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Abstract

Retrieval-augmented generation (RAG) typically treats retrieval and generation
as separate systems. We ask whether an attention-based encoder-decoder can
instead retrieve directly from its own internal representations. We introduce INTRA
(INTrinsic Retrieval via Attention), a framework where decoder attention queries
score pre-encoded evidence chunks that are then directly reused as context for
generation. By construction, INTRA unifies retrieval and generation, eliminat-
ing the retriever-generator mismatch typical of RAG pipelines. This design also
amortizes context encoding by reusing precomputed encoder states across queries.
On question-answering benchmarks, INTRA outperforms strong engineered re-
trieval pipelines on both evidence recall and end-to-end answer quality. Our results
demonstrate that attention-based models already possess a retrieval mechanism
that can be elicited, rather than added as an external module.

1 Introduction

1.1 Motivation

Large language models are increasingly used in settings where the information needed to answer a
query is sparse relative to the full available corpus. This is the regime in which retrieval-augmented
generation (RAG) has become the default design: a retriever selects candidate evidence, which is
then used by a generator to produce an answer [20]. This decomposition is practical because naively
concatenating all available context into a single long prompt is computationally expensive, and even
large-context models remain brittle when the relevant evidence is sparse and distributed [39, 24].

At the same time, this standard framing encourages a strong architectural separation between retrieval
and generation. The retriever operates over indexed text or embeddings, while the language model
consumes the selected evidence only after that selection is complete. In practice this modularity is
often helpful, but it can obscure an important fact: attention is already a query-conditioned mechanism
for selecting and weighting relevant information. This motivates the central question of the paper:
can a single pretrained encoder-decoder retrieve the needed evidence and use it to answer a query?
More broadly, how much of RAG can be handled inside the model itself, without a separate retriever?

1.2 Retrieval as an intrinsic capability

We study question answering using a fixed knowledge base and ask whether a pretrained encoder-
decoder can retrieve, prioritize, and use evidence drawn from its own representation space. Our
central hypothesis is that pretrained attention-based models already possess an intrinsic retrieval
capability in this setting. We call this regime INTRA (INTrinsic Retrieval via Attention): rather
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Figure 1: Left: Standard RAG pipeline. An external retriever selects documents which are then
re-encoded by the decoder to produce an answer. Retrieval and generation operate in separate
representation spaces. Right: Our method, INTRA, uses a pretrained frozen encoder-decoder for
both retrieval and generation. The decoder retrieves relevant chunks through its cross-attention
queries, augmented with learnable retrieval tokens. The retriever and generator share a representation
space, allowing pre-encoded evidence to be reused across queries. No external retriever is required.
Numbers indicate the sequence of operations.

75 queries
External Q fretioval (5 @)retrieval . ©)|ceneration
Indexer e — .

. | 1
0 _—JJ Retrieve ! . " -@ : D. " -D
Ret
S ambeddings | — =
s K(S) Retrieval ' Retrieve
I
1
I

than relying on an external retriever, the model selects evidence and generates answers over the
representations produced by its own encoder.

The connection between attention and retrieval is made concrete in Section both are query-
conditioned matching operations over candidate states. Within this framing, INTRA transforms the
decoder’s cross-attention queries into scores for chunk-level retrieval. This perspective does not
suggest that attention mechanisms constitute a complete solution for large-corpus retrieval. Rather,
it suggests that a pretrained encoder-decoder contains the right interface for retrieval: query states
that express what the decoder needs, and encoded evidence states that can be selected and consumed
without translation into another representation space.

This design has several practical advantages. The same encoded chunk states are used for both
evidence selection and answer generation, reducing the mismatch between a separately trained
retriever and the generator it serves. Because those states are encoder memories, static evidence can
be encoded once and reused across queries instead of being repeatedly packed into a long decoder
context. Finally, the retrieval mechanism can be adapted with lightweight decoder-side retrieval
queries rather than a separately trained retriever, reducing the need for a dedicated retrieval system.

1.3 Contributions

* We formulate INTRA, in which a single pretrained encoder-decoder model uses one shared
representation space to couple evidence selection with answer generation.

* We identify a minimal architectural recipe for exposing this capability: the pretrained
encoder’s native chunk representations are reused directly, encoder-side late interaction per-
forms coarse retrieval, and decoder-side retrieval queries refine evidence without introducing
a separate retriever or compression model, as shown in Figure

* We show empirically that this unified retrieval-generation design is especially strong on
multi-hop QA. It rivals strong engineered retrieval pipelines despite their use of large-scale
training data, while utilizing the same latent evidence for both selection and generation.

* We characterize the computational profile of this design, including the reusable-context
regime that emerges when static evidence is encoded once and reused across queries.

2 Method

2.1 Framework formulation

We consider a retrieval-and-generation setting in which the model generates an output from a
small set of relevant evidence chunks. Let 7 = {¢;}}, denote the corpus of text chunks, and let



S C{1,..., M} denote the selected chunk indices. For a selected set, the retrieved text context is
7(S) = {ti :ieS},
where [-] denotes concatenation. Given an input = (e.g., a question), a decoder Dec produces the
output y conditioned on this context:
y = Dec(z,T(S)).

In a standard RAG pipeline, the selected set S is obtained from an external retrieval function,
S = retrieve(x, T'), and Dec is usually a separate LLM that generates from the retrieved text.

We focus on encoder-decoder models, where the same pretrained model can encode evidence and
decode the answer. The encoder Enc maps a text sequence ¢ to token representations

k = Enc(t) € RFe*?,

where d is the representation dimension. For each corpus chunk, we write k; = Enc(¢;) and denote
the pre-encoded chunk set by K = {k; }},. For a selected set S, the encoded context is

K(S) = [k ;z‘es},
where the same concatenation notation is now applied to token representations. Generation in our
setting conditions on the encoded context rather than on raw retrieved text, so
y = Dec(z, K(S)).
To make the decoder queries explicit, we use a view that isolates the cross-attention computation. Let
N q kT
Attention(q, k,v) = softmax() v.

