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Motivation and goal

target

instruction 
followerʼs 
location

push the left 
red button on 

the right wall in 
the next room 
in front of you

1. walk forward and 
go through the door

2. (...) ok and then 
turn to your right

3. and then push the 
left red button ✔

Our goal



Outline

• Motivation and goal

• Context manipulation for situated natural 
language generation

• Generating context-dependent adjectives

• Evaluation and conclusions



The problem

How to navigate 
the user so that 
the forthcoming 
referring 
expression is 
cognitively simple?

Push the button on the 
wall to your left.

Push the button on the wall 
to your left in the next room.

target



Earlier approaches

Stoia et al. (2006) 

• monitor non-linguistic context changes to 
estimate when conditions become 
appropriate for generating references

• but cannot predict how to deliberately 
change the context in appropriate ways



Earlier approaches

Planning-based generation

• provides the foundations for this work, 
which builds upon the sentence generation 
as planning approach (Koller & Stone, 2007)



NP-the-rabbit(1,a)

pre:    open(1,NP,a), rabbit!(a)

effect: ¬open(1,NP,a), allowed(1, adj-N, a),

         !y. ¬rabbit(y) ! ¬distractor(1,y)

goal: express “sleepʼ(e,a)”

S-sleeps(0,e,a)

pre:    open(0,S,e), sleep!(e,a)

effect: ¬open(0,S,e), open(1,NP,a),

         !y. y " a ! distractor(1,y)

N-white(1,a)

pre:    allowed(1,adj-N,a), white!(a)

effect: !y. ¬white!(y) ! 

                   ¬distractor(1,y)

S-sleeps(0,e,a)

pre:    open(0,S,e), sleep!(e,a)

effect: ¬open(0,S,e), open(1,NP,a),

         !y. y " a ! distractor(1,y)

NP-the-rabbit(1,a)

pre:    open(1,NP,a), rabbit!(a)

effect: ¬open(1,NP,a), allowed(1, adj-N, a),

         !y. ¬rabbit(y) ! ¬distractor(1,y)

N-white(1,a)

pre:    allowed(1,adj-N,a), white!(a)

effect: !y. ¬white!(y) ! 

                   ¬distractor(1,y)

off-the-shelf 
automated 

planning system

Koller & Stone (2007)

plan decoding

N:a

white N:a * 

NP:a

the NP:a 

S:e

NP:a ! 
VP:e

sleeps

V:e

N:a

rabbit

The white rabbit sleeps.

Sentence generation as 
planning

a b c



Our approach

S:self

V:self

push

NP:obj ! 

semreq: visible(p, o, obj)
nonlingcon: player–pos(p),

player–ori(o)
impeff: push(obj)

S:self

V:self

turn

Adv

left

nonlingcon: player–ori(o1),
next–ori–left(o1, o2)

nonlingeff: ¬player–ori(o1),
player–ori(o2)

impeff: turnleft

S:self

S:self * S:other ! and

Figure 4: An example SCRISP lexicon.

of you”. This lowers the cognitive load on the IF,
and presumably improves the rate of correctly in-
terpreted REs.

SCRISP is capable of deliberately generat-
ing such context-changing navigation instructions.
The key idea of our approach is to extend the
CRISP planning operators with preconditions and
effects that describe the (simulated) physical envi-
ronment: A “turn left” action, for example, mod-
ifies the IF’s orientation in space and changes the
set of visible objects; a “push” operator can then
pick up this changed set and restrict the distractors
of the forthcoming RE it introduces (i.e. “the but-
ton”) to only objects that are visible in the changed
context. We also extend CRISP to generate imper-
ative rather than declarative sentences.

4.1 Situated CRISP

We define a lexicon for SCRISP to be a CRISP
lexicon in which every lexicon entry may also de-
scribe non-linguistic conditions, non-linguistic ef-
fects and imperative effects. Each of these is a
set of atoms over constants, semantic roles, and
possibly some free variables. Non-linguistic con-
ditions specify what must be true in the world
so a particular instance of a lexicon entry can be
uttered felicitously; non-linguistic effects specify
what changes uttering the word brings about in the
world; and imperative effects contribute to the IF’s
“to-do list” (Portner, 2007) by adding the proper-
ties they denote.

