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Abstract

Generative Information Retrieval (GenIR) is a novel paradigm in
which a transformer encoder-decoder model predicts document
rankings based on a query in an end-to-end fashion. These GenIR
models have received significant attention due to their simple re-
trieval architecture while maintaining high retrieval effectiveness.
However, in contrast to established retrieval architectures like cross-
encoders or bi-encoders, their internal computations remain largely
unknown. In this work, we investigate this retrieval mechanism
and uncover the roles played by different model components (self-
attention, cross-attention, MLPs) and their interaction to generate
the document identifier. First, we show that the pre-trained en-
coder, which was not fine-tuned for retrieval, is sufficient for the
retrieval process. Then, we find that the pass through the decoder
can be divided into three stages: (I) the priming stage in which no
component contributes query-specific information, (II) the bridging
stage where cross-attention transfers query information from the
encoder to the decoder, and (III) the interaction stage where MLPs
process this transferred information to predict the document iden-
tifier in the last layer. Our results indicate that document-specific
information is only stored in a few components in the final stage of
the retrieval process. We hope that our findings will motivate the
development of more effective GenIR models and facilitate their
improvements.!
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Figure 1: A simplified view of the retrieval process in the
GenIR models in this work. After the encoder processes the
query, the decoder operates in three stages: (I) the Priming
Stage, where MLPs activate to prepare the residual stream
triggering the cross-attention components in (II) the Bridging
Stage, which transfer query information from the encoder
to the decoder’s residual stream; and (III) the Interaction
Stage, in which MLPs process the query information from
the cross-attention to promote relevant document logits.

1 Introduction

Generative Information Retrieval (GenIR) [20] trains a neural model
to associate a query with a document identifier that satisfies the
information need expressed within the query [29]. This approach
applies transformer models (usually an encoder-decoder model)
as an end-to-end retrieval system. The introduction of this new
retrieval paradigm has received much attention [1, 17, 22, 24, 35, 39],
due to the simplified architecture and the fact that only one pass
(or a few passes) through the model is required. Despite these
advantages, GenIR models are commonly applied as a black box,
obscuring the process by which they perform retrieval.

In contrast, past research on cross-encoders [2, 37] and dense
retrieval models [6, 27, 33] has shed light on how these models
judge the relevance of a document given a query. Another line of re-
search focuses on the inner workings of transformer decoder models
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(LLMs), which have recently been popularized due to their success
in text generation. Here, research has identified key components
that are crucial for performing certain tasks (e.g., [5, 10, 11, 34]) and
used these insights to improve model performance [18, 19]. Despite
these efforts, their insights are not applicable to GenIR models due
to differences in training objective and model architecture.

Therefore, this work studies the retrieval process within GenIR
models. We investigate the following questions: Which components
are responsible for predicting the correct document identifier, and
how do they interact with each other? First, we show that the GenIR
encoder can be replaced with encoders that were not trained on the
target documents while still leading to successful retrieval by the
trained decoder (Sec. 4). This finding indicates that the encoder does
not need to be specialized for the retrieval dataset or task, suggest-
ing that retrieval happens primarily in the GenlIR decoder. Then, we
analyze the pass through the decoder with three types of methods
(Sec. 5): (a) causal interventions, where we modify activations of
different components to identify which components are crucial for
retrieval; (b) vocabulary projections, where we project activations
to the vocabulary space, which includes document identifies, to
measure which components directly contribute to the ranking of
the document identifier; and (c) interaction studies, where we assess
how different components interact to perform the final ranking.

Our findings are summarized in Fig. 1. We discover that the
pass through the decoder can be grouped into three stages: (I) the
priming stage, which is query-agnostic, but contributes important
information for the activation of components in later layers; (II) the
bridging stage, in which cross-attention components—triggered by
the components in Stage I—transfer query information from the
encoder to the decoder; and (II) the interaction stage, which is the
first time that document-specific information interacts with query
information. We demonstrate that this flow exists in several GenIR
models trained on Natural Questions [16] and TriviaQA [12].

The main contributions of this work are summarized as follows:

e Reverse-engineering the retrieval process in GenIR models,

e Identifying the role and interaction of MLPs and cross-attention
within the retrieval process, and

e Release of our code and trained models for further analyses.

