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first-position residue is missing from the query the transition used will be from start
to D1. The end state shown in Figure 6.7A has transitions to it from the three states
associated with the final profile position and does not emit a residue, nor have any
transitions from itself. All paths through the HMM terminate at this state. In the
model shown, any extra residues in the query sequence after the profile will have to
be emitted by the last insert state. Figure 6.7B shows example emission probabili-
ties from the four match states. These sum to 1 for each state, and show that each
alignment position has particular residue preferences. For example, state M1 repre-
sents a highly conserved proline, and M3 a conserved small polar residue. The insert
state emission probabilities are not shown, but would normally be the same for all
insertion states and related to the overall amino acid composition.

All the models considered here represent a profile against which a query sequence
is to be aligned. We must allow for the query sequence to be wholly unrelated to the
profile. In the model discussed so far, such an unrelated sequence would be emitted
by paths that visited many delete and insert states. It should be recalled that only
the sequence emitted by the match states can be regarded as aligned to the profile
HMM, and any residues emitted by insert states are unaligned by definition. In
addition, an unrelated sequence will align to a profile HMM with a very low proba-
bility or log-odds score. As in the case of database searches, unrelated sequences
will usually be identified on these quantitative scores rather than a qualitative
assessment of the alignment itself.

Another possible situation arises if the query sequence is longer than the profile, so
that there are segments of sequence that are unrelated. The initial and final insert
states can represent any unrelated flanking sequences, allowing for a local align-
ment of the query sequence. However, the model of Figure 6.7 is not the full equiv-
alent of Smith–Waterman local alignment (see Section 5.2) because the path taken
through the HMM by the sequence will still include all profile positions. Alignment
of only a part of the profile will involve a path through many delete states, which
will almost certainly occur with very low probability if the model is parameterized
for sequences with the full-length profile. A more realistic local alignment model is
shown in Figure 6.8A. This involves two new silent states that are directly connected
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Figure 6.7
A complete profile HMM model,
with a start and end state and four
match states. The existence of states
I0 and I4 allows the profile to occur
anywhere within a larger sequence.
(A) The organization of the states
and allowed transitions. Note that
each of the transitions in the model
will in general have a different value
for the transition probabilities. One
of the possible paths through the
model is marked by blue transition
arrows, and produces a sequence
that has two or more residues at the
amino terminus, followed by the
profile with no insertions,
immediately followed by the
carboxyl terminus. (B) The emission
probabilities from the four match
states. Ignoring the residues emitted
from state I0, the sequence PATH has
the greatest probability of being
emitted, but many other sequences
are almost as likely to be emitted, for
example, PETS. Note that the
emissions for each state sum to 1.
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Extending PSSM to Profile HMM

§ Although a PSSM captures some conservation information, it is an inadequate 
representation of all the information in a multiple alignment of a protein family 
– Provide ungapped scores

§ How to account for gaps?
– Allow gaps at each position in the alignment, using the same gap score 𝛾(𝑔) at each 

position 

§ Alignment gives us explicit indications of where gaps are more and less likely. 
– position sensitive gap scores 

§ Solution: build a hidden Markov model (HMM), with a repetitive structure of 
states, but different probabilities in each position. 
– full probabilistic model for sequences in the sequence family. 
– Profile HMM

2



Basic Structure of Profile HMM: Match State
§ PSSM can be viewed as a trivial HMM with a series of identical states called 

match states, separated by transitions of probability 1. 
§ Alignment is trivial because there is no choice of transitions. 

§ Emission probabilities for the match states denoted by 𝑒!"(𝑎). 
§ Match state matches (i.e., aligns) residues at a specific position (column) of an 

alignment. 
§ linked to the matching state for the next alignment position by a transition that 

specifies the direction of the connection. 
§ Residues emitted by match states are related to the HMM, and so the emission 

probabilities depend on the multiple alignment. They are most closely related to 
the PSSMs, as they vary with position in the alignment. 

104 5 Profile HMMs for sequence families

family. We have to find some way to take account of gaps. It is possible to com-
bine the scores of multiple ungapped block models, and this is the approach taken
by Henikoff & Henikoff [1991] in the BLOCKS database. However, we will pur-
sue here the aim of developing a single probabilistic model for the whole extent
of the alignment.

One approach is to allow gaps at each position in the alignment, using the
same gap score γ (g) at each position, as in pairwise alignment. However, this
is also ignoring information, because the alignment gives us explicit indications
of where gaps are more and less likely. We want to capture this information to
give us position sensitive gap scores, just as the emission probabilities gave us
position sensitive substitution scores.

The approach we take is to build a hidden Markov model (HMM), with a repet-
itive structure of states, but different probabilities in each position. This will pro-
vide a full probabilistic model for sequences in the sequence family. We start off
by observing that the PSSM can be viewed as a trivial HMM with a series of
identical states that we will call match states, separated by transitions of proba-
bility 1.

Begin EndMj

Alignment is trivial because there is no choice of transitions. We rename the
emission probabilities for the match states to eMi (a).

The next step is to deal with gaps. We must treat insertions and deletions sep-
arately. To handle insertions, i.e. portions of x that do not match anything in the
model, we introduce a set of new states Ii , where Ii will be used to match inser-
tions after the residue matching the i th column of the multiple alignment. The
Ii have emission distribution eIi (a), but these are normally set to the background
distribution qa , just as for seeing an unaligned inserted residue in a pairwise align-
ment. We need transitions from Mi to Ii , a loop transition from Ii to itself, to ac-
commodate multi-residue insertions, and a transition back from Ii to Mi+1. Here
is a single insert state of this kind:

Mj

Ij

Begin End

We denote insert states in our diagrams by diamonds. The log-odds cost of an
insert is the sum of the costs of the relevant transitions and emissions. Assuming
that eIi (a) = qa as described above, there is no log-odds contribution from the
emission, and the score of a gap of length k is

logaM j I j + logaI j M j+1 + (k −1) logaI j I j .
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Basic Structure of Profile HMM: Insertion State

§ To handle insertions, i.e. portions of query sequence that do not match 
anything in the model, we introduce a set of new states 𝐼!

§ 𝐼! will be used to match insertions after the residue matching the 𝑗"#
column of the multiple alignment. 

§ 𝐼! have emission distribution 𝑒$"(𝑎), but these are normally set to the 
background distribution 𝑞%
– If there is an insertion in the query sequence relative to the HMM, the residues involved 

are, by definition, not related to residue information in the HMM. 

104 5 Profile HMMs for sequence families

family. We have to find some way to take account of gaps. It is possible to com-
bine the scores of multiple ungapped block models, and this is the approach taken
by Henikoff & Henikoff [1991] in the BLOCKS database. However, we will pur-
sue here the aim of developing a single probabilistic model for the whole extent
of the alignment.

One approach is to allow gaps at each position in the alignment, using the
same gap score γ (g) at each position, as in pairwise alignment. However, this
is also ignoring information, because the alignment gives us explicit indications
of where gaps are more and less likely. We want to capture this information to
give us position sensitive gap scores, just as the emission probabilities gave us
position sensitive substitution scores.

The approach we take is to build a hidden Markov model (HMM), with a repet-
itive structure of states, but different probabilities in each position. This will pro-
vide a full probabilistic model for sequences in the sequence family. We start off
by observing that the PSSM can be viewed as a trivial HMM with a series of
identical states that we will call match states, separated by transitions of proba-
bility 1.

Begin EndMj

Alignment is trivial because there is no choice of transitions. We rename the
emission probabilities for the match states to eMi (a).

The next step is to deal with gaps. We must treat insertions and deletions sep-
arately. To handle insertions, i.e. portions of x that do not match anything in the
model, we introduce a set of new states Ii , where Ii will be used to match inser-
tions after the residue matching the i th column of the multiple alignment. The
Ii have emission distribution eIi (a), but these are normally set to the background
distribution qa , just as for seeing an unaligned inserted residue in a pairwise align-
ment. We need transitions from Mi to Ii , a loop transition from Ii to itself, to ac-
commodate multi-residue insertions, and a transition back from Ii to Mi+1. Here
is a single insert state of this kind:

Mj

Ij

Begin End

We denote insert states in our diagrams by diamonds. The log-odds cost of an
insert is the sum of the costs of the relevant transitions and emissions. Assuming
that eIi (a) = qa as described above, there is no log-odds contribution from the
emission, and the score of a gap of length k is

logaM j I j + logaI j M j+1 + (k −1) logaI j I j .
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Basic Structure of Profile HMM: Insertion State

§ Three transitions involving 𝐼#
– from 𝑀# to 𝐼#
– a loop transition from 𝐼# to itself, to accommodate multi-residue insertions 
– a transition back from 𝐼# to 𝑀#$%

§ The log-odds cost of an insert is the sum of the costs of the relevant transitions 
and emissions 

§ Assuming 𝑒&"(𝑎) = 𝑞', there is no log-odds contribution from the emission, and 
the score of a gap of length 𝑘 is 

104 5 Profile HMMs for sequence families

family. We have to find some way to take account of gaps. It is possible to com-
bine the scores of multiple ungapped block models, and this is the approach taken
by Henikoff & Henikoff [1991] in the BLOCKS database. However, we will pur-
sue here the aim of developing a single probabilistic model for the whole extent
of the alignment.

