Supplementary Material

A Proof of Proposition 1

The proof of feasibility relies on the following result, which states that there is a bijection mapping
between reward space and value function space.

Proposition 4. Given an MDP with transition probability function P and discounting factor v €
[0,1), let R = {R : S x A — R} denote the set of all possible reward functions, and let Q = {Q :
S x A+ R} denote the set of all possible Q tables. Then, there exists a bijection mapping between
R and Q, induced by Bellman optimality equation.

Proof. = Given any reward function R(s, a) € R, define the Bellman operator as

Hp(Q)(s,a) = R(s,a) + v ) P(s' | s,a) max Q(s',a'). (39)

S

Since v < 1, Hg(Q) is a contraction mapping, i.e., |Hr(Q1) — Hr(Q2)|loeo < 7/|Q1 — Q200>
VQ1,Q2 € Q. Then by Banach Fixed Point Theorem, there is a unique () € Q that satisfies
Q = Hr(Q), which is the ) that R maps to.

< Given any Q € Q, one can define the corresponding R € R by
R(s,a) = Q(s,a) — va(s’ | 5,a) max Q(s',a’). (40)
Thus the mapping is one-to-one. m

Proposition 1. The attack problem (12)-(15) is always feasible for any target policy '

Proof. For any target policy 7' : S + A, we construct the following Q:

e Vse€S,a=nl(s),

. 41)
0, otherwise.

Q0= {

The @ values in (41) satisfy the constraint (15). Note that we construct the Q) values so that for all
s € §, max, Q(s,a) = . By proposition 4, the corresponding reward function induced by Bellman
optimality equation is
. 1— —
R(s,a):{( v)e VsES,.a 7l (s), 42)
— e, otherwise.

Then one can let r; = R(st, at) so thatr = (ro,...,77—1), R in (42), together with Q in (41) is a
feasible solution to (12)-(15). m

B Proof of Theorem 2

The proof of Theorem 2 relies on a few lemmas. We first prove the following result, which shows
that given two vectors that have equal element summation, the vector whose elements are smoother
will have smaller £, norm for any v > 1. This result is used later to prove Lemma 6.

Lemma 5. Let v,y € RT be two vectors. Let T C {0,1,...,T — 1} be a subset of indexes such that
1
P). xi:mZyj,ViEI, W), xi=y,Vi#TL (43)
JjET

Then for any o > 1, we have ||z||o < ||yl a-

Proof. Note that the conditions 7) and i) suggest the summation of elements in x and y are equal,
and only elements in Z differ for the two vectors. However, the elements in Z of x are smoother than
that of y, thus = has smaller norm. To prove the result, we consider three cases separately.
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Case 1: a = 1. Then we have

[z]la = llylla = Z|xz| Z\%l—lezl—Zlyﬂ—IZM—Z\ZM<0~ (44)

i€ JET JjET JjET

Case 2: 1 < av < 00. We show ||z]|& < ||y||%. Note that

Izl = llylla = Z |z — Z sl =D il =D Lyl
; ; et jeI
(45)
ey @ a
|I|a 1‘Zy]| Z‘yﬂ ‘I|o‘ 1 Z'y] _Zlyj| :
JET JET JET

Let 8 = —%5. By Holder’s inequality, we have

STyl < Ol F 00195 = O Jyslo) = |zt =. (46)

JjET JET jET JET
Plugging (46) into (45), we have
« « 1 (o7 a— «
”x”a - Hy” < |I|a_1 (Z |yJ| )|I| t— Z |yj‘ =0. 47)
JET JET

Case 3: o = 00. We have

lz|le = max ;| = max{ 7] \ Zyﬂ,max |z;|} < max{— 7] Z ly;l, max |x: |}
JET (48)
< max{max |y;|, max \xi\} = max{max|y;|, max|y;[} = maxy;| = [ly[la-

Therefore Vo > 1, we have ||z]|o < ||y]lo. B

Next we prove Lemma 6, which shows that one possible optimal attack solution to (12)-(15) takes
the following form: shift all the clean rewards in T , by the same amount ¢ (s, a). Here ¢(s, a) is a
function of state s and action a. That means, rewards belonging to different T’ , might be shifted a
different amount, but those corresponding to the same (s, ) pair will be identically shifted.