A small lexicon for our example is shown in
Fig. 4. This lexicon specifies that saying “push
X” puts pushing X on the IF’s to-do list, and car-
ries the presupposition that X must be visible from
the location where “push X” is uttered; this re-
flects our simplifying assumption that the IG can

turnleft(u, x, o1, o2):
Precond: subst(S, u), ref(u, x), player–ori(o1),

next–ori–left(o1, o2), . . .
Effect: ¬subst(S, u),¬player–ori(o1), player–ori(o2),

to–do(turnleft), . . .

push(u, u1, un, x, x1, p, o):
Precond: subst(S, u), ref(u, x), player–pos(p),

player–ori(o), visible(p, o, x1), . . .
Effect: ¬subst(S, u), subst(NP, u1), ref(u1, x1),

∀y.(y �= x1 ∧ visible(p, o, y) → distractor(u1, y)),
to–do(push(x1)), canadjoin(S, u), . . .

and(u, u1, un, e1, e2):
Precond: canadjoin(S, u), ref(u, e1), . . .
Effect: subst(S, u1), ref(u1, e2), . . .

Figure 5: SCRISP planning operators for the lexi-
con in Fig. 4.

only refer to objects that are currently visible.
Similarly, “turn left” puts turning left on the IF’s
agenda. In addition, the lexicon entry for “turn
left” specifies that, under the assumption that the
IF understands and follows the instruction, they
will turn 90 degrees to the left after hearing it. The
planning operators are written in a way that as-
sumes that the intended (perlocutionary) effects of
an utterance actually come true. This assumption
is crucial in connecting the non-linguistic effects
of one SCRISP action to the non-linguistic pre-
conditions of another, and generalizes to a scalable
model of planning perlocutionary acts. We discuss
this in more detail in Koller et al. (2010a).

We then translate a SCRISP generation prob-
lem into a planning problem. In addition to what
CRISP does, we translate all non-linguistic condi-
tions into preconditions and all non-linguistic ef-
fects into effects of the planning operator, adding
any free variables to the operator’s parameters.
An imperative effect P is translated into an ef-
fect to–do(P ). The operators for the example lex-
icon of Fig. 4 are shown in Fig. 5. Finally, we
add information about the situated environment to
the initial state, and specify the planning goal by
adding to–do(P ) atoms for each atom P that is to
be placed on the IF’s agenda.

4.2 An example
Now let’s look at how this generates the appropri-
ate instructions for our example scene of Fig. 3.
We encode the state of the world as depicted
in the map in an initial state which contains,
among others, the atoms player–pos(pos3,2),
player–ori(north), next–ori–left(north,west),

action: push(e,x,p,o)

precondition: visible(p,o,x), ...

effect: ∀y. (y≠x ∧ visible(p,o,y)
     → distractor(y)), to-do(push(x)), ...

S:self

V:self

push

NP:obj ! 

semreq: visible(p, o, obj)
nonlingcon: player–pos(p),

player–ori(o)
impeff: push(obj)

S:self

V:self

turn

Adv

left

nonlingcon: player–ori(o1),
next–ori–left(o1, o2)

nonlingeff: ¬player–ori(o1),
player–ori(o2)

impeff: turnleft

S:self

S:self * S:other ! and

Figure 4: An example SCRISP lexicon.

of you”. This lowers the cognitive load on the IF,
and presumably improves the rate of correctly in-
terpreted REs.

SCRISP is capable of deliberately generat-
ing such context-changing navigation instructions.
The key idea of our approach is to extend the
CRISP planning operators with preconditions and
effects that describe the (simulated) physical envi-
ronment: A “turn left” action, for example, mod-
ifies the IF’s orientation in space and changes the
set of visible objects; a “push” operator can then
pick up this changed set and restrict the distractors
of the forthcoming RE it introduces (i.e. “the but-
ton”) to only objects that are visible in the changed
context. We also extend CRISP to generate imper-
ative rather than declarative sentences.