One approach is to allow gaps at each position in the alignment, using the
same gap score γ (g) at each position, as in pairwise alignment. However, this
is also ignoring information, because the alignment gives us explicit indications
of where gaps are more and less likely. We want to capture this information to
give us position sensitive gap scores, just as the emission probabilities gave us
position sensitive substitution scores.

The approach we take is to build a hidden Markov model (HMM), with a repet-
itive structure of states, but different probabilities in each position. This will pro-
vide a full probabilistic model for sequences in the sequence family. We start off
by observing that the PSSM can be viewed as a trivial HMM with a series of
identical states that we will call match states, separated by transitions of proba-
bility 1.

Begin EndMj

Alignment is trivial because there is no choice of transitions. We rename the
emission probabilities for the match states to eMi (a).

The next step is to deal with gaps. We must treat insertions and deletions sep-
arately. To handle insertions, i.e. portions of x that do not match anything in the
model, we introduce a set of new states Ii , where Ii will be used to match inser-
tions after the residue matching the i th column of the multiple alignment. The
Ii have emission distribution eIi (a), but these are normally set to the background
distribution qa , just as for seeing an unaligned inserted residue in a pairwise align-
ment. We need transitions from Mi to Ii , a loop transition from Ii to itself, to ac-
commodate multi-residue insertions, and a transition back from Ii to Mi+1. Here
is a single insert state of this kind:

Mj

Ij

Begin End

We denote insert states in our diagrams by diamonds. The log-odds cost of an
insert is the sum of the costs of the relevant transitions and emissions. Assuming
that eIi (a) = qa as described above, there is no log-odds contribution from the
emission, and the score of a gap of length k is

logaM j I j + logaI j M j+1 + (k −1) logaI j I j .
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family. We have to find some way to take account of gaps. It is possible to com-
bine the scores of multiple ungapped block models, and this is the approach taken
by Henikoff & Henikoff [1991] in the BLOCKS database. However, we will pur-
sue here the aim of developing a single probabilistic model for the whole extent
of the alignment.

One approach is to allow gaps at each position in the alignment, using the
same gap score γ (g) at each position, as in pairwise alignment. However, this
is also ignoring information, because the alignment gives us explicit indications
of where gaps are more and less likely. We want to capture this information to
give us position sensitive gap scores, just as the emission probabilities gave us
position sensitive substitution scores.

The approach we take is to build a hidden Markov model (HMM), with a repet-
itive structure of states, but different probabilities in each position. This will pro-
vide a full probabilistic model for sequences in the sequence family. We start off
by observing that the PSSM can be viewed as a trivial HMM with a series of
identical states that we will call match states, separated by transitions of proba-
bility 1.

Begin EndMj

Alignment is trivial because there is no choice of transitions. We rename the
emission probabilities for the match states to eMi (a).

The next step is to deal with gaps. We must treat insertions and deletions sep-
arately. To handle insertions, i.e. portions of x that do not match anything in the
model, we introduce a set of new states Ii , where Ii will be used to match inser-
tions after the residue matching the i th column of the multiple alignment. The
Ii have emission distribution eIi (a), but these are normally set to the background
distribution qa , just as for seeing an unaligned inserted residue in a pairwise align-
ment. We need transitions from Mi to Ii , a loop transition from Ii to itself, to ac-
commodate multi-residue insertions, and a transition back from Ii to Mi+1. Here
is a single insert state of this kind:

Mj

Ij

Begin End

We denote insert states in our diagrams by diamonds. The log-odds cost of an
insert is the sum of the costs of the relevant transitions and emissions. Assuming
that eIi (a) = qa as described above, there is no log-odds contribution from the
emission, and the score of a gap of length k is

logaM j I j + logaI j M j+1 + (k −1) logaI j I j .
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Basic Structure of Profile HMM: Deletion State

§ To model Deletions, i.e. segments of the multiple alignment that are not matched 
by any residue in the query sequence, introduce silent deletion states 𝐷#

§ Because the silent states do not emit any residues, it is possible to use a sequence 
of them to get from any match state to any later one, between two residues in the 
sequence. 

§ The cost of a deletion is the sum of the costs of an 𝑀 → 𝐷 transition followed by 
a number of 𝐷 → 𝐷 transitions, then a 𝐷 → 𝑀 transition. 

§ It is possible that the 𝐷 → 𝐷 transitions will have different probabilities, and hence 
contribute differently to the score 

5.2 Adding insert and delete states to obtain profile HMMs 105

From this you can see that the type of insert state shown corresponds to an affine
gap scoring model.

Deletions, i.e. segments of the multiple alignment that are not matched by
any residue in x , could be handled by forward ‘jump’ transitions between non-
neighbouring match states:

However, to allow arbitrarily long gaps in a long model this way would require a
lot of transitions. Instead we introduce silent states D j as described in Section 3.4:

Begin EndMj

Dj

Because the silent states do not emit any residues, it is possible to use a sequence
of them to get from any match state to any later one, between two residues in the
sequence. The cost of a deletion will then be the sum of the costs of an M → D
transition followed by a number of D → D transitions, then a D → M transition.
This is at first sight exactly analogous to the cost of an insert, although the path
through the model looks different. In detail, it is possible that the D → D tran-
sitions will have different probabilities, and hence contribute differently to the
score, whereas all the I → I transitions for one insert involve the same state, and
so are guaranteed to have the same cost.

The full resulting HMM has the structure shown in Figure 5.2. This form of
model, which we call a profile HMM, was first introduced in Haussler et al.
[1993] and Krogh et al. [1994]. We have added transitions between insert and
delete states, as they did, although these are usually very improbable. Leaving
them out has negligible effect on scoring a match, but can create problems when
building the model.

Begin EndMj

Dj

Ij

Figure 5.2 The transition structure of a profile HMM. We use diamonds to
indicate the insert states and and circles for the delete states.
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Complete Structure of Profile HMM

§ Transitions between insert and delete states are added but usually very improbable. Leaving 
them out has negligible effect on scoring a match, but can create problems when building the 
model. 

§ Transitions between insert states 𝐼# and 𝐼#$% are not allowed because they would imply the 
absence of a match state between them, and hence delete state 𝐷#$% should be involved 

§ The path taken through the model, resulting in the emission of a sequence, can be 
interpreted as assigning each of the residues to be either aligned to a particular HMM 
position (corresponding to the particular match state) or else inserted at a particular position 
(corresponding to the particular insert state) 

5.2 Adding insert and delete states to obtain profile HMMs 105

From this you can see that the type of insert state shown corresponds to an affine
gap scoring model.

Deletions, i.e. segments of the multiple alignment that are not matched by
any residue in x , could be handled by forward ‘jump’ transitions between non-
neighbouring match states:

However, to allow arbitrarily long gaps in a long model this way would require a
lot of transitions. Instead we introduce silent states D j as described in Section 3.4:

Begin EndMj

Dj

Because the silent states do not emit any residues, it is possible to use a sequence
of them to get from any match state to any later one, between two residues in the
sequence. The cost of a deletion will then be the sum of the costs of an M → D
transition followed by a number of D → D transitions, then a D → M transition.
This is at first sight exactly analogous to the cost of an insert, although the path
through the model looks different. In detail, it is possible that the D → D tran-
sitions will have different probabilities, and hence contribute differently to the
score, whereas all the I → I transitions for one insert involve the same state, and
so are guaranteed to have the same cost.

The full resulting HMM has the structure shown in Figure 5.2. This form of
model, which we call a profile HMM, was first introduced in Haussler et al.
[1993] and Krogh et al. [1994]. We have added transitions between insert and
delete states, as they did, although these are usually very improbable. Leaving
them out has negligible effect on scoring a match, but can create problems when
building the model.