2 Background
2.1 Insights into Language Models

A large body of work has attempted to uncover the internal mech-
anisms of Transformer models [2, 5, 10, 11, 18, 32, 34]. This field,
known as mechanistic interpretability, is concerned with reverse en-
gineering how language models implement different functionalities.
A prominent view in this field is the residual stream view as intro-
duced by Elhage et al. [5]. Here, the pass through the transformer
model can be seen as a sequence of operations that read from and
write to a stream of vectors called the residual stream. The idea is
that model components like attention or multilayer perceptrons
(MLPs) take the residual stream as input and add their output back
to it. Each model component contributes to this residual stream in
this view. Fig. 2 visualizes this idea in the context of GenIR.
Subsequent work identified sub-graphs of a model’s computation
graph, called circuits, which are responsible for solving a certain
task, e.g., indirect object identification [19, 34], mathematical [10] or
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Figure 2: Overview of a transformer encoder-decoder for
GenlR, depicted as the residual stream to which components
read and write.

reasoning tasks [11]. To locate relevant model components, many of
these studies apply mechanistic interpretability methods referred to
as “activation patching” or “causal mediation analysis” [7, 18, 32, 34].
The core idea is to swap the activations of model components
with different activations and measure the impact of this swap.
For example, to analyze the prompt “The Eiffel Tower is in __”,
we replace the activation of each model component one by one
with the activations for the prompt “The Colosseum is in __”. If
the model could still predict “Paris” after replacing a component’s
activation, that component was not responsible for the prediction.
If the prediction switched to “Rome”, the component was crucial
for the model’s computation of this particular output. Doing so
enables us to identify all components crucial for a certain task, and
reverse-engineer the circuit responsible for the model’s behavior.

However, the majority of this recent work analyzes decoder-only
models and does not study retrieval scenarios. Since the prevail-
ing approaches in information retrieval focus on encoder-only or
encoder-decoder models, which are trained for different objectives,
techniques, and insights from these works may not be directly ap-
plicable. A few recent studies started working on language models
in the context of retrieval: [33] analyze how dense retrievers apply
common retrieval properties, [2] apply activation patching in a
cross-encoder scenario, [27] show that dense retrievers implement
query expansion, [6] performed an analysis of ColBERT [15], and
[37] analyzed a cross-encoder. While these studies led to profound
insights into the retrieval behavior of transformer models in cross-
or bi-encoder scenarios, none of them dealt with GenlIR or even
encoder-decoder models. Therefore, to the best of our knowledge,
this is the first work to study GenIR models mechanistically.
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2.2 Generative Information Retrieval

Generative Information Retrieval (GenlIR) refers to the relatively
new paradigm of using a transformer model in an end-to-end fash-
ion to rank documents given a query. The model, usually an encoder-
decoder,? is trained to associate the content of documents with
their document identifiers. This approach was popularized by Tay
et al. [29], who provided a proof-of-concept that their approach,
DSI, is able to outperform comparable dense retrieval models. DSI
fine-tuned T5 encoder-decoder models [26] in a multi-task fash-
ion: They applied an indexing phase where the model predicts the
associated document identifier given the document input, and a re-
trieval phase where the model gets a query as its input and outputs
the document identifier. Document identifiers were represented as
either a new atomic token or as a sequence of tokens. As we focus
on atomic document identifiers, we do not cover other versions and
refer the reader to [29] for further details on them.

Fig. 2 depicts a GenIR model. The input to the encoder is a query
of N tokens. The encoder itself employs the same architecture
as popular encoder-only models such as BERT and outputs em-
bedding vectors ey, ..., en. The decoder contains cross-attention
components in each layer in addition to attention and MLPs, which
are also found in decoder-only models. The input to the decoder
is a [start-of-sentence] token. In each layer, three components add
information to the residual stream: attention, cross-attention, and
MLPs [31]. Each MLP component consists of two feed-forward
layers FFP™, and FF°" connected by a ReLU non-linearity:

MLP(r) = %" FF™ - a(r);, with a(r); = ReLUGFFY™ - 1), (1)
i

where i denotes the ith neuron, a(-); its activation, and FF; the ith
column/row of the linear layer weight matrices. T5 does not use bias
terms in feed-forward layers. Eq. 1 allows us to view the activation
as a dot product of the input to the MLP, i.e., residual stream hidden
state r, and each neuron’s row in FFP™, which gets passed through
the ReLU activation. Since the ReLU replaces negative values with
0, only positively activated neurons contribute to the MLP output.

Each cross-attention head has two inputs: the residual stream
r and the output of the encoder ey, ... ., en. These vectors get mul-
tiplied by the key matrix W forming the key vectors ki, ..., kn.
Similarly, the residual stream r is multiplied by the query matrix
Wp forming the query vector g:

Wk - (e1,....en) = (k1,....kN);

The dot product of query and keys results in similarity scores s; for
each key k; with regard to the query g¢:

(51, sN) = gL - (k1,0 kN)

In the calculation of the cross-attention head, these similarity scores
are transformed by a softmax with additional scaling:

WQ-r:q

(ay,...,aN) = scaled-softmax(sy, ..., SN)

These cross-attention scores a; serve as weights in the output 0: 0 =
ZlN a;j - v;, where v; = Wy - e; is a value vector. Each cross-attention
component consists of H heads, each of which has separate Wo, Wk,
and Wy, resulting in one output vector oj, per head h. These output
ZRecent work [28] used Llama 2 [30], a decoder model. There, the model generates the

entire passage, which is closer to the text generation objective of decoder-only models
compared to other GenlIR approaches, where document identifiers are generated.
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vectors are concatenated and multiplied by the output matrix Wp,
resulting in the cross-attention output:

Cross-Attention(r) = [01,...,0g] - Wo

The (self-)attention component works in a similar way, but in-
stead of using the encoder output as key and value vectors, it uses
the decoder residual stream as keys and values. Since the residual
stream consists of only one vector (because in the case of atomic
GenlIR models, the decoder receives only one token as its input),
self-attention only transforms the residual stream vector linearly
and adds it back to the residual stream.