4.1 Situated CRISP

We define a lexicon for SCRISP to be a CRISP
lexicon in which every lexicon entry may also de-
scribe non-linguistic conditions, non-linguistic ef-
fects and imperative effects. Each of these is a
set of atoms over constants, semantic roles, and
possibly some free variables. Non-linguistic con-
ditions specify what must be true in the world
so a particular instance of a lexicon entry can be
uttered felicitously; non-linguistic effects specify
what changes uttering the word brings about in the
world; and imperative effects contribute to the IF’s
“to-do list” (Portner, 2007) by adding the proper-
ties they denote.

A small lexicon for our example is shown in
Fig. 4. This lexicon specifies that saying “push
X” puts pushing X on the IF’s to-do list, and car-
ries the presupposition that X must be visible from
the location where “push X” is uttered; this re-
flects our simplifying assumption that the IG can

turnleft(u, x, o1, o2):
Precond: subst(S, u), ref(u, x), player–ori(o1),

next–ori–left(o1, o2), . . .
Effect: ¬subst(S, u),¬player–ori(o1), player–ori(o2),

to–do(turnleft), . . .

push(u, u1, un, x, x1, p, o):
Precond: subst(S, u), ref(u, x), player–pos(p),

player–ori(o), visible(p, o, x1), . . .
Effect: ¬subst(S, u), subst(NP, u1), ref(u1, x1),

∀y.(y �= x1 ∧ visible(p, o, y) → distractor(u1, y)),
to–do(push(x1)), canadjoin(S, u), . . .

and(u, u1, un, e1, e2):
Precond: canadjoin(S, u), ref(u, e1), . . .
Effect: subst(S, u1), ref(u1, e2), . . .

Figure 5: SCRISP planning operators for the lexi-
con in Fig. 4.

only refer to objects that are currently visible.
Similarly, “turn left” puts turning left on the IF’s
agenda. In addition, the lexicon entry for “turn
left” specifies that, under the assumption that the
IF understands and follows the instruction, they
will turn 90 degrees to the left after hearing it. The
planning operators are written in a way that as-
sumes that the intended (perlocutionary) effects of
an utterance actually come true. This assumption
is crucial in connecting the non-linguistic effects
of one SCRISP action to the non-linguistic pre-
conditions of another, and generalizes to a scalable
model of planning perlocutionary acts. We discuss
this in more detail in Koller et al. (2010a).

We then translate a SCRISP generation prob-
lem into a planning problem. In addition to what
CRISP does, we translate all non-linguistic condi-
tions into preconditions and all non-linguistic ef-
fects into effects of the planning operator, adding
any free variables to the operator’s parameters.
An imperative effect P is translated into an ef-
fect to–do(P ). The operators for the example lex-
icon of Fig. 4 are shown in Fig. 5. Finally, we
add information about the situated environment to
the initial state, and specify the planning goal by
adding to–do(P ) atoms for each atom P that is to
be placed on the IF’s agenda.

4.2 An example
Now let’s look at how this generates the appropri-
ate instructions for our example scene of Fig. 3.
We encode the state of the world as depicted
in the map in an initial state which contains,
among others, the atoms player–pos(pos3,2),
player–ori(north), next–ori–left(north,west),

action: turn-left(e,x,y)

precondition: player-ori(x), ...

effect: ¬player-ori(x), player-ori(y), ...

actions have 
non-linguistic 

effects
S:self

V:self

push

NP:obj ! 

semreq: visible(p, o, obj)
nonlingcon: player–pos(p),

player–ori(o)
impeff: push(obj)

S:self

V:self

turn

Adv

left

nonlingcon: player–ori(o1),
next–ori–left(o1, o2)

nonlingeff: ¬player–ori(o1),
player–ori(o2)

impeff: turnleft

S:self

S:self * S:other ! and

Figure 4: An example SCRISP lexicon.

of you”. This lowers the cognitive load on the IF,
and presumably improves the rate of correctly in-
terpreted REs.