Begin EndMj

Dj

Ij

Figure 5.2 The transition structure of a profile HMM. We use diamonds to
indicate the insert states and and circles for the delete states.
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Profile HMM: an Example

§ Transition to 𝑀% when query sequence amino-
terminal residue matches the first position 

§ If the query sequence has extra residues at its amino 
terminus, these will be emitted by the 𝐼( state 

§ If first-position residue is missing from the query the 
transition used will be from start to 𝐷%

§ Any extra residues in the query sequence after the 
profile will be emitted by the last insert state.

§ The existence of insert states allows the profile to 
occur anywhere within a larger sequence. 

first-position residue is missing from the query the transition used will be from start
to D1. The end state shown in Figure 6.7A has transitions to it from the three states
associated with the final profile position and does not emit a residue, nor have any
transitions from itself. All paths through the HMM terminate at this state. In the
model shown, any extra residues in the query sequence after the profile will have to
be emitted by the last insert state. Figure 6.7B shows example emission probabili-
ties from the four match states. These sum to 1 for each state, and show that each
alignment position has particular residue preferences. For example, state M1 repre-
sents a highly conserved proline, and M3 a conserved small polar residue. The insert
state emission probabilities are not shown, but would normally be the same for all
insertion states and related to the overall amino acid composition.

All the models considered here represent a profile against which a query sequence
is to be aligned. We must allow for the query sequence to be wholly unrelated to the
profile. In the model discussed so far, such an unrelated sequence would be emitted
by paths that visited many delete and insert states. It should be recalled that only
the sequence emitted by the match states can be regarded as aligned to the profile
HMM, and any residues emitted by insert states are unaligned by definition. In
addition, an unrelated sequence will align to a profile HMM with a very low proba-
bility or log-odds score. As in the case of database searches, unrelated sequences
will usually be identified on these quantitative scores rather than a qualitative
assessment of the alignment itself.

Another possible situation arises if the query sequence is longer than the profile, so
that there are segments of sequence that are unrelated. The initial and final insert
states can represent any unrelated flanking sequences, allowing for a local align-
ment of the query sequence. However, the model of Figure 6.7 is not the full equiv-
alent of Smith–Waterman local alignment (see Section 5.2) because the path taken
through the HMM by the sequence will still include all profile positions. Alignment
of only a part of the profile will involve a path through many delete states, which
will almost certainly occur with very low probability if the model is parameterized
for sequences with the full-length profile. A more realistic local alignment model is
shown in Figure 6.8A. This involves two new silent states that are directly connected
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Figure 6.7
A complete profile HMM model,
with a start and end state and four
match states. The existence of states
I0 and I4 allows the profile to occur
anywhere within a larger sequence.
(A) The organization of the states
and allowed transitions. Note that
each of the transitions in the model
will in general have a different value
for the transition probabilities. One
of the possible paths through the
model is marked by blue transition
arrows, and produces a sequence
that has two or more residues at the
amino terminus, followed by the
profile with no insertions,
immediately followed by the
carboxyl terminus. (B) The emission
probabilities from the four match
states. Ignoring the residues emitted
from state I0, the sequence PATH has
the greatest probability of being
emitted, but many other sequences
are almost as likely to be emitted, for
example, PETS. Note that the
emissions for each state sum to 1.
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first-position residue is missing from the query the transition used will be from start
to D1. The end state shown in Figure 6.7A has transitions to it from the three states
associated with the final profile position and does not emit a residue, nor have any
transitions from itself. All paths through the HMM terminate at this state. In the
model shown, any extra residues in the query sequence after the profile will have to
be emitted by the last insert state. Figure 6.7B shows example emission probabili-
ties from the four match states. These sum to 1 for each state, and show that each
alignment position has particular residue preferences. For example, state M1 repre-
sents a highly conserved proline, and M3 a conserved small polar residue. The insert
state emission probabilities are not shown, but would normally be the same for all
insertion states and related to the overall amino acid composition.

All the models considered here represent a profile against which a query sequence
is to be aligned. We must allow for the query sequence to be wholly unrelated to the
profile. In the model discussed so far, such an unrelated sequence would be emitted
by paths that visited many delete and insert states. It should be recalled that only
the sequence emitted by the match states can be regarded as aligned to the profile
HMM, and any residues emitted by insert states are unaligned by definition. In
addition, an unrelated sequence will align to a profile HMM with a very low proba-
bility or log-odds score. As in the case of database searches, unrelated sequences
will usually be identified on these quantitative scores rather than a qualitative
assessment of the alignment itself.

Another possible situation arises if the query sequence is longer than the profile, so
that there are segments of sequence that are unrelated. The initial and final insert
states can represent any unrelated flanking sequences, allowing for a local align-
ment of the query sequence. However, the model of Figure 6.7 is not the full equiv-
alent of Smith–Waterman local alignment (see Section 5.2) because the path taken
through the HMM by the sequence will still include all profile positions. Alignment
of only a part of the profile will involve a path through many delete states, which
will almost certainly occur with very low probability if the model is parameterized
for sequences with the full-length profile. A more realistic local alignment model is
shown in Figure 6.8A. This involves two new silent states that are directly connected
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Figure 6.7
A complete profile HMM model,
with a start and end state and four
match states. The existence of states
I0 and I4 allows the profile to occur
anywhere within a larger sequence.
(A) The organization of the states
and allowed transitions. Note that
each of the transitions in the model
will in general have a different value
for the transition probabilities. One
of the possible paths through the
model is marked by blue transition
arrows, and produces a sequence
that has two or more residues at the
amino terminus, followed by the
profile with no insertions,
immediately followed by the
carboxyl terminus. (B) The emission
probabilities from the four match
states. Ignoring the residues emitted
from state I0, the sequence PATH has
the greatest probability of being
emitted, but many other sequences
are almost as likely to be emitted, for
example, PETS. Note that the
emissions for each state sum to 1.
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first-position residue is missing from the query the transition used will be from start
to D1. The end state shown in Figure 6.7A has transitions to it from the three states
associated with the final profile position and does not emit a residue, nor have any
transitions from itself. All paths through the HMM terminate at this state. In the
model shown, any extra residues in the query sequence after the profile will have to
be emitted by the last insert state. Figure 6.7B shows example emission probabili-
ties from the four match states. These sum to 1 for each state, and show that each
alignment position has particular residue preferences. For example, state M1 repre-
sents a highly conserved proline, and M3 a conserved small polar residue. The insert
state emission probabilities are not shown, but would normally be the same for all
insertion states and related to the overall amino acid composition.

All the models considered here represent a profile against which a query sequence
is to be aligned. We must allow for the query sequence to be wholly unrelated to the
profile. In the model discussed so far, such an unrelated sequence would be emitted
by paths that visited many delete and insert states. It should be recalled that only
the sequence emitted by the match states can be regarded as aligned to the profile
HMM, and any residues emitted by insert states are unaligned by definition. In
addition, an unrelated sequence will align to a profile HMM with a very low proba-
bility or log-odds score. As in the case of database searches, unrelated sequences
will usually be identified on these quantitative scores rather than a qualitative
assessment of the alignment itself.

Another possible situation arises if the query sequence is longer than the profile, so
that there are segments of sequence that are unrelated. The initial and final insert
states can represent any unrelated flanking sequences, allowing for a local align-
ment of the query sequence. However, the model of Figure 6.7 is not the full equiv-
alent of Smith–Waterman local alignment (see Section 5.2) because the path taken
through the HMM by the sequence will still include all profile positions. Alignment
of only a part of the profile will involve a path through many delete states, which
will almost certainly occur with very low probability if the model is parameterized
for sequences with the full-length profile. A more realistic local alignment model is
shown in Figure 6.8A. This involves two new silent states that are directly connected
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Figure 6.7
A complete profile HMM model,
with a start and end state and four
match states. The existence of states
I0 and I4 allows the profile to occur
anywhere within a larger sequence.
(A) The organization of the states
and allowed transitions. Note that
each of the transitions in the model
will in general have a different value
for the transition probabilities. One
of the possible paths through the
model is marked by blue transition
arrows, and produces a sequence
that has two or more residues at the
amino terminus, followed by the
profile with no insertions,
immediately followed by the
carboxyl terminus. (B) The emission
probabilities from the four match
states. Ignoring the residues emitted
from state I0, the sequence PATH has
the greatest probability of being
emitted, but many other sequences
are almost as likely to be emitted, for
example, PETS. Note that the
emissions for each state sum to 1.
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Alignment of Unrelated Sequence to Profile HMM

§ Profile HMM represents a profile against which a query sequence is to be aligned. 
§ We must allow for the query sequence to be wholly unrelated to the profile. 
§ Unrelated sequence would be emitted by paths that visited many delete and insert 

states. 
– The sequence emitted by the match states can be regarded as aligned to the profile HMM, 

and any residues emitted by insert states are unaligned by definition. 