Vd

During the forward pass that computes Dec(z, K (S)), let hg = x and let g, denote the query-side
state consumed by cross-attention in decoder layer ¢. The simplified internal recurrence is

@ = VYe(he-1),
z¢e = Attention(q,, K(S), K(S)), (1)
hf = (I)e(hﬁ—l7zé)7 gzlyaL

Here V., &, denotes the layer-specific transformation, including residual updates, self-attention,
feed-forward transformations, and normalization. The decoder output is then produced from the final
internal state, where Out denotes the model’s final text-generation head.

y = Dec(z, K(S)) = Out(hr).
We also mark Dec for the same decoder forward pass, with the intermediate query states exposed:

Ve=1,...,L:q = Decy(z, K(S)).

2.2 Attention-based retrieval

Cross-attention already scores decoder-side query states against encoder-side token representations.
We use the same matching signal to rank chunks before generation. Our goal is to convert the
token-level comparison in Eq.[l|into a single retrieval score for each encoded chunk ;. To obtain
these scores with a pre-trained frozen decoder, we augment the input x with R trainable retrieval

tokens p € R*4. Given token embeddings {z; }521’

the retrieval input is
Lretrieval = [$17~-~»$Lq,pl,~--,l)R]- (2)

To move from token-level attention scores to chunk-level retrieval scores, we use a scaled ColBERT-
style late-interaction score MaxSim [18]*. For sequences u € RY«*? and v € REv*4,

L uv’
MaxSim(u, v) £ max <> ,
—<h<Lo \ Vd /4

*The factor 1/ v/d has no effect on MaxSim ranking; it is included only to make the similarity to the attention score explicit.




MaxSim uses the same scaled token-level dot product as attention, but aggregates by taking the
best-matching chunk token for each query token rather than applying a softmax over all tokens.

With learned per-layer aggregation weights oy, the score for chunk 7 is

si 2 a/MaxSim(qs, k;) where g = Decy(Zretrieval, K (S0)) , 3)
)4

where S is the initial chunk selection (See section for how Sy is constructed). We then select the
chunks with the largest scores:

Sintra = {i € {1,..., M} : s; is among the top-n scores} . )

Thus, SiNnTraA 1S the set of selected chunk indices. Then the ordinary decoder generates from that
selected context:

Yy = Dec (l’, K(SINTRA)) . (5)
Inference thus consists of two decoder forward passes over the pre-encoded chunk set K = {k; }}4;:

a retrieval pass ﬁ&:(mretrieval, K(Sp)) that exposes the query states {g,} used in Eq. to score all
chunks, followed by a generation pass over the selected context K (SinTrA )-

2.3 Initial context selection for retrieval

A natural initial chunk set Sy in our setting is to select chunks whose encoded representations are
most similar to the encoded input. Let &, = Enc(z). We define

Sl(_o) = MaxSim(k,, k;), So = {z e{l,...,M}: sl(-o) is among the top-ng scores} . (6)

This initialization provides the decoder with a useful starting context, but it does not restrict the final
retrieval set. The set SinTra is still selected by scoring the full corpus as in Eq.[d] and can therefore
include chunks outside Sy. This differs from reranking methods, which only reorder an initially
retrieved candidate set. Another possible initial selection is the empty set Sg = 0, in which case
cross-attention is the identity function and 2y = ¢, in Eq.

3 Practical Implementation

We now describe the practical changes needed to adapt pretrained encoder-decoder attention models
to the INTRA framework. Our implementation starts from TSGemma?2 [41] and modifies the decoder
cross-attention so that pre-encoded chunk states can be reused directly for retrieval and generation.

3.1 Shared context representations across layers

In TSGemmaz2, as in other Transformer-based encoder-decoder models, the cross-attention computa-
tion z; = Attention(gy, K(S), K(S)) defined in Eq.[1|does not take dot products directly against
the raw stored encoder states K (S). Instead, the key inputs to the attention function are subject
to layer-specific transformations. The corresponding keys are typically computed by applying an
RMSNorm with learned scale vk ¢ and a linear projection matrix Wi ¢. Thus, in Eq.|l|and related
equations, we would need to replace K (S) with K,(S) = (RMSNorm(K(S)) ® vk,¢) Wk e. This
would require computing layer-specific representations K,(.S) to evaluate MaxSim for retrieval,
rather than evaluating against a single reusable context across all layers.

To avoid this overhead, we propose reversed query-key projection Reverse-QWK (or RQOWK), a novel
technique that stores one normalized encoder representation K (S) = RMSNorm (K (S)) and moves
the learned key scale i ¢ and projection matrix W ¢ to the query side, defining a modified query
transformation:

@ = (aWg.0) © VK-
Cross-attention can then be computed against the same normalized encoder states for all layers,
maintaining equivalence with Eq.[T}

WK (S)"

2 = Attentionrqwx (Gr, K (S), K(S)) = softmax ( 7

) K(S) @)

4



The MaxSim score in Eq. 3| is computed using these same quantities, MaxSim(qy, k;) (where
k; = RMSNorm(k;)), so retrieval and attention operate in the same representation space. This
preserves the attention scores while allowing retrieval queries from different decoder layers to operate
on the same stored chunk pool K (S).

We use Reverse-QWK only as an implementation device; the full derivation including per-head
treatment under Group-Query Attention, handling of positional embeddings, and the resulting
memory savings are deferred to Appendix

3.2 Retrieval training objective

Let O(z) C {1,..., M} denote the oracle evidence chunks for input x (e.g., a question). When
explicit retrieval supervision is available, we train the retrieval scores s; from Eq. 3] with a soft
cross-entropy objective that assigns equal target mass to all oracle chunks:

1

Lretrieval = — 77 Z log (SOftmaX(S)j) ’
10(2)] .
Jj€O(x)
where s = [s1,...,sy]. With the decoder frozen, this objective updates the retrieval tokens p in

Eq.[2]and the layer aggregation weights « in Eq.[3] teaching the induced decoder queries to place
probability mass on the oracle evidence set.

