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A BSTRACT
In this paper, we describe our submission to the TREC-CAR 2018. We use a
method introduced by Nogueira et al. (2018) to efficiently learn diverse strategies
in reinforcement learning for query reformulation and focus minimally on the
ranking function. In this framework, an agent consists of multiple specialized subagents and a meta-agent that learns to aggregate the answers from sub-agents to
produce a final answer. Sub-agents are trained on disjoint partitions of the training
data, while the meta-agent is trained on the full training set. Our method makes
learning faster, because it is highly parallelizable, and has better generalization
performance than strong baselines, such as an ensemble of agents trained on the
full data.
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I NTRODUCTION

In this work, we use a simple method introduced by Nogueira et al. (2018) to achieve efficient
parallelized exploration of diverse query reformulation policies. We structure the agent into multiple
sub-agents, which are trained on disjoint subsets of the training data. Sub-agents are co-ordinated
by a meta-agent, called aggregator, that groups and scores answers from the sub-agents for each
given input. Unlike sub-agents, the aggregator is a generalist since it learns a policy for the entire
training set.
We argue that it is easier to train multiple sub-agents than a single generalist one since each sub-agent
only needs to learn a policy that performs well for a subset of examples. Moreover, specializing
agents on different partitions of the data encourages them to learn distinct policies, thus giving the
aggregator the possibility to see answers from a population of diverse agents. Learning a single
policy that results in an equally diverse strategy is more challenging.
Since each sub-agent is trained on a fraction of the data, and there is no communication between
them, training can be done faster than training a single agent on the full data. Additionally, it is
easier to parallelize than applying existing distributed algorithms such as asynchronous SGD or
A3C (Mnih et al., 2016), as the sub-agents do not need to exchange weights or gradients. After
training the sub-agents, only their actions need to be sent to the aggregator.

2

R ELATED W ORK

The approach used in this work is inspired by the mixture of experts, which was introduced more
than two decades ago (Jacobs et al., 1991; Jordan & Jacobs, 1994) and has been a topic of intense
study since then. The idea consists of training a set of agents, each specializing in some task or
data. One or more gating mechanisms then select subsets of the agents that will handle a new input.
Recently, Shazeer et al. (2017) revisited the idea and showed strong performances in the supervised
learning tasks of language modeling and machine translation. Their method requires that output
vectors of experts are exchanged between machines. Since these vectors can be large, the network
bandwidth becomes a bottleneck. They used a variety of techniques to mitigate this problem. Anil
et al. (2018) later proposed a method to further reduce communication overhead by only exchanging
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Figure 1: a) A vanilla search system. The query q0 is given to the system which outputs a list of documents a0 . b) The search system with a reformulator. The reformulator queries the system with q0
and its reformulations {q1 , ...qN } and receives back the lists of documents {a0 , ..., aN }. A selector
then decides the best list of documents ai for q0 . c) The method proposed by Nogueira et al. (2018).
The original query is reformulated multiple times by different reformulators. Reformulations are
used to obtain documents from the search system, which are then sent to the aggregator, which
merges and re-ranks the list of documents based on a learned weighted majority voting scheme.
Reformulators are independently trained on disjoint partitions of the dataset thus increasing the
variability of reformulations.

the probability distributions of the different agents. Our method, instead, requires only scalars (rewards) and short strings (original query, reformulations, and answers) to be exchanged. Therefore,
the communication overhead is small.
Previous works used specialized agents to improve exploration in RL (Dayan & Hinton, 1993; Singh,
1992; Kaelbling et al., 1996). For instance, Stanton & Clune (2016) and Conti et al. (2017) use
a population of agents to achieve a high diversity of strategies that leads to better generalization
performance and faster convergence. Rusu et al. (2015) use experts to learn subtasks and later
merge them into a single agent using distillation (Hinton et al., 2015).
The experiments are often carried out in simulated environments, such as robot control (Brockman et al., 2016) and video-games (Bellemare et al., 2013). In these environments, rewards are
frequently available, the states have low diversity (e.g., same image background), and responses
usually are fast (60 frames per second). We, instead, evaluate our approach on tasks whose inputs
(queries) and states (documents and answers) are diverse because they are in natural language, and
the environment responses are slow (0.5-5 seconds per query).

