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Abstract

This paper uses transaction-level data on UK inflation swaps to characterize who buys and who

sells insurance against higher inflation, and to introduce new measures of expected inflation.

We find that this market is segmented: pension funds trade at long maturities, while hedge

funds trade at short maturities, with dealer banks serving as the counterparty for both. We

propose three novel identification strategies based on heteroskedasticity, granular instrumen-

tal variables, and sign restrictions to estimate demand and supply functions and to separate

expectations from frictions in segmented financial markets. Expected inflation is more firmly

anchored at long maturities than what swap prices indicate, while prices for short maturity

swaps are mostly driven by shocks to frictions. Prices in this market absorb new information

quickly, and the supply of long maturity inflation protection is very elastic. We find a strong

correlation across institutions between their survey-based expectations and their trading be-

havior.
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1 Introduction

Investors wanting to trade inflation risk can do so by entering into swap contracts. Scores of pa-
pers in monetary economics have used the prices of these contracts as high-frequency measures
of expected inflation and have studied how they respond to various shocks (e.g., Nakamura and
Steinsson, 2018, Andrade and Ferroni, 2021). A vibrant literature in financial economics compares
swap prices with those of inflation-indexed government bonds or with survey-based inflation ex-
pectations (e.g., Fleckenstein, Longstaff, and Lustig, 2014, Binder and Kamdar, 2022). Speeches
by policymakers often discuss these market prices to anticipate the future path of inflation, and
to assess whether expectations are anchored and monetary policy is credibly delivering price sta-
bility (e.g., Mann, 2022, Ramsden, 2022). Investors must form views on how swap prices correlate
with both actual inflation and other asset returns in order to hedge against inflation and related
macroeconomic risks (e.g., Cieslak and Pflueger, 2023, D’Amico and King, 2023).

In spite of their centrality to so many debates, there are reasons to be skeptical about swap
prices as measures of expected inflation. After all, asset pricing research has found that prices
often move for reasons unrelated to changes in the underlying payoffs. Inflation swap prices ex-
hibit significant volatility, often fluctuating by tens of basis points within a short span of days,
despite no discernible changes in economic conditions or monetary policy. This raises several
research questions: how reliable are inflation swap price movements as indicators of expected
inflation? How quickly do they incorporate information, and how do they compare with survey
data? Behind these prices is a market where participants trade exposure to a central macroeco-
nomic variable. Who are the market participants, and what motivates the transfer of inflation
risk? What are the supply and demand curves for protection against inflation?

This paper brings new data and identification strategies to answer these questions. Using com-
prehensive transaction-level data on each over-the-counter (OTC) inflation swap contract traded
within one of the world’s largest inflation derivative markets, the UK, we identify the buyers and
sellers of inflation insurance and to study how prices are formed. With a model of demand and
supply, we decompose the price movements into a frictional component and a component cap-
turing movements in risk-neutral expected inflation. Exploiting joint variation in both prices and
quantities, we propose three distinct identification strategies for models of segmented financial
markets that discern the shocks to these components through time and across different maturi-
ties. We then use the data on quantities to clean the price data, thereby producing a new measure
of expected inflation. To understand how inflation risk is transferred and traded, we estimate
the demand and supply for inflation protection, the relative price impact of different investors,
how frictions relate to market liquidity, and how institutions’ surveyed expectations of inflation
correlate with their trading behavior.

First contribution: facts and market structure. We provide a description of a large and impor-
tant financial market that is opaque because of its OTC nature. This enables us to identify the
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entities influencing inflation swap prices, understand their motivations for trading inflation risk,
and determine the appropriate model to interpret this market.

Section 2 establishes three stylized facts on the UK market for inflation swaps. First, dealer
banks are not neutral market makers. Rather, they are large net sellers of inflation protection.
Their net positions significantly exceed their holdings of index-linked bonds, the closest hedge.
Moreover, at the institution level, there is little correlation between trading activity in the index-
linked bond and inflation swap market. Banks are more accurately characterized as sellers of
inflation insurance rather than merely as market makers with a matched book.

Second, at long maturities (10 years or more) the buyers of inflation insurance are mostly
pension funds. They hold large, persistent, positive net positions, and most of the variation in
trading volume in that maturity segment is driven by their actions. Consequently, when inflation
rises unexpectedly, there is a direct flow of payments from dealer banks to pension funds.

Third, at short maturities (3 years or less), hedge funds, acting as informed traders, hold small
net positions against dealer banks. However, they actively trade, and their net position fluctuates
between positive and negative on any given day. On average, they sold inflation protection when
inflation fell during the pandemic and bought protection ahead of the recent inflation spike.

In other words, we observe a remarkable segmentation in this market: pension funds maintain
large long maturity swap positions while barely trading in the short maturity segment, while
informed traders conduct most of their trading activity at short maturities. Dealer banks are
active in both. Section 3 proposes a model of this market split in two different segments based on
the maturity of the swap. Neither demand nor supply curves are horizontal because all parties
are averse to risk, have limited funds, and hold other positions and income that correlate with
the realizations of inflation. The outstanding quantity of inflation protection is non-zero because
institutions have different risks to hedge, different beliefs about future inflation, and different
capacities to bear inflation risk.

Second contribution: identification strategies. If all participants uniformly expect higher infla-
tion, then both supply and demand curves in the market will shift vertically by the same amount.
The price will rise one-to-one with expected inflation. If institutions instead update their beliefs
differentially, then the price increase reflects a risk-aversion and size-weighted average of the
change in expected inflation. Likewise, if all participants revise upward their beliefs regarding
the volatility of inflation or its covariance with market returns, both supply and demand shift
upwards, and the price increase reflects the rise in the inflation risk premium that policymakers
and researchers care about, and so in risk-neutral expected inflation.

However, consider a scenario where pension funds experience a shift in the composition of
their liabilities between defined benefit and defined contribution elements, or there is a change
in the shadow cost of posting collateral for a swap. Then, the demand curve for long maturity
inflation swaps will shift, and so will the price, despite no change in expected inflation. Similarly,
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if dealer banks experience changes in their balance sheet capacity to supply inflation protection
due to losses or gains in other business areas, or if there are regulatory changes regarding the
capital they must hold against their positions, then the supply curve alone will shift, moving the
price as well.

Deriving measures of expected inflation from swap prices requires filtering out these friction-
driven changes in how one side of the market trades and prices risk. This creates a difficult
identification problem of separating shocks to fundamentals from shocks to frictions or, equiv-
alently, of estimating the supply and demand functions. Section 4 contributes by showing how
three identification strategies can be applied to segmented financial markets to accomplish this
task, each exploiting distinct sources of variation in the data.

The first strategy exploits the time-varying volatility in the time series. Regular releases of
official inflation statistics cause heightened volatility in the inflation swap market. Assuming that
shocks to expected inflation drive this volatility, the heteroskedasticity identifies these shocks.

The second strategy instead exploits the cross-institutional variation in trading. The transaction-
level data is granular: the size of institutions’ positions follows a power law distribution. We
estimate institution-level disturbances and use them to build three instrumental variables for the
movements in supply and demand that correspond to frictional shocks.

The third strategy exploits the high frequency of the data. The identifying assumptions are
twofold: first, the desks responsible for trading short maturity and long maturity swaps within a
given dealer bank operate independently over the course of a single day; and second, within the
same time frame, hedge funds respond more to fundamental factors compared to dealer banks,
which in turn are more responsive than pension funds. These assumptions impose restrictions on
the relative shifts of demand and supply functions in response to shocks that amount to zero and
sign restrictions on the structural responses of prices and quantities to the shocks.

Third contribution: empirical estimates. Section 5 reports estimates of UK expected inflation
between January 2019 and February 2023 that are consistent across the three identification strate-
gies.

How reliable are swap prices in comparison? Our first finding is that, at long maturities, the
observed swap price tracks expected inflation reasonably well; however, discrepancies between
the two series occasionally were as high as 30 basis points. Second, inflation swap prices over-
stated movements in expected inflation in several episodes. For example, they overstated the risk
of deflation during the pandemic, while they overstated the inflationary pressures during the en-
ergy crisis triggered by the invasion of Ukraine. Furthermore, from September 2022 to February
2023, the prices overstated the degree to which inflation expectations were unanchored. Third,
at short maturities, the frictions dominate, and swap prices can diverge substantially and persis-
tently from expected inflation.

Section 6 turns to how this market incorporates information and shares inflation risk among
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its participants. We find that the impulse responses become horizontal within one to three days.
The inflation swap market, therefore, seems to incorporate new information relatively quickly.
Moreover, the supply of inflation protection by dealer banks to pension funds at long maturities is
very elastic, unlike their supply to hedge funds at short maturities. This indicates that banks play
a crucial role in shouldering changes in demand for long maturity inflation insurance. Finally, we
find that most of the variation in the price of short maturity inflation swaps is driven by frictional
movements. Supply shocks from dealer banks explain around a third of the variation in short
maturity inflation swap prices; the majority is instead due to demand shocks from pension and
hedge funds, which have been less explored in the existing literature.

Section 7 matches the positions of financial institutions in the inflation swap market with their
answers to surveys on expected inflation. We find a significant positive correlation between the
two. This is a rare validation of a link between survey-based measures of expected inflation and
actual trading behavior, with large sums at stake.

Connections to the literature. Beyond the vast literatures on inflation, expected inflation, mon-
etary policy, and financial markets that we already discussed, this paper directly builds on a few
other papers.

First, we highlight a particular market where the segmentation across maturities is stark, build-
ing on the work of Vayanos and Vila (2021). While this market for inflation insurance is not as
large as the markets for bonds or foreign exchange that the prior literature has focused on, it is
very significant for macroeconomic outcomes and monetary policy. With transaction-level data on
a large sample of the market, we can empirically identify the arbitrageurs and preferred-habitat
agents described in these theories. We provide three complementary identification strategies that
may be useful in other estimations of segmented market models.

Second, we estimate an asset demand system, in the footsteps of Koijen and Yogo (2019) or,
more recently, Gabaix et al. (2025). While previous studies have used data on stocks (Koijen et al.,
2024), bonds (Koijen et al., 2021) or exchange rates (Koijen and Yogo, 2020), we focus on the large
and liquid OTC market for inflation swaps. Our approaches to identification are different, as
is our focus on extracting measures of expected inflation from the prices of swaps. Within this
literature, in our use of granular instrumental variables (Gabaix and Koijen, 2024), we build on
Gabaix and Koijen (2021) but use trade-level positions across different investor types to build an
instrument for the demand of each type of investor.

Third, a literature following Begenau et al. (2015) has looked at the interest rate swap market
to identify the sectors bearing interest rate risk and how their exposure varies. We study inflation
derivatives, and we directly observe the directional positions taken on by dealer banks and other
investors. In contrast to the findings of Granja et al. (2024) and McPhail et al. (2023) on interest rate
swaps, we find that banks take large net positions in the inflation risk market. We also find that
demand shocks affecting the clients of the dealers play an important role in driving market prices,
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alongside shocks to dealers themselves. Like Hanson et al. (2024), we use an affine representation
of the structural shocks and, in one of our identification strategies, we use sign restrictions, but
we further complement this with other strategies so we can cross-validate the results, all pointing
to the same conclusions about the drivers of inflation swap prices.

Fourth, numerous studies, including recent contributions by Fang et al. (2025) and Boons et al.
(2020), utilize market price data to separately estimate subjective expected inflation and inflation
risk premia. Our study, however, focuses on disentangling risk-neutral expected inflation—which
encompasses both subjective expectations and risk premia—from market frictions such as liquid-
ity and other premia. Conversely, Reis (2020) pools market prices and survey data to derive
measures of expected inflation. In contrast, we employ micro-level data on trading behavior and
survey responses to check for consistency between the two.

Fifth, and finally, we use the regulatory EMIR Trade Repository (TR) data on trade-level OTC
derivative positions (for an overview, see e.g. Abad et al., 2016). Cenedese et al. (2021) and Hau
et al. (2021) use the EMIR TR data on FX forwards and swaps to investigate the impact of the
leverage ratio and price discrimination, while Cenedese et al. (2020) use data on the interest rate
swap market to compare prices in OTC transactions with those in centrally-cleared trades.1 To the
best of our knowledge, our work is the first to use the granular EMIR TR data on inflation swaps.

2 Data, summary statistics, and stylized facts

We begin by describing an inflation swap, followed by an explanation of our data sources. Finally,
we establish three key facts that characterize this market as segmented into two parts.

2.1 Inflation swap contracts

An inflation swap is a bilateral contract in which one party, the floating leg payer, pays the real-
ized cumulative growth in a price index over the contract’s duration. In return, the other party, the
fixed leg payer, pays a fixed amount at a pre-agreed rate. This fixed rate is known as the breakeven
inflation rate because, if the realized inflation rate matches the fixed rate at the contract’s conclu-
sion, both counterparties break even. This fixed rate is the price of the swap. It ensures that the
net present value of the swap for both counterparties is zero at initiation. Consequently, no cash
flows are usually exchanged at the start of the contract. As the floating leg payer is selling protec-
tion against high inflation in exchange for a premium that is the fixed rate, this makes swaps an
attractive way to buy and sell inflation insurance.

Most swaps are zero-coupon, meaning that payments on the fixed and floating legs are ex-
changed only at the end of the contract. However, the two parties continuously exchange pay-
ments, known as variation margin, to ensure that the contract remains at zero net present value.

1Concurrent with our paper, but focusing on the FX derivative market, see Czech et al. (2022) and Ferrara et al.
(2022). Additionally, building on our work, see also Khetan et al. (2023) and Jansen et al. (2024).
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Therefore, the payoff of an ongoing swap is the exchange of variation margin. Since this payoff
corresponds to the net change in the value of the swap position, it is nearly equivalent to the po-
sition being closed at day-end, with the agent whose side of the contract appreciated receiving a
payment. Consequently, payments are tied to changes in expected inflation, even if it will take
years for the actual underlying inflation to be realized. This also means that there is minimal
counterparty risk because each party is nearly indifferent between maintaining the swap contract
or closing it and keeping the accrued variation margin.