3.3 Approximate similarities with pooled chunk embeddings

Computing MaxSim against every token is expensive when chunk length L. is large. For efficient
scoring, we replace each encoded chunk k; € R¥<*4 with a fixed-length mean-pooled sequence k; €

RE»*d where L,, < L.. Retrieval scores are computed using El in place of k;. This approximation is
natural for INTRA because the pooled vectors are fixed averages of the model’s own encoder states,
requiring no additional compressor or compression-specific training (distinct from latent-compression
approaches [[T1]]). We find that small values such as L,, € {3, 5, 7} substantially reduce MaxSim cost
while preserving the shared-representation design.

4 Benchmarks and Experimental Setup

We evaluate INTRA on four Wikipedia-based QA benchmarks: HotPotQA [38]], 2WikiMultihopQA
[12]], MuSiQue [34]], and Natural Questions [19]. Together they span bridge and comparison reasoning,
cleaner two-hop evidence chains, compositionally harder multi-hop questions, and single-hop open-
domain QA. We build one shared retrieval candidate pool for all four benchmarks under a fixed
budget of approximately 100M tokens, containing 759K chunks in total. Full details on the context
pool construction and split statistics are provided in Appendix

We compare INTRA against nine retrieval baselines, including sparse lexical methods (TF-IDF
[29], BM25 [28]]), dense single-vector models (BGE-large [37], Qwen3-Embedding-0.6B/4B [42]),
reranking (Jina reranker [14]]), hybrid RAG (RRF [6]), and a ColBERT-style MaxSim late-interaction
baseline [18] (details in Appendix [B.2). For retrieval, we report complete-evidence recall at k €
{5, 10,20}, defined as the fraction of examples where all oracle chunks are retrieved. For end-to-end
QA, we take the top-5 retrieved chunks, pack their pre-encoded TSGemma2 representations as
cross-attention context, and generate answers with the TSGemma?2 model, reporting exact match
(EM) and token-level F1. All experiments use the open retrieval setting.

Implementation Details. We initialize from a TSGemma?2 4B-4B checkpoint, warm-started on the
CLaRa QA pretraining dataset [11] and adapted on our training splits. During retrieval training,
the encoder and decoder backbones are frozen, optimizing only the retrieval token embeddings p;
(~ 164K parameters) and layer aggregation weights oy (272 parameters). Initial context Sy uses
ng = 20 and pooled chunks of length L,, = 7. At evaluation, QA builds a five-chunk context: the top
four retrieved chunks from SyxTra plus the top initial context chunk from Sy. We then generate with
deterministic greedy decoding. Further details and ablations are reported in Appendices and
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Figure 2: Complete-evidence recall: the percentage of examples for which all supporting facts are
retrieved. INTRA performs best on multi-hop benchmarks (HotPotQA, 2Wiki, MuSiQue) that require
evidence assembly. NQ’s single-hop nature minimizes this benefit.

5 Results

We organize the results around the three empirical questions that motivate the paper. First, does
INTRA improve retrieval of complete evidence sets (Section[5.1)? Second, do those gains translate
into better end-to-end answer quality (Section[5.2)? Third, what efficiency advantage appears once
chunk representations are reused rather than re-encoded from raw text (Section [5.3))?

5.1 Retrieval Results

Figurereports complete-evidence recall for k € {5, 10, 20} across the four evaluation benchmarks.
Complete-evidence recall @k is the fraction of examples for which al/ annotated supporting chunks
are retrieved within the top-k results. We view this metric as the clearest proxy for retrieval quality,
because it rewards recovering the full supporting set rather than only incomplete supporting evidence.

The main pattern is that INTRA is strongest on multi-hop retrieval settings that require assembling
multiple pieces of evidence (HotPotQA, 2Wiki, MuSiQue). INTRA’s ranking leverages decoder
attention weights, which serve as a proxy for the informational requirements of the answer generation
process. This advantage is less pronounced on NQ, where retrieval often reduces to finding one
directly supporting passage, leaving less room for decoder-guided evidence assembly. Appendix [C]
reports the full retrieval results.

In Fig. [3| we also compare three top-5 evidence sets: the initial retrieval set Sy, the same initial set
reranked by the decoder scores s; from Eq. EL and the final INTRA set SinTra from Eq. El The
results show that reranking Sy is beneficial, but full-corpus INTRA scoring yields the largest gains by
recovering evidence absent from the initial pool.

5.2 [End-to-End Question-Answering Results

Table[T]evaluates the end-to-end retrieval-and-generation behavior of INTRA. We vary the retrieval
method while keeping the same TSGemma?2 decoder for generation, reporting both exact match
(EM) and token-level F1 (full results are in Appendix [C). INTRA surpasses all baselines on multi-
hop benchmarks (HotPotQA, 2Wiki, MuSiQue), consistent with the results of Section@ This is
notable because INTRA’s retrieval signal comes from a frozen decoder pretrained only for generation,
whereas baselines such as BGE and Qwen-Embedding are pretrained for retrieval on large-scale
retrieval corpora (that include HotPotQA and NQ as supervision (33} 42])).
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Figure 3: Complete-evidence recall@5 for the initial set Sy, Sy reranked, and the final set S;NTRA -
INTRA performs corpus-wide scoring and can recover evidence outside the initial candidate pool.

Table 1: End-to-end question-answering performance across retrieval methods with a fixed
T5Gemma?2 generator. INTRA performs best on all multi-hop benchmarks.