After the pass through all layers, the residual stream is multiplied
by an “unembedding matrix” Wy; € R4V Xdmodel | which maps the
residual stream r € R%model to the dimensionality of the vocabulary
dy: Wy -\ doder ReLU(r) = 1. The output ! € R is a vector of log-
its for each token in the vocabulary. Since we adopt the atomic doc-
ument identifier approach from DSI, we receive one logit for each
document identifier along with the logits of the encoder-decoder
model’s word vocabulary (henceforth: “non-document identifiers”).
These logits can be converted to a probability distribution over the
vocabulary by using the softmax.

Following the success of DSI, other GenlIR versions emerged [1,
22,35, 39, 40]. Most of these adaptations aim to solve the underlying
issue of GenIR models: the limited corpus size. An extensive com-
parison of GenlIR variants [24] found that GenIR models perform
worse compared to traditional methods when scaled to corpora of
over eight million documents. Recently, also questions on the ro-
bustness of GenIR models [17] and the ranking quality [3, 38] have
arisen. Establishing a better understanding of the inner workings
of GenIR models might help in solving these issues.

3 Training and Analysis Setup

Since prior work did not publish trained GenIR models, we start
by training models based on the DSI setup [29]. Our models use
atomic IDs, direct indexing with a maximum token length of 32, and
an indexing-to-retrieval ratio of 32. We fine-tune T5-large models
on Natural Questions [16] in three different scenarios, with 10k
and 100k unique documents (queries on 1k documents for each
validation and test set, the rest for training), and the entire Natural
Questions dataset denoted by NQ320k. To verify our findings in
another scenario, we additionally train two T5-large models on
Trivia-QA [12], one using the same scenario as DSI (Trivia-QA) and
one without a dedicated indexing stage, but instead using generated
queries provided by [35] (Trivia-QA QG). We use the data splits
provided by the data set. We set all hyperparameters according
to the ones reported in [29] and train using Huggingface Trans-
formers [36]. Patching experiments as well as logit analyses are
performed using TransformerLens [21]. The models’ performance
on our test sets can be viewed in Tab. 1. Our results are in line with
those reported by previous work [24, 29].

4 The Role of the Encoder in GenIR

Generative IR models usually employ a transformer encoder-decoder
architecture. The decoder is responsible for generating the output
token depending on what was processed by the encoder. Therefore,
the decoder needs to store some information about the document
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Table 1: Results on the respective test set for the models
trained in this work.

Dataset Hits@1 R@5 Hits@10
NQ10k 40.4 58.1 63.9
NQ100k 226 428 50.2
NQ320k 20.0 398 48.0
Trivia-QA 60.4 64.2 82.2
Trivia-QA QG 498 517 67.0

tokens in order to output the correct token. However, what is the
role of the encoder? Is information about the corpus on which the
model was trained encoded in the weights of the encoder?

To investigate this, we design an experiment where the encoder
is trained on fewer documents than the decoder and test if retrieval
can still be performed using this “incomplete” encoder. In total, we
train four additional GenIR models on NQ10k, but omit ten differ-
ent documents (taken from the validation set) when training each
model. Then, we use the “full” GenIR model, which was trained on
all NQ10k documents (including the 4 X 10 documents), but replace
its encoder with an encoder of a model that was trained with ten
missing documents. We feed the query of the removed documents
to this “hybrid” encoder-decoder to measure how well the correct
document can still be predicted. If information on the documents is
stored exclusively in the encoder, the hybrid model, with an encoder
that was not trained on these ten particular documents, should fail
to correctly retrieve the removed documents. Before swapping the
encoder, we measure the performance of the four models (with their
own encoders and decoders). They obtain comparable performance
to the “full” model, which was trained on all documents.

Results. As shown in Tab. 2, all four models are able to retrieve the
removed documents with high performance. For most documents
(70 - 80%), the models are able to rank the removed document at
Rank 1, as demonstrated by the high Hits@1, even though the
encoder was not optimized for these documents during training.
Motivated by this high performance, we performed a follow-up
experiment and swapped the encoder of the full model with the
pre-trained T5-large encoder. The T5 encoder did not receive any
GenlR training. When performing retrieval on all queries for which
the full model was previously able to place a relevant document at
Rank 1, the average rank of the relevant documents drops to 21.66.
For most queries, the relevant document is still placed at Rank 1.
Only a few documents are ranked higher than 1000.