Each swap contract specifies an amount swapped that links the size of cash flows to inflation
and the fixed rate, referred to as the gross notional. To give an example, imagine a $100 gross
notional swapped for 1 year with a fixed rate of 1%. If inflation was 1% over the year so that
prices rose by 1%, both counterparties would break even. If there was no inflation over the course
of the year the fixed rate payer would pay $1 to the floating rate payer, but if inflation was 2%
instead the floating rate payer would pay $1 to the fixed rate payer. We use net notionals, which
consolidate all the exposures of an institution, to measure the quantity of inflation protection held
by that institution. This measure is positive if the institution is a net buyer and negative if it is a
net seller. For example, if an institution holds a gross $100 of swaps as the floating leg payer and
$200 as the fixed leg payer, its net notional position is $100.2

2.2 Inflation-linked debt and inflation swaps

Another method to obtain inflation protection is through holding inflation-linked government
debt, commonly referred to as linkers in the UK. However, linkers are less attractive for hedging
against or speculating on inflation due to upfront capital costs and illiquidity during periods of
market stress. Additionally, the supply is limited, with bonds outstanding amounting to only
approximately 20% of GDP during 2019-2022. In contrast, the total gross notional amount of UK
inflation swaps outstanding during the same period ranged between 110-130% of UK GDP. As
demonstrated in Appendix A.1, there is minimal correlation at the institutional level between
trading in linkers and swaps.

For historical reasons, the retail price index (RPI) is typically used to calculate the inflation
coupon on linkers. Since the linker market predates the inflation swap market, the latter has also
adopted the convention of using RPI to compute cash flows on the floating leg. RPI inflation has
typically been approximately 1.5 percentage points higher than the consumer price index (CPI)
inflation, which is the basis for the Bank of England’s 2% target.3

2There are some complexities regarding the timing of the contract that we discuss in a supplemental Appendix.
3The supplemental Appendix further elaborates on this discrepancy and compares UK price indices.
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2.3 The EMIR trade repository data

Inflation swaps are traded in an OTC market, where the terms of a transaction are negotiated
between the two counterparties rather than on an exchange. By regulation, UK legal entities have
to report the terms of any derivative transaction to an authorized trade repository by the next
business day. Initially mandated under the European Market Infrastructure Regulation (EMIR),
reporting requirements were later adopted in UK legislation under UK-EMIR. Our data consists
of all trades submitted to DTCC Derivatives Repository Plc (‘DTCC’) in which at least one of the
counterparties is a UK-regulated entity. This is the largest trade repository in terms of market
share and is representative of the overall market.

We use the DTCC’s daily reports to capture the stock of all outstanding inflation swap con-
tracts on a given day, as well as to obtain the flow of trading activities. Since the vast majority of
trades are spot contracts (rather than forward contracts), we focus on these. We clean the data by
eliminating: (i) duplicated transaction-level reports, (ii) intragroup transactions, (iii) compression
trades, (iv) trades with implausible notional amounts (greater than $10bn and lower than $1000),
and (v) trade reports that do not meet the set of UK-EMIR validation rules. We also drop ob-
servations with inconsistent values for the reported notional, the identities of the counterparties,
the counterparty side, the maturity date, or the underlying inflation index. This leaves us with
more than 25 million unique trades, from the 2nd of January 2019 to the 10th of February 2023. We
allocate investors to groups using a best-endeavor sectoral classification.4

2.4 The dealer-client segment of the market

The total gross notional outstanding in the UK inflation swap market fluctuated between $3.5tn
and $4tn during 2019-2022. Our focus is on how these swaps are utilized to transfer inflation risk
across different segments of the financial system. However, approximately 60% of trades involve
a central clearing counterparty (CCP). Only clearing house members—predominantly large inter-
national banks that supply swap contracts to the broader financial system and that we refer to as
dealers—can trade directly with a CCP. Consequently, trades with clearing houses do not provide
insights into the types of institutions that demand and trade inflation risk.5 Additionally, a further
17% of trades occur in the intra-dealer market, only involving transactions between dealers.

We focus on the remaining 22% of contracts, equivalent to $1.1tn in gross notional terms, which
are sold by the 16 dealers to their clients. A third of dealer-client trades by value are with pension
funds and liability-driven investment funds (collectively referred to as pension funds). A third are
with well-informed active traders (hereafter, hedge funds), and the remaining third are with other

4The supplemental Appendix details the trade repository data and the procedure to clean the data. It also com-
pares our dataset with supervisory data on derivatives holdings within the insurance sector, revealing a close match.

5A client trading with a dealer can elect to have that trade cleared through a CCP. In our data, this would manifest
as two transactions: one between the dealer bank and the CCP and another between the dealer and the client. Our
interest is in the latter transaction, and by focusing on the dealer-client market, we avoid double counting.
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Figure 1 FACT 1: DEALERS HAVE A NET EXPOSURE TO HIGHER INFLATION

NOTE: The figure shows in blue the aggregate net notional position of dealer banks in the dealer-client market segment of the UK inflation
swap market across all maturities at the end of the quarter. A positive value indicates that the dealers are net sellers of inflation protection.
In yellow-gold are, for the same dealer banks, the aggregated face value of holdings of index-linked government debt. SOURCE: UK bank
granular exposures data (Covi et al., 2022) and DTCC Trade Repository, from March 2019 to June 2022.

non-banks, such as insurance companies, non-financials, asset managers, and sovereigns (which
we exclude). Within the dealer-client segment, approximately two-thirds of swap contracts are
traded at long maturities of ten years or more, although there is a significant market for shorter
maturities of one to three years.6

2.5 Three facts on the UK inflation swap market

Fact 1: Dealers are not neutral market makers. Figure 1 shows that dealer banks have sold
inflation protection in the swap market beyond their holdings of linkers, the direct hedge against
inflation risk, since at least the second half of 2019.7 The magnitude of their net exposure to
inflation, via linkers and swaps, reached a peak of almost $100bn in 2021. This implies that the
15% cumulative overshoot in UK inflation over 2021-2023 may have cost UK banks around $15bn,
or about 3% of their capital, in pure cash flow terms. This phenomenon is consistent across the
entire sector: nearly all dealer banks sell inflation protection and thereby take on inflation risk.

Fact 2: Pension funds buy protection from dealers at long maturities. Pension funds have
substantial real liabilities in the form of index-linked pension commitments to their members, and

6The supplemental Appendix provides further information on gross notionals by maturity and institution, over
time, and at a single date. It also describes the role of UK insurers and explains why we categorize them as others.

7This difference is not explained by differences in maturities, which are quite similar for the dealer banks’ hold-
ings of linkers and swaps. Of course, dealers will manage their inflation exposures through other correlated asset
classes, like commodities, and our model will explicitly consider their portfolio strategies.
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Figure 2 FACT 2: PENSION FUNDS BUY LONG MATURITY PROTECTION FROM DEALERS

NOTE: The figure shows the aggregate net notional position of pension funds vis-à-vis dealers in the UK inflation swap market at month-
end, categorized by the maturity of the underlying swap contract. A positive value indicates that the funds are net buyers of inflation
protection. The data sample is from January 2019 to February 2023. SOURCE: DTCC Trade Repository.

Figure 3 FACT 3: HEDGE FUNDS ARE ACTIVE IN THE SHORT MATURITY MARKET SEGMENT

NOTE: The figure shows the aggregate net notional position of hedge funds vis-à-vis dealers in the UK inflation swap market at month-
end, categorized by the maturity of the underlying swap contract. A positive value indicates that the funds are net buyers of inflation
protection. The data sample is from January 2019 to February 2023. SOURCE: DTCC Trade Repository.

the limited supply of linkers covers only a small portion of these liabilities.8 It is not surprising

8The UK has a large defined benefit pension fund sector. The hedging demand from these pension funds is the
primary reason for the deep market of inflation-linked bonds and derivatives.
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that, in our data, they are consistently large buyers of inflation protection from dealers, with a
maximum position reaching approximately $110bn in our sample.

Figure 2 breaks down their net notional positions by the initial time-to-maturity of the con-
tracts. Strikingly, they almost exclusively hold inflation swap contracts with an initial maturity of
10 years or longer, likely reflecting the long duration of their liabilities.

Fact 3: Hedge funds trade inflation risk primarily in the short maturity market. Figure 3 shows
the net notional positions of hedge funds. These positions are substantially smaller than those of
pension funds, reflecting the absence of an implicit desire for insurance, unlike pension funds.
However, these small net positions conceal larger gross positions, as detailed in Appendix A.2,
and significant divergence within the sector, with different institutions taking opposing sides at
any given time, indicative of speculative behavior regarding inflation levels. On an aggregate
basis, the sector’s net positions are small because different institutions are often on opposite sides
of the market. Overall, the sector transitioned from being net sellers to net buyers of protection
as inflation initially declined and then increased. These institutions predominantly trade inflation
swaps with an initial maturity of 3 years or less.

2.6 Market segmentation

Figure 4 presents the complete picture for the net notionals across different investor types. Com-
bined, the three facts imply a remarkable segmentation of the UK inflation swap market: pension
funds primarily trade in the long maturity market segment, where they hold persistently large
positive net positions and hence buy inflation protection; hedge funds trade in the short maturity
market segment with small and fluctuating net positions (but large gross positions and significant
disagreement among individual funds); and dealer banks are the counterparties in both market
segments to both types of clients, trading actively in both and overall acting as sellers of protec-
tion. From the perspective of segmented markets models (e.g., Vayanos and Vila, 2021), dealers
serve as arbitrageurs across maturities, while pension funds and hedge funds are preferred habi-
tat investors in the long maturity and short maturity market segments, respectively. Appendix
A.3 finds the same pattern in the Euro-inflation swap market, albeit with a shorter sample period.

Transitioning from net positions to high-frequency trading behavior, Figure 5 illustrates the
gross notional value of new contracts initiated by pension funds and hedge funds, aggregated
daily across participants and categorized by maturity. Trading volumes in both markets exhibit
similar magnitudes. However, pension funds’ gross trading volume in the long maturity segment
significantly surpasses that of hedge funds, whereas hedge funds dominate the short maturity
segment. The median volume-weighted maturity of swap contracts executed by pension funds
is 11 years, compared to 2 years for hedge funds, as detailed in Appendix A.4. Although there
is some trading activity by hedge funds in the long maturity segment and by pension funds in
the short maturity segment, these activities are relatively minor compared to the trading of the
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Figure 4 NET NOTIONAL POSITION BY INVESTOR TYPE IN THE INFLATION SWAP MARKET

NOTE: The figure shows the aggregate net notional position of all sectors in the dealer-client segment of the UK inflation swap market
at month-end. A positive value indicates that the sector is a net buyer of inflation protection. The data sample is from January 2019 to
February 2023. SOURCE: DTCC Trade Repository.

Figure 5 MARKET SEGMENTATION IN TRADING AT HIGH FREQUENCIES

(a) Daily volume: long maturity market (b) Daily volume: short maturity market

NOTE: The panels illustrate the gross notional value of new contracts initiated by hedge funds and pension funds, recorded on a daily
basis for a given trade execution date. Panel A presents contracts with maturities of 10 years or more, while Panel B displays contracts
with maturities of 3 years or less. The dataset spans from January 2, 2019, to February 10, 2023, at the daily frequency. SOURCE: DTCC
Trade Repository.

predominant investor type in each segment.
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3 A model of the market and the identification problem

This section formalizes the demand and supply dynamics for insurance against inflation and char-
acterizes the underlying determinants of inflation swap prices. The objective is not to provide a
comprehensive structural model for empirical estimation, but rather to clarify key concepts, cata-
log relevant shocks, and precisely articulate the identification assumptions.

The model, motivated by the empirical facts, has two primary characteristics. First, it is a
portfolio choice model, rather than a broker-dealer model, given the persistent large net positions
held by dealer banks in this market. Second, it features two market segments, for short and long
maturities, where inflation swaps are demanded by two distinct agents, hedge funds and pension
funds, respectively, with dealer banks supplying both segments.

3.1 Each institution’s problem

There are many traders working on behalf of institutions indexed by i that are grouped into three
types: pension funds ( f ), hedge funds (h), and dealer banks (b). The set of institutions in each
sector are Θ f , Θh, Θb, respectively, with measure given by the operator |.|. For exposition, we
present the problem from the perspective of a trader acting on behalf of a bank indexed by b, i.
Unless explicitly stated, traders acting on behalf of other institutions behave in the same way.

One period is a trading day. At the start of the day, the trader can buy (or sell) an inflation
swap contract for a long maturity at a fixed price p that will pay off π at the end of the day.
This payoff is not the realization of inflation, which will only be known years later, but rather
the updated value on what future inflation is expected to be. The same applies to short maturity
inflation swaps, which cost P and pay Π.

The trader also invests in a market asset that costs s and pays d. This could be a portfolio of
many other assets, but we will consider solely their sum eb,i and treat the price s as exogenous, to
focus on the demand for inflation risk.

Finally, each institution is exposed to background risk yb,i that cannot be traded due to in-
complete markets, and which may be correlated with inflation. For a dealer bank, this could
represent changes in the present value of other business lines, while for a pension fund it may
reflect changes in the net present value of its payments to pension holders.

Combining all and normalizing the daily real safe rate to 1, the budget constraint of a dealer
bank linking initial wealth ab,i to end-of-day wealth a′b,i is:

a′b,i = ab,i + (π − p)qb,i + (Π − P)Qb,i + (d − s)eb,i + yb,i , (1)

where the net positions of long maturity and short maturity swaps are qb,i and Qb,i, respectively.
Traders acting on behalf of hedge funds and pension funds have access to a similar set of

assets. However, we impose one key restriction that reflects the facts in the previous section:
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Assumption A. (Segmented markets.) Pension funds do not participate in the short maturity market
segment, Q f ,i = 0, and hedge funds do not participate in the long maturity market segment, qh,i = 0.