HotPotQA 2Wiki MuSiQue NQ Average

Retrieval method EM F1 EM F1 EM F1 EM F1 EM F1

TF-IDF 342 445 390 427 53 14.6 349 429 284 362
BM25 405 520 417 452 7.7 16.8 434 51.8 333 415
MaxSim 40.7 522 41.6 458 10.1 198 484 57.8 352 439
Hybrid RAG 434 543 460 499 106 20.1 505 59.1 376 458
BGE 419 53.0 46.1 496 108 19.7 522 612 378 459
Qwen3-Emb-0.6B 37.0 477 457 498 11.1 200 364 446 326 405
Qwen3-Emb-4B 40.3 512 46.0 50.1 127 21.8 545 637 384 46.7
Qwen3-Emb-4B + Reranker 41.6 53.6 468 50.8 133 225 551 642 392 475
INTRA 464 58.0 492 532 140 23.0 512 603 40.2 48.6

Table 2] compares using a shared decoder for retrieval and generation against coupling an INTRA
retriever with a stronger generator. While superior reasoning and parametric knowledge allow
more capable generators to boost performance, INTRA retrieval enhances performance by aligning
evidence with the decoder’s specific attention patterns. To isolate the impact of generator strength,
we measure how much of the EM gap between random and complete-evidence contexts is closed by
INTRA:

EM(INTRA) — EM(random)

EM(complete) — EM(random)’

where the parenthetical term indicates whether generation uses chunks from SynTgr A, random chunks,
or the complete-evidence (oracle) chunks. Utilizing the same T5Gemma2 decoder for both retrieval
and generation closes the largest average gap, demonstrating the benefit of coupling the retriever
and generator. This highlights the need for stronger INTRA backbones, given that open-source
encoder-decoder models are currently scarcer and weaker than decoder-only options.

GapClosure = 100 -

5.3 Efficiency Results

INTRA’s encoder-decoder design also yields a direct efficiency benefit. Standard RAG typically
retrieves text, so after retrieval the generator re-encodes the selected chunks before decoding. INTRA
retrieves pre-encoded chunks from K instead, and those states feed into generation as decoder cross-
attention memory. Retrieval and generation incur their usual costsﬂ but the selected evidence is no
longer re-encoded at query time. Table 3] summarizes this computational trade-off (detailed analysis
in Appendix [D). Furthermore, storing these representations is practical, as storing a 1-billion-token
corpus quantized to 8-bit precision requires around 2.5 TB of storage (see Appendix [A.3]for details).

We isolate this effect with a time-to-first-token (TTFT) benchmark in FigureE[, which measures the
generator-side cost after evidence has been selected. As the number of retrieved chunks k increases,
INTRA’s prefilling time remains small because it reuses stored chunk states, while standard RAG
becomes slower. Appendix [D.4]provides the setup and further generation throughput measurements.

IRetrieval complexity scales as O(v/' M LgL.) in practice using inverted file (IVF) approximate nearest-neighbor (ANN)
search e.g. with FAISS or cuVS, [T5L27].



Table 2: Generator compatibility with a TSGemma2-INTRA retriever. Gap closure measures the
percentage of the EM gap from random chunks to complete-evidence chunks recovered by INTRA
retrieval. Sharing a decoder across retrieval and generation aligns the retrieved evidence with the
generator’s attention, closing the largest gap.

Generator HotpotQA  2Wiki  MuSiQue NQ Average
Mistral0.3-7B 50.0% 21.6% 24.0% 56.8% 38.1%
Phi4-3.8B 55.9% 18.4% 18.9% 68.7% 40.5%
Llama3.1-8B 61.9% 38.8% 23.1% 71.1% 48.7%
Gemma4-E2B 63.0% 47.5% 25.7% 74.2% 52.6%
Qwen3.5-9B 64.0% 48.0% 26.1% 78.5% 54.1%
Qwen3.5-27B 63.2% 51.8% 23.9% 76.5% 53.8%

T5Gemma2-4B (same as retriever) 66.4% 56.8% 38.5% 75.9% 59.4%

Table 3: Computational trade-offs across full-context prompting, standard RAG, and INTRA. Vari-
ables denote number of corpus chunks M, chunk length L., query length L, retrieved chunks k,
and generation length L,. INTRA has the same retrieval and generation terms as RAG, but avoids
re-encoding retrieved evidence during prefilling when chunk representations are reusable across
queries. In our setting where M >> k, full-context prefilling is computationally infeasible.

Model Pre-Query Retrieval Prefilling Generation

Full Context o(1) o(1) O((Lg + ML.)*) O(Ly(Ly+ ML+ Ly))
Standard RAG  O(ML2%) OGKWMLyL:) O((Lg+kL:)?)  O(Lg(Lq+kLe + Ly))
INTRA OML2)  OKWMLGL:) O(Lg(Lg+kLe))  O(Lg(Lq+kLe + Ly))

6 Related Work

Retrieval-Augmented Generation Pipelines. Most knowledge-intensive QA systems adopt a
modular retrieval-then-generation architecture. REALM incorporates retrieval into language-model
pretraining [10], and RA-DIT later instruction-tunes both retriever and generator [23]. DPR es-
tablished dense passage retrieval as a strong open-domain QA primitive [16], and RAG couples
a retriever with a sequence-to-sequence generator [20]]. Atlas [[13] jointly pre-trained a retriever
with an encoder-decoder generator, to optimize few-shot learning from unstructured text. More
recently, CLaRa [11] compresses documents into retrievable latent vectors, and jointly optimize
reranking and generation. INTRA differs from CLaRa along three axes: (i) it reuses the model’s
native representation space, (ii) it performs full-corpus scoring, and (iii) it is built upon a frozen
encoder-decoder model.

Multi-pass agentic RAG systems instead interleave reasoning and repeated retrieval [21} |1} [31]].
INTRA targets the single-pass retrieval block that could be used within such pipelines, rather than
the pipeline-level agentic loop itself.

Late Interaction and Representation-Space Retrieval. Our retrieval formulation is close to late-
interaction systems such as ColBERT [[18]], ColBERTv2 [30] and ColPali [8]], which compare query
and document tokens via MaxSim-style matching over multi-vector representations. Whereas late-
interaction systems rely on a dedicated retriever to score query-document matches, INTRA lets the
decoder’s own cross-attention perform this matching and then consume the matched representations
during generation.

Memory, Latent Retrieval, and Unified Retrieval-Generation. Attention has long been viewed
as content-based memory access. Memory Networks [32] framed QA as differentiable lookup, while
RETRO [4.[36]] inject retrieved chunks into the model’s computation. Similarly, Titans [2] argues that
long-context modeling requires explicit memory mechanisms rather than larger attention windows.
This intuition is compatible with our perspective, yet they differ in the source of memory: Titans
learns one, while INTRA reuses the model’s activations over a evidence pool.