SCRISP is capable of deliberately generat-
ing such context-changing navigation instructions.
The key idea of our approach is to extend the
CRISP planning operators with preconditions and
effects that describe the (simulated) physical envi-
ronment: A “turn left” action, for example, mod-
ifies the IF’s orientation in space and changes the
set of visible objects; a “push” operator can then
pick up this changed set and restrict the distractors
of the forthcoming RE it introduces (i.e. “the but-
ton”) to only objects that are visible in the changed
context. We also extend CRISP to generate imper-
ative rather than declarative sentences.

4.1 Situated CRISP

We define a lexicon for SCRISP to be a CRISP
lexicon in which every lexicon entry may also de-
scribe non-linguistic conditions, non-linguistic ef-
fects and imperative effects. Each of these is a
set of atoms over constants, semantic roles, and
possibly some free variables. Non-linguistic con-
ditions specify what must be true in the world
so a particular instance of a lexicon entry can be
uttered felicitously; non-linguistic effects specify
what changes uttering the word brings about in the
world; and imperative effects contribute to the IF’s
“to-do list” (Portner, 2007) by adding the proper-
ties they denote.

A small lexicon for our example is shown in
Fig. 4. This lexicon specifies that saying “push
X” puts pushing X on the IF’s to-do list, and car-
ries the presupposition that X must be visible from
the location where “push X” is uttered; this re-
flects our simplifying assumption that the IG can

turnleft(u, x, o1, o2):
Precond: subst(S, u), ref(u, x), player–ori(o1),

next–ori–left(o1, o2), . . .
Effect: ¬subst(S, u),¬player–ori(o1), player–ori(o2),

to–do(turnleft), . . .

push(u, u1, un, x, x1, p, o):
Precond: subst(S, u), ref(u, x), player–pos(p),

player–ori(o), visible(p, o, x1), . . .
Effect: ¬subst(S, u), subst(NP, u1), ref(u1, x1),

∀y.(y �= x1 ∧ visible(p, o, y) → distractor(u1, y)),
to–do(push(x1)), canadjoin(S, u), . . .

and(u, u1, un, e1, e2):
Precond: canadjoin(S, u), ref(u, e1), . . .
Effect: subst(S, u1), ref(u1, e2), . . .

Figure 5: SCRISP planning operators for the lexi-
con in Fig. 4.

only refer to objects that are currently visible.
Similarly, “turn left” puts turning left on the IF’s
agenda. In addition, the lexicon entry for “turn
left” specifies that, under the assumption that the
IF understands and follows the instruction, they
will turn 90 degrees to the left after hearing it. The
planning operators are written in a way that as-
sumes that the intended (perlocutionary) effects of
an utterance actually come true. This assumption
is crucial in connecting the non-linguistic effects
of one SCRISP action to the non-linguistic pre-
conditions of another, and generalizes to a scalable
model of planning perlocutionary acts. We discuss
this in more detail in Koller et al. (2010a).

We then translate a SCRISP generation prob-
lem into a planning problem. In addition to what
CRISP does, we translate all non-linguistic condi-
tions into preconditions and all non-linguistic ef-
fects into effects of the planning operator, adding
any free variables to the operator’s parameters.
An imperative effect P is translated into an ef-
fect to–do(P ). The operators for the example lex-
icon of Fig. 4 are shown in Fig. 5. Finally, we
add information about the situated environment to
the initial state, and specify the planning goal by
adding to–do(P ) atoms for each atom P that is to
be placed on the IF’s agenda.

4.2 An example
Now let’s look at how this generates the appropri-
ate instructions for our example scene of Fig. 3.
We encode the state of the world as depicted
in the map in an initial state which contains,
among others, the atoms player–pos(pos3,2),
player–ori(north), next–ori–left(north,west),

action: and(e1,e2)

precondition: ...

effect: ...

sentence 
conjunction 

connects two 
events 

only visible 
objects can be 
manipulated

will explain 
later 



State
player-pos(p1)
player-ori(o1)

¬visible(p1,o1,b1)

turn-left(e1,o1,o2)

Turn left

action: turn-left(e1,o1,o2)

precondition: player-ori(o1), ...

effect: ¬player-ori(o1), player-ori(o2), ...