The goal of the trader is to maximize their institution’s utility from terminal wealth:

Eb,i
[
U(a′b,i)

]
, (2)

according to an increasing concave function U(.). Each institution has individual beliefs captured
in the expectations operator Eb,i(.). We model disagreement over expected inflation as:

Eb,i(π) = µb,iπ
e with

 ∑
i∈Θ f

µ f ,i + ∑
i∈Θb

µb,i

 /
(
|Θ f |+ |Θb|

)
= 1 . (3)

The parameters µb,i capture the heterogeneity in long maturity inflation expectations (with µ f ,i the
equivalent for pension funds) and πe is expected inflation, defined as the average across beliefs
of institutions active in the long maturity market segment. The same applies for the short ma-
turities with expected inflation Πe and parameters Mb,i and Mh,i reflecting disagreement, so that
institutions may disagree in different directions about short maturity and long maturity expected
inflation.

Finally, there are capacity constraints on each institution’s ability to take on inflation risk, cap-
turing regulations, balance-sheet constraints, or investment mandates. We model these quite gen-
erally through two continuous functions:

GL
b (qb,i, Qb,i, zb,i) ≥ 0 and GS

b (Qb,i, qb,i, zb,i) ≥ 0 , (4)

that measure the proximity of the dealer bank to the capacity limits in its long maturity and short
maturity trades, respectively. Each dealer faces an exogenous institution-specific shifter in the
tightness of these financial constraints zb,i.

We use asterisks to denote equilibrium values. Then, λL,∗
b,i is the Lagrange multiplier associated

with the long maturity constraint at the optimal choice q∗b,i, and gL,∗
b,i ≡ ∂GL

b (q
∗
b,i, Q∗

b,i, zb,i)/∂qb,i for
brevity, omitting the function’s arguments. The terms λS,∗

b,i and gS,∗
b,i are defined symmetrically.

Pension funds also face capacity constraints in the long maturity segment of the market where
they operate, with λ∗

f ,i, g∗f ,i, z f ,i as the Lagrange multiplier, the slope of a pension fund’s capacity
constraint at the optimal choice, and the exogenous shifter, respectively. The same applies to
hedge funds in the short market with terms λ∗

h,i, g∗h,i, and zh,i.

3.2 Functional form assumptions

Since we will ultimately estimate linear regressions for the local slopes of demand and supply
curves, we make functional assumptions that lead to a linear system from the portfolio choice.
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This amounts to assuming a mean-variance optimization problem.
First, we assume preferences in the CARA class:

U(.) = − exp
(
−γ̃b,ia′b,i

)
. (5)

The Arrow-Pratt absolute risk aversion coefficient is γ̃b,i = γb,i/ab,i, where γb,i is a fixed parame-
ter, so that portfolio shares are independent of initial wealth.

Second, we assume that all the institutions believe that returns are normally distributed. While
expected inflation is heterogeneous, we simplify the expectations of asset payoffs and background
risk by assuming that all institutions agree that Eb,i[d] = θd and Eb,i[yb,i] = 0, so that we focus
on inflation.9 The variances of the three exogenous random variables are σ2

π, σ2
d , and σ2

yb,i
, while

the covariances of expected inflation with market returns and background risk are σπ,d and σπ,yb,i ,
respectively, and their associated correlations are ρπ,d and ρπ,yb,i . Again to focus on inflation risk,
we assume that σd,yb,i

= 0, or that background risk does not covary with market returns.
A final assumption is that inflation at different horizons covaries with market returns follow-

ing a one-factor structure: ρπ,Π = ρπ,dρΠ,d. This simplifies the analysis by preventing inflation
risk premia in one segment depending on banks’ expectations in the other segment. In the data,
the first factor explains 95% of the cross-sectional variance of the UK inflation swap curve at ma-
turities from 1 to 15 years.

3.3 Individual asset holdings

Proposition 1, proven in Appendix B.1, states the asset demand function that solves b, i’s opti-
mization problem in the long maturity segment of the market (the equivalent expression for the
short maturity segment is in the Appendix):

Proposition 1. Given market prices p∗ and s, a dealer bank’s optimal demand for long maturity inflation
swaps scaled by size is given by:

q∗b,i

ab,i
=

µb,iπ
e − p∗

γb,iσ2
π(1 − ρ2

π,d)︸ ︷︷ ︸
price and beliefs

−
(

σd
σπ

) [
θd − s

γb,iσ
2
d (1 − ρ2

π,d)

]
ρπ,d︸ ︷︷ ︸

hedging demand

−
[

1
(1 − ρ2

π,d)σ
2
π

](
σπ,yb,i

ab,i
+

λL,∗
b,i g∗b,i

γb,i

)
︸ ︷︷ ︸

frictions

(6)

Demand for inflation swaps scales with the size of the institution and depends on three terms.
The first is a subjective expected Sharpe ratio: the difference between expected inflation and the
price of the swap, scaled by risk aversion times overall uncertainty. If an institution expects higher
inflation, it will want to buy more inflation protection. If it is more uncertain about inflation or
more risk averse, it will respond less to those expectations, so the slope of the individual trader’s
demand curve in quantity-price space will be higher the more risk averse it is.

9The message of the propositions is the same if these are institution-specific, but the algebra is more involved.
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The second term captures hedging against market risk. The higher the correlation between
expected inflation and the returns of the institution’s portfolio (ρπ,d), the less it will want to buy
inflation protection, since now higher inflation also comes with higher returns on other invest-
ments. This hedging demand scales with the size of the trader’s position in the market, which
depends on the Sharpe ratio.

The third term captures the two frictions within the model. The first friction arises from the
covariance of expected inflation with background risk, which when higher positive diminishes
the demand for inflation protection due to the natural hedge provided by this income. For in-
stance, a bank with a deposit franchise may benefit from rising nominal rates during periods of
high inflation, which enhances earnings from its other business lines, leading to a positive σπ,yb,i .
Conversely, for a pension fund with inflation-linked liabilities, this covariance is likely negative,
creating an inherent demand for inflation protection. The second friction involves binding ca-
pacity constraints that reduce demand relative to the trader’s desired level, constrained by reg-
ulatory, internal governance, or financial limitations. These capacity constraints are contingent
on the equilibrium quantity supplied, thereby influencing the slope of the demand curve in the
price-quantity space.

Similar expressions for hedge funds and pension funds are presented in Appendix B.2.

3.4 Demand, supply, and market clearing

Asset prices are pinned down in equilibrium by the market clearing conditions:

q∗ ≡ ∑
i∈Θ f

q∗f ,i = − ∑
i∈Θb

q∗b,i and Q∗ ≡ ∑
i∈Θh

Q∗
h,i = − ∑

i∈Θb

Q∗
b,i , (7)

so that q∗ > 0 means that pension funds have net positive notional holdings, and we refer to
them as demand, which then equals the supply by dealer banks in the long maturity segment.
The same applies to Q∗ in the short maturity segment where hedge funds and dealer banks meet.

Through the lens of our model, the fact that q∗ > 0 can be explained by several forces. The most
plausible is that pension funds are more exposed to background risk such that their net worth
covaries more negatively with inflation: σπ,y f ,i < σπ,yb,i . As described, many funds have liabilities
in real terms through index-linked pension commitments to their members, which produces a
negative covariance between net worth and inflation that is not present for banks.

Alternative explanations could be that pension funds systematically expect higher inflation
µ f ,i > µb,i or that banks face tighter capacity or regulatory constraints when taking long inflation
positions: λL,∗

b,i gL,∗
b,i > λ∗

f ,ig
∗

f ,i. Differences in risk preferences show up in the slopes of supply and
demand, and would lead to q∗ > 0 if pension funds were more risk averse than banks, γ f ,i > γb,i,
and ρπ,d > 0 or πe < p∗. This would be the case if inflation comoves positively with market
returns.
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3.5 The frictionless swap price and risk neutral expected inflation

Start with the case where there are complete markets to fully insure institution-specific income
risk, so σπ,yb,i = σπ,y f ,i = σπ,yh,i = 0, and the trading constraints do not bind for any agent in either
market segment, λL,∗

b,i = λ∗
f ,i = λS,∗

b,i = λ∗
h,i = 0. Combining equations (6) and (7), Appendix B.3

solves for this frictionless, counterfactual equilibrium price.

Lemma 1. If p̃ is the frictionless price of a long maturity inflation swap, in equilibrium it is:

p̃ =

[
∑i∈Θ f

γ̃−1
f ,i µ f ,i + ∑i∈Θb

γ̃−1
b,i µb,i

∑i∈Θ f
γ̃−1

f ,i + ∑i∈Θb
γ̃−1

b,i

]
︸ ︷︷ ︸
≡Λ, risk-adjusted size-weighted average of beliefs

πe︸︷︷︸
expected inflation

−
(

θd − s
σdσπ

)
ρπ,d︸ ︷︷ ︸

risk premium

. (8)

These two components of equilibrium prices map into the objects that policymakers care about
and that models focus on. The first is expected inflation. The coefficient on πe, which we denote
Λ, is a weighted function of each institution’s beliefs and their size-adjusted risk preferences γ̃ f ,i

and γ̃b,i. How the heterogeneity in beliefs, preferences, and wealth affects prices depends on
the correlation amongst them. If beliefs are independent of risk aversion at the institution level,
then Λ = 1, and the frictionless price rises one for one with πe. This aligns with the typical
interpretation that movements in swap prices provide a direct measure of changes in expected
inflation.

The second component of the price is compensation for risk, arising because of the correlation
of inflation with the return on the other assets that pension funds and dealer banks invest in
ρπ,d.10 Policymakers and academics care about this term because it captures both the variance of
inflation, and how it co-moves with real outcomes.

Combining the two, the frictionless price is a measure of risk-neutral expected inflation. It
varies over time with changes in the macroeconomy, monetary policy, or the regime that drives
inflation. We denote shocks to risk-neutral expected inflation by επ and refer to them as inflation
shocks. Importantly, they affect the price because they shift both demand and supply in the mar-
ket. Changes to risk-neutral expectations of inflation affect the common fundamental reasons that
drive the institutions to participate in the market in the first place.

The same applies to the short maturity segment (see Appendix B.3 for the equivalent expres-
sion for the frictionless short maturity price). We assume there is a single shock to inflation ex-
pectations that affects both segments, but the relative sign and scale of the movements at each
maturity is arbitrary, so the same επ that shifts p̃ can shift P̃ in any direction. This means that an

10With heterogeneity in individual beliefs about this covariance, the inflation risk premium would included a
weighted average of the heterogeneous covariances.
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inflation shock will shift supply and demand in both segments simultaneously.11

3.6 Friction-driven price movements

Because of the two general frictions—incomplete markets and trading constraints—the actual
price deviates from its frictionless value, as derived in Appendix B.3.

Lemma 2. The price of a long maturity swap is:

p∗ = p̃ −
∑i∈Θ f

{
σπ,y f ,i +

λ∗
f ,ig

∗
f ,i

γ̃ f ,i

}
∑i∈Θ f

γ̃−1
f ,i + ∑i∈Θb

γ̃−1
b,i︸ ︷︷ ︸

frictional demand from pension funds

−
∑i∈Θb

{
σπ,yb,i +

λL,∗
b,i gL,∗

b,i
γ̃b,i

}
∑i∈Θ f

γ̃−1
f ,i + ∑i∈Θb

γ̃−1
b,i︸ ︷︷ ︸

frictional supply from dealer banks

. (9)

Changes in the ability of pension funds to trade inflation swaps, z f ,i, can tighten capacity con-
straints and so move λ∗

f ,i. Changes in σπ,y f ,i , capturing how the income flow of pension funds
covaries with inflation, will likewise change demand for inflation protection. The aggregate de-
mand curve combines these two components, and its impact on the equilibrium price then de-
pends on the slope of demand and supply, captured in the second term on the right-hand side of
equation (9). We denote shocks to these frictions that drive pension fund demand by ε f .

The third term on the right-hand side of equation (9) likewise shows that the impact of frictions
on dealer banks’ willingness to supply inflation swaps affects equilibrium prices. These come
from shifts in banks’ trading capacity, zb,i, or in the income risk, σπ,yb,i . These shift the supply
curve, and we denote shocks to them by εb.

A similar expression applies to the short maturity price P. The same shocks to the frictions af-
flicting dealer banks, εb, affect supply in the short maturity segment, together with the shocks to
the demand from hedge funds, which we denote by εh. Demand shocks in one segment spill over
to the other because they affect the dealer’s ability to supply swaps in that segment. This is cap-
tured by the gL,∗

b,i term above, since a shock εh will affect the quantity supplied in the short maturity
segment Q∗ and this shifts the quantity constraint in the long maturity segment GL

b (q
∗
b,i, Q∗

b,i, zb,i),
and so its derivative gL,∗

b,i and the long maturity price p∗.

3.7 The identification problem

Figure 6 graphically displays the two market segments under different circumstances.
Panel (a) describes the long maturity segment where pension funds are net buyers of inflation

protection from dealer banks. The frictionless equilibrium at point A reflects expected inflation
11The assumption that there is one inflation shock is not particularly restrictive; the forecast revision in the long and

short segments from one period to the next can move in any arbitrary direction. For instance, this allows underlying
inflation to follow any arbitrary ARIMA process. This is again consistent with the empirical observation that a single
factor explains the vast majority of the cross-maturity variation in the inflation swap curve.
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Figure 6 FRICTIONLESS AND OBSERVED PRICES AS OUTCOMES OF SUPPLY AND DEMAND

(a) The long maturity segment and the effect of shocks to supply (εb) and demand (ε f )

Swap price (p)

Net notional (q)0

Demand function
(Pension funds)

Supply function
(Dealer banks)

q∗

p∗

q̃

p̃

B

A
Remark: on average
q∗ > 0 in the data.

(b) The short maturity segment and the response to an inflation shock (επ)

Swap price, P

Net notional, Q0

Demand function
(Hedge funds)

Supply function
(Dealer banks)

Q∗
2

D

C

Q∗
1

Remark: from previous
average Q∗

1 ≈ 0 to recent
Q∗

2 > 0 as Πe rose and
Mh,i > Mb,i.

