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=+ ~340x% higher inference compute cost than xT Video Frames
finetuning compute cost

Metrics: QA accuracy; LM’s rating for
captions & open-ended QA
Scaling factors X = (XN, XT, XV) affects @ inference compute cost C (X) @ downstream task error f

Optimizing LM training compute vs. vVLM inference compute.
-+ we ignore effect of data size n on compute!

Q: Given fixed finetuning data of size n & inference compute budget ¢ (in FLOPs),
How to select scaling factors x with the smallest task error 7

Compute Problem

Pretraining mian;npt:C(xN;npt)S Cptf(xN’ Tlpt)

where x = LM size, x+ = number of frames, x, = tokens/frame .
MIN . c(x)<c f(x» n)

Inference

. Fixing LM params x,, better pe when increase xr, xy jointly

. 15 == 30 TFLOPs: larger LM (x5 = 7.5B) makes better use of 2x compute
Implies bottleneck imposed by LM size!

ﬁ Important to jointly scale x,, X7, and x;; to maximize performance

* IsoFLOP sweep: adjust scaling
factors (xy, x7, xy) to maintain a
fixed inference compute cost c(x)
across 4 target TFLOPs: 2, 5, 15, 30
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min., 2 lO x(l) n(l) . — l() (1) Some variability in bootstrap
y ( gf( ’ ’ ) gf ) resampled parameter estimates Bagged add—interact fits

due to small sample size for fitting well on training data

Bagged add—interact extrapolates well
for Avg performance, but struggles on
LongVideoBench (LVB) & Next-QA (NQA)

# the efficiency frontier x*(c: n) requires joint scaling of (xy, X7, Xy)
at varying rates and is non-monotonic (due to x discrete)
LM Size x;/(c)

Allocate inference compute across x = (xy, X7, Xy)
to minimize task error

x*(c;n) = argming..(y)<c f (x, 1)

#Frames x,(c) #Tokens/Frame xy/(c)
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