§ An unrelated sequence will align to a profile HMM with a very low probability or 
log-odds score. 

§ Unrelated sequences will usually be identified on these quantitative scores rather 
than a qualitative assessment of the alignment itself. 

9



to every match state of the model, as well as to two insert states that model the
flanking sequences of the query. These silent states are not necessary, but they
reduce the number of transitions required in the model, making parameterization
easier. Without them, the start and end states would also need to be connected to
all match states to allow for the absence of flanking regions. Note that the red tran-
sitions of Figure 6.6C are missing in this model.

Although the insert states I0 and I4 of Figures 6.7 and 6.8 can model any flanking
sequence segments that are not part of the profile, further design is needed to
appropriately model such regions. For example, if simple insert states are used, at
least one residue must be emitted at each end of the sequence, and these terminal
residues will not be part of the profile alignment. This can be avoided by a more
complex model structure. In the SAM program such structures are referred to as
free insertion modules (FIMs) and, in addition to the insert state, include a delete
state. The FIM is always entered via this delete state and can be left via either state.
This allows for the possibility of no residues in a flanking sequence. The delete state
has a transition to the FIM insert state, the insert state has a transition back to itself,
and both have transitions that leave the FIM.

As described so far, with probabilities constrained to sum to 1 for every state, all
transitions and emissions in a profile HMM will affect the overall probability or
score for the sequence. This is undesirable in the case of flanking sequences, as it is
only the region related to the profile that is of interest. The contribution of these
flanking regions can be controlled by relaxing the probability constraints to set the
transition from the FIM delete to the FIM insert state and all the transitions leaving
a FIM a probability of 1. The only remaining influence on scoring will be from the
emitted residues, but these are usually assigned the probabilities of the null, i.e.,
random model, and as a result have no influence.

Chapter 6: Patterns, Profiles, and Multiple Alignments
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Figure 6.8
Complete profile HMM models for
local and repeat local profile
alignment. (A) Complete profile
HMM model allowing for local
alignment, including the presence of
only part of the profile in the query
sequence. Note the two silent states,
and the change in architecture in
the region of the I0 and I4 states, as
compared with Figure 6.7. The I0

state models all the sequence prior
to the profile, and the I4 state all the
sequence after it. The blue and red
transitions connect the silent states
to all match states, allowing only a
part of the profile to be included in
the path. (B) The same HMM
augmented by another insert state
(Ir) linking the two silent states, and
allowing the profile to be repeated
on the path.
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Profile HMM for Local Profile Alignment

§ If the model is parameterized for sequences with the full-length profile, alignment of only 
a part of the profile will involve a path through many delete states, which will occur 
with very low probability 

• Two new silent states directly
connected to every match state of
the model

• The blue and red transitions
connect the silent states to all
match states, allowing only a part
of the profile to be included in the
path.

• 𝐼( state models all the sequence prior to the profile, and the 𝐼) state all the 
sequence after it. 

• Models flanking sequences of the query. 
10



Profile HMM Parameterization using Aligned Sequences 

Goal: Estimate the emission and transition probabilities and length of a profile 
HMM from a multiple sequence alignment 
§ A profile HMM can model any possible sequence of residues from the given 

alphabet 
§ It defines a probability distribution over the whole space of sequences. 
§ The aim of the parameterization process it to make this distribution peak around 

members of the family. 
§ The choice of length of the model corresponds more precisely to a decision on 

which multiple alignment columns to assign to match states, and which to assign 
to insert states. 

11



Profile HMM Parameterization: Assigning States

§ An alignment column that contains no gaps should be assigned to a match state 
§ One with a majority of gaps should be assigned to an insert state

§ A threshold proportion of gaps is selected to determine the assignments. 
– columns that are more than half gap characters are modelled by inserts 

5.3 Deriving profile HMMs from multiple alignments 107

HBA_HUMAN ...VGA--HAGEY...
HBB_HUMAN ...V----NVDEV...
MYG_PHYCA ...VEA--DVAGH...
GLB3_CHITP ...VKG------D...
GLB5_PETMA ...VYS--TYETS...
LGB2_LUPLU ...FNA--NIPKH...
GLB1_GLYDI ...IAGADNGAGV...

*** *****

Figure 5.3 Ten columns from the multiple alignment of seven globin protein
sequences shown in Figure 5.1. The starred columns are ones that will be
treated as ‘matches’ in the profile HMM.

but rather directly assigned position specific scores for each match state and gap
penalty, for use in standard ‘best match’ dynamic programming. They set the
scores for each consensus position to the averages of the standard substitution
scores from all the residues seen in the corresponding multiple alignment column.
For example, they would set the score for residue a in column 1 of our example
to be

5
7 s(V,a)+ 1

7 s(F,a)+ 1
7 s(I,a)

where s(a,b) is the standard substitution matrix. They also set gap penalties for
each column using a heuristic equation that decreased the cost of a gap (either
insertion or deletion) according to the length of the longest gap observed in the
multiple alignment spanning the column.

Although this seems an intuitively obvious way to combine information, and it
has been used effectively by many people for finding new members of families,
it does produce anomalies. For example, column 1 is much more strongly con-
served than column 2 in the example shown in Figure 5.3, but the information
in column 1 will be smeared out just as much by the substitution matrix as that
in column 2. If we had an alignment with 100 sequences, all with a cysteine (C)
at some position, then the implicit probability distribution for that column for an
‘average’ profile would be exactly the same as would be derived from a single
sequence. This does not correspond to our expectation that the likelihood of a
cysteine should go up as we see more confirming examples.

In addition to these observations about substitution scores, the scores for gaps
do not behave as expected. For example, from the alignment in Figure 5.3 the
score for a deletion would be set to be the same in column 2, where there is a
deletion in one sequence, HBB_HUMAN, as in column 4, where there is a deletion
opening in five of the seven sequences. It would be more reasonable to set the
probability of a new gap opening to be higher in column 4.

Starred columns will be treated as 
‘matches’ in the profile HMM. 12



Profile HMM Parameterization: Assigning Probabilities

§ After match and insert state assignments, the path that each sequence follows through the 
HMM can be deduced. 

§ The alignment data is translated into the frequencies of transitions between particular states
along the path and the frequencies of emission of individual residues from particular states. 

§ Count up the number of times each transition or emission is used, and assign probabilities 
according to 

§ 𝑘 and 𝑙 are indices over states, and 𝑎*+ and 𝑒* are the transition and emission probabilities, 
and 𝐴*+ and 𝐸* are the corresponding frequencies. 

§ Emission probabilities for insert states are based on the overall amino acid composition of the 
dataset (background probability)

108 5 Profile HMMs for sequence families

Changes have been made to non-probabilistic profiles to address these and
other problems [Thompson, Higgins & Gibson 1994b; Gribskov & Veretnik
1996], and we shall return to some of these later.

Basic profile HMM parameterisation

Let us turn back to hidden Markov model profiles. Like all HMMs, these have
emission and transition probabilities. Assuming that these probabilities are non-
zero, a profile HMM can model any possible sequence of residues from the given
alphabet. It therefore defines a probability distribution over the whole space of
sequences. The aim of the parameterisation process it to make this distribution
peak around members of the family.

The parameters we have available to control the shape of the distribution are
the values of the probabilities, and also the length of the model. There is a lot to
say about setting these optimally. We give here the basic methods from Krogh et
al. [1994]. After sections on database searching and variants for local alignment,
we will return to an extended discussion of alternative parameter estimation tech-
niques.

The choice of length of the model corresponds more precisely to a decision on
which multiple alignment columns to assign to match states, and which to assign
to insert states. The profile HMM we derived above from the single sequence y
had a match state for each residue yi . However, looking at Figure 5.3 it seems
clear that the consensus sequence for this region should only have eight residues,
and that the two non-starred residues in GLB1_GLYDI should be treated as an
insertion with respect to the consensus. For the time being we will use a heuristic
rule to decide which columns should correspond to match states, and which to
inserts. A simple rule that works well is that columns that are more than half gap
characters should be modelled by inserts.