NOTE: Panel (a) describes the long maturity segment where pension funds trade against dealers and are net buyers of inflation swaps
(q > 0). The point A is the frictionless equilibrium, where pension funds and dealers have no trading constraints and background risk,
and the price is p̃. Correspondingly, the blue dashed line is the dealer supply curve in the frictionless case while the red dashed line
indicates the frictionless pension fund demand curve. Introducing dealer supply constraints shifts the blue line up-left, resulting in a
solid dashed line. Frictions affecting pension fund demand are assumed to shift the red line up-right. The resulting frictional equilibrium
is point B, with corresponding observed price p∗. In other circumstances, the supply/demand frictions may shift supply and demand
differently, resulting in p∗ < p̃. Panel (b) describes the short maturity segment where hedge funds trade against dealers. The initial
equilibrium is denoted C, with solid demand and supply curves and a small net notional position, Q∗

1 . The panel shows the response to
a positive inflation shock (επ > 0), resulting in the dashed supply and demand curves and a new equilibrium D. The rise in equilibrium
prices reflects a rise in expected inflation.
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and compensation for its perceived volatility, captured by the dashed counterfactual supply and
demand functions where pension funds and dealer banks are not afflicted by the frictions de-
scribed above.

In the example in the figure, dealer banks’ supply constraints reduce their supply left-up to the
actual supply in the blue solid line, while pension funds’ income risk raises their demand right-
up to the actual demand curve in the red solid line. The actual equilibrium is at point B, with a
swap price p∗ above risk-neutral expected inflation p̃. A shock to the dealer banks that tightens
their constraints εb > 0 or a shock to pension funds that raises their desire for inflation protection
ε f > 0 would further shift up supply or demand, respectively, and raise the actual price even
though expected inflation is unchanged.

Panel (b) describes an initial equilibrium C in the short maturity market segment where hedge
funds trade against dealers with a resulting small net notional position Q∗

1 . If banks and hedge
funds have similar beliefs, hedging demand, and background risk, the model would predict that
equilibrium net holdings are on average close to zero, as is the case in the data. Following a posi-
tive inflation shock (επ > 0), we get the dashed supply and demand curves and a new equilibrium
D. The new price signals a rise in expected inflation. As drawn, Q∗

2 > Q∗
1 , which would be the

case if on average (adjusting for size and risk aversion) Mh,i > Mb,i, such that hedge funds react
more to a shock to expected inflation than dealers.

The identification problem is that a researcher observing only the rise in prices p∗ and P∗

would be unable to determine if they rose due to an increase in risk-neutral expected inflation,
like in Panel (b), or due to frictions, like in Panel (a). With four shocks driving the market—one to
inflation, and three demand/supply frictions—it is difficult to disentangle the individual effects.

However, we are able to utilize daily data on prices and quantities. The data in the column
vector Y = (Q, P, q, p)′ could identify the shocks in the vector ε = (εh, ε f , εb, επ)′.12 One example
of how this helps comes from the figure: the inflation shock led to an increase in the net notional
in the short maturity market segment, while the frictional shocks led to a fall in the quantity in
the long maturity market segment.

However, quantity data alone is not enough. For instance, while the rise in prices and quan-
tities in the bottom panel matches what we observe in the data, the post-pandemic recovery may
have loosened trading restrictions for both, and relatively more so for hedge funds, which would
match the figure just as well. Formally:

Y = Ψε , (10)

and we want to pin down the elements of the 4 × 4 matrix Ψ to fully identify the system, or at

12To be more precise, our data is: (i) for q, net purchases from dealers of UK RPI inflation swaps with initial time-
to-maturity of 10 years or more; (ii) for p a weighted-average daily price of UK RPI zero coupon inflation swaps
with initial time-to-maturity of 10 years or more, where the weights are constructed using the sample average gross
notionals traded at each maturity, and adjusted for indexation lags; (iii) for Q, the net purchases of swaps with initial
time-to-maturity of 3 years or less; and (iv) for P, the volume-weighted average daily price of UK RPI zero coupon
inflation swaps of maturity less than 3 years, again adjusted for indexation lags.
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least four elements in its inverse to partially identify the shock to expected inflation επ.

4 Three identification strategies

Our sample spans from January 2, 2019, to February 10, 2023, encompassing a period character-
ized by highly volatile inflation and expected inflation. This dataset includes 1,078 daily observa-
tions, covering 210 pension funds, 30 hedge funds, and 16 dealer banks (13 in the short market).
In this section, we detail how we leverage three distinct sources of variation in the data—over
time, across institutions, and at daily frequency—to achieve identification through three differ-
ent strategies. For brevity, we first describe a static case and subsequently incorporate dynamics
when describing the estimation strategy.

4.1 Strategy 1: heteroskedasticity across time

Inflation news tends to be released in a lumpy manner. Although the underlying shocks may be
smooth over time, traders gain the most significant insights on the dates when official data on
prices is released. In our sample, the volatility of inflation swap prices and the quantities traded
is markedly higher on these dates.

While it is possible that supply and demand shocks also become more volatile during these
periods, it is plausible to attribute the observed spike in variance on data release dates to the
revelation of inflation shocks. This forms our first identifying assumption. Formally:

Assumption B1. (Heteroskedasticity in the inflation shock at known dates.) Let ΣH denote the diagonal
variance-covariance matrix of the shocks ε at data release dates, and ΣL the one at other dates. Assume that:
(i) the largest diagonal of ΣHΣ−1

L is greater than one, unique, and corresponds to the ratio of variances of
the inflation shock between release and non-release dates; and (ii) Ψ does not change between release and
non-release dates.

The first part of the assumption states that the relative variance of the shocks changes between
two known set of dates due to an increase in the variance of the inflation shock. The second part
states that the propagation from shocks to the observables does not change. Combined, these
assumptions identify (up to sign and scale) the column of Ψ associated with the inflation shock.
Specifically, if ΩH denotes the variance of Y’s unpredictable component on release days, and
ΩL is the equivalent for the other dates, then the relevant column of Ψ is the left eigenvector
of ΩHΩL

−1 corresponding to the largest eigenvalue (Lewis, 2024). Note that since, a priori, the
relative variances of demand and supply shocks may rise or fall at those dates, this strategy only
allows for the identification of επ and the associated column of Ψ, not the complete system.

In our sample, we have 49 monthly dates when the data on UK RPI inflation was released. Two
more dates had a large impact on expected inflation: 8th September 2022 when former Prime Min-
ister Truss announced a cap on energy prices in the UK parliament, and 23rd September 2022 when

21



former Chancellor Kwarteng announced the “Mini-Budget”—both announcements dramatically
changed the properties of measured inflation. This gives a total of 51 of dates.13 In the data,
the largest eigenvalue of ΩHΩ−1

L is 1.43, so inflation shocks have significantly higher variance on
release dates.

4.2 Strategy 2: instrumental variables using cross-institutional granularity

Asset demand for an individual institution in proposition 1 is the sum of common drivers and
idiosyncratic institution-level frictions. In turn, the solution for observed prices in lemma 2 de-
pends on risk-neutral expected inflation and aggregate frictions. Combining the two, we can write
observed net notionals of an institution as a reduced-form factor model.

For pension fund f , i, let F denote unobserved common factors, ω f ,i denote the institution-
specific factor loadings, and ε̃ f ,i are idiosyncratic shocks to frictions (all appended with time sub-
scripts). Then:

q f ,i,t

a f ,i,t
= ω′

f ,iFt + ε̃ f ,i,t . (11)

Appendix C.1 shows the exact expressions for each of these components.
Given estimates of this model, one can calculate a wealth-weighted average of the residuals

across institutions:
GIVf ,t = ∑

i∈Θ f

a f ,i,t ε̃ f ,i,t . (12)

Since Ft captures the aggregate drivers of demand and supply, this new variable is by construc-
tion independent of inflation shocks, E(GIVf ,tεπ,t) = 0, and of the shocks to supply by banks,
E(GIVf ,tεb,t) = 0. Assumption A ensures that E(GIVf ,tεh,t) = 0. Therefore, the exclusion restric-
tion for GIVf ,t to serve as an instrument for ε f ,t is satisfied.

If the average was unweighted, it would equal zero by construction, since the estimated values
of Ft always span the period mean. The instrument GIVf ,t would not be relevant, as it would be
uncorrelated with ε f ,t. However, some institutions are significantly larger than others in the data.
Individual shocks to their demand function do not average out, but drive the aggregate demand
in the market. Pension funds’ daily gross notional positions in long maturity swaps are well
described by Zipf’s law, with an estimated power coefficient of −0.9. The same applies to dealer
banks and hedge funds; see Appendix C.2.

This provides the source of variation to satisfy the relevance condition. More precisely, the
assumption of granularity that replaces assumption B1 in this strategy is:

13In the supplemental Appendix, as a robustness check, we augment the set of high variance dates to include the
33 days in the sample when there was a monetary policy decision. The results are nearly unchanged, but since the
evidence for heteroskedasticity is weaker with these, we only keep the RPI release dates as the benchmark specifica-
tion.
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Assumption B2. (Granularity of the institutions.) The data on asset positions a f ,i,t, ah,i,t and ab,i,t are
granular in that:

E(GIVf ,tε f ,t) ̸= 0 and E(GIVb,tεb,t) ̸= 0 and E(GIVh,tεh,t) ̸= 0 . (13)

Appendix C.3 shows that with this assumption, the three instruments for the three frictional
shocks are valid. To give a sense of relevance, the F-statistics for these three instruments in a
frequentist model are: 72.4 for GIVf ,t, 22.3 for GIVh,t and 43.5 for GIVb,t. Since the system has four
shocks and we have three instruments, the inflation shock is also identified together with the full
matrix Ψ; see Appendix C.4.14

We implement this strategy by estimating equation (11) using an interactive fixed effects model
(Bai, 2009). Our stylized model suggests a two-factor structure, but it ignores the potential for
groups within each sector (e.g., public versus private pension funds) or connections between
clients and dealers. We therefore allow the data to determine the appropriate number of fac-
tors for each sector. Starting with a candidate number of factors derived from the information
criterion of Bai and Ng (2002), we verify whether the resulting point estimates align with supply
and demand shocks (i.e., whether prices and quantities move in opposite or the same direction
within the relevant market segment). We incrementally increase the number of factors until this
condition is met, ensuring that the final selection remains robust even when additional factors are
included. Appendix C.5 describes the procedure in more detail.

We do not have data on total assets, but we can proxy a f ,i,t by using gross notional positions
in the long maturity segment for pension funds, the short maturity segment for hedge funds, and
the sum of both for dealer banks. Measurement error in a f ,i,t is not problematic, as long as the
resulting instruments remain relevant.

4.3 Strategy 3: segmentation and heterogeneity in high-frequency reactivity

Within a trading day and within a dealer bank, it is plausible that the ability of traders to take
positions in the short maturity market segment is not constrained by the position taken in the long
maturity segment. In many institutions, the desks that sell long maturity swaps to pension funds
and short maturity swaps to hedge funds are often separated and staffed by different traders.
Trading books are closed at the end of day so that the spillovers from positions in one segment—
that may offset or constrain activity in the other—only manifest on the following day. Formally:

Assumption B3. (Desk separation within the day.) The dealers’ capacity constraints are independent of
each other: ∂GS

b (·, ·)/∂qb,i = 0 and ∂GL
b (·, ·)/∂Qb,i = 0 so that they are:

GS
b (Qb,i, zb,i) ≥ 0 and GL

b (qb,i, zb,i) ≥ 0 . (14)
14Of course, the shocks may not be precisely identified. In our application, while this strategy gives sharp estimates

for ε f ,t, εh,t and επ,t and their corresponding impulse responses, the supply shock εb,t is not precisely estimated.
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Second, also within a day, it is plausible to expect that different types of institution react faster
to news about inflation. In the long maturity market segment, dealers are likely more informed
(or attentive/reactive) than pension funds. After all, dealers that trade inflation risk see all sides
of the market, so they will have more precise posterior information about inflation. In contrast, in
the short maturity segment, informed hedge funds are likely more reactive to inflation news than
dealer banks. Formally:

Assumption B4. (Differential reactiveness to news about inflation.) Dealer banks respond more to long
maturity expected inflation than pension funds but less to short maturity expected inflation than hedge
funds:

∑i∈Θb
γ̃−1

b,i µb,i

∑i∈Θ f
γ̃−1

f ,i + ∑i∈Θb
γ̃−1

b,i

>
∑i∈Θ f

γ̃−1
f ,i µ f ,i

∑i∈Θ f
γ̃−1

f ,i + ∑i∈Θb
γ̃−1

b,i

, (15)

∑i∈Θh
γ̃−1

h,i Mh,i

∑i∈Θh
γ̃−1

h,i + ∑i∈Θb
γ̃−1

b,i

>
∑i∈Θb

γ̃−1
b,i Mb,i

∑i∈Θ f
γ̃−1

h,i + ∑i∈Θb
γ̃−1

b,i

. (16)

These two assumptions imply the following sign and zero restrictions on the response of ob-
servables to shocks within a day that fully set identify the system:

Ψ =


+ 0 − +

+ 0 + +

0 + − −
0 + + +

 . (17)

Starting with the first two columns, shocks to the frictions affecting pension funds and hedge
funds shift the demand curves in the long and short maturity segments, respectively. Therefore,
in the market segment where the funds are active, they drive prices and quantities in the same
direction, hence the positive signs.

Assumptions A and B3 collectively imply that within a trading day, there is no spillover effect
from the quantity demanded in one segment into dealer trading constraints in the other segment.
Consequently, shocks to pension fund demand have zero impact on prices or quantities in the
short horizon segment, and similarly, hedge fund demand shocks have no effect on the long hori-
zon segment. This rationale explains the zeros in the first two columns.

A dealer supply shock results in quantities and prices moving in opposite directions across
both market segments simultaneously, which justifies the signs in the third column.