3
3.1

M ETHOD
TASK

We describe the method using a generic end-to-end search task. The problem consists in learning to
reformulate a query so that the underlying retrieval system can return a better list of documents.
Following Nogueira & Cho (2017) and Buck et al. (2018) we frame the task as a reinforcement
learning problem, in which the query reformulation system is an RL-agent that interacts with an
environment that provides answers and rewards. The goal of the agent is to generate reformulations
such that the expected returned reward (i.e., correct answers) is maximized. The environment is
treated as a black-box, i.e., the agent does not have direct access to any of its internal mechanisms.
Figure 1-(b) illustrates this framework.
2

3.2

S YSTEM

Figure 1-(c) illustrates the main method used in our submissions. An input query q0 is given to the
N sub-agents. A sub-agent is any system that accepts as input a query and returns a corresponding
reformulation. Thus, sub-agents can be heterogeneous.
Here we train each sub-agent on a partition of the training set. The i-th agent queries the underlying
search system with the reformulation qi and receives a list of documents ai . The set {(qi , ai )|0 ≤
i ≤ N } is given to the aggregator, which then merges the lists of documents into a final list and
re-rank it.
3.3

S UB - AGENTS

The first step for training the new agent is to partition the training set. We randomly split it into equalsized subsets. For an analysis of how other partitioning methods affect performance, see Nogueira
et al. (2018). In our implementation, a sub-agent is a sequence-to-sequence model (Sutskever et al.,
2014; Cho et al., 2014) trained on a partition of the dataset. It receives as an input the original query
q0 and outputs a list of reformulated queries (qi ) using beam search.
Each reformulation qi is given to the same environment that returns a list of documents (a1i , .., aK
i )
and a reward ri . We then use REINFORCE (Williams, 1992) to train the sub-agent. At training
time, instead of using beam search, we sample reformulations.
Note that we also add the identity agent (i.e., the reformulation is the original query) to the pool of
sub-agents.
3.4

M ETA -AGENT: AGGREGATOR

The aggregator receives as inputs q0 and a list of candidate documents (a1i , ..aK
i ) for each reformulation qi . We first compute the set of unique documents aj and two different scores for each
R
query-document pair: the accumulated rank score sA
j and the relevance score sj .
PN
1
The accumulated rank score is computed as sA
j =
i=1 ranki,j , where ranki,j is the rank of the j-th
R
document when retrieved using qi . The relevance score sj is the prediction that the document aj is
relevant to query q0 . It is computed as:
sR
j = σ(W2 ReLU(W1 zj + b1 ) + b2 ),

(1)

where
zj = fCNN (q0 )||fBOW (aj )||fCNN (q0 ) − fBOW (aj )||fCNN (q0 ) fBOW (aj ),
(2)
W1 ∈ R4D×D and W2 ∈ RD×1 are weight matrices, b1 ∈ RD and b2 ∈ R1 are biases. The
symbol || denotes the concatenation operation, σ is the sigmoid function, and ReLU is a Rectified
Linear Unit function (Nair & Hinton, 2010). The function fCNN is implemented as a CNN encoder1
followed by average pooling over the sequence (Kim, 2014). The function fBOW is the average
R
word embeddings of the document. At test time, the top-K answers with respect to sj = sA
j sj are
returned.
We train the aggregator with stochastic gradient descent (SGD) to minimize the cross-entropy loss:
X
X
L=−
log(sR
log(1 − sR
(3)
j )−
j ),
j∈J ∗

j ∈J
/ ∗

where J ∗ is the set of indexes of the ground-truth documents. The architecture details and hyperparameters can be found in Appendix A.

4

E XPERIMENTS

We now present experiments and results in the TREC-CAR task. In this task, the goal is to rewrite
a query so that the number of relevant documents retrieved by a search engine increases.
1
In the preliminary experiments, we found CNNs to work better than LSTMs (Hochreiter & Schmidhuber,
1997).
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Figure 2: Illustration of the three systems (NYU-M, NYU-L, NYU-XL) we submitted to TRECCAR 2018. We first train 20 reformulators as in RL-20-Sub (Section 4.5). We then freeze them
(i.e., no further training) and train N aggregators, where N varies depending on the system (see the
table on the top-right). Each aggregator receives as input the same 20 lists of documents produced
by the 20 reformulators. Each aggregator architecture is randomly chosen (Section 4.6), and they
are trained independently (i.e., no communication). Finally, the N lists of documents (a01 , ..., a0N )
produced by the N aggregators are merged and re-ranked by the aggregator that performed best out
of the N aggregators on the development set.
4.1

E NVIRONMENT

The environment receives a query as an action, and it returns a list of documents as an observation/state and a reward computed using a list of ground truth documents. We use Lucene2 in its
default configuration3 as our search engine. The input is a query, and the output is a ranked list of
documents.
4.2