Long-Context Modeling and Efficient Sequence Architectures. Transformer architecture dom-
inance for language modeling can be largely attributed to self-attention, which provides flexible
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Figure 4: Time to first token vs. number of retrieved chunks k, excluding retrieval time. INTRA
reuses pre-encoded evidence, while standard RAG re-encodes the retrieved text before decoding.

token interactions [35]. However, dense attention’s quadratic cost hinders long-context scaling,
prompting sparse and linear alternatives [3, 40, |5, [17]. More recent models, such as Mamba, explore
further reductions in context-processing cost [9,[7 25} 22]]. However, recent long-context benchmarks
suggest that merely increasing the window size does not ensure robust evidence use when relevant
information is sparse [39, [24]. Our goal is therefore not to replace long-context modeling, but to
study a setting in which sparse evidence must be identified and used reliably.

7 Limitations

Our experiments focus on a fixed context pool. We discuss the practicality of a billion-token corpus
in App.[A.3] but do not position INTRA as a replacement for RAG in open-web retrieval or web-
scale settings. Likewise, while we show that a pretrained encoder-decoder exhibits strong retrieval
behavior in this regime, we do not show that this mechanism generalizes to a general-purpose retriever.
Moreover, we focus on a single implementation family: a TSGemma?2-style encoder-decoder with
Reverse-QWK, evaluated on text-QA benchmarks with short answers. INTRA’s reliance on encoder-
decoder cross-attention also excludes decoder-only models. Extending these findings across scales,
modalities, dynamic corpora, and architectures is left for future work.

The systems evaluation isolates a single mechanism. TTFT in Sec. [5.3| excludes retrieval time to
isolate the cost of re-encoding versus reuse. Deployment cost also depends on indexing, storage
format, and data movement, and token-level memories can be substantially larger than compressed
retrieval indices, so end-to-end trade-offs may differ from those analyzed here.

8 Conclusion

Our central conclusion is conceptual: retrieval capabilities, typically outsourced to a separate module,
can be carried out within an encoder-decoder’s representation space. We introduce INTRA, a
framework that unifies retrieval and generation by eliciting the intrinsic retrieval mechanism of
attention-based models. By utilizing the same pretrained model for both tasks, INTRA eliminates the
representation mismatch between the retriever and generator.

Empirically, INTRA shows strong performance on multi-hop question-answering benchmarks (Hot-
PotQA, 2WikiMultihopQA, and MuSiQue), achieving results competitive with or exceeding several
engineered RAG pipelines in both complete-evidence recall and end-to-end answer quality. Moreover,
this shared-space formulation can yield a computational advantage: static evidence can be encoded
once and reused across queries, reducing prefilling costs and time-to-first-token during generation.
Ultimately, these findings suggest that attention-based encoder-decoders may offer a promising,
unified alternative to traditional modular RAG architectures.
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Supplementary Material

Retrieval from Within: An Intrinsic Capability of
Attention-Based Models

A Reverse-QWK

In Transformer encoder-decoder models like TSGemma?2, the standard attention logits for decoder
layer £ are evaluated against keys computed from static encoder representations K (S):

ak/

Vd

Because the projection Wi ¢ and learned scale yx ¢ are layer-specific, evaluating these logits requires
computing a separate K for every layer. This makes it difficult to leverage a single approximate
nearest neighbor (ANN) index built on the shared encoder representation.

where k¢ = (k ®© vr0 )Wk, k=RMSNorm(K(S)) ®)

By moving the key projection and learned scale to the query side, Reverse-QWK defines a transformed
query:

G = (@Wxy) ©Ve ©)
Substituting this into the standard logit computation, and letting I'x , = diag(yx ¢), we see the
logits remain identical:

- T
K" =q (FTk, Wk )

= %W;KI‘K,U_CT

= ((¢Wk0) O kT (10)

qe

This allows attention scores to be written as direct dot products (gzk " )//d against one normalized
encoder pool k, enabling a single ANN index to be shared across layers and heads.

A.1 Dimensionalities and Group-Query Attention

The simplified equations above suppress head structure for clarity. In TSGemma2 the decoder uses
Group-Query Attention (GQA): each layer has nj, query heads but only ny, < nj key/value heads,
with replication factor nep = 15, /Ny, S0 each KV head is shared by n,, Q-heads. With encoder
hidden size d and per-head dimension d;,, the relevant tensors are

+ K(S) € RV*? and k = RMSNorm(K(S)) € RV*4: a single, head-agnostic, shared
encoder pool;

s Wk € R¥*mvdn | viewed as ny., per-KV-head blocks W1(<g )Z € R4xdn.

* Yk € R4 the per-head-dim RMSNorm scale shared across KV heads;

o qp € REaxnnxdn with per-Q-head slices qéh) € R,

At the per-head level the Reverse-QWK transformation in Eq. [9]becomes
h h R)NT
" = (0" O vce) W) e BT g(h) = [h/nep ),

so each Q-head h uses the W block of the KV-group g(h) it belongs to, and lifts qéh) from R% into
the shared encoder space R?. The dot product Z]ﬁh)ly

Eq.|[8|(1/+/dp, in the TSGemma?2 implementation).