Assumption B4 justifies the fourth column. Following an inflation shock, the upward shift
in the supply function outweighs the shift in the demand function, causing p to rise and q to
fall. Conversely, in the short horizon market segment, the upward shift in the demand function
prevails, leading P and Q to move in the same direction.
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These assumptions leverage the availability of high-frequency data on quantities and prices.
It is unlikely that desks remain separated over a month or even a week, and any informational
differences between banks, hedge funds, and pension funds may dissipate within a few days
(as we will observe). However, at daily frequency, these assumptions are plausible and deliver
identification.

4.4 Dynamics and implementation

Thus far, we have examined the model and identification within a static framework. If markets
were efficient and shocks dissipated within a single day, this approach would be sufficient.

In practice, information may diffuse slowly, and markets may only gradually incorporate it
into prices. Introducing dynamics into the model has minimal impact, as we can simply reclassify
the shocks as state variables that follow their own time series processes. For the empirical imple-
mentation, we incorporate dynamics by estimating a structural VAR with a deterministic constant
c and three lags (selected with the Bayesian information criterion):

Yt = c +
3

∑
ℓ=1

ΦℓYt−ℓ + ut and ut = Ψεt . (18)

We estimate the VAR using Bayesian methods with diffuse priors. For the first strategy, we use
a variant of the sampler in Brunnermeier et al. (2021). For the second strategy, we use the GIV as
proxy instrumental variables with a modified version of the sampler in Bahaj (2020). For the third
strategy, we use the sampler from Arias et al. (2018).15

To compare the estimation results across the three identification strategies, we scale the im-
pulse response functions such that the increase in the net notional position of hedge funds in the
short horizon market segment, Q, equals $1bn in response to either the inflation shock, hedge
funds’ demand shock, or dealers’ supply shock. Similarly, pension funds’ demand shock in the
long horizon market segment is scaled to raise q by $1bn.

5 Estimates of expected inflation

This section shows our main estimates of interest—the inflation shocks επ and the corresponding
movements in risk-neutral expected inflation—and compares them with the observed prices.

5.1 The shocks across identification strategies

The correlation of the time series of inflation shocks identified by heteroskedasticity and by instru-
mental variables is 0.98; between heteroskedasticity and sign restrictions is 0.84; and between in-

15The construction of posterior distributions is detailed in the supplemental Appendix.
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strumental variables and sign restrictions is 0.89.16 Each of the three strategies leverages a distinct
feature of the data: the time series dimension, variation across institutions, and high-frequency
structure of the data. The remarkably high degree of correlation across the estimates reinforces
the robustness of our inferences.

Having three identification strategies, we can also internally cross-verify the separate assump-
tions that underpin each of them. Namely, using the estimates of ε̂π,t from one strategy, we can
test whether the assumptions B1-B4 of the other strategies hold.

Starting with assumption B1 on heteroskedasticity, if we use the series of inflation shocks iden-
tified by granular instrumental variables, the variance of the inflation shock on release dates ver-
sus non-release dates is higher for 99% of draws.

Second, to investigate the exogeneity of our granular instruments, we calculate the three sam-
ple analogs of the exclusion restrictions 1

T ∑T
t=1 GIVν,t ε̂π,t for ν ∈ { f , h, b} scaling both instrument

and shock to have unit variance. Using the estimates of inflation shocks identified via sign re-
strictions, the values are −0.0068, 0.0089, and 0.031 for ν = f , h, b, respectively. Using instead the
estimate of the inflation shock identified via heteroskedasticity, they are −0.061, 0.012, 0.056, re-
spectively. All are close to zero, supporting the exogeneity of the granular instrumental variables.

Third, we compute the impulse response functions to an inflation shock using both the het-
eroskedasticity strategy and the granular instrumental variables strategy, and verify that their
signs align with the sign restriction strategy. The responses will be discussed in detail in Sec-
tion 6.1. Prices increase on impact in both market segments, while the quantity traded rises in
the short maturity segment and falls in the long maturity segment under the heteroskedasticity
strategy, supporting Assumption B4. (The median estimate indicates an increase in quantities
in the long maturity market in response to an inflation shock identified using instrumental vari-
ables, but the confidence bands are sufficiently wide to not reject the assumption of a negative
response.) Regarding Assumption B3, under the granular instrumental variables specification,
the 90% Bayesian credible intervals for both quantity and price responses in the short maturity
market segment include zeros in response to a shift in the demand for long maturity inflation
protection from pension funds. The same holds true in the long maturity segment in response to
hedge fund demand shocks.

5.2 The evolution of risk-neutral expected inflation

Figure 7 shows, in red, the long maturity swap price p∗ and, in blue, the counterfactual evolution
of the swap price if there had only been shocks to risk-neutral expected inflation p̃, for each of the
three identification strategies. Since the level of the counterfactuals is not identified, we normalize
their initial value to be the same as p∗, as is standard practice in historical decompositions.

16Each shock time series is constructed using the median of the parameter estimates from the sampler for each
identification strategy.
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Figure 7 SWAP PRICES AND THE CONTRIBUTION OF EXPECTED INFLATION AT LONG HORIZONS

NOTE: The long maturity inflation swap breakeven rate, p∗, is shown in red. The counterfactuals, depicted in blue, represent the breakeven
rate after subtracting the cumulative effects of the frictional shocks εb, εh, ε f , as estimated by each of the three identification strategies.

The correlation between realized and counterfactual prices is quite high. Still, the two some-
times differed by 20-30 basis points, for instance in June-July of 2020, and in October-December
of 2021, crucial times for monetary policy as it tried to respond to the pandemic lockdowns and
to the impact of the impending invasion of Ukraine. These are significant differences that could
change conclusions on whether markets expected inflation to deviate significantly from target.

During this specific sample, swap prices have overstated the fluctuations in long-horizon in-
flation expectations: when expected inflation fell, the swap price fell by more; when it rose, it rose
by more. Our estimates suggest that the risk of inflation becoming unanchored was overstated
because of frictional shocks.

To further investigate this pattern of overshooting, Figure 8 focuses on two specific episodes
that led to significant movements in expected inflation and presents a price decomposition us-
ing the sign restriction strategy (see Appendix D.2 for the underlying price movements). The
first episode was the onset of the Covid-19 pandemic, which triggered an immediate recession
and deflation. The second episode was Russia’s full-scale invasion of Ukraine, which caused a
sharp rise in UK inflation due to disruptions in energy supply. Following both events, expected
long-horizon inflation (in red) shifted by 20-40 basis points, mirroring the direction of actual infla-
tion. Simultaneously, in both events, the frictional component of swap prices (in blue) moved in
the same direction as expected inflation. Policymakers observing swap prices would have over-
stated the extent of the change in long-run expectations and potentially reacted too strongly to the
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Figure 8 TWO EPISODES: EXPECTED INFLATION AND FRICTIONS

(a) Covid-19 pandemic (b) Russia’s Full Scale Invasion of Ukraine

NOTE: Estimated cumulative contribution of inflation shocks επ and all frictional shocks εb, ε f , εh to the price series using the median
estimate from the sampler of the estimates from the sign restriction strategy, with shaded areas representing 68% credible intervals.

shock.17

As a rule of thumb, on average over our sample, when the swap price rises by 100 basis points,
the best estimate is that actual expected inflation increases by only 87.6 basis points (section 6.3
will discuss the full forecast error decomposition). During significant events, the overstatement
is larger, with only approximately three-quarters of the observed change in long maturity swap
prices corresponding to changes in expected inflation.

Figure 9 presents swap prices and the corresponding counterfactuals for short maturities. The
deviations between the two series are both larger and more persistent. The series can diverge by
more than 100 basis points for several weeks. On average, an unexpected 100 basis point increase
in short maturity swap prices within a single day corresponds to only a 6.4 basis point change
in expected inflation. Even when this unanticipated move in short-term prices accumulates over
three months, the share accounted for by expected inflation rises to only 24.3 basis points.

This underscores the importance of caution for users of swap price data when measuring ex-
pected inflation at short horizons: it is essential to adjust for frictions.

17The LDI crisis in autumn 2022 provides a third episode of volatile prices, driven by a combination of a financial
liquidity crisis and fiscal interventions. This is discussed separately in Appendix D.3.
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Figure 9 RISK-NEUTRAL EXPECTED INFLATION AND SWAP PRICES AT SHORT HORIZONS

NOTE: The short maturity inflation swap breakeven rate, P∗, is shown in red. The counterfactuals, depicted in blue, represent the
breakeven rate after subtracting the cumulative effects of the frictional shocks εb, εh, ε f estimated by each of the identification strategies.

6 Estimates of how the market shifts inflation risk

To estimate shocks to risk-neutral expected inflation, we identified supply and demand shocks
in the inflation swap market. These are interesting in their own right as they offer a unique
opportunity to study a large OTC derivatives market linked to a key macroeconomic variable,
exhibiting striking market segmentation. This section discusses the impulse response functions,
the estimated slopes of the supply and demand functions, and the relative importance of various
frictions.

6.1 The speed of price adjustment to shocks

Figure 10 shows the impulse response to an inflation shock for the three identification strategies.
The responses are similar and credible sets overlap.18 The market for inflation swaps adjusts
quickly to a shock. All impulse responses stabilize within one to three days and remain persistent
thereafter. While quantities go back to a steady state after a shock, prices change persistently,
consistent with the martingale property of a (weakly) informationally efficient financial market.

Because our main results are qualitatively similar across different strategies, we will report
results using the sign restriction strategy in this section to conserve space. This strategy identifies
the entire system and precisely estimates all four shocks. Relevant results from other strategies

18The exception is the quantity response in the long-horizon segment using the granular instrumental variable
strategy, which is positive, whereas it is negative with the other two identification strategies. However, the uncer-
tainty surrounding this estimate is high, and the negative responses from the other strategies fall within its credible
interval.
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are presented in the Appendix.

6.2 The slopes of demand and supply

An identified shock to the pension funds’ demand curve in the long maturity market segment
ε f moves prices and quantities along the supply curve. Dividing the estimated impact on the
price by the estimated impact on the quantity gives a local estimate of the slope of the supply
curve by dealer banks in that segment of the market. Applying the same logic to each of the other
frictional shocks identifies the demand and supply curves in both segments. Figure 11 presents
the estimated supply and demand curves in both market segments alongside credible intervals.19

Comparing the demand curves across the two segments, the median estimate of the slope of
hedge funds’ demand for short maturity protection is -0.61 percentage points per $1bn, whereas
for pension funds’ demand for long maturity protection, it is -0.52 percentage points per $1bn.
These units obscure the differing volatilities of prices: long maturity prices must decline by two
standard deviations to induce a $1bn increase in pension fund demand, while a 0.35 standard
deviation change in short maturity prices results in an equivalent rise in hedge fund demand.
Within the framework of our model, this suggests that pension funds are effectively more risk-
averse or face steeper quantity constraints on trading compared to hedge funds, potentially due
to having to align their exposures with their long-term liabilities.20

The more striking comparison lies in the slopes of the two supply functions by the dealers.
In the long maturity segment, the supply curve is flat; conversely, in the short maturity segment,
the supply curve is slightly steeper than the demand curve. The model would interpret this as
gL

b,i being locally insensitive to qb,i, while gS
b,i significantly varies with Qb,i. That is, the long ma-

turity supply curve is almost horizontal because dealers are able to trade more freely in the long
maturity segment versus the short maturity segment.

Beyond the assumptions of the model, another potential explanation for the striking contrast
in the slopes of supply curves by the dealers is that trading against informed traders, such as
hedge funds, is subject to adverse selection, which is not present when trading against pension
funds. Another alternative is that dealers have market power over pension funds and operate
with variable markups. For example, if pension costs face a fixed cost of switching dealers, the
optimal markup their existing dealer can charge will be declining in quantities, therefore flatten-
ing the effective supply curve. Determining which of these explanations drives the estimates is
an exciting challenge for future research.21

19The corresponding impulse response functions are presented in the supplemental Appendix. Because, as was
the case with inflation shocks in Figure 10, quantities revert quickly back to zero, calculating the slope using the
impact response is appropriate.

20Bretscher et al. (2021) and Jansen (2025) also find that pension funds exhibit relatively lower responsiveness to
price changes in other markets.

21We present the equivalent demand and supply curves for the GIV strategy in Appendix D.1 confirming the flat
supply curve in the long maturity segment versus the short maturity segment. The slopes of the demand curves are
less precisely estimated using this strategy however.
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6.3 The drivers of inflation swap prices

Figure 12 presents the forecast error variance decompositions for the different shocks across vari-
ous forecast horizons. Due to the flat supply curve, frictional shocks to demand are irrelevant for
the long maturity swap prices. Approximately three-quarters of the price variation is attributed to
shocks to risk-neutral expected inflation, with the remaining quarter explained by frictions shift-
ing the supply by dealer banks. This explains the close alignment of swap prices with expected
inflation observed in Figure 7.

In the short maturity segment of the market, where both supply and demand curves are
sloped, frictional shocks dominate expected inflation in influencing prices. Inflation shocks only
significantly impact unexpected movements in short-maturities swap prices at longer forecast
horizons, accounting for roughly 30% of the variation over 200 days. Again, this aligns with
our comparison of swap prices and expected inflation in Figure 9, which showed notable co-
movement only at low frequencies. While the literature primarily focuses on constraints faced
by banks, our finding that demand shocks to hedge funds are also crucial for prices over longer
forecast horizons suggests that future research should explore how the frictions and risks faced
by such institutions correlate with inflation.