DATASET

Introduced by Dietz & Ben (2017), in the TREC-CAR dataset, the input query is the concatenation
of a Wikipedia article title with the title of one of its section. The ground-truth documents are the
paragraphs within that section. The corpus consists of all of the English Wikipedia paragraphs,
except the abstracts. We used corpus v2.0, as it has a better paragraph parsing than the last year’s
v1.5. The released dataset has five predefined folds, and we use the first four as a training set
(approx. 3M queries), and the remaining as a validation set (approx. 700k queries). The test set
is the same used evaluate the submissions to TREC-CAR 2017 (approx. 2,250 queries), and the
ground-truth documents are from the automatic annotations. We did not use the manual annotations
because not all documents in the corpus were annotated for each test query (as this would be very
2
3

https://lucene.apache.org/
The ranking function is BM25.
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R@40

MAP

R-Prec

MRR

NDCG

Training
(Days)

FLOPs
(×1018 )

Lucene
PRF
RM3

25.7
26.8
28.0

9.4
9.8
10.2

8.3
8.6
9.0

17.7
18.4
19.2

15.4
16.1
16.8

RL-RNN
RL-10-Ensemble

29.8
30.1

10.8
10.9

9.4
9.5

20.3
20.5

17.8
18.0

10
10

2.3
23.0

RL-RNN 20 Sampled + Aggregator

30.7

11.1

9.7

20.8

18.3

10

2.3

RL-10-Full
RL-10-Sub
RL-10-Sub (Pretrained)
RL-10-Full (Extra Budget)
NYU-L (Aggregators’ Ensemble)

33.9
34.9
35.1
35.9
37.7

12.2
12.3
12.5
12.9
14.3

10.5
10.6
10.8
11.0
12.6

22.8
23.2
23.5
24.1
25.8

20.2
20.5
20.8
21.1
23.0

1
1
10? +1
10
12

2.3
2.3
4.6
23
23+1.6??

N/A
N/A
N/A

Table 1: Results on the test set of the TREC-CAR 2017 (Y1). ? The weights of the agents are
initialized from a single model pretrained for ten days on the full training set. ?? Each of the 27
aggregators costs 0.06 × 1018 FLOPs, so their total training cost is 27 × 0.06 × 1018 ≈ 1.6 × 1018
FLOPs.
System

MAP

R-Prec

NDCG

NYU-M
NYU-L
NYU-XL

15.76
15.64
20.64

17.58
17.69
22.04

33.27
34.18
45.22

Table 2: Official results of our three submissions to the TREC-CAR 2018 (Y2 test queries) when
evaluated with manual annotations.
time-consuming), so systems that retrieve non-annotated but relevant documents would be unfairly
penalized.
4.3

R EWARD

Since the main goal of query reformulation is to increase the proportion of relevant documents
∩D ∗ |
returned, we use recall as the reward: R@K = |DK
|D ∗ | , where DK are the top-K retrieved documents and D∗ are the relevant documents. We also experimented using as a reward other metrics
such as NDCG, MAP, MRR, and R-Precision but these resulted in similar or slightly worse performance than Recall@40. Despite the agents optimizing for Recall, we report the results in MAP,
NDCG, MRR, and R-Precision as these are more commonly used metrics in information retrieval.
4.4

BASELINES

L UCENE :

We give the original query to Lucene and use the retrieved documents as results.

PRF: This is the pseudo relevance feedback method (Rocchio, 1971). We expand the original
query with terms from the documents retrieved by the Lucene search engine using the original query.
The top-N TF-IDF terms from each of the top-K retrieved documents are added to the original query,
where N and K are selected by a grid search on the validation data.
R ELEVANCE M ODEL (RM3): This is our implementation of the relevance model for query expansion (Lavrenko & Croft, 2001). The probability of adding a term t to the original query is given
by:
X
P (t|q0 ) = (1 − λ)P 0 (t|q0 ) + λ
P (d)P (t|d)P (q0 |d),
(4)
d∈D0

where P (d) is the probability of retrieving the document d, assumed uniform over the set, P (t|d)
and P (q0 |d) are the probabilities assigned by the language model obtained from d to t and q0 , re5