The second problem is how to assign the probability parameters. We regard the
alignment as providing a set of independent samples of alignments of sequences
x to our HMM. Since the alignments are given, we can estimate the parameters
directly using equations (3.18) from Section 3.3. We just count up the number of
times each transition or emission is used, and assign probabilities according to

akl = Akl!
l ′ Akl ′

and ek(a) = Ek(a)!
a′ Ek(a′)

where k and l are indices over states, and akl and ek are the transition and emission
probabilities, and Akl and Ek are the corresponding frequencies.

In the limit of having a very large number of sequences in our training align-
ment, this will give an accurate and consistent estimate of the probabilities. How-
ever, it has problems when there are only a few sequences. A major difficulty
is that some transitions or emissions may not be seen in the training alignment,

𝑒&"(𝑎) = 𝑞'
13



Profile HMM Parameterization: Small Training Data

§ Some transitions or emissions may not be seen in the training alignment containing small 
number of sequences
– Poor estimates of the probabilities. Zero probabilities for transitions or emissions not observed, which 

would mean they would never be allowed in the future. 
– especially the case for emission parameters 

§ For protein sequence HMMs a minimum of 20 sequences is required simply to observe each 
possible match state emission, but many more are required to obtain realistic estimates of the 
emission probabilities. 

§ An HMM that has zero probability for emission of a particular residue from a given match 
state cannot align a sequence with that residue at that position. 

§ Even when a relatively large quantity of sequence data is available, parameterization problems 
occur for positions with very highly conserved residues.

§ Solution: Pseudocounts
– Remember Laplace’s rule: to add 1 to each frequency. 

14



Profile HMM Parameterization: An Example

§ 𝑒!, 𝑉 = "
#$
,

§ 𝑒!,(𝐼) = 𝑒!,(𝐹) = 2/27
§ 𝑒!,(𝑎) = 1/27 for all residue types a

other than V, I, F. 

§ 𝑎!,!- =
$
%&
, 𝑎!,'- =

#
%&

§ 𝑎!,(, =1/10 
§ Following column 1 there are six 

transitions from match to match, one 
transition to a delete state, in 
HBB_HUMAN, and no insertions

5.4 Searching with profile HMMs 109
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Figure 5.4 A hidden Markov model derived from the small alignment
shown in Figure 5.3 using Laplace’s rule. Emission probabilities are shown
as bars opposite the different amino acids for each match state, and tran-
sition probabilities are indicated by the thickness of the lines. The I → I
transition probabilities times 100 are shown in the insert states. (Figure
generated automatically using the SAM package.)

and so would acquire zero probability, which would mean they would never be
allowed in the future. More broadly, we are not using any previous knowledge
about protein alignments, as the earlier non-probabilistic methods did implicitly,
by using an independently derived substitution matrix. As a minimal approach
to avoid zero probabilities, we can add pseudocounts to the observed frequencies
(as in Chapters 1 and 3). The simplest pseudocount method is Laplace’s rule: to
add one to each frequency. We discuss better ways to choose the pseudocount val-
ues, and other approaches to estimating the parameters, at greater length below
in Section 5.6.

Example: Parameters for an HMM based on Figure 5.3

Let us assume that we use Laplace’s rule to obtain parameters for an HMM corre-
sponding to the alignment in Figure 5.3. Then eM1(V) = 6/27,eM1(I) = eM1(F) =
2/27, and eM1(a) = 1/27 for all residue types a other than V, I, F. Similarly,
aM1M2 = 7/10,aM1D2 = 2/10 and aM1I1 = 1/10 (following column 1 there are six
transitions from match to match, one transition to a delete state, in HBB_HUMAN,
and no insertions). Figure 5.4 shows the complete set of parameters for the HMM
in diagrammatic form.

5.4 Searching with profile HMMs

One of the main purposes of developing profile HMMs is to use them to detect po-
tential membership in a family by obtaining significant matches of a sequence to
the profile HMM. We will assume for now that we are looking for global matches.

5.3 Deriving profile HMMs from multiple alignments 107

HBA_HUMAN ...VGA--HAGEY...
HBB_HUMAN ...V----NVDEV...
MYG_PHYCA ...VEA--DVAGH...
GLB3_CHITP ...VKG------D...
GLB5_PETMA ...VYS--TYETS...
LGB2_LUPLU ...FNA--NIPKH...
GLB1_GLYDI ...IAGADNGAGV...

*** *****

Figure 5.3 Ten columns from the multiple alignment of seven globin protein
sequences shown in Figure 5.1. The starred columns are ones that will be
treated as ‘matches’ in the profile HMM.

but rather directly assigned position specific scores for each match state and gap
penalty, for use in standard ‘best match’ dynamic programming. They set the
scores for each consensus position to the averages of the standard substitution
scores from all the residues seen in the corresponding multiple alignment column.
For example, they would set the score for residue a in column 1 of our example
to be

5
7 s(V,a)+ 1

7 s(F,a)+ 1
7 s(I,a)

where s(a,b) is the standard substitution matrix. They also set gap penalties for
each column using a heuristic equation that decreased the cost of a gap (either
insertion or deletion) according to the length of the longest gap observed in the
multiple alignment spanning the column.

Although this seems an intuitively obvious way to combine information, and it
has been used effectively by many people for finding new members of families,
it does produce anomalies. For example, column 1 is much more strongly con-
served than column 2 in the example shown in Figure 5.3, but the information
in column 1 will be smeared out just as much by the substitution matrix as that
in column 2. If we had an alignment with 100 sequences, all with a cysteine (C)
at some position, then the implicit probability distribution for that column for an
‘average’ profile would be exactly the same as would be derived from a single
sequence. This does not correspond to our expectation that the likelihood of a
cysteine should go up as we see more confirming examples.

In addition to these observations about substitution scores, the scores for gaps
do not behave as expected. For example, from the alignment in Figure 5.3 the
score for a deletion would be set to be the same in column 2, where there is a
deletion in one sequence, HBB_HUMAN, as in column 4, where there is a deletion
opening in five of the seven sequences. It would be more reasonable to set the
probability of a new gap opening to be higher in column 4.

Profile HMM derived using SAM package (Laplace’s rule). 
Emission probabilities are shown as bars opposite the different 

amino acids for each match state, and transition probabilities are 
indicated by the thickness of the lines. The 𝐼 → 𝐼 transition 

probabilities times 100 are shown in the insert states. 
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Scoring a Sequence Against a Profile HMM 

§ Profile HMMs are used to detect potential membership in a family by obtaining significant 
matches of a sequence to the profile HMM. 

§ Given a parameterized profile HMM, any given path through the model will emit a sequence 
with an associated probability. This path probability will be the product of all the transition 
and emission probabilities along the path. 

§ In addition, the path defines how the emitted sequence is aligned to the model. 
§ Two choices of scoring a sequence 𝒙

– Viterbi equations to give the most probable alignment 𝝅∗ of a sequence 𝒙 together with its probability 
𝑷(𝒙, 𝝅∗|𝑴)

– forward equations to calculate the full probability of 𝒙 summed over all possible paths 𝑷(𝒙|𝑴). 

§ We want to consider the log-odds ratio of the resulting probability to the probability of 𝒙
given a standard random model 

110 5 Profile HMMs for sequence families

In practice, as for pairwise alignment, one of the local alignment methods may be
more sensitive for finding distant matches. We discuss these in the next section.

We have a choice of ways to score a match to a hidden Markov model. We
can either use the Viterbi equations to give the most probable alignment π∗ of a
sequence x together with its probability P(x ,π∗|M), or the forward equations to
calculate the full probability of x summed over all possible paths P(x |M).

In either case, for practical purposes the result we want to consider when eval-
uating potential matches is the log-odds ratio of the resulting probability to the
probability of x given our standard random model

P(x |R) =
∏

i

qxi .

We therefore show here versions of the Viterbi and forward algorithms that are
designed specifically for profile HMMs, and which result directly in the desired
log-odds values. Note that changing to log-odds does not change the result; we
could have subtracted the random model log score afterwards. However, it is
cleaner and more efficient. Another practical reason for working in log-odds units
is to avoid problems of underflow when working with raw probabilities, as we
discussed in Section 3.6.