Table 2: Results of the Encoder-Swapping Experiment. Mod-
els RD I-1V were each trained on 10 documents less (“re-
moved documents”, RD); the full model was trained on the
entire corpus.

‘ Full RDI RDI RDII RDIV

MRR 1 0867 0754 0853 0.820
Hits@1 | 10 8 7 8 8
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Since the models in both experiments are still able to retrieve the
documents even though their encoder was not trained to retrieve
them, we conclude that the documents are not exclusively encoded
in the encoder. We will later see that the information transferred
from the encoder to the decoder is mostly similar to non-document
identifiers, which also strengthens the argument that information
on document identifiers is stored in the decoder. Potentially, the
encoder’s role lies in semantically encoding the query whose infor-
mation is then moved to the decoder. Thus, the decoder holds the
key for performing retrieval. In the next section, we therefore take
a deeper look at the components of the decoder.

5 Identifying Components Crucial for Retrieval

The decoder consists of three components: the self-attention, the
cross-attention, and the multilayer perceptrons (MLPs). Each model
component reads from the residual stream and adds its output back
to it. How much each component adds back to the residual stream
can be traced by looking at the vector norm of each component
output and comparing it to the vector norm of the residual stream.
Since in our atomic document id scenario, only one token is gener-
ated, the residual stream of our decoder consists of only one vector
as well. For each component ¢, ¢ € {Attention, Cross-Attention,
MLP }, we calculate its relative contribution to the residual stream:
. lleoutll2
ratiop = —,
lIrallz

where ry is the difference of the residual stream before and after
the layer and coyt denotes the output of component c that is added
to the residual stream. This ratio only indicates the magnitude of
the contribution of each component, but not whether it adds or
subtracts this vector (since the signs of the vector elements could
be inverse to the residual stream). Therefore, we also calculate the
angle by computing the cosine similarity between the component
outputs coyt and the residual stream at the beginning of each layer.
We aggregate the results of all queries from the validation set for
which the model predicted a relevant document at Rank 1 (denoted
henceforth as “correct queries”).3

with 7o = rend — Tbegin

Results. Fig. 3 (top) shows the ratio. of each model component
per layer. We see a similar progression for all models: In the begin-
ning, the MLPs dominate, then cross-attention contributes most (or
more than before), and in the end, the MLPs contribute most to the
change in the residual. When viewing the cosine similarity (Fig. 3,
bottom), we see that towards the end, all components receive a
negative cosine similarity. We suspect that in this part, components
remove information from the residual stream, as their output is di-
rected to the opposite side of the residual stream. Further inspection
revealed that the output vectors of these components in this last
part indeed have a high negative cosine similarity with components
from the first part (lower than -0.9 cosine similarity between the
output of each component in the last part and the MLP output of
the first part, calculated on the correct queries using NQ10k).

Based on our observations, we divide the plots into three stages:
Stage I (Layers 0-6), where MLPs contribute the most, adding to

31t is common practice to only evaluate over correctly generated results, as we want to
investigate here how the model performs retrieval “correctly”. Using queries for which
the retrieval failed would also be of interest, as it might point to erroneous behavior
the model might have learned, but such analyses are out of scope for this work.
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Figure 3: Proportion that each component’s output contributes to the change in the residual stream (top) and cosine similarity
of each component output with the layer output (bottom), displayed per layer. The models follow a similar trend: high MLP
contribution in Stage I and III, cross-attention peaks in Stage II, the cosine similarity of all components is negative in Stage III.

the residual stream, Stage II (Layers 7-17) where cross-attention
receives the highest contribution (positive), and Stage III (Layers
18-23), where MLPs contribute most again, but attention and cross-
attention as well. In the last stage (except for the last layer), the
contribution vector of each component is negative with respect
to the residual stream and the first stage output, suggesting that
components in this stage remove information initially contributed
by Stage I MLPs. These results indicate which components might
be essential in which part of the decoder, as a higher contribution
might point to a higher importance. Nevertheless, we do not know
whether these components are involved in predicting the output.
Next, we will therefore causally verify their individual importance.

5.1 Contribution of Individual Components

To investigate whether a model component has a causal influence
on the prediction of the model, we apply a variant of activation
patching [7, 32]: We replace the output of a certain component at a
specified position by a zero vector, i.e., removing the component
from the computation. Since past research found that this practice
might lead to noisy results [34], we also apply mean patching,
where we replace a component’s output with the mean output of
this component aggregated over correct queries. We measure the
effect of our intervention by calculating the rank of the first relevant
document after applying the patching, aggregated over all queries
where the correct document was originally placed at Rank 1. If the
model could not perform retrieval after a component was replaced
by a zero vector, we conclude that this component is necessary for
the retrieval process. If the model could still perform retrieval after
replacing the same component by the mean of the correct queries,
this component might be crucial for the retrieval process, but its
role is not specific to a certain query, but rather general. In these
patching experiments, we use the models trained as described in

Sec 3. We do not re-train models using the indicated components.
We patch the three stages we previously identified. In each stage,
we patch each component in all layers of the respective stage.