Because k has no head dimension, GQA combines naturally with Reverse-QWK: in standard cross-
attention GQA still requires expanding K to nj, heads on the encoder side, costing O(N ny, dp,)
memory; under Reverse-QWK only the head-agnostic pool k is materialized, costing O(Nd) regard-

inherits the standard per-head attention scale of

less of nj,, and the GQA replication of Wl((g ) across the nyep Q-heads of each group happens entirely
on the (small) query side.
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A.2 Implementation Details

The following PyTorch-style pseudocode illustrates the Reverse-QWK cross-attention computation,
including the GQA structure described in Sec.[A.T] Compared to the standard TSGemma2 cross-
attention, the only structural change is that W}, and ~y;, are moved to the query side, and K is replaced
by the shared, head-agnostic, d-dimensional pool k£ — V' and the rest of attention are unchanged.

def reverse_qwk_attention(x, kv_x, W_q, W_k, W_v, gamma_k):

# x: [batch, g_len, dim] decoder hidden states

# kv_x: [batch, kv_len, dim] already-RMSNormed encoder pool: kv_bar

# W_q: [n_h * d_h, dim] nn.Linear weight, n_h Q-heads

# W_k, W_v: [n_kv * d_h, dim] nn.Linear weight, n_kv KV-heads (GQA, n_kv <= n_h)
# gamma_k: [d_h] per-head-dim K-norm scale (shared across KV-heads)
# n_rep = n_h // n_kv Q-heads per KV-group

# Standard per-head Q projection (q_norm and RoPE on q omitted for brevity)

Q = (x @ W_q.T) .view(batch, g_len, n_h, d_h) # [B, gq_len, n_h, d_h]

# Reverse key projection: gamma_k first (per d_h), then W_k.T (per Q-head, GQA-replicated)
W_k_per_kv = W_k.view(n_kv, d_h, dim) # [n_kv, d_h, dim]

W_k_per_q = W_k_per_kv.repeat_interleave(n_rep, dim=0) # [n_h, d_h, dim] (GQA replication)
Q_tilde = einsum(’bghd,hdi->bhqi’, Q * gamma_k, W_k_per_q) # [B, n_h, q_len, dim]

# kv_x is already the shared pool kv_bar = RMSNorm_d(K(S)); one key per token, head-agnostic
kv_bar = kv_x.unsqueeze(1) # [B, 1, kv_len, dim] (broadcast over heads)

# Scores: dot product over the full embedding dim d, per-head scaled by 1/sqrt(d_h)
scores = (Q_tilde @ kv_bar.transpose(-2, -1)) / sqrt(d_h) # [B, n_h, q_len, kv_len]

# V keeps the standard GQA path: project to n_kv heads, then expand to n_h via repeat_kv
V= (kv_x @ W_v.T).view(batch, kv_len, n_kv, d_h)

V = repeat_kv(V, n_rep).transpose(1l, 2) # [B, n_h, kv_len, d_h]
output = softmax(scores, dim=-1) @ V # [B, n_h, q_len, d_h]
return output # then reshape and apply W_o

A.3 Practical Considerations

Sharing k across layers and heads: Standard cross-attention requires materializing layer- and head-
specific keys kég ) = (k®~y K, Z)Wi((g )e per encoder token, for every decoder layer £ and KV-group g,
and (under GQA) further replicating them across the n;, Q-heads at attention time. Reverse-QWK

instead stores the single, head-agnostic pool & € RV *? (Sec.|A.1), where N is the number of tokens
in the corpus and d is the embedding dimension. It then pushes the layer/head-specific factors yx ¢

and W1(<g, yl)) onto the (small) query side via Eq.@ A single ANN index over k therefore serves all
decoder layers and Q-heads.

Position embeddings: As in standard encoder-decoder cross-attention, RoPE is applied to the
decoder queries g, but not to the encoder representations — in TSGemma?2 this is enforced by skipping
the encoder prefix when applying RoPE to the merged KV stream. Reverse-QWK preserves this:
ROPE is applied to g; before the transformation in Eq. E], while k£ remains positionally invariant and
can be precomputed once per corpus.

Storage footprint and quantization: Because % has no head- or layer-specific axis, its size scales as
N X d, independent of nj, and the number of decoder layers. For a 1B-token corpus at d = 2560
(the hidden size of our TSGemma2 4B-4B model) and 8-bit precision, this is 109 x 2560 ~ 2.56 TB,
which fits on a single NVMe SSD; product quantization or further compression could shrink this
substantially. Values V' are not needed for retrieval and only enter cross-attention at generation time,
where they are computed on-demand as V' = Wy, - encoder_kv for the (small) top- set of selected
encoder positions, so they need not be precomputed or stored offline.

Compressed cross-attention KV cache for prefill: Beyond enabling a shared ANN index, &k can
be viewed as a heavily compressed cross-attention KV cache. A standard cross-attention KV cache
for L decoder layers stores layer-specific projected K and V for every encoder token, totalling
2L nydy, scalars per token; Reverse-QWK stores a single d-dimensional vector per token, shared
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Table 4: Complete-evidence recall: the percentage of examples for which all supporting facts are
retrieved. INTRA performs best on multi-hop benchmarks (HotPotQA, 2Wiki, MuSiQue) that require
evidence assembly. NQ’s single-hop nature minimizes this benefit.

HotPotQA 2Wiki MuSiQue NQ
Retrieval method R@5 R@10 R@20 R@5 R@10 R@20 R@5 R@I0 R@20 R@5 R@10 R@20
TF-IDF 18.2 259 35.5 14.0 19.3 24.7 1.5 2.4 4.8 7.5 11.3 16.2
BM25 322 41.0 48.9 174 23.2 28.4 34 55 7.3 14.0 21.9 32.7
MaxSim 36.1 46.3 54.2 16.7 22.6 27.5 53 8.0 11.9 20.9 29.5 39.0
Hybrid RAG 48.0 61.8 71.2 29.1 36.0 40.9 6.2 11.1 17.1 229 35.5 49.8
BGE 54.8 63.5 69.6 30.9 35.9 40.1 6.5 11.2 15.7 29.6 39.0 475
Qwen3-Emb-0.6B 35.9 44.2 50.4 28.0 333 36.8 5.7 10.7 15.5 25.6 344 42.0
Qwen3-Emb-4B 44.6 53.5 61.1 32.8 37.2 40.8 8.8 14.7 19.7 30.3 40.0 50.5
Qwen3-Emb-4B + Jina reranker ~ 48.8 59.6 65.4 354 40.3 435 10.1 16.6 20.6 319 42.0 50.9
INTRA 59.9 70.9 76.1 40.7 50.3 55.2 12.8 18.9 23.7 29.1 38.3 459

across all layers and Q-heads. The resulting compression ratio is 2L nydj, /d, which is exactly 2L
in the multi-head limit ny,d, = d (its theoretical maximum) and somewhat smaller under GQA;
for our TSGemma?2 4B-4B model (L = 34, ny,dp, =~ d/2.5) it is on the order of ~ 30x. Because
k already incorporates the encoder forward pass and the only remaining layer-specific work is
one query-side multiplication by Wi ¢ and vk ¢ (Eq.[J), cross-attention prefill against a cached
corpus never re-encodes evidence or recomputes layerwise K — the prefill cost reduces to a per-layer
transformed-query/k dot product plus on-demand V' for the top-k selected positions.