Viterbi equations

Let V M
j (i) be the log-odds score of the best path matching subsequence x1...i to

the submodel up to state j , ending with xi being emitted by state M j . Similarly
V I

j (i) is the score of the best path ending in xi being emitted by I j , and V D
j (i) for

the best path ending in state D j . Then we can write

V M
j (i) = log

eM j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j− 1(i − 1)+ logaM j− 1M j ,

V I
j− 1(i − 1)+ logaI j− 1M j ,

V D
j− 1(i − 1)+ logaD j− 1M j ;

V I
j (i) = log

eI j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j (i − 1)+ logaM j I j ,

V I
j (i − 1)+ logaI j I j ,

V D
j (i − 1)+ logaD j I j ;

(5.1)

V D
j (i) = max

⎧
⎪⎨

⎪⎩

V M
j− 1(i)+ logaM j− 1D j ,

V I
j− 1(i)+ logaI j− 1D j ,

V D
j− 1(i)+ logaD j− 1D j .

These are the general equations. In a typical case, there is no emission score
eI j (xi ) in the equation for V I

j (i) because we assume that the emission distribution
from the insert states I j is the same as the background distribution, so the proba-
bilities cancel in the log-odds form. Also, the D → I and I → D transition terms
may not be present, as discussed above.
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Most Probable Path using Viterbi Algorithm

§ Profile HMM with an arbitrary number of 
sets of match 𝑀, delete 𝐷, and insert 𝐼
states. 

§ 𝑽𝒋𝑴(𝒊) : log-odds score of the best path 
matching subsequence 𝑥%…1 to the 
submodel up to state 𝑗, ending with 𝑥1
being emitted by state𝑀#

5.2 Adding insert and delete states to obtain profile HMMs 105

From this you can see that the type of insert state shown corresponds to an affine
gap scoring model.

Deletions, i.e. segments of the multiple alignment that are not matched by
any residue in x , could be handled by forward ‘jump’ transitions between non-
neighbouring match states:

However, to allow arbitrarily long gaps in a long model this way would require a
lot of transitions. Instead we introduce silent states D j as described in Section 3.4:

Begin EndMj

Dj

Because the silent states do not emit any residues, it is possible to use a sequence
of them to get from any match state to any later one, between two residues in the
sequence. The cost of a deletion will then be the sum of the costs of an M → D
transition followed by a number of D → D transitions, then a D → M transition.
This is at first sight exactly analogous to the cost of an insert, although the path
through the model looks different. In detail, it is possible that the D → D tran-
sitions will have different probabilities, and hence contribute differently to the
score, whereas all the I → I transitions for one insert involve the same state, and
so are guaranteed to have the same cost.

The full resulting HMM has the structure shown in Figure 5.2. This form of
model, which we call a profile HMM, was first introduced in Haussler et al.
[1993] and Krogh et al. [1994]. We have added transitions between insert and
delete states, as they did, although these are usually very improbable. Leaving
them out has negligible effect on scoring a match, but can create problems when
building the model.

Begin EndMj

Dj

Ij

Figure 5.2 The transition structure of a profile HMM. We use diamonds to
indicate the insert states and and circles for the delete states.§ 𝑽𝒋𝑰(𝒊) : log-odds score of the best path ending with 𝑥1 being emitted by state 𝐼#

§ 𝑽𝒋𝑫(𝒊) : log-odds score of the best path ending in state 𝐷#
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Most Probable Path using Viterbi Algorithm

§ Recurrence Relation for 𝑽𝒋𝑴(𝒊)
§ 𝑽𝒋𝑴(𝒊) : log-odds score of the best path 

matching subsequence 𝑥%…1 to the 
submodel up to state 𝑗, ending with 𝑥1
being emitted by state𝑀#

5.2 Adding insert and delete states to obtain profile HMMs 105

From this you can see that the type of insert state shown corresponds to an affine
gap scoring model.

Deletions, i.e. segments of the multiple alignment that are not matched by
any residue in x , could be handled by forward ‘jump’ transitions between non-
neighbouring match states:

However, to allow arbitrarily long gaps in a long model this way would require a
lot of transitions. Instead we introduce silent states D j as described in Section 3.4:

Begin EndMj

Dj

Because the silent states do not emit any residues, it is possible to use a sequence
of them to get from any match state to any later one, between two residues in the
sequence. The cost of a deletion will then be the sum of the costs of an M → D
transition followed by a number of D → D transitions, then a D → M transition.
This is at first sight exactly analogous to the cost of an insert, although the path
through the model looks different. In detail, it is possible that the D → D tran-
sitions will have different probabilities, and hence contribute differently to the
score, whereas all the I → I transitions for one insert involve the same state, and
so are guaranteed to have the same cost.

The full resulting HMM has the structure shown in Figure 5.2. This form of
model, which we call a profile HMM, was first introduced in Haussler et al.
[1993] and Krogh et al. [1994]. We have added transitions between insert and
delete states, as they did, although these are usually very improbable. Leaving
them out has negligible effect on scoring a match, but can create problems when
building the model.
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Figure 5.2 The transition structure of a profile HMM. We use diamonds to
indicate the insert states and and circles for the delete states.

110 5 Profile HMMs for sequence families

In practice, as for pairwise alignment, one of the local alignment methods may be
more sensitive for finding distant matches. We discuss these in the next section.

We have a choice of ways to score a match to a hidden Markov model. We
can either use the Viterbi equations to give the most probable alignment π∗ of a
sequence x together with its probability P(x ,π∗|M), or the forward equations to
calculate the full probability of x summed over all possible paths P(x |M).

In either case, for practical purposes the result we want to consider when eval-
uating potential matches is the log-odds ratio of the resulting probability to the
probability of x given our standard random model

P(x |R) =
∏

i

qxi .

We therefore show here versions of the Viterbi and forward algorithms that are
designed specifically for profile HMMs, and which result directly in the desired
log-odds values. Note that changing to log-odds does not change the result; we
could have subtracted the random model log score afterwards. However, it is
cleaner and more efficient. Another practical reason for working in log-odds units
is to avoid problems of underflow when working with raw probabilities, as we
discussed in Section 3.6.

Viterbi equations

Let V M
j (i) be the log-odds score of the best path matching subsequence x1...i to

the submodel up to state j , ending with xi being emitted by state M j . Similarly
V I

j (i) is the score of the best path ending in xi being emitted by I j , and V D
j (i) for

the best path ending in state D j . Then we can write

V M
j (i) = log

eM j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j− 1(i − 1)+ logaM j− 1M j ,

V I
j− 1(i − 1)+ logaI j− 1M j ,

V D
j− 1(i − 1)+ logaD j− 1M j ;

V I
j (i) = log

eI j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j (i − 1)+ logaM j I j ,

V I
j (i − 1)+ logaI j I j ,

V D
j (i − 1)+ logaD j I j ;

(5.1)

V D
j (i) = max

⎧
⎪⎨

⎪⎩

V M
j− 1(i)+ logaM j− 1D j ,

V I
j− 1(i)+ logaI j− 1D j ,

V D
j− 1(i)+ logaD j− 1D j .

These are the general equations. In a typical case, there is no emission score
eI j (xi ) in the equation for V I

j (i) because we assume that the emission distribution
from the insert states I j is the same as the background distribution, so the proba-
bilities cancel in the log-odds form. Also, the D → I and I → D transition terms
may not be present, as discussed above.

Emission
Possible Transitions18



Most Probable Path using Viterbi Algorithm

§ Recurrence Relation for 𝑽𝒋𝑰(𝒊)
§ 𝑽𝒋𝑰(𝒊) : log-odds score of the best 

path ending with 𝑥, being emitted 
by state 𝐼!

5.2 Adding insert and delete states to obtain profile HMMs 105

From this you can see that the type of insert state shown corresponds to an affine
gap scoring model.

Deletions, i.e. segments of the multiple alignment that are not matched by
any residue in x , could be handled by forward ‘jump’ transitions between non-
neighbouring match states:

However, to allow arbitrarily long gaps in a long model this way would require a
lot of transitions. Instead we introduce silent states D j as described in Section 3.4:

Begin EndMj

Dj

Because the silent states do not emit any residues, it is possible to use a sequence
of them to get from any match state to any later one, between two residues in the
sequence. The cost of a deletion will then be the sum of the costs of an M → D
transition followed by a number of D → D transitions, then a D → M transition.
This is at first sight exactly analogous to the cost of an insert, although the path
through the model looks different. In detail, it is possible that the D → D tran-
sitions will have different probabilities, and hence contribute differently to the
score, whereas all the I → I transitions for one insert involve the same state, and
so are guaranteed to have the same cost.