Turning to quantities in each segment of the market, frictional shocks to demand by pension
funds account for almost all of the variation in the long maturity segment. The flat supply curve
implies that demand shocks affect quantities rather than prices. In the short maturity segment,
where the supply curve is steeper, shocks to both supply and demand significantly influence
quantities. In contrast, inflation shocks explain only a small portion of the variance in quantities
in either segment, consistent with both demand and supply shifting upwards simultaneously in
response to rises in expected inflation.
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Figure 10 ESTIMATED IMPULSE RESPONSE FUNCTIONS TO AN INFLATION SHOCK

(a) Heteroskedasticity strategy

(b) Granular instrumental variables strategy

(c) Sign restrictions strategy

NOTE: Impulse response functions to an inflation shock scaled to raise quantities in the short market, Q, by $1bn. The three panels present
the inflation shock identified from the (i) sign restrictions strategy, (ii) heteroskedasticity-based strategy and (iii) granular identification
strategy. In each panel, the bold line indicates the median of the draws from the sampler and shaded bands are its 68% and 90% credible
intervals.
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Figure 11 ESTIMATED SLOPES OF MARKET DEMAND AND SUPPLY FUNCTIONS

(a) Short maturity UK inflation swap market

(b) Long maturity UK inflation swap market

NOTE: Panel (a) shows estimates of the supply (blue) and demand (red) curves for the short maturity market segment, defined as dP/dεb
dQ/dεb

and dP/dεh
dQ/dεh

, respectively, using the impulse response functions from the sign restriction strategy. The intercepts of the curves are set so
that P and Q are at the sample averages. The panels show the median estimate and 68% credible intervals. Panel (b) repeats the exercise
for the long maturity market segment (p and q).
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Figure 12 FORECAST ERROR VARIANCE DECOMPOSITION

NOTE: Forecast error variance decompositions for Yt based on the VAR model identified using sign restrictions. Median values from the
sampler are used.
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7 Links to survey expectations and liquidity

This section connects and compares our estimates of expected inflation with those derived from
surveys, our estimates of frictional shocks with measures of market liquidity, and examines dif-
ferences across institutions in terms of disagreement, size, and price impact.

7.1 Institutional trading and beliefs

A longstanding challenge in the literature on inflation expectations is whether survey responses
correlate with the actual choices of respondents. By extracting implicit beliefs from trading behav-
ior, we now compare these to surveyed beliefs in a market where substantial sums are at stake.22

Constrained by the availability of data, we focus our attention on the short maturity market
segment. The sensitivity of a bank’s trading to shocks to expected inflation is the coefficient βb,i

in the regression:
∆Qb,i,t

ab,i,t
= constantb + βb,iε

π
t + vb,i,t . (19)

According to Proposition 1, in the model this coefficient should equal:

βb,i =
Mb,i − Λ

γb,iσ2
π(1 − ρ2

π,d)
. (20)

That is, conditioning on the same inflation shock, institutions will select different positions, re-
flecting their disagreement about expected inflation adjusted for risk aversion.

Survey answers about expected inflation at the institution level, Π̂e
b,i,t, provide a noisy and

possibly biased measure of Eb,i(Π). Since, in the model, Eb,i(Π) = Mb,iΠe, the parameter ϕb,i

would serve as a proxy for Mb,i in the following panel regression:

∆Π̂e
b,i,t = constantb + ϕb,iε

π
t + ub,i,t . (21)

Hence, under the lenses of our model, the estimated coefficients on the inflation shocks, βb,i

from equation (19), and ϕb,i from equation (21), should be positively correlated across institutions
i, as both are driven by differences in expectations Mb,i. Beyond the model, a positive association
indicates that banks put their money where their mouth is: institutions that revise their inflation
expectations upwards following a shock also purchase more inflation protection on the same day.

We implement this test as follows. In both equations (19) and (21), we only have noisy mea-
sures of επ

t identified up to a sign and scale, so we use ∆Pt as the regressor and επ
t as an instrument.

Since the errors vb,i,t are correlated across institutions (because of common frictions, according to
the model), and likewise for ub,i,t, we use a three-stage least square estimator in a seemingly un-
related regression framework. For equation (19), the left-hand side are changes in net positions

22See also Giglio et al. (2021).
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Figure 13 EXPECTATIONS AND HETEROGENEITY IN TRADING

NOTE: Scatter plot of estimates of βb,i (the sensitivity of trading to expected inflation) on the vertical axis against ϕb,i (the sensitivity of
survey answer to expected inflation) on the horizontal axis, standardized to have zero mean and a standard deviation of one. Different
colors refer to the three identification strategies. The fitted line refers to the estimates using sign restrictions, with 90% bootstrapped
confidence intervals from 10,000 pseudo-samples drawing 12 banks with replacement to re-estimate the two parameters.

(scaled by size) at the institution level, and the sample is the same daily data as in the VAR mod-
els. For equation (21), we measure Π̂e

b,i,t using the monthly responses from a Bloomberg survey
of chief economists at dealer banks regarding their expected 1-year ahead RPI inflation. Since the
identity of the institution is made public by Bloomberg, we can match it to our (private) data for
all but one of the dealer banks in the short market. The sample is now monthly, between January
2019 and February 2023, so we use ∆Pt over the course of the month as the regressor and the
monthly cumulative sum of επ

t as the instrument.
Figure 13 shows the scatter plots of the standardized estimates from the two regressions. The

coefficients on trading behavior are plotted on the vertical axis, while those on survey answers are
on the horizontal axis. The two sets of coefficients are clearly positively and statistically signifi-
cantly related, despite the small number of matched banks (12). This finding is consistent across
different identification strategies. We conclude that surveys provide a meaningful signal of the
factors driving actual trading behavior.23

23Insofar as survey answers reflect subjective beliefs while trading behavior responds to risk-adjusted beliefs
(Adam et al., 2021), one interpretation of this result is that disagreement in subjective beliefs across institutions is
more quantitatively relevant than differences in risk attitudes or exposures.
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7.2 Whose beliefs matter most in the market?

Consider the impact of a change in the inflation expectations of dealer bank i on the price of
the short maturity inflation swap, relative to that of another dealer bank i′. Applying Lemma 1
together with the definition of trade-sensitivity in equation (20), this is:

RelativePriceImpacti,i′ =
βb,iab,i

βb,i′ab,i′
. (22)

By multiplying the estimates of βb,i that we just discussed by the gross notional positions of the
institution ab,i, we can assess which institutions are moving the market.

Figure 14 presents the estimates for the four market-segment and institution-type combina-
tions, with different points reflecting the different identification strategies. The top panel shows
that, in the short maturity segment of the market, the actions and beliefs of most hedge funds and
dealer banks have little impact. However, three to five dealer banks and three to five hedge funds
both respond significantly and invest heavily. For some hedge funds, the coefficients are positive,
while for others, they are negative. Overall, the average (pooled) coefficient is positive for hedge
funds while it is negative for dealers, consistent with assumption B4. Moreover, as Appendix D.4
shows, the correlation between βh,i and ah,i is small, and the price impact per institution aligns
well with its trade sensitivity. These estimates suggest that institutions disagree in their interpre-
tation of inflation shocks, justifying both the large volume of trade observed and the small net
positions aggregated over hedge funds in spite of the large positions of individual institutions.

The bottom panel illustrates the price impacts in the long maturity segment of the market.
The concentration among dealer banks remains, with the three larger institutions being more
responsive (e.g., the estimates of ab,i and βb,i are positively correlated), although the relative price
impacts are not as pronounced as in the short maturity segment. Among pension funds, the
dispersion of price impact is smaller, with a few institutions deviating from the horizontal axis
due to their large size (high a f ,i), as the dispersion of trading impact of expectations β f ,i is much
smaller.

7.3 Frictional shocks and liquidity

Our estimate of the frictions affecting the ability of dealer banks to supply inflation protection is
derived from observing trading behavior and prices in markets. We found that shocks to these
frictions explain more than half of the variation in quantities in the short maturity segment of the
market, and around one-quarter of the variation in prices at both short and long maturities.

Figure 15 compares the component of short maturity inflation swap prices driven by shocks
to dealers (εb) against a conventional measure of dealer supply constraints: the quoted bid-ask
spread in the market. During the significant episodes previously examined, the two measures are
significantly positively correlated. Moreover, our estimate of the dealer supply shock typically
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Figure 14 ESTIMATES OF THE PRICE IMPACT OF INSTITUTIONS’ INDIVIDUAL EXPECTATIONS

(I) SHORT MATURITY SEGMENT OF THE MARKET

(a) Dealer banks (b) Hedge funds

(II) LONG MATURITY SEGMENT OF THE MARKET

(c) Dealer banks (LT market) (d) Pension funds

NOTE: Individual markers denote point estimates of βi across the three different strategies. Institutions are ranked based on the sign
restriction strategy. The thick black lines are the average coefficient estimates estimated by three-stage least squares, using our identified
inflation shock from the sign restriction strategy as an instrument for the change in the short maturity inflation swap breakeven rates.
For panels (c) and (d), the respective responses of the highest and lowest ranking institutions are not plotted and their values are instead
indicated on top/bottom of the panels.

moves several days in advance of the bid-ask spread. This both confirms the validity of our
estimates and suggests that they may be useful as an alternative measure of restricted supply.
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Figure 15 COMPARISON BETWEEN DEALER SUPPLY SHOCKS AND MARKET BID-ASK SPREADS

(a) COVID-19 period (b) Ukraine war period

NOTE: This figure shows the bid-ask spreads quoted on a 1-year zero-coupon UK RPI swap (right scale), and the cumulative contribution
to the short horizon inflation swap rate by the dealer supply shock, estimated using the sign restriction identification strategy, taking the
median from the sampler (left scale). Both are standardized. Data on UK RPI swap bid-ask spreads are obtained from Bloomberg.

8 Conclusion: summary of findings

This paper complements the public data on inflation swap contract prices, which are extensively
used by researchers and policymakers, with valuable new non-public data on the quantities be-
hind these prices and the institutions involved in trades. A model that captures the extreme
segmentation observed in this market suggests three new identification strategies to distinguish
changes in expected inflation from shocks to the distinct demands of the types of institutions
trading in the market. This provides new measures of expected inflation at different horizons for
macroeconomists, as well as several features of the functioning of this large market for further
study by financial economists. This analysis has led to the following lessons about inflation risk:

First, at short maturities, hedge funds and dealers alternate between negative and positive
net positions that average to zero, while at long maturities, dealers consistently provide inflation
protection to pension funds. The market for inflation swaps fits into a segmented-markets model,
with dealers acting as arbitrageurs.

Second, given the heteroscedasticity in the revelation of inflation news at data release dates,
one can utilize the time-series variation in price and quantity data to identify changes in inflation
expectations. With data on individual institutions’ positions over time, and granularity in the size
of those positions, instrumental variables can be constructed for the frictional shocks that shift
relative demand and supply in these markets. Using high-frequency data, we can exploit the
spillover effects of shocks across segmented markets to identify the entire system of demand and
supply. These three alternative approaches provide consistent measures of market participants’
inflation expectations at different horizons.

Third, our measures of expected inflation for long horizons (10 years and above) indicate that
swap prices have overstated the unanchoring of expectations in our sample. Around significant
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events, frictions have tended to move in the same direction as expectations, causing prices to over-
state changes in inflation expectations. At short maturities, swap prices are unreliable measures
of expected inflation, exhibiting large persistent differences between the two. Researchers and
policymakers should use swap prices with caution and ideally apply our methods (or others) to
filter them and extract accurate signals for monetary policy and macroeconomic analyses.

Fourth, prices in this market appear to fully reflect information within one to three days, and
the slope of the supply function for inflation protection at long maturities by dealer banks is
nearly horizontal (but not so at short maturities). Consequently, the large fluctuations in quantities
traded are almost entirely due to shocks to trading frictions, while expectations account for three-
quarters of the movements in prices. At short maturities, frictions affecting hedge funds are nearly
as significant as those affecting dealer banks.

Fifth, we observed significant dispersion in beliefs about inflation both within and between
types of institutions, and large price impacts from a handful of traders. There is a strong correla-
tion between the inflation expectations of banks, as indicated by their survey responses, and their
trading activity in the inflation swap market.

Overall, this paper contributes data for measurement, techniques for estimation, and empirical
results that present intriguing challenges to the finance literature on the mechanics and segmen-
tation of an important financial market, the macroeconomic literature on fluctuations in expected
inflation, and the behavioral literature on dispersion in beliefs.
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Appendix – For Online Publication

This appendix presents some further features of the UK inflation swap market data (Section A), proves the
lemmas and propositions (Section B), describes the implementation of the granular instrumental variables
(Section C), and presents further empirical estimates (Section D). A supplemental appendix contains more
supporting information.

A Additional data
This section of the appendix describes features of the swap market that complement Section 2.5.

Section A.1 discusses the connection and differences between inflation swaps and index-linked gov-
ernment bonds. Section A.2 provides more data and information on the gross notional positions in the
dealer-client segment of the market to complement the net positions in the main text. Section A.3 shows
the equivalent of Figure 4 in the main text for the Euro Area until December 2020 when the UK’s exit from
the European Union rendered our data unrepresentative. Finally, Section A.4 provides further evidence
of market segmentation in the UK RPI market, by showing the volume-weighted median maturity of the
executed trades by both hedge funds and pension funds for the most recent period in our data sample.

A.1 Inflation swaps versus linkers
Index-linked government bonds (linkers) and inflation swaps present distinct characteristics that affect
their utility in hedging inflation risk.

First, the size and customizability of these instruments differ significantly. Linkers have a limited sup-
ply, with approximately $430bnn outstanding in DMO issuance at the end of 2022 (out of which pension
funds held around $300bn, see Figure A1). The UK RPI swap market instead has an outstanding notional
of around $4tr (Figure A3). Moreover, pension fund liabilities, totaling around $1.2tr at the end of 2022,
greatly exceed the outstanding amount of linkers (Figure A1). Inflation swaps offer a synthetic product
tailored to suit hedging needs, without being limited by issuance levels. This makes swaps more flexible
in terms of matching maturity and potentially more attractive for investors seeking customized inflation
protection.

Second, swaps do not require cash funding or upfront payments. In contrast, linkers involve upfront
costs associated with purchasing the bonds. Investors with little initial capital or limited liquidity would
prefer swaps.

Third, price-insensitive demand for linkers by pension funds results in them being illiquid. This limits
their effectiveness for inflation hedging, particularly during periods of market stress. Swaps, instead, can
be created easily by dealers, and can be terminated in a straightforward manner by the two parties since
their net present value is kept at zero.

Using granular data on gilt transactions from the MiFID II Bond Transaction Database, we calculate the
correlation between the monthly change in swap net notionals and the net trading volumes in index-linked
gilts for a class of investors. This correlation is small: -0.15 for hedge funds and -0.10 for pension funds.
Figure A2 plots the two series. The lack of an association between them suggests that investors may use
them for different purposes or at different moments in time.