spectively. P 0 (t|q0 ) = tf(t∈q)
|q| , where tf(t, d) is the term frequency of t in d. We set the interpolation
parameter λ to 0.65, which was the best value found by a grid-search on the development set.
We use a Dirichlet smoothed language model (Zhai & Lafferty, 2001) to compute a language model
from a document d ∈ D0 :
tf(t, d) + uP (t|C)
P (t|d) =
,
(5)
|d| + u
where u is a scalar constant (u = 1500 in our experiments), and P (t|C) is the probability of t
occurring in the entire corpus C.
We use the N terms with the highest P (t|q0 ) in an expanded query, where N = 100 was the best
value found by a grid-search on the development set.
RL-RNN: This is the sequence-to-sequence model trained with reinforcement learning
from Nogueira & Cho (2017). The reformulated query is formed by appending new terms to the
original query. The terms are selected from the documents retrieved using the original query. The
agent is trained from scratch.
RL-N-E NSEMBLE : We train N RL-RNN agents with different initial weights on the full training
set. At test time, we average the probability distributions of all the N agents at each time step and
select the token with the highest probability, as done by Sutskever et al. (2014).
4.5

BASE M ODELS

We evaluate the following variants of the method proposed by Nogueira et al. (2018):
RL-N-F ULL : We train N RL-RNN agents with different initial weights on the full training set.
The answers are obtained using the best (greedy) reformulations of all the agents and are given to
the aggregator.
RL-N-S UB : This agent is similar to RL-N-Full, but the multiple sub-agents are trained on random
partitions of the dataset (see Figure 1-(c)).
RL-RNN S AMPLE + AGGREGATOR We sample K rewrites from a single reformulator trained on
the full dataset. The K lists of ranked documents returned by the environment are then merged into
a single list and re-ranked by the Aggregator.
4.6

S YSTEMS S UBMITTED TO TREC-CAR 2018

Our three submissions consist of 20 reformulators trained as in RL-20-Sub and an ensemble of N
aggregators (Figure 2), where N is 9, 27, and 45 for NYU-M, NYU-L, and NYU-XL, respectively.
Each architecture of the N aggregators is randomly chosen as follows: first, we sample the number
of layers from {0, 1, 2, 3}. We then sample the number of hidden units for each layer from {256,
512, 1024}, such that a layer must have at most the same number of hidden units of the previous
layer. A final layer with one hidden unit is always added so the model can output a score for each
query-document pair (Equation 1, sR
j ). We train these N aggregators using as input the documents
from 20 reformulators. The final list of documents (a00 ) is the result of merging and re-ranking the
N list of documents (a01 , ..., a0N ) using the aggregator that performed best on the development set.
4.7

R ESULTS

The results using the TREC-CAR 2017 (Y1) test queries and ground-truth documents derived from
the automatic annotations on the paragraph corpus v2.0 (2018/Y2 release) are shown in Table 1. We
estimate the number of floating point operations used to train a model by multiplying the training
time, the number of GPUs used, and 2.7 TFLOPS as an estimate of the single-precision floatingpoint of a K80 GPU.
6

Since the sub-agents are frozen during the training of the aggregator, we pre-compute all
(q0 , qi , ai , ri ) tuples from the training set, thus avoiding sub-agent or environment calls. This reduces its training time to less than 6 hours (0.06 × 1018 FLOPs). Since this cost is negligible when
compared to the sub-agents’, we do not include it in the table.
The methods RL-10-{Sub, Full} have 20-60% relative performance improvement over the standard
ensemble (RL-10-Ensemble) while training ten times faster. More interestingly, RL-10-Sub has a
better performance than the single-agent version (RL-RNN), uses the same computational budget,
and trains on a fraction of the time. Lastly, we found that RL-10-Sub (pretrained) has the best
balance between performance and training cost across all datasets.
For more experiments regarding varying number of sub-agents, training stability, and the aggregator’s contribution to the overall performance, see Nogueira et al. (2018).
Finally, we show on Table 2 the official results of our three TREC-CAR 2018 submissions when
evaluated with manual annotations.
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C ONCLUSION

We evaluated a method to build a better query reformulation system by training multiple sub-agents
on partitions of the data using reinforcement learning and a simple aggregator that learns to combine
the answers of the multiple agents given a new query. We showed the effectiveness and efficiency
of the approach on the TREC-CAR 2017 test set.
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A PPENDIX A

H YPERPARAMETERS

S UB - AGENTS : We use mini-batches of size 256, ADAM (Kingma & Ba, 2014) as the optimizer,
and learning rate of 10−4 .
AGGREGATOR : The encoder fq0 is a word-level two-layer CNN with filter sizes of 9 and 3, respectively, and 128 and 256 kernels, respectively. D = 512. No dropout is used. ADAM is the
optimizer with learning rate of 10−4 and mini-batch of size 64. It is trained for 100 epochs.
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