Solution
target



State
player-pos(p1)
player-ori(o2)

visible(p1,o2,b1)

action: and(e1,e2)

precondition: ...

effect: ...

and(e1,e2)
push(e2,b1,p1,o2)

the-button(b1)

and push the button.

action: the-button(b1)

effect: ∀y. (¬button(y)            
→ ¬distractor(y)), ...

action: push(e2,b1,p1,o2)

precondition: visible(p1,o2,b1), ...

effect: ∀y. (y≠b1 ∧ visible(p1,o2,y)
   → distractor(y)), to-do(push(b1)), ...

Solution
target



State
todo(push(b1))

✔

Solution
Push the button.



Outline

• Motivation and goal

• Context manipulation for situated natural 
language generation

• Generating context-dependent adjectives

• Evaluation and conclusions



The problem

How to predict  
the user’s 
interpretation of 
context-dependent 
expressions like 
“left”?

the left button

the left red button



Earlier approaches
van Deemter (2006)

• generates references that can contain one 
gradable modifier

• but cannot handle multiple context-dependent 
modifiers 

the left upper button

the upper left button ?



Our approach
action: left(x)

precondition: ∀y. ¬(distractor(y) ∧ left-of(y,x)), ...

effect: ∀y. (left-of(x,y) → ¬distractor(y)), ...

captures presupposition 
that no current distractor is 

to the left of the target

rules out from the set of 
distractors anything that is to 

the right of the target

✔

target 
referent

distractors



State
player-pos(p1)
player-ori(o3)

visible(p1,o3,b2)

push(e,b2,p1,o3)
the-button(b2)

red(b2)
left(b2)

Push the left red button.

action: left(b2)

precondition: ∀y. ¬(distractor(y) ∧ left-of(y,b2)), ...

effect: ∀y. (left-of(b2,y) → ¬distractor(y)), ...

action: red(b2)

effect: ∀y. (¬red(y)            
→ ¬distractor(y)), ...

action: push(e,b2,p1,o3)

precondition: visible(p1,o3,b2), ...

effect: ∀y. (y≠b2 ∧ visible(p1,o3,y)
   → distractor(y)), to-do(push(b2)), ...

action: the-button(b2)

effect: ∀y. (¬button(y)            
→ ¬distractor(y)), ...

Solution

target



State
todo(push(b2))

✔

Solution
Push the left red button.



Other contributions

• We enforce the class-based premodifier 
ordering paradigm (e.g. Mitchell, 2009) for 
linguistically acceptable referring expressions

• We argue for a novel scalable model of 
planning perlocutionary acts (Koller et al., 
SemDial 2010)

the red left button the left red button

✔



Outline

• Motivation and goal

• Context manipulation for situated natural 
language generation

• Generating context-dependent adjectives

• Evaluation and conclusions



User plays 3D game
in virtual world.

in
te

rn
et

Natural language generation 
system generates

instructions in real time.

“move forward 2 steps!”
“press the blue button!”

� �

! !

1

2

Evaluation framework: 
GIVE Challenge

Koller et al. (2009)



Our system SCRISP

• We solve our planning problems with off-
the-shelf FF planner (Hoffmann & Nebel 
2001; Koller & Hoffmann, 2010)

• Max planning time 1.03 sec (3 GHz CPU) 
for a knowledge base of about 1500 facts 
and a grammar of about 30 lexicon entries

1. Turn right 
and move 
one step.

2. Push the 
right red 
button.



Baseline A

• Fully describes target with 
respect to user’s current location

• Does not attempt to manipulate 
context

1. Push the 
right red 
button on 
the wall to 
your right.



Baseline B

• Improved version of GIVE-1 
Challenge’s best-performing system 
(Chen & Karpov, 2009)

• Treats all adjectives as intersective, 
based on Areces et al. (2008)

• Starts off with navigation and 
opportunistically describes target 
once it can

1. Turn right.

2. Walk forward 3 
steps.

3. Turn right.

4. Walk forward 1 
step.

5. Turn left.

6. Good! Now 
press the left 
button.



SCRISP is more successful than 
Baseline A and comparable to 

Baseline B

SCRISP’s references are more 
successful than Baseline A’s but less 

than Baseline B’s

Results

example system instructions

Basel. A 1. Press the right red button on
the wall to your right.