Lemma 6. There exists a function 1(s, a) such that v, = 9 + (s, ay), together with some R and
Q, is an optimal solution to our attack problem (12)-(15).

We point out that although there exists an optimal attack taking the above form, it is not necessarily
the only optimal solution. However, all those optimal solutions must have exactly the same objective
value (attack cost), thus it suffices to consider the solution in Lemma 6.

Proof. Letr* = (1§, ...,m5%_1), R* and Q* be any optimal solution to (12)-(15). Fix a particular
state-action pair (s, a), we have

R*(s,a) = % Z ;. 49)

Let RO(s,a) = ‘T | doter. . 7? be the reward function for the (s, a) pair estimated from clean data

r°. We then define a different poisoned reward vector r’ = (77, ..., 77,_; ), where

,_{ﬁ+#@@ﬁ%@xtenm

50
A I3 t¢ Ty, (50)

Now we show r’, R* and Q™ is another optimal solution to (12)-(15). We first verify that r’/, R*, and
Q™ satisfy constraints (13)-(15). To verify (13), we only need to check R*(s,a) = ﬁ ZteTm T},
since r’ and r* only differ on those rewards in T ,. We have

1 1 . .
T 2 T (72 4+ B (s.0) = B(5.0))
50l teT, o 50l 4eT, o (5D

= R%s,a) + R*(s,a) — Ro(s, a) = R*(s,a),
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Thus r’ and R* satisfy constraint (13). R* and Q* obviously satisfy constraints (14) and (15) because
r*, R* and Q* is an optimal solution.

Let 8’ = r’ — r® and 6* = r* — r?, then one can easily show that 6’ and * satisfy the conditions
in Lemma 5 with 7 = T, ,. Therefore by Lemma 5, we have

I = 2%l = [10"llo < 16" o = lIr* = £°a- (52)

But note that by our assumption, r* is an optimal solution, thus [r* — r%||, < |r’ — r%||,, which

gives ||t/ — 1|, = [[r* — r0||,. This suggests r’, R*, and Q* is another optimal solution. Compared

to r*, r’ differs in that 7, — r? now becomes identical for all ¢ € T, for a particular (s, a) pair.

Reusing the above argument iteratively, one can make 7, — r? identical for all t € T} ,, for all (s, a)
pairs, while guaranteeing the solution is still optimal. Therefore, we have

=14+ R*(s,a) — R%(s,a),Vt € Ts.a, Vs, a, (53)

together with R* and Q* is an optimal solution to (12)-(15). Let (s, a) = R*(s,a) — R°(s, a)
conclude the proof. m

Finally, Lemma 7 provides a sensitive analysis on the value function @ as the reward function changes.

Lemma 7. Let M = (S, A, P,R',~) and M° = (S, A, P, R°,~) be two MDPs, where only the
reward function differs. Let Q' and Q° be action values satisfying the Bellman optimality equation
on M and MP respectively, then

(1 =-NQ" = Qe < I1R = Rloe < (1 +MQ" = Q°llcc- (54)
Proof. Define the Bellman operator as

Hp(Q)(s,0) = R(s,a) +7 ) P(s"| 5,0) max Q(s', o). (55)

From now on we suppress variables s and a for convenience. Note that due to the Bellman optimality,
we have H 3, (Q°) = Q° and H,(Q') = @', thus
1Q" = Qoo = 1 H (Q") = Hpo (Q)loe
= |Hg (Q) — Hg (Q°) + Hp (Q%) — Hpo (Q°)lloo
<Hp (Q) = Hp (Q°)lloo + 1 Hp (Q°) = H o (Q%) o (56)
<HIQ" = Q%o + 1H 5, (Q) — Hpo (Q°) | (by contraction of Hp, ()
= Q" ~ Qlloe + 1B — Rlloc (by Hp (Q°) — Hpo(Q") = R — R)
Rearranging we have (1 —7)[|Q" — Q°||oc < ||R' — R°||so. Similarly we have
1Q" = Qe = 1H(Q") = Hpo(Q°)llo
= Hp (Q°) = Hpo(Q%) + Hp (Q') — Hp (Q)
> [[Hp Q%) = Hpo (Q°)lloo — 1Hp (Q') — Hpr (Q7) o (57)
> [Hp (Q%) = Hpo(Q)lloo = YQ" — Q%o
= 1B = Rloe = IQ" = Qo0

Rearranging we have || R’ — R%||oo < (14 7)]|Q" — Q°||oe. concluding the proof. m

Now we are ready to prove our main result.