The full resulting HMM has the structure shown in Figure 5.2. This form of
model, which we call a profile HMM, was first introduced in Haussler et al.
[1993] and Krogh et al. [1994]. We have added transitions between insert and
delete states, as they did, although these are usually very improbable. Leaving
them out has negligible effect on scoring a match, but can create problems when
building the model.
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Figure 5.2 The transition structure of a profile HMM. We use diamonds to
indicate the insert states and and circles for the delete states.

110 5 Profile HMMs for sequence families

In practice, as for pairwise alignment, one of the local alignment methods may be
more sensitive for finding distant matches. We discuss these in the next section.

We have a choice of ways to score a match to a hidden Markov model. We
can either use the Viterbi equations to give the most probable alignment π∗ of a
sequence x together with its probability P(x ,π∗|M), or the forward equations to
calculate the full probability of x summed over all possible paths P(x |M).

In either case, for practical purposes the result we want to consider when eval-
uating potential matches is the log-odds ratio of the resulting probability to the
probability of x given our standard random model

P(x |R) =
∏

i

qxi .

We therefore show here versions of the Viterbi and forward algorithms that are
designed specifically for profile HMMs, and which result directly in the desired
log-odds values. Note that changing to log-odds does not change the result; we
could have subtracted the random model log score afterwards. However, it is
cleaner and more efficient. Another practical reason for working in log-odds units
is to avoid problems of underflow when working with raw probabilities, as we
discussed in Section 3.6.

Viterbi equations

Let V M
j (i) be the log-odds score of the best path matching subsequence x1...i to

the submodel up to state j , ending with xi being emitted by state M j . Similarly
V I

j (i) is the score of the best path ending in xi being emitted by I j , and V D
j (i) for

the best path ending in state D j . Then we can write

V M
j (i) = log

eM j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j− 1(i − 1)+ logaM j− 1M j ,

V I
j− 1(i − 1)+ logaI j− 1M j ,

V D
j− 1(i − 1)+ logaD j− 1M j ;

V I
j (i) = log

eI j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j (i − 1)+ logaM j I j ,

V I
j (i − 1)+ logaI j I j ,

V D
j (i − 1)+ logaD j I j ;

(5.1)

V D
j (i) = max

⎧
⎪⎨

⎪⎩

V M
j− 1(i)+ logaM j− 1D j ,

V I
j− 1(i)+ logaI j− 1D j ,

V D
j− 1(i)+ logaD j− 1D j .

These are the general equations. In a typical case, there is no emission score
eI j (xi ) in the equation for V I

j (i) because we assume that the emission distribution
from the insert states I j is the same as the background distribution, so the proba-
bilities cancel in the log-odds form. Also, the D → I and I → D transition terms
may not be present, as discussed above.

Emission

Probabilities  cancel 
No emission score

Possible Transitions
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Most Probable Path using Viterbi Algorithm

§ Recurrence Relation for 𝑽𝒋𝑫(𝒊)
§ 𝑽𝒋𝑫(𝒊) : log-odds score of the best 

path ending in state 𝐷!

5.2 Adding insert and delete states to obtain profile HMMs 105

From this you can see that the type of insert state shown corresponds to an affine
gap scoring model.

Deletions, i.e. segments of the multiple alignment that are not matched by
any residue in x , could be handled by forward ‘jump’ transitions between non-
neighbouring match states:

However, to allow arbitrarily long gaps in a long model this way would require a
lot of transitions. Instead we introduce silent states D j as described in Section 3.4:

Begin EndMj

Dj

Because the silent states do not emit any residues, it is possible to use a sequence
of them to get from any match state to any later one, between two residues in the
sequence. The cost of a deletion will then be the sum of the costs of an M → D
transition followed by a number of D → D transitions, then a D → M transition.
This is at first sight exactly analogous to the cost of an insert, although the path
through the model looks different. In detail, it is possible that the D → D tran-
sitions will have different probabilities, and hence contribute differently to the
score, whereas all the I → I transitions for one insert involve the same state, and
so are guaranteed to have the same cost.

The full resulting HMM has the structure shown in Figure 5.2. This form of
model, which we call a profile HMM, was first introduced in Haussler et al.
[1993] and Krogh et al. [1994]. We have added transitions between insert and
delete states, as they did, although these are usually very improbable. Leaving
them out has negligible effect on scoring a match, but can create problems when
building the model.
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Figure 5.2 The transition structure of a profile HMM. We use diamonds to
indicate the insert states and and circles for the delete states.

110 5 Profile HMMs for sequence families

In practice, as for pairwise alignment, one of the local alignment methods may be
more sensitive for finding distant matches. We discuss these in the next section.

We have a choice of ways to score a match to a hidden Markov model. We
can either use the Viterbi equations to give the most probable alignment π∗ of a
sequence x together with its probability P(x ,π∗|M), or the forward equations to
calculate the full probability of x summed over all possible paths P(x |M).

In either case, for practical purposes the result we want to consider when eval-
uating potential matches is the log-odds ratio of the resulting probability to the
probability of x given our standard random model

P(x |R) =
∏

i

qxi .

We therefore show here versions of the Viterbi and forward algorithms that are
designed specifically for profile HMMs, and which result directly in the desired
log-odds values. Note that changing to log-odds does not change the result; we
could have subtracted the random model log score afterwards. However, it is
cleaner and more efficient. Another practical reason for working in log-odds units
is to avoid problems of underflow when working with raw probabilities, as we
discussed in Section 3.6.

Viterbi equations

Let V M
j (i) be the log-odds score of the best path matching subsequence x1...i to

the submodel up to state j , ending with xi being emitted by state M j . Similarly
V I

j (i) is the score of the best path ending in xi being emitted by I j , and V D
j (i) for

the best path ending in state D j . Then we can write

V M
j (i) = log

eM j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j− 1(i − 1)+ logaM j− 1M j ,

V I
j− 1(i − 1)+ logaI j− 1M j ,

V D
j− 1(i − 1)+ logaD j− 1M j ;

V I
j (i) = log

eI j (xi )

qxi

+max

⎧
⎪⎨

⎪⎩

V M
j (i − 1)+ logaM j I j ,

V I
j (i − 1)+ logaI j I j ,

V D
j (i − 1)+ logaD j I j ;

(5.1)

V D
j (i) = max

⎧
⎪⎨

⎪⎩

V M
j− 1(i)+ logaM j− 1D j ,

V I
j− 1(i)+ logaI j− 1D j ,

V D
j− 1(i)+ logaD j− 1D j .

These are the general equations. In a typical case, there is no emission score
eI j (xi ) in the equation for V I

j (i) because we assume that the emission distribution
from the insert states I j is the same as the background distribution, so the proba-
bilities cancel in the log-odds form. Also, the D → I and I → D transition terms
may not be present, as discussed above.

Silent State
No Emission
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Most Probable Path using Viterbi Algorithm

§ Initialization and Termination: 
§ We want to allow the alignment to start and end in a delete or insert 

state, in case the beginning or end of the sequence does not match the 
first or the last match state of the model 

§ Rename the Begin state as 𝑀. and set 𝑉./(0) = 0
§ We then allow transitions to 𝐼. and 𝐷0 . 
§ At the end we can collect together possible paths ending in insert and 

delete states by renaming the End state to 𝑀120 and using the top 
relation without the emission term to calculate 𝑉120/ (𝑛) as the final score.
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Searching a Database using Profile HMM

§ Once we find the most probable path of a sequence in the profile HMM using Viterbi 
Algorithm, we also get the probability of the sequence for that alignment

§ The log-odds score found in this manner can be used to search databases for members of the 
same family. 
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Figure 4.7: The distribution of log-odds scores from a search of Swissprot with
a profile HMM of the SH3 domain. The dark area of the histogram represents
the sequences with an annotated SH3 domain, and the light those that are not
annotated as having one. This is for illustrative purposes only, and the sequences
with log-odds around zero were not investigated further.

probabilistic point of view. However, it usually gives very similar results.

