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LMs a Mirage?

Recent work claims that large language models display emergent abilities, abil-
ities not present in smaller-scale models that are present in larger-scale models.
What makes emergent abilities intriguing is two-fold: their sharpness, transition-
ing seemingly instantaneously from not present to present, and their unpredictabil-

ity, appearing at seemingly unforeseeable model scales. Here, we present an al- By Ryla N SC h da effe r, B Fan d (0)

ternative explanation for emergent abilities: that for a particular task and model R . .
family, when analyzing fixed model outputs, emergent abilities appear due the M Ira nd a , a nd Sa NMmli Koyej O
researcher’s choice of metric rather than due to fundamental changes in model

behavior with scale. Specifically, nonlinear or discontinuous metrics produce ap-

parent emergent abilities, whereas linear or continuous metrics produce smooth,

continuous, predictable changes in model performance. We present our alternative

explanation in a simple mathematical model, then test it in three complementary

ways: we (1) make, test and confirm three predictions on the effect of metric

choice using the InstructGPT/GPT-3 family on tasks with claimed emergent abil-

ities, (2) make, test and confirm two predictions about metric choices in a meta-

analysis of emergent abilities on BIG-Bench: and (3) show how to choose metrics .

to produce never-before-seen seemingly emergent abilities in multiple vision tasks Presented by Chao Chen (M iche lle)
across diverse deep networks. Via all three analyses, we provide evidence that al-

leged emergent abilities evaporate with different metrics or with better statistics,

and may not be a fundamental property of scaling Al models. 1
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Emergent Abilities are a Mirage

Sharp and unpredictable changes are induced by researcher’s
choice of metric. Model family’s per-token error rate changes
smoothly, continuously, and predictable
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Predictions

1. Emergent abilities disappear with different metrics.
2. Emergent abilities disappear with better statistics.

16
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Predictions

* Emergent abilities appear with discontinuous/non-linear metrics.
* Emergent abilities disappear after changing metric.

21
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Shallow non-linear autoencoder for CIFAR100
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Transformer for classifying Omniglot characters
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BIG Benchmark
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GPT-4 Technical Report

Capability prediction on 23 coding problems
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Are Emergent Abilities a Mirage?

Emergent abilities only occur
with certain metrics.

Those metrics are the
ones that matter.
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Are Emergent Abilities a Mirage?

Plots have large jumps due
to log-scaled x-axis.

L=

_

Linear scaling of x-axis
also shows jumps.
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Are Emergent Abilities a Mirage?
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explanation in a simple mathematical model, then test it in three complementary
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Predictability and Surprise in LGM
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Fig. 2 Three examples of abrupt specific capability scaling described in Section 2.2, based on three different models: GPT-3 (blue),
Gopher (orange), and a Google language model (green). (Left) 3-Digit addition with GPT-3 [11]. (Middle) Language understanding
with GPT-3 and Gopher [62]. (Right) Program synthesis with Google language models [4].
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