Theorem 2. Assume o > 1in (12). Let r*, R* and Q* be an optimal solution to (12)-(15), then

Q=

1

2(1 +Y)AE)T . (16)

1
Li—ae) (minm a|> <l = <
2 s,a ’
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Proof. We construct the following value function Q’.

Q%s,a) + ?, Vs € S,a= ﬂ'T(S),

Q' (s,a) = (58)
Q"(s,a) — #, Vs € S,Va # 7' (s).
Note that Vs € S and Va # 71 (s), we have
Ale) = max[ max )Qo(s a') = Q°(s', wi(s) +ely N
> s Qo) - Qo) be 2 @) - Q) te
which leads to
Q°(s,a) = Q(s,m(5)) — Ale) < —, (60)
thus we have Vs € S and Va # 7' (s),
Q' (5,7 (s)) = Q°(s, 7' (5)) + AS)
= Q(s,0) ~ [Q(s.0) ~ Qs () ~ A - 2 61)
Ale)

> Q%s,a) +e— =Q'(s,a) +¢

Therefore Q' satisfies the constraint (15). By proposition 4, there exists a unique function R’
such that )’ satisfies the Bellman optimality equation of MDP M’ = (S, A, P, R',~). We then
construct the following reward vector r' = (r(,...,7}-_,) such that ¥(s,a) and V¢t € T, ,, r; =

™+ R'(s,a) — R(s, a) where R°(s, a) is the reward function estimated from r. The reward
function estimated on r’ is then
o
Z t = |Tg al

teTs o

R'(s,a Z (r? + R/(s,a) — R°(s, a))
t€Ts,q (62)

= R%(s,a) + R’(s,a) — R%s,a) = R'(s,a).

Isal

Thus r/, R and Q' is a feasible solution to (12)-(15). Now we analyze the attack cost for r’, which
gives us a natural upper bound on the attack cost of the optimal solution r*. Note that Q' and Q°

satisfy the Bellman optimality equation for reward function R’ and R° respectively, and

A(e
1 = Q°lle = é), (63)
thus by Lemma 7, we have V¢,
Iri = rf| = | R (st a0) — RO(s¢, a¢)| < max |R/(s,a) — R%(s,a)| = ||k — R%|
’ (64)
<A+IQ - Q% = 5 (1+7)A()
Therefore, we have
1 1
* 0 < e = 10 = ( — 9 s < Z(1+9)A(e)Tw. 65
[r* =1 flo < £ — 1o Zln ry < 5(1+7)AE) (65)

Now we prove the lower bound. We consider two cases separately.

Case 1: A(e) = 0. We must have Q°(s, w1 (s)) > Q%(s,a) + ¢, Vs € S,Va # 7' (s). In this case no
attack is needed and therefore the optimal solution is r* = r’. The lower bound holds trivially.

Case 2: A(e) > 0. Let s’ and a’ (a’ # 7' (s’)) be a state-action pair such that

Ale) = Q°(s',a') — Q(s,7(s)) +e. (66)
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Let r*, R* and @* be an optimal solution to (12)-(15) that takes the form in Lemma 6, i.e.,
=14 R*(s,a) — Ro(s, a),Vt € Ts 4,5, a. (67)

Constraint (15) ensures that Q*(s’, 77 (s")) > Q*(s', a’) +e, in which case either one of the following
two conditions must hold:

) Q) ~ Qs () 2
since otherwise we have

Q6,7 () < QU () + 2 = Qs 7T () + 51QV a!) — QUL () + ]
= Q)+ Q) 4 § = Q) — 2[R ) — Qs w () + el e

1
2 2
=Q%s’,d) — # +e<Q (s, d) +e.