4.3.3 Model estimation
As presented so far, one may view the profile HMMs as a generalization of weight
matrices to incorporate insertions and deletions in a natural way. There is how-
ever one interesting feature of HMMs, which has not been addressed yet. It is
possible to estimate the model, i.e. determine all the probability parameters of it,
from unaligned sequences. Furthermore, a multiple alignment of the sequences
is produced in the process. Like many other multiple alignment methods this is
done in an iterative manner. One starts out with a model with more or less random
probabilities, or if a reasonable alignment of some of the sequences are available,
a model is constructed from this alignment. Then, when all the sequences are
aligned to the model, we can use the alignment to improve the probabilities in the
model. These new probabilities may then lead to a slightly different alignment.
If they do, we then repeat the process and improve the probabilities again. The
process is repeated until the alignment does not change. The alignment of the

12

Distribution of log-odds scores from a search of 
Swissprot with a profile HMM of the SH3 domain 

Sequences with 
an annotated 
SH3 domain
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Multiple Alignment with a Known Profile HMM 

§ This problem arises in sequence analysis, when we have a multiple 
alignment and a model of a small representative set of sequences in a 
family, and we wish to use that model to align a large number of other 
family members together. 

§ Constructing a multiple alignment requires calculating a Viterbi alignment 
for each individual sequence. 

§ Residues aligned to the same profile HMM match state are aligned in 
columns. 

§ An important difference between profile HMM multiple alignments and 
traditional multiple alignments 

23



Multiple Alignment with a Known Profile HMM 
6.5 Multiple alignment by profile HMM training 151
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FPHF-DLS-----HGSAQ
FESFGDLSTPDAVMGNPK
FDRFKHLKTEAEMKASED
FTQFAG-KDLESIKGTAP
FPKFKGLTTADQLKKSAD
FS-FLK-GTSEVPQNNPE
FG-FSG----AS---DPG

Figure 6.4 A model (top) estimated from an alignment (bottom). The
residues in the shaded area of the alignment were treated as inserts. See
Figure 5.4 for a description of the model drawing.

purposes of this example, and the other ten columns correspond to ten profile
HMM match states. The same seven sequences were realigned to the model, giv-
ing the optimal Viterbi paths shown in Figure 6.5. These paths result in the multi-
ple alignment shown in Figure 6.6, left, where lower-case residues were assigned
to an insert state and upper-case residues were assigned to a match state.

The important observation here is that the original alignment (Figure 6.4) and
the new alignment (Figure 6.6, left) are the same alignment. A profile HMM does
not attempt to align the lower-case residues assigned to insert states. The choice
of how to put the insert residues in the alignment is arbitrary; some profile HMM
implementations simply left-justify insert regions, as shown in Figure 6.6. The
insert state residues usually represent parts of the sequences which are atypical,
unconserved, and not meaningfully alignable. As we discussed earlier, this is a
biologically realistic view of multiple alignment. For instance, we expect loops of
homologous protein structures often to be structurally different and unalignable.
In contrast, many other multiple alignment algorithms align the whole sequences,
regardless of what parts of the sequence are meaningfully alignable or not.

The alignment on the right in Figure 6.6 shows a new sequence aligned to
the same model. This sequence has more inserted residues than any of the other
seven sequences in the shaded area assigned to insert state 6, so the alignment
of the other seven sequences must be adjusted to allow space for these two new
residues. In an implementation, we typically look at all the Viterbi paths and find
the maximum number of inserted residues for each insert state before building
the multiple alignment, so we know up front how much room we need to leave to
accommodate insertions.

An Example

Profile HMM

Alignment

Inserts

The same seven sequences were realigned to the model 
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Multiple Alignment with a Known Profile HMM 

§ Original alignment and the new alignment are the same 
§ A profile HMM does not attempt to align the residues assigned to insert states. 

§ The insert state residues usually represent parts of the sequences which are 
atypical, unconserved, and not meaningfully alignable. 
– biologically realistic view of multiple alignment 

§ In contrast, many other multiple alignment algorithms align the whole sequences, 
regardless of what parts of the sequence are meaningfully alignable or not. 

6.5 Multiple alignment by profile HMM training 151
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Figure 6.4 A model (top) estimated from an alignment (bottom). The
residues in the shaded area of the alignment were treated as inserts. See
Figure 5.4 for a description of the model drawing.

purposes of this example, and the other ten columns correspond to ten profile
HMM match states. The same seven sequences were realigned to the model, giv-
ing the optimal Viterbi paths shown in Figure 6.5. These paths result in the multi-
ple alignment shown in Figure 6.6, left, where lower-case residues were assigned
to an insert state and upper-case residues were assigned to a match state.

The important observation here is that the original alignment (Figure 6.4) and
the new alignment (Figure 6.6, left) are the same alignment. A profile HMM does
not attempt to align the lower-case residues assigned to insert states. The choice
of how to put the insert residues in the alignment is arbitrary; some profile HMM
implementations simply left-justify insert regions, as shown in Figure 6.6. The
insert state residues usually represent parts of the sequences which are atypical,
unconserved, and not meaningfully alignable. As we discussed earlier, this is a
biologically realistic view of multiple alignment. For instance, we expect loops of
homologous protein structures often to be structurally different and unalignable.
In contrast, many other multiple alignment algorithms align the whole sequences,
regardless of what parts of the sequence are meaningfully alignable or not.

The alignment on the right in Figure 6.6 shows a new sequence aligned to
the same model. This sequence has more inserted residues than any of the other
seven sequences in the shaded area assigned to insert state 6, so the alignment
of the other seven sequences must be adjusted to allow space for these two new
residues. In an implementation, we typically look at all the Viterbi paths and find
the maximum number of inserted residues for each insert state before building
the multiple alignment, so we know up front how much room we need to leave to
accommodate insertions.

Original Alignment
152 6 Multiple sequence alignment methods

Position 1 2 3 4 5 6 insert 7 8 9 10 11

F P H F – D LS H G S A Q
F E S F G D LSTPDAV M G N P K
F D R F K H LKTEAEM K A S E D
F T Q F A G KDLESI K G T A P
F P K F K G LTTADQL K K S A D
F S – F L K GTSEVP Q N N P E
F G – F S G AS – – D P G

Figure 6.5 The most probable paths of the seven sequences through the
model. If the path goes through a match state in position i of the model, the
corresponding residue is placed in the column labelled i . If it goes through a
delete state, a ‘–’ is placed in the table instead, and when it goes through the
insert state in position 6 the corresponding residue is placed in the column
labelled ‘insert’.

FPHF-Dls.....HGSAQ
FESFGDlstpdavMGNPK
FDRFKHlkteaemKASED
FTQFAGkdlesi.KGTAP
FPKFKGlttadqlKKSAD
FS-FLKgtsevp.QNNPE
FG-FSGas.....--DPG

FS-FLKngvdptaai--NPK
FPHF-Dls.......HGSAQ
FESFGDlstpdav..MGNPK
FDRFKHlkteaem..KASED
FTQFAGkdlesi...KGTAP
FPKFKGlttadql..KKSAD
FS-FLKgtsevp...QNNPE
FG-FSGas.......--DPG

Figure 6.6 Left: the alignment of the seven sequences is shown with lower-
case letters meaning inserts. The dots are just space-filling characters to
make the matches line up correctly. Right: the alignment is shown after a
new sequence was added to the set. The new sequence is shown at the top,
and because it has more inserts more space-filling dots were added.

Overview of profile HMM training from unaligned sequences

Now we turn to the harder problem of estimating both a model and a multi-
ple alignment from initially unaligned sequences. The method is summarised as
follows:

Algorithm: Multiple alignment using profile HMMs

Initialisation: Choose the length of the profile HMM and initialise parameters.
Training: Estimate the model using the Baum–Welch algorithm (p. 65) or the

Viterbi alternative (p. 66). It is usually necessary to use a heuristic method
for avoiding local optima (see below).

Multiple alignment: Align all sequences to the final model using the Viterbi algo-
rithm (p. 56) and build a multiple alignment as described in the previous
section. ✁

We now consider the problems of initialisation and training in detail.

Most Probable Paths through the Model
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case letters meaning inserts. The dots are just space-filling characters to
make the matches line up correctly. Right: the alignment is shown after a
new sequence was added to the set. The new sequence is shown at the top,
and because it has more inserts more space-filling dots were added.

Overview of profile HMM training from unaligned sequences

Now we turn to the harder problem of estimating both a model and a multi-
ple alignment from initially unaligned sequences. The method is summarised as
follows:

Algorithm: Multiple alignment using profile HMMs

Initialisation: Choose the length of the profile HMM and initialise parameters.
Training: Estimate the model using the Baum–Welch algorithm (p. 65) or the

Viterbi alternative (p. 66). It is usually necessary to use a heuristic method
for avoiding local optima (see below).

Multiple alignment: Align all sequences to the final model using the Viterbi algo-
rithm (p. 56) and build a multiple alignment as described in the previous
section. ✁

We now consider the problems of initialisation and training in detail.

After Realignment
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