Results. Tab. 3 summarizes the results for models trained on
NQ10k, NQ320k, and Trivia-QA (results for the other models are
qualitatively similar). We see approximately the same pattern in all
three models. In all three stages, the self-attention component can
be removed without affecting most of the retrieval performance. In
Trivia-QA, replacing self-attention with zero or mean values leads
to over 10% of documents which are not ranked at Rank 1 anymore,
suggesting that it has learned a slightly more prominent role for this
data set. In Stage I, cross-attention does not play an important role
either, as its performance loss in Stage [ is relatively small compared
to the other stages. In Stages II and III, cross-attention cannot be
replaced by zero or mean outputs without a major performance drop.
A reason might be its role as the only component that moves query
information from the encoder to the decoder. For the models trained
on the larger datasets, the highest performance drops caused by
patching cross-attention can be seen for Stage II, while for NQ10k
the patching in Stage IIl resulted in higher losses. Interestingly, in
Stage I, the MLP components can be completely replaced by their
mean output for the correct queries. In Stage III for all datasets,
MLPs contribute substantially to query-specific retrieval, resulting
in high losses when being replaced or removed.

Motivated by these results, we perform a subsequent experiment
combining the patching of individual stages to verify that this par-
tial computation graph of the model can still perform retrieval. As
we aim to construct the essential combination of components for
retrieval, we choose in each stage those components that resulted

“Initially, we patched each component individually in each layer, but did not observe
a drop in performance for the individual components, suggesting that the model could
recover its performance, possibly due to redundancy.
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Table 3: Percent of correct queries where the rank of the relevant document is not on Rank 1 after applying patching, we remove/
replace the indicated component output only in the indicated stage. The highest value, i.e., the largest drop in performance per
model and stage, is indicated in bold. MLPs in Stage I can be replaced by mean activations, cross-attention in Stage IT and III is
crucial for the retrieval process, and MLPs in Stage III are the components adapted most for retrieval.

NQ10k NQ320k Trivia-QA
Component Method Stagel StageIl Stagelll Stagel StagelIl StageIll Stagel Stagell Stage Il
Attention Zero 1.52 2.27 6.57 2.67 4.46 11.23 12.58 14.78 19.97
MLP Zero 92.86 7.83 96.72 34.40 30.30 99.28  29.89 16.94 97.51
Cross-Attention  zero 4.29 21.72 39.65 15.86 50.62 41.89 15.29 64.20 60.02
Attention mean 0.00 2.02 6.06 1.78 5.35 11.76 14.62 16.62 20.93
MLP mean 0.76 5.56 48.23 3.39 17.47 71.48 14.70 17.58 61.67
Cross-Attention mean 4.55 20.45 42.93 16.04 53.30 50.80 18.14 54.44 71.43
Attention T5 5.30 5.56 7.32 10.16 11.05 13.37 5.54 6.65 9.78
MLP T5 5.30 7.07 74.49 14.62 14.62 92.69 11.94 8.01 81.45
Cross-Attention T5 7.58 17.93 34.09 13.19 24.96 33.16 8.91 21.31 41.38

in the lowest loss in the previous experiment. Concretely, we re-
move cross-attention from Stage I and attention from all stages,
and replace the MLP output in Stages I and II with the mean output
over all correct queries. To strengthen the argument that this con-
figuration performs the main computation required for relevance
judgment, we evaluate each model on the respective test set.

Tab. 4 shows the results of all models after applying the patch.
All models are still able to perform retrieval even though their
computation graph now contains one third of the original 72 active
components (3 components—attention, cross-attention, MLPs—per
layer X 24 layers = 72). Different models exhibit larger or smaller
losses in performance. While for NQ10k the losses are marginal,
both Trivia-QA models lose approx. 10 points in each of the metrics.

Nevertheless, all models are still able to perform ranking, demon-
strating that these components recover most of the performance
of the entire model. We conclude, therefore, that these model com-
ponents are essential for the retrieval mechanism. To summarize,
“active” components, i.e., components that cannot be removed or
replaced by a mean output, are the MLPs in the last stage and
cross-attention in the middle and last stages.

Patching in T5. The previous experiment showed which compo-
nents can be removed or replaced by their mean output. However,
this does not indicate that these components perform retrieval-
specific behavior. To investigate this question, we perform patching
in the same scenario as before, but this time we replace the output
of a component with the output of the same component when the
same input is processed by a pre-trained (but not GenIR-trained) T5-
large. By doing so, we can analyze which mechanisms are learned
during pre-training and which are acquired later during the GenIR
training. This idea is similar to cross-model activation patching
from [25], which patched from fine-tuned to pre-trained models,
while we patch in the other direction.