Ale)
2 3

Ale)
2 )

ii). Q°(s',a’) —Q*(s',d') > (68)

(69)
Next note that if either i) or i) holds, we have |Q* — Q|| > Aé‘g). By Lemma 7, we have

max| (s, @) = B(s,0)] = | B = Blle > (1 = DIQ" = Qe = 5 (1= VAE).  (70)

s,a - - 2

Let s*,a* € argmax, , |R*(s,a) — R%(s, a)|, then we have

. . 1
|R*(s*,a") — Ro(s*,a*)\ > 5(1 —7)A(e). (71)
Therefore, we have
T-1
e DI S DR N DI e
t=0 s,a teTs o tET g o
. . 1 «

= 3 I - Bl > (502086 [Tl 02

tET r o

1 «
> (30-2260)) winT.l

1
We finally point out that while an optimal solution r* may not necessarily take the form in Lemma 6,

it suffices to bound the cost of an optimal attack which indeed takes this form (as we did in the proof)
since all optimal attacks have exactly the same objective value. m

Therefore |[r* — %o > 2(1 — v)A(e) (ming 4 |Ts,q

C Convex Surrogate for LQR Attack Optimization

By pulling the positive semi-definite constraints on () and R out of the lower level optimization (32),
one can turn the original attack optimization (27)-(33) into the following surrogate optimization:

Cwin e roll (73)
r,Q,R,4,¢6,X,x
o ~ A\ 1. o
st —y (R + yBTXB) BTXA =K', (74)
N o A\ 1.
—y (R + ’yBTXB) BT =k, (75)
R o R A /A N A\ 1. R N
X =yATXA - ?ATXB (R + vBTXB) BTXA+Q (76)
t=G4+~v(A+BKH) (77)
o T—1 1 2
(Q.R,q,¢) :argminz §SIQ5t+qut+a:Rat+C+ﬁ (78)
t=0 2
Q=0,R=cl, X = 0. (79)
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The feasible set of (73)-(79) is a subset of the original problem, thus the surrogate attack optimization
is a more stringent formulation than the original attack optimization, that is, successfully solving
the surrogate optimization gives us a (potentially) sub-optimal solution to the original problem. To
see why the surrogate optimization is more stringent, we illustrate with a much simpler example as
below. A formal proof is straight forward, thus we omit it here. The original problem is (80)-(81).
The feasible set for a is a singleton set {0}, and the optimal objective value is 0.

min 0 (80)

s.t. @ = argmin(a + 3)2, (81)
a>0
Once we pull the constraint out of the lower-level optimization (81), we end up with a surrogate
optimization (82)-(84). Note that (83) requires @ = —3, which does not satisfy (84). Therefore the
feasible set of the surrogate optimization is (), meaning it is more stringent than (80)-(81).

min 0 (82)
s.t. a = argmin(a + 3)2, (83)
a>0 (84)

Back to our attack optimization (73)-(79), this surrogate attack optimization comes with the advantage
of being convex, thus can be solved to global optimality.

Proposition 8. The surrogate attack optimization (73)-(79) is convex.

Proof. First note that the sub-level optimization (78) is itself a convex problem, thus is equivalent to
the corresponding KKT condition. We write out the KKT condition of (78) to derive an explicit form
of our attack formulation as below:

. in [ = rolla (85)
r,Q,R,§,¢,X,x
N . N\ 1. A
st =y (R+9BTXB) BTXA=K", (86)
. . N\ 1.
~y (R++BTXB)  BTa =, (87)

o o R ~ [/ A R R 1, o N
X =~ATXA—+?ATXB (R n VBTXB> B XA+  (88)

r=G¢+~v(A+BKH) (89)
T-1 1

(§szst +q" s +a) Rag + ¢ +1¢)sps) =0, (90)
t=0
T-1 1
Z(gszst +G" s +a) Rag + &+ ri)aza) =0, 91)
t=0
T-—1 1
Z(iszSt +G"si +af Ray +¢é+1)s, =0, (92)
t=0
T-—1 1
Z(is;Qst +G4" st +a) Ra; +¢é+r) =0, 93)
t=0
Q=0,R=¢cl, X 0. (94)

The objective is obviously convex. (86)-(88) are equivalent to

—ABTXA= (R + VBTXB) Kt (95)
7756‘% = (R+7§TXB) kT (96)
X =~vATX(A+ BK") +Q, (97)
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Note that these three equahty constraints are all linear in X, R, z, and Q (89) is linear in T and

4. (90)-(93) are also linear in Q R g, ¢ and r. Finally, (94) contains convex constraints on Q R, and
X. Given all above, the attack problem is convex. m

Next we analyze the feasibility of the surrogate attack optimization.