B Retrieval setup

B.1 Retrieval Training Details

We initialize from a TSGemma2 4B-4B checkpoint whose decoder is first fine-tuned on the CLaRa
QA pretraining dataset [[11]. This warm-start serves three purposes: aligning the decoder with
QA-style generation, adapting generation to chunk-based pre-encoded representations rather than
re-encoded text, and incorporating the Reverse-QWK reparameterization of cross-attention. We then
jointly adapt on the HotPotQA, 2Wiki, MuSiQue, and NQ training splits using pre-encoded evidence
from the shared candidate pool.

During retrieval training, we optimize only the retrieval-specific parameters: 64 trainable retrieval
token embeddings {p;} corresponding to approximately 164K parameters, and the learned layer-
head aggregation weights {«; 4} used to score chunk vectors corresponding to 272 parameters. The
retrieval score is computed from the query states at the R retrieval-token positions only; the query
states at the input-token positions are not used for scoring. Initial context can be retrieved with
efficient approximate late-interaction search methods such as [30]. Retrieval training runs for 10K
optimization steps with AdamW, learning rate 3 x 103, 100 warmup steps, and global batch size
256.

B.2 Baseline Details

We compare INTRA against nine retrieval baselines. As sparse lexical baselines we use TF-IDF [29]]
and BM25 [28]]. As dense single-vector baselines we use BGE-large [37]], Qwen3-Embedding-0.6B,
and Qwen3-Embedding-4B [42]. For BGE and both Qwen models, we encode the query and each
candidate chunk independently and rank all chunks in the shared pool by cosine similarity. We
further evaluate Qwen3-Embedding-4B with the Jina reranker [14], and a hybrid RAG baseline that
combines BM25, TF-IDF, BGE-large, and Qwen3-Embedding-0.6B rankings using reciprocal rank
fusion (RRF) [6]. We also evaluate a ColBERT-style MaxSim late-interaction baseline [18]] that
scores query embeddings against chunk-vector encodings in the TSGemma encoder output space.

C Additional Results

Table[dreports the complete-evidence recall values shown in Fig[2] Tables[5|and|[6 present end-to-end
question-answering EM and F1 scores, respectively, across various retrieval methods using a fixed
T5Gemma generator. These tables include the 95% confidence intervals.

16



Table 5: End-to-end question-answering EM across retrieval methods with a fixed TSGemma genera-
tor. Errors are 95% Cls.

Retrieval method HotPotQA 2Wiki MuSiQue NQ

TF-IDF 342+10 39.0+08 53£09 349412
BM25 405+10 41709 77410 434+1.1
MaxSim 40711 416+09 10.1+12 484+12
Hybrid RAG 434+11 460+09 106+£12 505+1.2
BGE 419+1.1 461+09 108+12 522+1.2
Qwen3-Emb-0.6B 370+£1.1 457409 11.14+12 364+13
Qwen3-Emb-4B 403+12 460+09 127+£13 545+13
Qwen3-Emb-4B + Reranker 41.6 £1.2 468+ 1.0 133+1.3 551+1.2
INTRA 464 +1.1 492+09 140+13 512+12

Table 6: End-to-end question-answering F1 across retrieval methods with a fixed TSGemma generator.
Errors are 95% Cls.

Retrieval method HotPotQA 2Wiki MuSiQue NQ

TF-IDF 4454+10 427407 146+1.1 429+1.0
BM25 520£09 452+£07 168+12 51.8+1.0
MaxSim 522+10 458+08 198+13 578+1.0
Hybrid RAG 543£10 4994+08 201413 59.1+1.1
BGE 53.0£10 496£08 197413 612+1.1
Qwen3-Emb-0.6B 477+£10 498+09 200+14 446+1.1
Qwen3-Emb-4B 512+11 501£08 218+14 637+1.1
Qwen3-Emb-4B + Reranker 53.6 £ 1.1 508+ 08 225+14 642+12
INTRA 580+10 532+08 23.0+14 603=+1.1

C.1 Ablation Study

Table[7]isolates the main design choices in INTRA’s retrieval path. We vary the initial context Sy
(removing it, using it directly as the final retrieved set, changing its similarity metric, or increasing
its size), the pooled chunk length L,,, the number of retrieval tokens, and the method for choosing
chunks for generation. The results show that both the initial context and learned retrieval-token
scoring are important: removing Sp, replacing it with cosine-only retrieval, or using a single retrieval
token substantially reduces complete-evidence recall and EM.

D Supplementary Efficiency Analysis

Let IV denote the total number of tokens in the evidence pool, let L. denote the number of tokens per
chunk, let M ~ N/L. denote the number of chunks, let L, denote the query length, let k = |S(q)|
denote the number of selected chunks, and let L, denote the output length. As in the main text, we
express the query-time retrieval cost as O (v M LyL.), which is the practical scaling of the MaxSim
operator [18] when using inverted file (IVF) approximate nearest-neighbor (ANN) indices, such as
FAISS or cuVS.

We assume transformer-based encoders and decoders [33]], so encoding a sequence of length L costs
O(L?) under dense attention. The goal of this appendix is not to provide a hardware-faithful latency
model, but to make explicit where each family of methods spends computation. We omit layer, head,
and hidden-dimension factors.

D.1 Full Context Prompting

Long-context prompting performs no reusable precomputation. The query and all available evidence
are concatenated into one input sequence, so the full cost is paid at inference time:

Pre-query = O(1), Prefill = O((N + L,)?), Generation = O(Ly(N + L, + Ly)).

