.0069 9.82 5.40

GPT-5.2 FullEvo 55.89 6,307 3.8 $7.13 $0.0079 12.58 5.40

EgoPlan

Gemini plain 24.62 1,352 10.5 $0.40 $0.0004 8.55 1.13

Gemini FullEvo 28.85 10,728 1.5 $2.97 $0.0032 8.99 1.13

GPT-5.2 plain 28.42 1,198 5.1 $0.34 $0.0004 5.43 1.13

GPT-5.2 FullEvo 28.85 10,207 5.2 $2.83 $0.0031 4.11 1.13

NextQA

Gemini plain 72.70 1,750 4.0 $0.53 $0.0005 5.70 1.51

Gemini FullEvo 74.50 8,207 1.3 $2.47 $0.0025 5.84 1.51

GPT-5.2 plain 73.20 576 5.1 $0.18 $0.0002 2.95 1.51

GPT-5.2 hybrid-3 68.10 2,244 4.8 $0.68 $0.0007 9.24 1.51

Figure 3. Two further MetaSight wins, including a cross-VLM transfer. Case 3 (EgoPlan-Bench, Gemini 3 Flash, +6.18%): single
keyframe (1/15); evolved skills flip (B) “open tap”→ GT (C) “close tap.” Case 4 (EgoSchema, GPT-5.2, +4.00%, cross-VLM): a

Gemini-evolved bank applied unmodified to GPT-5.2 corrects (B) “making a sweater”→ GT (E) “knitting a scarf.”
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