Proposition 9. Let A, B be the learner’s estimated transition kernel. Let
1
Li(s,a) = fsTQTer (¢"NTs+a"Rfa+cf (98)

be the attacker-defined loss function. Assume RY = cI. If the target policy Kt k' is the optimal

control policy induced by the LOR with transition kernel A, B, and loss function L'(s,a), then
the surrogate attack optimization (73)-(79) is feasible. Furthermore, the optimal solution can be
achieved.

Proof. To prove feasibility, it suffices to construct a feasible solution to optimization (73)-(79). Let
1 T
=55 Qs g’ s +a) Rlay + (99)

and r be the vector whose ¢-th element is 7;. We next show that r, Qf, RY, ¢, ¢, together with some
X and z is a feasible solution. Note that since KT, kT is induced by the LQR with transition kernel
A, B and cost function LT(S7 a), constraints (74)-(77) must be satisfied with some X and z. The
poisoned reward vector r obviously satisfies (78) since it is constructed exactly as the minimizer.
By our assumption, R > eI, thus (79) is satisfied. Therefore, r, QT, R, qf, ¢, together with the
corresponding X, x is a feasible solution, and the optimization (73)-(79) is feasible. Furthermore,
since the feasible set is closed, the optimal solution can be achieved. m

D Conditions for The LQR Learner to Have Unique Estimate

The LQR learner estimates the cost function by

T-1 2

A n 1
(Q,R,4,¢) = argmin - Z —5) Qs; +q's; +a) Ray +c+ry (100)
(Q=0,R>¢l,q,c) 2 t—0 2 2
‘We want to find a condition that guarantees the uniqueness of the solution.
Letvy € RT be a vector, whose ¢-th element is
1
P = fstht—i—q st+atRat+c()<t<T—1 (101)

Note that we can view % as a function of D, Q, R, g, and ¢, thus we can also denote (D, @, R, ¢, c).
Define ¥(D) = {¢¥(D,Q,R,q,c¢) | @ = 0,R = el,q,c}, ie., all possible vectors that are
achievable with form (101) if we vary @, R, g and c subject to positive semi-definite constraints on
@ and R. We can prove that U is a closed convex set.

Proposition 10. VD, ¥(D) = {¢(D,Q, R, q,¢) | @ = 0, R > eI, q,c} is a closed convex set.

Proof. Let iy, 12 € U(D). We use 1); ; to denote the ¢-th element of vector 1);. Then we have

1
Y1 = §S:Q1St +qi st +af Rias + ¢ (102)

for some Q1 = 0, Ry > €I, q; and ¢y, and
1
Yo = 552—622515 + (J;é’t + a:R2at + c2 (103)

for some Q2 = 0, Ry = €I, g2 and ¢5. VE € [0, 1], let 103 = Kty + (1 — k)1)2. Then the ¢-th element
of 13 is

Y0 =] K@ + (1~ E)Qalsu + [hay + (1~ Kjaa] s

+ a:[le + (1 - k)Rg}at + ker + (1 — k)Cg
Since kQ1 + (1 — k)Q2 = 0and kRy + (1 — k)Rs = 1, ¢35 € ¥(D), concluding the proof. m

(104)
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The optimization (100) is intrinsically a least-squares problem with positive semi-definite constraints
on () and R, and is equivalent to solving the following linear equation:

1
fst Qsﬁ—q sﬁ—at Raf+c—wt,Vt

(105)

where ¢* = arg min,cq(p) [ + r||3 is the projection of the negative reward vector —r onto the set
U (D). The solution to (105) is unique if and only if the following two conditions both hold

i). The projection ¢* is unique.

i4). (105) has a unique solution for ¢*.

Condition 7) is satisfied because ¥(D) is convex, and any projection (in {2 norm) onto a convex set
exists and is always unique (see Hilbert Projection Theorem). We next analyze when condition %)
holds. (105) is a linear function in Q R, g, and ¢, thus one can vectorize Q and R to obtain a problem
in the form of linear regression. Then the uniqueness is guaranteed if and only if the design matrix
has full column rank. Specifically, let Q € R™*" R € R™*™ and g € R". Let s; ; and a; ; denote

the ¢-th element of s, and a; respectively. Define

2 2
50,1 50,i50,5 S0,n a2
2 o 2 2 0,1
3 p3
S1,1 $1,i81,j S1,n 2
e 5 aj
A_ =
55,1 St,iSt,j S:f.,),n 2
s e aiq
STr—1,1 ST—1,iST—1,5 Sg"—l,n 2
L2 2 T2 |-
T ~ N ~ ~ ~
=[Qu .. Qij .- Qun|Ru ... Ry

0,;00,5

1,542 5

Gt Gt 5

- ar—1447-1,5

Rmm qu

qi

se |1
s |1
sg |1 ’
T
spoq |1 ]
gnle],

then (105) is equivalent to Ax = 1*, where x contains the vectorized variables Q, R, q and ¢.
Ax = 1" has a unique solution if and only if A has full column rank.