A.2 Gross positions in the dealer-client inflation swap market
Panel (a) in Figure A3 shows a time series plot of the total gross notional value of all inflation swaps traded
in the UK market. As described in the main text, around 22% of these gross notionals are in the dealer client
segment that we focus upon. Panel (b) of the figure shows the average market share of different clients of
dealer banks based on gross notional positions in the dealer-client segment.
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Figure A1 PENSION FUNDS’ INDEX-LINKED GILT HOLDINGS VERSUS TOTAL LIABILITIES

NOTE: This figure highlights the persistent gap between the value of index-linked gilts held by defined-benefit pension funds and the
value of their total liabilities. A possible explanation for the persistent gap illustrated is the inadequate supply of index-linked gilts in the
market, and they are also less attractive relative to inflation swaps as a means to speculate on or hedge against inflation given the upfront
capital costs involved. The data spans from 2020Q1 to 2022Q2. SOURCE: Pension Protection Fund PPF 7800 Data and Office for National
Statistics.

Figure A2 INFLATION SWAP NET NOTIONALS VS. INDEX-LINKED GILT NET TRADING VOLUME

(a) Hedge funds (b) Pension funds

NOTE: The left figure shows the standardised change in monthly hedge fund net notional position in the UK RPI inflation swap market,
compared to the standardized monthly hedge fund net trading volumes in the UK index-linked gilt market. The right figure does the
same for pension funds. SOURCE: MiFID II Bond Transaction Database & DTCC Trade Repository.

A.3 Net notional positions in the EU inflation market
Figure A4 shows equivalent data for Euro Area inflation swaps until December 2020 when the UK’s exit
from the EU rendered our data unrepresentative. Up until then, the net notional positions traded in the EU
inflation swap market (EU HICP index and the EU CPI index) are very similar to the UK RPI swap market,
with pension funds being a net receiver of inflation and dealer banks bear inflation risk.
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Figure A3 GROSS NOTIONAL VOLUMES: AVERAGE AND COMPOSITIONS

(a) Average volume outstanding (b) Average market shares

NOTE: Panel (a) shows the stock of inflation swap contracts outstanding measured by gross notional amount traded by all investors in
the market in a given year, averaged across month-ends. Panel (b) figure shows the distribution of total gross notional traded by various
client institutions against dealers in the dealer-client segment of the market, computed as an average across all month-ends in the sample.
SOURCE: DTCC Trade Repository.

Figure A4 NET NOTIONAL POSITIONS IN THE EU INFLATION SWAP MARKET

NOTE: The figure shows the aggregate net notional position of all investor-sectors in the dealer-client segment of the EU inflation swap
market on a monthly frequency, where each bar measures the outstanding positions at month-end. These positions only include the
trading of inflation swaps traded on the EU HICP index and the EU CPI index, and they exclude the positions traded on EU member
country-specific inflation indexes. A positive value indicates that the sector is a net buyer of inflation protection. “Others” include: state,
supranational, proprietary trading firms, trading services and central banks. The data sample is from January 2019 to December 2020,
truncated due to Brexit. SOURCE: DTCC Trade Repository.

A.4 Further evidence of market segmentation
Figure A5 shows the volume-weighted median maturity of the executed trades by both hedge funds and
pension funds for the most recent period in our data sample. The median initial time-to-maturity of trades
signed by pension funds is approximately 11-years, while that for hedge funds is approximately 2-years.
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This complements the evidence shown in the main text that the UK RPI market is segmented, with hedge
funds primarily trading inflation risk at short-maturities, while pension funds buy long term inflation
protection.

Figure A5 MEDIAN MATURITY OF UK RPI SWAP CONTRACTS TRADED

NOTE: This figure shows the volume-weighted median maturity of the executed trades by both hedge funds and pension funds from
January 2019 to February 2023. The median initial time-to-maturity of trades signed by pension funds is approximately 11-years, while
that for hedge funds is approximately 2-years, confirming market segmentation across maturities. SOURCE: DTCC Trade Repository.

B Proofs of the model results
This section provides the proofs of the proposition and the two lemmas.

B.1 Proof of proposition 1
Facing uncertainty on expected inflation, market returns and background risk, an individual dealer bank
believes they are jointly normally distributed with mean ν and variance-covariance matrix Σ:

ν =


Eb,i[π]− p
Eb,i[Π]− P
Eb,i[d]− s
Eb,i[yb,i]

 =


µb,iπ

e − p
Mb,iΠe − P

θd − s
0

 , Σ =


σ2

π σπ,Π σπ,d σπ,yb,i

σΠ,π σ2
Π σΠ,d σΠ,yb,i

σd,π σd,Π σ2
d 0

σyb,i ,π σyb,i ,Π 0 σ2
yb,i

 . (A1)

Let ∆ab,i = a′b,i − ab,i be the change in the market value of an institution’s portfolio overnight. Since
∆ab,i = (π − p)qb,i + (Π − P)Qb,i + (d − s)eb,i + yb,i is a linear combination of Gaussian random variables
it is also Gaussian with mean and variance:

Eb,i[∆ab,i] = (µb,iπ
e − p)qb,i + (Mb,iΠe − P)Qb,i + (θd − s)eb,i, (A2)

Varb,i[∆ab,i] = q2
b,iσ

2
π + Q2

b,iσ
2
Π + e2

b,iσ
2
d + σ2

yb,i

+ 2qb,iQb,iσπ,Π + 2qb,ieb,iσπ,d + 2qb,iσπ,yb,i + 2Qb,ieb,iσΠ,d + 2Qb,iσΠ,yb,i . (A3)
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Replacing this budget constraint into the bank’s objective function and using normality:

Eb,i

[
− exp

(
− γ̃b,ia′b,i

)]
= −exp

{
−γ̃b,i

[
ab,i + E f ,i[∆ab,i]−

γ̃b,iVarb,i[∆ab,i]

2

]}
. (A4)

The bank’s optimization is then equivalent to a mean-variance problem:

max
{qb,i ,Qb,i ,eb,i}

[
(µb,iπ

e − p)qb,i + (Mb,iΠe − P)Qb,i + (θd − s)eb,i

]
− γ̃b,i

2

[
q2

b,iσ
2
π + Q2

b,iσ
2
Π + e2

b,iσ
2
d

+ σ2
yb,i

+ 2qb,iQb,iσπ,Π + 2qb,ieb,iσπ,d + 2qb,iσπ,yb,i + 2Qb,ieb,iσΠ,d + 2Qb,iσΠ,yb,i

]
,

subject to: GS
b (Qb,i, qb,i, zb,i) ≥ 0 and GL

b (qb,i, Qb,i, zb,i) ≥ 0. (A5)

Taking market prices as given, the first-order conditions necessary to attain a maximum are given by:

q∗b,i =
µb,iπ

e − p∗

γ̃b,iσ2
π

− σπ,Π

σ2
π

Q∗
b,i −

σπ,d

σ2
π
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σπ,yb,i

σ2
π

−
λ∗L

b,ig
∗L

b,i

γ̃b,iσ2
π

, (A6)

Q∗
b,i =

Mb,iΠe − P∗

γ̃b,iσ
2
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q∗b,i −
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Π
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γ̃b,iσ
2
Π

, (A7)

e∗b,i =
θd − s
γ̃b,iσ

2
d
− σπ,d

σ2
d

q∗b,i −
σΠ,d

σ2
d

Q∗
b,i. (A8)

Next, we eliminate demand for the market asset e∗b,i from the system using substitution. After a bit of
algebra, q∗b,i and Q∗

b,i can be expressed respectively as:

q∗b,i =
µb,iπ

e − p∗

γ̃b,iσ2
π(1 − ρ2

π,d)
− σd

σπ

[
θd − s

γ̃b,iσ
2
d (1 − ρ2
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]
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σπ

[
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1 − ρ2
π,d

]
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b,i (A9)
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2
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](
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b,ig
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b
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)
, (A10)

Q∗
b,i =

Mb,iΠe − P∗

γ̃b,iσ
2
Π(1 − ρ2
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− σd

σΠ

[
θd − s
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2
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−
[

1
(1 − ρ2

Π,d)σ
2
Π

](
σΠ,yb,i +

λ∗S
b,ig

∗S
b,i

γ̃b,i

)
. (A12)

From the expressions above, it becomes clear that if ρπ,Π = ρπ,dρΠ,d as we assumed, then Q∗
b,i (and its

exogenous shifters) are not part of the solution for q∗b,i and vice versa. Using the definition for γ̃b,i = γb,i/ab,i
we get

q∗b,i

ab,i
=

µb,iπ
e − p∗

γb,iσ2
π(1 − ρ2

π,d)
− σd

σπ

[
θd − s

γb,iσ
2
d (1 − ρ2

π,d)

]
ρπ,d −

[
1

(1 − ρ2
π,d)σ

2
π

](
σπ,yb,i

ab,i
+

λ∗L
b,ig

∗L
b,i

γb,i

)
, (A13)

Q∗
b,i

ab,i
=

Mb,iΠe − P∗

γb,iσ
2
Π(1 − ρ2

Π,d)
− σd

σΠ

[
θd − s

γb,iσ
2
d (1 − ρ2

Π,d)

]
ρΠ,d −

[
1

(1 − ρ2
Π,d)σ

2
Π

](
σΠ,yb,i

ab,i
+

λ∗S
b,ig

∗S
b,i

γb,i

)
. (A14)

This completes the proof of the proposition.

A5



B.2 Pension and hedge fund demand
Given that pension funds also have CARA utility, following the same steps as in Appendix B.1, they solve
a mean-variance maximization problem:

max
{q f ,i ,e f ,i}

(µ f ,iπ
e − p)q f ,i + (θd − s)e f ,i −

γ̃ f ,i

2

[
q2

f ,iσ
2
π + e2

f ,iσ
2
d + σ2

y f ,i
+ 2q f ,ie f ,iσπ,d + 2q f ,iσπ,y f ,i

]
,

s.t. G f (q f ,i, z f ,i) ≥ 0. (A15)

The first-order conditions necessary to attain a maximum are given by:

q∗f ,i =
µ f ,iπ

e − p∗

γ̃ f ,iσ2
π

− σπ,d

σ2
π

e∗f ,i −
σπ,y f ,i

σ2
π

−
λ∗

f ,iG
′
f (q

∗
f ,i, z f ,i)

γ̃ f ,iσ2
π

, (A16)

e∗f ,i =
θd − s
γ̃ f ,iσ

2
d
− σπ,d

σ2
d

q∗f ,i, (A17)

where λ f ,i is the Lagrange multiplier associated with institution i’s capacity constraint that satisfies the
two-part Kuhn-Tucker conditions:

λ∗
f ,iG f (q∗f ,i, z f ,i) = 0 and G f (q∗f ,i, z f ,i) ≥ 0 and λ∗

f ,i ≥ 0, (A18)

and q∗f ,i denotes the institution’s optimal portfolio allocation of inflation swap contracts in equilibrium.
Combining the first-order conditions above, and substituting the definition γ̃ f ,i = γ f ,i/a f ,i, the solution

for q∗f ,i as a function of the model’s primitives is

q∗f ,i

a f ,i
=

µ f ,iπ
e − p∗

γ f ,iσ2
π(1 − ρ2

π,d)
− σd

σπ
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θd − s

γ f ,iσ
2
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[
1
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2
π
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a f ,i
+

λ∗
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γ f ,i

]
, (A19)

where ρπ,d = σπ,d/σπσd is the correlation between π and d.
Following precisely the same steps, and for completeness, the demand for short maturity swaps by

hedge funds is:

Q∗
h,i

ah,i
=

Mh,iΠe − p∗

γh,iσ
2
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− σd

σΠ
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2
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]
. (A20)

B.3 Proofs of lemma 1 and lemma 2
The proof of lemma 2 follows directly from replacing the asset demand functions in proposition B.2 (or
Appendix B.1) and in Appendix B.2 into the market clearing conditions in (7) and rearranging. The proof
of 1 comes from setting the frictional components to zero: σπ,yb,i = σπ,y f ,i = σπ,yh,i = λL,∗

b,i = λ∗
f ,i = 0.

For completeness, the equilibrium frictionless price in the short maturity segment of the market is:

P̃ =

[
∑i∈Θh

γ̃−1
h,i Mh,i + ∑i∈Θb

γ̃−1
b,i Mb,i

∑i∈Θh
γ̃−1

h,i + ∑i∈Θb
γ̃−1

b,i

]
Πe − θd − s

σdσΠ
ρΠ,d. (A21)

C Identification with granular instrumental variables
We provide more details on the identification strategy using granular instrumental variables here.

To start, Section C.1 derives the decomposition of each institution’s demand into an idiosyncratic com-
ponent and a market-wide factors that are to be estimated. This corresponds to equations (11) presented
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in the main text. Section C.3 explains why the instrument is valid in theory and Section C.4 describes how
the three instruments identify the complete system. Section C.2 first looks at the data to find support for
granularity in the data. Section C.5 explains how we estimate the factor model using Bai (2009)’s interactive
fixed-effects model.

C.1 Terms in the factor model in equation (11)
For exposition, consider the case of identifying the demand shock in the long maturity inflation swap
market. We have to find a granular IV for ε f .