This setting is attractive when the full context must be processed jointly, but it becomes expensive
when relevant evidence is sparse relative to the corpus.

17



Table 7: Ablations of INTRA retrieval and generation components on HotPotQA and 2Wiki with
k = 5 retrieved chunks. We report complete-evidence recall at 5 (CE-recall@5) and exact match
(EM).

HotPotQA 2Wiki

Design choice CE-recall@5 EM CE-recall@5 EM

INTRA 59.9 46.4 40.7 49.2

So = 0 (no initial retrieval, Sec. i 26.9 (-33.00 33.2(-13.2) 154 (—25.3)  38.3(-10.9)
Sintra =S80 (only init. retrieval, Sec.[2.3)  37.1 (—22.8)  40.7 (—5.7) 17.7 (-23.00  41.6 (~7.6)
So based on cosine similarity (Sec. ) 30.1 (—29.8)  35.6(—10.8) 15.0 (—25.7)  39.2 (-10.0)
Pooled chunk length L, = 1 (Sec.[3.3) 48.9 (-11.00 439(-2.5 266 (-14.1)  45.0(-4.2)
16 retrieval tokens (Sec. | 55.5 (—4.4) 452 (-1.2) 35.8 (—4.9) 48.2 (—1.0)
1 retrieval token (Sec. i 44.9 (—15.0) 42.8 (—3.6) 24.7 (—16.0) 44.2 (—5.0)
Top-5 only from SiNTRA (Sec. 51.7 (-8.2) 43.5 (-2.9) 35.0 (—5.7) 46.7 (—2.5)

D.2 Standard RAG

Standard retrieval-augmented generation preprocesses the corpus into chunks and encodes them
before query time. Under independent fixed-size chunking, this one-time pre-query work is

0(? : Li) = O(NL,).

At inference time, RAG first pays retrieval cost O(v M L,L.) and then re-encodes the retrieved text
together with the query:

Prefill = O((L, + kL.)?), Generation = O(L, (L, + kL. + Ly)).

Relative to long-context prompting, this reduces the amount of evidence re-encoded per query, but
still requires the generator to process the retrieved raw text from scratch. The main difference from
INTRA is the quadratic encoder-side re-encoding term.

D.3 INTRA

INTRA shares the same offline chunk-encoding term as standard RAG,
Pre-query = O(N L),

but changes what happens after retrieval. The model retrieves reusable chunk representations rather
than raw passages, so query-time work becomes

Retrieval = O(VML,L,.), Prefill = O(L,(L,+kL.)), Generation = O(Ly(Lg+kLc.+Lyg)).

The key distinction is that evidence is encoded once offline and then reused at query time, which
shifts work away from repeated evidence prefilling and toward reusable memory construction.

D.4 Additional Timing Results and Benchmark Details

The efficiency benchmark (Figure@in the main text) fixes Ly = L. = Ly = 128 and N = 65,536,
excludes retrieval time, and gives RAG and INTRA the same top-k chunks. It therefore measures
only the generator-side cost after evidence has been selected. The long-context baseline provides a
reference point, incurring O((L, + N)?) prefill by processing the query with the full evidence pool.
Standard RAG pre-fills over the query and k retrieved chunks, O((L, + kL.)?), whereas INTRA
reuses stored chunk states and pays only O(Lg) before the first token.

The measured curves follow the asymptotic comparison. As k increases from 1 to 500, INTRA TTFT
grows from 12.8 ms to 65.7 ms, while standard RAG grows from 23.1 ms to 1.25s; long-context
prompting is about 1.31s in the same setting. Figure [6] shows the same trend as chunk length
increases, whereas Figure [5] shows a smaller gap in generation throughput. All methods use the
same Reverse-QWK decoder, which lets normalized encoder states serve as reusable cross-attention
memory without precomputing separate layer-specific projected key/value states.
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D.5 Compute Resources

Training was run on NVIDIA H100 GPUs with 80GB of memory per GPU. The largest training
configuration used up to 160 GPUs for the QA pretraining stage and for each retrieval/generation
model version. The longest training run was the QA pretraining stage, which took approximately 12
hours, corresponding to about 2,000 GPU-hours. The benchmark-specific retrieval and generation
training runs were much shorter, each accounting for less than 200 GPU-hours. Our training code

uses a modified implementation based on TorchTitan [26].

E Dataset and Pool Details

We use a deduplicated end-to-end QA dataset derived from the union of the per-benchmark datasets
constructed in CLaRa [11], with one training split and one evaluation split for each of HotPotQA,

2WikiMultihopQA, MuSiQue, and Natural Questions.
Following the setup of CLaRa, we build one shared retrieval candidate pool for all four benchmarks
under a fixed budget of approximately 100M tokens. We start from the benchmark-specific chunk

sets provided for HotPotQA, 2Wiki, MuSiQue, and NQ, merge them into one pool, and de-duplicate
chunks globally. We ensure coverage of all oracle chunks referenced by the QA examples and add

uniformly sampled non-oracle chunks without replacement until the budget is reached.

Table 8: Split statistics for the deduplicated end-to-end QA dataset used in our experiments.

Split Examples  Doc refs

2Wiki train 167,454 404,170
HotPotQA train 90,185 180,370
MuSiQue train 277,577 631,153

NQ train 53,301 276,872
2Wiki eval 12,576 30,654
HotPotQA eval 7,384 14,768
MuSiQue eval 2,417 6,404
NQ eval 6,489 42,182
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Across all splits, the saved dataset contains 617K QA examples and 1.6M document references. These
references cover 514,999 unique oracle chunks. The global context pool contains 758,500 chunks in
total: all 514,999 oracle chunks plus 243,501 non-oracle chunks sampled to reach the 100M-token
pool budget. The pool contains 69,734,081 whitespace-delimited words (91.94 words per chunk on
average, 106 median). Note that while 243K chunks are non-oracle for every example in the dataset,
from the perspective of any single example all other ~758K chunks in the pool, including those that
serve as oracles for other examples, act as distractors.
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