The results for patching in T5-large are shown in Tab. 3 (bot-
tom). Clearly, only a small number of queries require the model’s
attention components to be trained for GenlIR. This is in line with
our findings that attention can be removed from the model’s com-
putation. Similarly, the MLPs in Stages I and II do not seem to be

Table 4: Results on the respective test set after patching.
Stage I consists of MLP mean outputs, Stage I of MLP mean
outputs and cross-attention, and Stage III consists of both
cross-attention and MLPs. Percentages denote results relative
to the model without interventions. On all datasets, ranking
can still be performed efficiently even though all models suf-
fer small losses.

Hits@1 R@5 Hits@10
Abs. Rel. Abs. Rel. Abs. Rel
NQ10k 38.0 94% 56.90 98% 62.0 97%
NQ100k 17.60 78% 35.10 82% 41.20 82%
NQ320k 16.40 82% 33.60 84% 42.01 88%
Trivia-QA 49.67 82% 55.26 86% 74.95 91%
Trivia-QA QG 3894 78% 41.60 80% 57.97 87%

specifically adapted to the GenlR process, resulting in a relatively
small drop of 5-15%, depending on the model. In all three models,
the largest drop stems from the MLPs in Stage III, followed by the
cross-attention in Stages IIl and II. Cross-attention in Stage I is less
adapted to retrieval compared to Stage III, indicating that the Stage
II mechanism may have already been acquired during pre-training.
The greatest adaptation to the retrieval task occurs in Stage III,
where we see the largest performance change for all three compo-
nents. We, thus, conclude that Stage III learns information crucial
to the retrieval process, potentially specific to the learned corpus.

5.2 Rank Development

Recall that the objective of a GenIR model is to predict the relevant
document identifier, which means it is optimized to place the rele-
vant document identifier at a low rank in its output. In this section,
we examine the changes in the rank of the relevant document iden-
tifier caused by different model components. This analysis provides
a first intuition on the role of the MLPs and cross-attention.
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Figure 4: Rank of the correct document after each layer, average rank of all document identifier tokens and non-document
identifier tokens after applying logitlens to the output of the layer (top), and rank of the correct document after applying
logitlens to the indicated model component (bottom), displayed per layer. All models follow a similar trend (including NQ100k,
omitted for space concerns): The models separate document identifiers and non-document identifiers early, and gradually
improve the rank of the relevant document. The cross-attention output does not seem to follow this gradual progression.

We adopt the logit lens [23], a technique that projects intermedi-
ate hidden states from a model to the space of output vocabulary
tokens. This technique has been used extensively to study how
decoder language models build representations when processing a
given input [4, 8, 9, 13, 14]. The key intuition is that due to the resid-
ual stream view, hidden states at different layers can be projected
to the output vocabulary with the unembedding matrix:

logit-lens(r) = Wy - scale(ReLU(r)),

where scale(-) scales its input by y/dppge] as done before the unem-
bedding layer in T5 models. logit-lens; (r) contains the logits of the
ith token in the vocabulary when applied to vector r. The higher the
logit value, the lower the rank of the corresponding token, such that
the token at Rank 1 has the highest logit value. We use logit-lens
to determine the ranks of document id tokens, of non-document
id tokens, and of relevant document ids, when applying it to the
outputs of cross-attention, MLPs, and the residual stream in total
after each layer. We average the ranks over all correct queries. In
this experiment, we use all model components and do not remove
or replace model outputs as in the previous section.

Results. Fig. 4 displays the rank for the relevant documents for
each layer (top) and the outputs of cross-attention and MLPs per
layer (bottom). In early layers, the relevant documents move to the
lower half of all ranks, with the average rank of all document ids.
It gradually decreases until it arrives at Rank 1 in the last layer. A
similar progression can be seen for the MLP output. But for the
cross-attention output, the rank of the relevant documents does
not gradually change. Instead, no clear trend is visible.

One hypothesis is that only the MLPs contribute directly to the
ranking of the documents by modifying the residual stream. We
therefore calculate the rank of each document when only the output

of MLPs contributes to the logits. In this experiment, for each query,
we perform a pass through the model, so each model component
uses its “normal” input to calculate its output without any inter-
vention. Only the calculation of the logits is changed from using
the residual stream with the output of all components (attention,
cross-attention, and MLPs) to using only the residual stream con-
sisting of the MLP outputs. As before, the experiment is performed
on the correct queries only. Here, we only use NQ10k. When only
using the output of MLPs to calculate the logits, the performance
drops slightly: 33% of the relevant documents are no longer in Rank
1, but between Rank 1 and 10, indicating that the ranking can still
be performed well. Performing the same experiment using only
the output of the cross-attention components reveals that ranking
using only this information is not possible. For all correct queries,
the relevant document is ranked above 100.

The results of both analyses indicate that cross-attention does
not directly influence the rank of document identifiers, but instead
passes information to the MLPs, which then “write” the relevant
information to the residual stream. This communication between
cross-attention and MLPs is analyzed in detail in the next section.

