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The benchmark tests a message-level generator in three phases on five claims

INPUTS RUN CLAIMS  claim · variable · pass criterion

1. MODEL
· any message-level
  LOB generator

2. STOCK
· one month of
  LOBSTER data

4. BUDGET
· 20 days
· 1024 rollouts per 
  direction per phase 

PHASE 1.
FREE GENERATION
· 12k–73k message horizon

(buy + sell; 100; 0)

PHASE 3.
RELAXATION
· i = 10 children, then 
· c = 100 silent blocks

(buy + sell; 10; 100)

C1. THE BALANCE HOLDS
· γflow, H, free drift
· all three match the real month

C2. IMPACT EXISTS
· peak mid-price shift
· ≥ 3 s.e. over noise, law identified

C3. NOT BOOK MECHANICS
· shift, visible vs blind run
· visible a multiple of the blind

C4. THE SQUARE-ROOT LAW
· δ (exponent), Y (amplitude)
· δ ≈ 0.5 (√-law), Y ≈ 0.5–1

C5. IMPACT RELAXES
· end/peak, post-execution slope
· at or below the kernel baselines

PHASE 2.
BUILD-UP
· i = 100 children, ΔN apart,
  at 10% participation

· each twice: visible, and blind -
  unseen by the model

3. CALIBRATE
· for each day: 
  estimate ΔN at 10%
  participation, child
  size, daily σ and V

(no injections; 100; 0)

Extends benchmarks such as LOB-Bench [5] from single orders to metaorders. Each build-up also runs blind, unseen by the model; the visible-over-blind ratio is its own reaction.

Every model learns impact of its own, not yet the market’s

AMD. Blue: the five neural generators. Grey and gold: baselines with known physics. Dashed: the square-root law and the decay to 2/3.

≥ 3× bigger price move when the model
sees the orders.
Each model writes the order book token by
token [4]. Every model answers a metaorder
with an impact law, on every stock; a replay
that cannot react does not answer at all.

Exponent δ = 0.63–1.21 against
the market’s 0.5.
I(Q) = σ · Y · (Q/V)δ

An order Q moves the price by I, with daily
volume V, volatility σ and an amplitude Y.
With δ = 0.5, the square-root law [1, 2],
four times the order moves the price twice
as far. On AMD the models’ Y is also
4–17× the real one.

No decay after execution, where real books
relax to 2/3 [3].
On AMD four of five models stay above
their peak. Both failures point to persistent
flow with too little replenishment, which we
attribute to short context windows.

If a simulator misprices market impact,
agents learn policies that are optimal
in the simulator but wrong in
the real market.

Try the benchmark on your model:
bring a message-level generator and
a month of LOBSTER data.

george-nigm.github.io/lob-impact
george.nigmatulin@gmail.com
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