E Sparse Attacks on TCE and LQR

In this section, we present experimental details for both TCE and LQR victims when the attacker uses
£1 norm to measure the attack cost, i.e. & = 1. The other experimental parameters are set exactly the

same as in the main text.

We first show the result for MDP experiment 2 with « = 1, see Figure 4. The attack cost is
|lr — r°||; = 3.27, which is small compared to ||r°||; = 105. We note that the reward poisoning is
extremely sparse: only the reward corresponding to action “go up” at the terminal state G is increased
by 3.27, and all other rewards remain unchanged. To explain this attack, first note that we set the
target action for the terminal state to “go up”, thus the corresponding reward must be increased. Next
note that after the attack, the terminal state becomes a sweet spot, where the agent can keep taking
action “go up” to gain large amount of discounted future reward. However, such future reward is
discounted more if the agent reaches the terminal state via a longer path. Therefore, the agent will
choose to go along the red trajectory to get into the terminal state earlier, though at a price of two

discounted —10 rewards.

The result is similar for MDP experiment 3. The attack cost is ||r — r’||; = 1.05, compared to
|t°]]; = 121. In Figure 5, we show the reward modification for each state action pair. Again, the
attack is very sparse: only rewards of 12 state-action pairs are modified out of a total of 124.

Finally, we show the result on attacking LQR with o = 1. The attack cost is ||r — r°||; = 5.44,
compared to ||r°||; = 2088.57. In Figure 6, we plot the clean and poisoned trajectory of the vehicle,
together with the reward modification in each time step. The attack is as effective as with a dense
2-norm attack in Figure 3. However, the poisoning is highly sparse: only 10 out of 400 rewards are

changed.
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(a) Clean and poisoned vehicle trajectory. (b) Clean and poisoned rewards.

Figure 6: Sparse-poisoning a vehicle running LQR in 4D state space.

F Derivation of Discounted Discrete-time Algebraic Riccati Equation

We provide a derivation for the discounted Discrete-time Algebraic Riccati Equation. For simplicity,
we consider the noiseless case, but the derivation easily generalizes to noisy case. We consider the
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Figure 5: Sparse reward modification for MDP experiment 3.

loss function is a general quadratic function w.r.t. s as follows:
1
L(s,a) = gsTQs—ﬁ—qu—f—c—i—aTRa. (106)

When ¢ = = 0, we recover the classic LQR setting. Assume the general value function takes
_ 1

0,c
the form V(s) = 1s" Xs+ s'a + v. Let Q(s,a) (note that this is different notation from the Q
matrix in L(s, a)) be the corresponding action value function. We perform dynamics programming
as follows:

1
Q(s,a) = isTQs +¢"s+c+a' Ra+~V(As+ Ba)
1 1
= 5sTQs +q's+c+a Ra+ry (2(As + Ba)" X(As + Ba) + (As + Ba) "z + v)

= %ST(Q +yATX A)s + %aT(R +9BTXB)a+s' (yA'XB)a

+s'(g+7AT2) +a’ (yBTx) + (c+ o).
(107)
‘We minimize a above:

(R+yB"XB)a++vB"XAs +yBTx =0

(108)
=a=-yR+vB'"XB) 'B"XAs —y(R+~vB"XB)"'B"z £ Ks + k.
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Now we substitute it back to Q)(s, a) and regroup terms, we get:

V(s) :%ST(Q +YATXA+ K" (R+yB"XB)K +2yA" XBK)s (109)
+s" (K"(R+vB"XB)k+~vA"XBk +q+~vA" 2 +yK ' B'z) +C
for some constant C, which gives us the following recursion:
X=7ATXA-+?A"XB(R++vB"XB)"'B"XA+Q,

(110)
x=q+v(A+ BK) z.
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