5.3 Communication between Components

We saw in the previous sections that we can divide the decoder
pass into three stages. In Stage II, cross-attention contributed more
than other components, while in Stage III, the MLPs seem to be
the most important components. In addition, the MLP components,
as demonstrated in the previous section, mainly affect the output
logit and, thereby, the output ranking. Therefore, we suspect that
communication between these two component types is a crucial
part of the retrieval process. To investigate this communication,
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Figure 5: Components per stage that trigger cross-attention
in Stage II and III (left) and activate MLPs in Stage III (right)
of NQ10k. Stage III MLPs get mostly activated from cross-
attention in Stage II and III, while cross-attention in Stage II
gets mostly activated by Stage I MLPs.

we gather from which components Stage Il MLPs and the cross-
attention in later stages read. The following analysis is based on
the idea that the input to MLPs and cross-attention is the residual
stream, the sum of all outputs from components before the one
being analyzed. Hence, we can compute the contribution of each
component to the MLPs/cross-attention output to determine the
most influential components.

Contribution to Component Output. Recall from Sec. 2 that only
positively activated neurons contribute to the MLP output. We
therefore investigate how these neurons get activated. The ith neu-
ron is activated when FFE)mJ -r > 0. The MLP’s input is the residual
stream r, the sum of all previous components. For each activated
neuron, we iterate through all previous components and calculate
the contribution g p as the dot product between FF? ") and each
component’s output cout, averaged over all activated neurons and
all correct queries: tpp(cout) = FF? "0 cout-

In a similar way, we calculate the contribution of all compo-
nents to the output of a cross-attention head. The composition
of the output of one cross-attention head is determined by the
similarity-scores (s, ..., SN7). Let i denote the index of the highest
score: i = arg max; (s;). Because the highest similarity score s; was
computed by g7 - k;=(Wp - nT. k;, we iterate through all previ-
ous component outputs cout and calculate the contribution score
tCr-Attn @8t tCr-Attn (Cout) = Wo - Cout * k;. We average over all heads
and all correct queries.

Results. For each correct query, we compute the active neurons
in NQ10k and determine the model components with the highest
contribution to the activation. Fig. 5 displays the proportions of
the dot product scores of each component to the cross-attention
of Stage IT and III, tcy-attn, and the active neurons of the MLPs of
Stage III, tprp. We aggregate the components by type and stage.
Each bar in the diagram shows from which previous components
cross-attention (left) or MLPs (right) in this layer read. The results
show that cross-attention in Stage I and later Stage III plays a major
role in shaping the MLPs output, as it is mostly determined by the
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Table 5: Percentage of Document Identifier tokens within the
Top 10, 100, and 1,000 tokens with highest logits in the logit-
lens projection of the cross-attention Components. Average
over all layers in Stage II, all heads, and all correct queries.

Dataset Top 10 Top 100 Top 1,000
NQ10k 0.00 0.10 2.30
NQ100k 0.00 0.01 0.50
NQ320k 0.00 0.04 0.57
Trivia-QA 0.00 0.08 8.58
Trivia-QA QG 0.02 0.16 2.68

output of these components (proportion of green colors in each bar
in the right plot). The output of cross-attention in Stage II and Il is
mostly determined by Stage I MLPs (proportion of solid blue color
in the left plot). With later layers, other components from Stage
II and IIT also contribute, but still less than Stage I MLPs. Layer 22
is an outlier as Stage III MLPs contribute the largest share to the
activation of the cross-attention heads in this layer.

In addition, we repeat this analysis for individual cross-attention
heads. We find that for NQ10k the same heads (66% of all cross-
attention heads) are within the top 5 components with the high-
est contribution for all correct queries. Overall, all cross-attention
heads except for the last layer ones appear in the top 5 for at least
one query. This finding indicates that all cross-attention heads
participate in computing the output (through MLPs).

Overall, these analyses show that MLPs in Stage III, which mainly
contribute to the final result, get activated by the cross-attention
output (in Stage II and later Stage III). In contrast, the cross-attention
output is mostly determined by MLPs from Stage I. These results
suggest that Stage I serves as a priming or preparation phase to
contribute information to the residual stream, which later triggers
cross-attention. Cross-attention then transfers information from the
encoder to the residual stream. This information activates neurons
in Stage III. Nevertheless, it remains open what cross-attention
writes and the neurons read. We take a look at this aspect next.

5.4 Cross-Attention and MLPs communicate in
the word-token space

To better understand how MLPs and cross-attention communicate,
we apply logit-lens (see Sec. 5.2) to the output of the cross-attention
components. Thereby, we identify the tokens the cross-attention
output is most similar to. We sort all tokens in the vocabulary by
their logit value, and compute the proportion of non-document
id within the top 10, 100, and 1,000 tokens with the highest logits.
The results (Tab. 5) show that cross-attention heads mostly output
vectors that are more similar to non-document id tokens. Document
ids rarely appear in the top 1,000. Since MLPs are activated by
these outputs, these results suggest that cross-attention and MLPs
communicate in the space of non-document id tokens.