Basel. B

1. Turn right.
2. Walk forward 3 steps.
3. Turn right.
4. Walk forward 1 step.
5. Turn left.
6. Good! Now press the left but-
ton.

SCRISP 1. Turn right and move one step.
2. Push the right red button.

Table 1: Example instructions that each of the sys-
tems generated in a scene of the evaluation world.
REs for the target are typeset in boldface.

instructions that help users perform a task in a
treasure-hunt virtual environment such as the one
shown in Fig. 7. We chose to conduct the evalu-
ation in World 2 from GIVE-1, which was delib-
erately designed to be challenging for RE genera-
tion. The world consists of one room filled with
several objects and buttons, most of which can-
not be distinguished by simple descriptions. The
player’s moves and turns are discrete and the NLG
system has complete and accurate real-time infor-
mation about the state of the world. Instructions
that each of the three systems generated in an ex-
ample scene of the evaluation world are presented
in Table 1.

The evaluation took place online via the Ama-
zon Mechanical Turk, where we collected 25
games for each of the three systems under com-
parison. We focus on four measures of evaluation:
success rates for solving the task and resolving the
generated REs, average task completion time (in
seconds)3, and average distance (in steps) between
the IF and the referent the moment the RE is gen-
erated. As in GIVE-1, the task is considered as
solved if the player has correctly been led through
manipulating all target objects required to discover
and collect the treasure; in World 2, the minimum
number of such targets is eight. An RE is suc-
cessfully resolved if it results in the manipulation
of the referent, whereas manipulation of an alarm-
triggering distractor ends the game unsuccessfully.

3We report the average task completion time for all games
instead of only the successful ones, since the very low number
of successfully ending games for Baseline A resulted in lack
of statistical power for that matter.

overall reference
success success distance

SCRISP 69% 71% 2.49
Baseline A 16%** 49%** 1.97*
Baseline B 84% 81%* 2.00*

Table 2: Evaluation results. Differences to
SCRISP are significant at *p < .05, **p < .005
(independent two-sample t-test).

6.1 The SCRISP system
Our system received as input a plan for what the
IF should do to solve the task, and successively
took object-manipulating actions as the commu-
nicative goals for SCRISP. Then, for each of the
communicative goals, it generated instructions us-
ing SCRISP, segmented them into navigation and
action parts, and presented these to the user as sep-
arate instructions sequentially.

For each instruction generation, SCRISP thus
drew from a knowledge base of approx. 1500 facts
and a grammar of approx. 30 lexicon entires. We
used the FF planner (Hoffmann and Nebel, 2001;
Koller and Hoffmann, 2010) to solve the planning
problems. The maximum planning time for any
instruction was 1.03 seconds on a 3.06 GHz Intel
Core 2 Duo CPU. So although our planning-based
system solves a very difficult search problem, FF
is very good at solving it—fast enough to generate
instructions in real time.

6.2 Comparison with Baseline A
Baseline A was a very basic system designed to
simulate the performance of a classical RE gen-
eration module which does not attempt to manip-
ulate the visual context. We hand-coded a cor-
rect distinguishing RE for each target button in the
world; the only way in which Baseline A reacted
to changes of the context was to describe on which
wall the button is with respect to the user’s current
orientation (e.g. “Press the right red button on the
wall to your right”).

As Table 2 shows, our system guided 69% of
users to complete the task successfully, compared
to only 16% for Baseline A (difference is signifi-
cant at p < .005; independent two-sample t-test).
This is primarily because only 49% of the REs
generated by Baseline A were successful. This
comparison illustrates the importance of REs that
minimize the cognitive load on the IF to avoid mis-
understandings. Notice that the “time” and “dis-

Differences to SCRISP are significant at *p < .05, **p < .005.

however SCRISP can generate 
references from further away



Conclusions

• Automated planning for situated generation can 
flexibly model different phenomena:

• generation of instructions that deliberately 
manipulate the context in convenient ways

• generation of references with context-
dependent modifiers

• With modern automated planning technology this 
is possible in real time



Thank you!