Recall that demand from institution i among pension funds f , and append to it a time index t:

q∗f ,i,t

a f ,i,t
=

µ f ,iπ
e
t − p∗t
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](
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λ∗
f ,i,tg

∗
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γ f ,i

)
︸ ︷︷ ︸

=ε f ,i,t

. (A22)

Recall also the combined results in lemmas 1 and 2 that solve for the observed market price for the swap
contract in the long market as a combination of expected inflation minus a compensation for risk premia
and frictions:

p∗t = Λπe
t − rp∗t + lp∗t . (A23)

The components are defined as:

Λ =
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, (A24)
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σπ,d , (A25)
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γ̃−1
f ,i,t + ∑i∈Θb

γ̃−1
b,i,t

−
∑i∈Θ f

(
σπ,y f ,i +

λ∗
f ,i,tg

∗
f ,i,t

γ̃ f ,i,t

)
∑i∈Θ f

γ̃−1
f ,i,t + ∑i∈Θb

γ̃−1
b,i,t

. (A26)

Then, define ε̃ f ,i,t as the idiosyncratic component of the fund-specific demand shock ε f ,i,t:

ε̃ f ,i,t = ε f ,i,t −
κ

lp
f ,ilp∗t

γ f ,iσ2
π(1 − ρ2

π,d)
, (A27)

where κ
lp
f ,i captures the contribution of pension fund i’s liquidity frictions to the market-wide frictions lp∗t

that was defined in equation (A26).
Substituting (A23), (A25) and (A27) into equation (A22) and rearranging terms, the demand system

above can be rewritten as:

q∗f ,i,t

a f ,i,t
=

(µ f ,i − Λ)πe
t + (κ

lp
f ,i − 1)lp∗t

γ f ,iσ2
π(1 − ρ2

π,d)
+ ε̃ f ,i,t = ω′

f ,iFt + ε̃ f ,i,t, (A28)

The Ft are unobserved common factors and the ω f ,i are the fund-specific factor loadings, defined by
(where Λ is as defined in equation (8)):

Ft =

(
πe

t

lp∗t

)
, ω f ,i =


(µ f ,i−Λ)

γ f ,iσ2
π(1−ρ2

π,d)

κ
lp
f ,i−1

γ f ,iσ2
π(1−ρ2

π,d)

 . (A29)
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Note that the risk premium term, rpt, cancels in the fund level demand equation so does not end up
being a factor. Note also that the impact of εh,t on the long market is spanned by lp∗t , and likewise for the
impact of ε f ,t on the short market.

C.2 Power laws for trading volumes
In our sample, there are 210 pension funds (including liability-driven investment funds). Panel (a) of Figure
A6 shows the plot of the rank of each pension fund against their outstanding gross notional positions. For
pension funds with an outstanding gross notional position to-date larger than 1bn, we estimated a power
law regression of (the log of) their rank on (the log of) their gross notional positions. The fit of the regression
is also in the figure. The estimated power law coefficient is -0.9, with a standard error of 0.013 and an R2 of
0.979. Therefore, the size of pension funds’ gross inflation risk exposures comes close to satisfying Zipf’s
law, which is a particular power law distribution with a power law coefficient of -1.

We repeat this exercise for hedge funds and banks in panels (b) and (c). There are fewer hedge funds
(30) and banks (16), so results are more imprecise. Still, the power law exponent points estimates for
hedge funds and dealer banks are -0.728 and -0.402 with standard errors 0.035 and 0.058, respectively,
again supporting granularity.

Figure A6 INSTITUTIONAL RANK VERSUS OUTSTANDING GROSS NOTIONAL POSITIONS

(a) Pension funds (b) Hedge funds (c) Dealer banks

NOTE: Size refers to the gross notional position outstanding that the institution has acquired in the UK RPI market up to the latest date of
our data sample. We estimate it by tracking the trading activity of each institution across various execution dates of the trade, and then
cumulatively construct a stock of their outstanding positions while taking into consideration older trades that expire. There are a total of
210 pension funds, 30 hedge funds and 16 dealer banks in our data sample. Each scatter marker refers to a given institution, and the line
in red denotes the fitted value. SOURCE: DTCC Trade Repository.

C.3 Instrument validity
The granular IV for pension fund demand is given by:

GIVf ,t = ∑
i∈Θ f

a f ,i,t ε̃ f ,i,t. (A30)

Recall from equation (9) that the impact of the sector-wide demand frictions from pension funds on the
swap price is given by:

−
∑i∈Θ f

{
σπ,y f ,i +

λ∗
f ,i g

∗
f ,i,t

γ̃ f ,i,t

}
∑i∈Θ f

γ̃−1
f ,i,t + ∑i∈Θb

γ̃−1
b,i,t

. (A31)
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Equation (A27) can be rewritten as:

∑i∈Θ f
(κ

lp
f ,ilp∗t )γ̃

−1
f ,i,t

∑i∈Θ f
γ̃−1

f ,i,t + ∑i∈Θb
γ̃−1

b,i,t

+ (1 − ρ2
π,d)σ

2
π

GIVf ,t

∑i∈Θ f
γ̃−1

f ,i,t + ∑i∈Θb
γ̃−1

b,i,t

. (A32)

These formulas make it clear that GIVf ,t qualifies as a relevant instrumental variable for ε f ,t as long as there
is some granularity in a f ,i,t so that GIVf ,t ̸= 0. No granularity means GIVf ,t = 0 as all the idiosyncratic
shocks average out.

In terms of satisfying the exclusion restriction, ε̃ f i,t ⊥ εh,t, εb,t, επ,t by construction, since these three
shocks are spanned by Ff ,t. Hence, E(GIVf ,tεh,t) = 0, E(GIVf ,tεb,t) = 0 and E(GIVf ,tεπ,t) = 0.

The same applies to hedge funds and dealer banks to obtain GIVh,t and GIVb,t as instruments for εh,t
and εb,t. These are the demand shocks in the short maturity market and shocks to dealers’ supply functions.

C.4 Recovering the inflation shock
Recall that the static representation of the system is:

Qt

Pt

qt

pt

 = constant +
[
b1 b2 b3 b4

]
εh,t

ε f ,t

εb,t

επ,t


︸ ︷︷ ︸

B

= constant +


u1,t

u2,t

u3,t

u4,t

 , (A33)

where each bi for i ∈ {1, 2, 3, 4} is a 4 × 1 column vector. We use GIVf ,t, GIVh,t and GIVb,t as instruments
to project u4,t on u1,t, u2,t, u3,t. The residual that emerges from this procedure (call it IVπ,t) is then a valid
instrument for επ,t. To see this, note that the matrix B by assumption can be inverted to obtain:

u4,t = a4,1u1,t + a4,2u2,t + a4,3u3,t + επ,t. (A34)

The residuals from the instrumented regression exactly yield επ,t.24

Projecting ut sequentially on GIVf ,t, GIVh,t, GIVb,t and IVπ,t identifies the coefficients of the structural
impact matrix b1 to b4 up to sign and scale.

C.5 Estimation of the factor model
Our empirical implementation estimates a modified regression equation that allows for persistence in in-
stitutional demand and for fund-specific and time fixed effects:

q f ,i,t

a f ,i,t
= α f ,i + τt +

J

∑
j=1

β j
q f ,i,t−j

a f ,i,t−j
+ ω′

f ,iFt + ε̃ f ,i,t. (A35)

We use J = 3 lags to be consistent with the lags used in estimation of the SVAR.
Although our model implies a two-factor structure, we allow for a larger number of factors to capture

other sources of heterogeneity within the sector orthogonal to the model’s components that could lead
to disturbances in demand in the data, such as differences in fund structures (e.g., private versus public
or defined contribution versus defined benefit pension funds) or specialization across dealers. We take a
two-step approach. First, we select an initial number of factors according to the factor selection criteria in
Bai and Ng (2002). We then incrementally add an additional factor until the structural responses of the

24The numbering of the u’s is arbitrary. One could also project u1,t on u2,t, u3,t and u4,t instead and get a different
IVπ,t but this would be perfectly collinear with the instrument arising from the alternative projection.
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demand and supply shocks satisfy the typical responses associated with these shocks in the specific market
of interest. We impose no ex-ante restriction on the size or direction of spillovers across markets or on
how the inflation shock we eventually identify affects the system. In this way, our factor selection criteria
does not rely on assumptions B3 or B4. This procedure led to 21 factors being estimated for pension fund
demand, 12 for hedge fund demand and 9 for dealer bank supply.

D Additional empirical results
This section includes additional empirical results that were mentioned in the main text.

D.1 Demand and supply slopes using GIV strategy
Figure A7 shows the slopes of demand and supply graphically, together with their credible sets. The
relative flatness of the supply curve in the long market versus the short market is also confirmed using
this strategy. The estimated demand curves are flatter. However, as discussed, this strategy struggles to
precisely estimate the impact of a supply shock, which means that the credible sets over the demand curve
slopes are wide.

D.2 Movements around large shocks
Figure A8 shows the actual swap prices around the two large events discussed in Section 5

The supplemental Appendix decomposes the frictional component into its three parts, and shows the
decomposition of traded quantities as well.

D.3 Autumn 2022 energy price guarantees and the UK LDI crisis
UK inflation swap prices experienced a period of heightened volatility during Autumn 2022. This was
partly due to the knock-on effects of Russia’s invasion of Ukraine, but this episode also came with a major
crisis in the UK pension fund sector. Here we provide a narrative of events and describe how our model
interprets the evolution of prices and quantities in the inflation swap market during this episode.

On the 6th September 2022, Liz Truss became the UK’s new Prime Minister having promised to tackle
the UK’s cost-of-living crisis brought about by the war in Ukraine. On the 6th and 8th September 2022, the
government announced an “energy price guarantee”, a price cap policy that would substantially reduce
the effective prices that consumers would be paying for their household energy bills. This policy would
have had a large effect on measured headline RPI inflation in the following 12 to 24 months. On the 23rd

September 2022, the “Mini-Budget” was announced with large unfunded tax cuts. This fiscal expansion
triggered a substantial fall in bond prices. This resulted in a sector-wide sell off of long maturity bonds by
liability-driven investment funds (“LDI” funds) with further knock-on effects on wider financial stability.
In order to stabilize the market, the Bank of England announced on 28th September that it would temporar-
ily buy a limited number of long-dated government bonds. One month later, on October 25th, Rishi Sunak
became Prime Minister and Jeremy Hunt the new Chancellor of the Exchequer. One of their first measures
was to revert the tax cuts.

Figure A9 shows long maturity inflation swap prices over the episode alongside the decomposition
into frictions and expectations. Prices were unusually volatile during this period. The initial energy price
guarantee brought an immediate decline in long dated inflation swaps, this is assigned to a change in
expectations in our model. The fiscal expansion caused a sharp rise in inflation swaps initially, the an-
nouncement was deemed inflationary for fundamental reasons. This was quickly reversed as the Bank
of England intervened, perhaps a reflection of successful communication with respect to the anchoring of
expectations. One month later, when the tax cuts were reversed, expected inflation fell by approximately
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Figure A7 ESTIMATED SLOPES OF MARKET DEMAND AND SUPPLY FUNCTIONS USING GIV
STRATEGY

(a) Short maturity UK RPI inflation swap market

(b) Long maturity UK RPI inflation swap market

NOTE: Panel (a) estimates shows estimates of supply and demand curve for the short market using the instrumental variable strategy.
Slope of the supply curve (blue) is defined as dP/dεb

dQ/dεb
using the impulse response functions. The slope of the demand curve (red) is defined

as dP/dεh
dQ/dεh

. The curves have intercepts such that P and Q are at the sample averages. The median estimate of the slopes from the sampler
alongside 68% credible intervals are presented. Panel (b) repeats the exercise for the long market (i.e. p and q).

20bps and stayed persistently lower. After the dust settled, this combination of shocks lowered long matu-
rity expected inflation.

Frictional shocks pushed swap prices higher by more than 10bps over the course of the crisis, obscuring
the fall in expected inflation. This rise in liquidity premia happened mainly as the crisis was in its second
week. This rise in liquidity premia largely reflects a contraction in supply by dealer banks and could reflect
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Figure A8 TWO EPISODES: ACTUAL PRICES

(a) Covid-19 pandemic (b) Russia’s Full Scale Invasion of Ukraine

NOTE: Weighted-average long maturity inflation swap breakeven rates, p, over the sample period for the Covid-19 episode (early 2020)
and the initial phase of Russia’s full-scale invasion of Ukraine (early February 2022).

concerns about the health of their counterparties within the pension fund sector that were unveiled as the
crisis progressed. Earlier, in September, the dominant liquidity shock came from the demand side, and
pushed prices down. According to our estimates, pension funds were temporarily constrained in their
ability to buy inflation swaps, which is consistent with the crisis in the sector during that month, and with
the sector-wide deleveraging taking place in that month.

Figure A9 AUTUMN 2022: SWAP RATES, LIQUIDITY, AND EXPECTED INFLATION

(a) Long maturity UK RPI swap rates (b) Expected Inflation & Frictions

NOTE: Panel (a) shows the actual inflation breakeven rate, p, in the long maturity market that is a notional-weighted average of maturities
longer than 10 years, over the period August 2022 until February 2023. Panel (b) shows the estimated cumulative contribution of inflation
shocks, επ , and all remaining shocks to this price series. Estimates produced using the sign restrictions identification strategy. Solid lines
are the median estimate from the sampler with shaded areas representing 68% credible intervals. The initial condition means the red and
blue lines in panel (b) do not precisely sum to the cumulative change of the series plotted in panel (a).

D.4 Trade sensitivity and size of an institution
Figure A10 shows the scatter plots of the estimates βi against the size of the institution in both the short
maturity and long maturity market segments. There is little relation between the two.
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Figure A10 COEFFICIENTS SCATTERED AGAINST SIZE OF INSTITUTION

(a) Dealer banks (ST market) (b) Hedge funds

(c) Dealer banks (LT market) (d) Pension funds

NOTE: The figures are scatterplots of estimates of βq,i, for q ∈ {b, h, f } (we estimate βb,i for dealer banks trading in both the short maturity
and long maturity markets) against institutional size aq,i. Institutional size is proxied using the (log of) gross notional positions traded by
each institution i that remains in effect in the data sample. The estimates of βq,i are obtained using the identified inflation shock from each
of the three identification strategies as an instrument for the change in the swap breakeven rates in the respective market. The fitted line
refers to estimates using sign restrictions, with 90% bootstrapped confidence intervals from 10,000 pseudo-samples drawing the relevant
institutions in each sector with replacement to re-estimate the two data series. There are 30 hedge funds and 13 dealer banks n the short
maturity market, and 210 pension funds and 16 dealer banks in the long maturity market. SOURCE: DTCC Trade Repository and authors’
calculations.
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