In addition, Tab. 6 displays the top 5 tokens for three queries in
Stage II after projecting the cross-attention head outputs in these
layers using logit-lens. Evidently, these tokens are semantically
similar to the input query. Among them are also tokens in other
languages, like German or French, that share similar semantics.
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Table 6: Examples of top 5 tokens whose logits were promoted by a given head when the model processed the query on NQ10k.

Query Head

Top 5 Words

who wrote the harry potter books

Layer 14 - Head 2
Layer 16 - Head 1

about, written, about, tailored, privire
books, ouvrage, books, authors, book

who won the football championship in 2002

Layer 16 - Head 1
Layer 16 - Head 13  football, Football, fotbal, soccer, NFL

year, YEAR, Year, year, jahr

will there be a sequel to baytown outlaws

Layer 12 - Head 8
Layer 16 - Head 1

erneut, successor, similarly, repris, continuation
town, towns, city, Town, village

It seems that the model has learned to perform query expansion
similar to other neural retrieval models [27].

This might indicate that the communication between cross-
attention and MLPs happens in the space of word-tokens, and
that cross-attention learns no information on the document ids or
propagates such information. We saw in Sec. 5.1 that the model
acquired several mechanisms that are part of the retrieval process
already during pre-training. Therefore, the communication in the
word space could also be a leftover from the next word prediction
task, which the model was originally trained on during pre-training.

6 The Retrieval Process in GenIR

This section summarizes our findings and provides a walkthrough
of the retrieval process discovered in our GenIR models. A high-
level overview of this process is displayed in Fig. 1.

Encoder. The model first embeds the query at the beginning of
the encoder, which then applies self-attention and MLPs to con-
textualize the input tokens. The encoder is not required to encode
information on the documents directly, as it can be replaced by an
encoder without document-specific information (see Sec. 4).

Priming Stage. The decoder embeds a generic start token. In the
first stage (layers 0-6), no query-specific information is required
(Sec. 5.1). The output of the MLPs moves document id tokens to
lower ranks and non-document id tokens to higher ranks (Sec. 5.2)
while adding information used by subsequent cross-attention.

Bridging Stage. In the second stage (layers 7-17), cross-attention
moves information from the encoder to the decoder. The cross-
attention heads output information on the input query to the resid-
ual stream, which resembles a form of query expansion (Sec. 5.4).
This information is then used to activate neurons (Sec. 5.3).

Interaction Stage. In Stage III (layers 18-23), cross-attention con-
tinues to output query information to the residual stream. At the
same time, the MLP neurons are activated and output informa-
tion that promotes document identifier tokens (Sec. 5.2). In the
last layer, only the MLPs are required. They do not read from the
last layer cross-attention component (Sec. 5.3). In this layer, all
non-document id tokens are moved to lower ranks, such that only
document id tokens will be predicted by the model (Sec. 5.2). This
stage received the greatest adaptation to the retrieval task during
the GenlR training, implying that corpus-specific information is
most likely be stored in this stage. Therefore, query and documents
interact only in this stage. Finally, in the last layer, the residual
stream is multiplied by the unembedding matrix, resulting in logits
for each token that are used to rank the document ids.

Although our results suggest that the same retrieval process is
present in all models we examined, differences were observable as
well. In models trained on larger datasets, MLPs in the first and
second stages seem similarly important, indicating that the priming
stage might be longer than for NQ10k.

7 Conclusion

We reverse-engineered the retrieval process in atomic GenIR mod-
els using mechanistic interpretability methods. First, we employed
an encoder trained on fewer or no documents, demonstrating
that the retrieval process within GenIR models does not rely on a
retrieval-tuned encoder. Our main contribution is uncovering the
pass through the decoder which can be divided into three stages:
(I) the priming stage, which prepares the residual stream for subse-
quent components; (II) the bridging stage, where cross-attention
transfers query information from the encoder to the decoder; and
(IIT) the interaction stage, where predominantly MLPs promote rele-
vant documents. Furthermore, our experiments revealed that GenIR
models can still rank documents effectively with only one-third of
their components. These results suggest that GenlR fine-tuning can
be optimized by selecting only crucial components for faster train-
ing or forcing to adapt all components for improved retrieval. Also,
removing inactive components will enhance inference efficiency.
Our experiments showed the retrieval process in atomic GenIR
models using two datasets, but we have not determined how models
learn these mechanisms, so we cannot ensure all GenIR models
operate the same way. The retrieval process re-uses existing mech-
anisms from pre-training, meaning different pre-training schemes
may result in varied retrieval mechanisms. Future work should
analyze the effects of training data and pre-training on retrieval.
We are releasing our models and code to support further research.
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