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Abstract

Soft compression stores a text span as k con-
tinuous compressed vectors for a frozen de-
coder, but existing compressors are usually
tied to the decoder used during training. We
study whether those vectors can be retargeted
to a different frozen decoder through its input-
embedding interface under a controlled re-
construction protocol. Our benchmark cov-
ers seven target decoders, three vector bud-
gets, and directed source–target pairs, compar-
ing Random, shared-embedding least squares
(LS), Converter-only, Enc-Conv, and target-
native ORIGIN. Converter-only maps vectors
from a frozen source compressor, whereas Enc-
Conv also adapts the source-initialized vector
generator. Transfer is feasible but decoder-
conditioned: trainable retargeting can approach
ORIGIN BLEU on decoder-compatible targets,
while LS is often close to Random despite using
shared token anchors. Enc-Conv consistently
matches or outperforms Converter-only, with
its largest gains on difficult transfers. Selected-
pair multi-seed runs and a small SQuAD probe
provide complementary evidence, although
downstream utility remains target-dependent.
Perturbation and geometry probes are consis-
tent with decoder-specific readable regions.
Finally, pair-level readability scores provide
weak-to-moderate pre-transfer screening sig-
nals.1

1 Introduction

Long-context systems increasingly use soft com-
pressors: a text segment is replaced by k continu-
ous compressed vectors that a frozen decoder reads
through its input-embedding interface. This avoids
attending to every original token and can preserve
information beyond discrete pruning or summa-
rization. The practical weakness is portability. A
compressor trained for one decoder may fail when

*Corresponding author
1Code and result artifacts are available at https://

github.com/CoolColoury/SC_Retargeting.

the deployment decoder changes, when a model is
upgraded, or when a service must support several
decoder families.

This paper studies decoder-interface portabil-
ity: whether compressed vectors produced for one
decoder can be retargeted to another frozen de-
coder. Our claim is that soft-compressed vectors
are decoder-conditioned continuous inputs, not
decoder-agnostic semantic codes. A source com-
pressor may preserve the segment for its own de-
coder, yet remain unreadable to another decoder
if its vectors fall outside the target’s usable re-
gion. We use autoregressive reconstruction as a
controlled probe of this interface.

We distinguish two operational settings.
Converter-only freezes the source compressor
and learns a map from its vectors, whereas
Enc-Conv also adapts the source-initialized vector
generator from the original text. Thus, Enc-Conv
measures source-initialized adaptation rather than
strict portability of an immutable cache. Our
experiments generate source vectors online and do
not evaluate a storage-only setting in which only
cached vectors are available.

We organize the study around three questions.
RQ1: Can compressed vectors be transferred at
all? Section 5 compares Random, LS alignment
in shared token embeddings, Converter-only, Enc-
Conv, target-native ORIGIN, and a matched-budget
from-scratch control. RQ2: Why does transfer
succeed or fail? Section 6 tests whether failures
are consistent with source vectors missing the tar-
get decoder’s readable region. RQ3: Can pre-
transfer diagnostics screen retargeting choices?
Section 7 evaluates source–target readability scores
for ranking candidate sources, targets, and methods
before training.

The answer is qualified. Compressed vectors
are reusable, but not as portable semantic sum-
maries. LS can underperform Random, while train-
able retargeting recovers much more of the target-
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native reconstruction quality. Transfer is also di-
rectional: a source distribution can be readable
after retargeting into one decoder while the reverse
direction remains difficult. This argues against a
universal latent-space view and points to source-
conditioned compressed-vector manifolds interact-
ing with target-readable regions.

Gaussian perturbation and native-geometry
statistics support this view: target-native com-
pressed vectors occupy finite readable neighbor-
hoods that differ across decoder families. Pair-
specific readable-geometry scores then provide
moderate pre-transfer guidance for ranking source–
target pairs and method choices, while reconstruc-
tion remains a decoder-interface proxy rather than
a claim about all downstream tasks. We addition-
ally report selected-pair multi-seed results and a
small SQuAD probe as complementary checks.

Our main contributions are:

• We formulate compressed-vector retargeting
as a decoder-interface portability problem for
soft compression and build a controlled bench-
mark across decoder families, transfer direc-
tions, and vector budgets.

• We show that compressed vectors are transfer-
able but not decoder-agnostic: Enc-Conv con-
sistently matches or outperforms Converter-
only, with the clearest gains on difficult tar-
gets; selected multi-seed and QA checks sup-
port this target-dependent conclusion.

• We provide perturbation and geometry di-
agnostics consistent with a target-readable-
region hypothesis, and show that pair-specific
compatibility scores provide lightweight ex-
ploratory screening.

2 Related Work

2.1 Long Context Compression

Context compression reduces long-context cost by
pruning, summarizing, rewriting, or compressing
inputs (Jiang et al., 2023b, 2024; Pan et al., 2024).
Continuous compression instead encodes context
into learned vectors injected into the decoder em-
bedding interface (Chevalier et al., 2023; Ge et al.,
2024; Wang et al., 2024). PCC (Dai et al., 2025)
and ARC (Pilchen et al., 2025) adapt compres-
sors through continued training, but direct cross-
decoder portability of compressed vectors remains
less studied.

2.2 Capacity and Limits of Soft Compression
Soft compression can store substantial information
in few vectors (Kuratov et al., 2025; Mezentsev
and Oseledets, 2025). Our question is not whether
these vectors have capacity, but whether the capac-
ity remains usable after changing the decoder that
reads them.

2.3 Transferability of Continuous
Representations

Soft-prompt transfer (Su et al., 2022), cross-model
embedding conversion (Yoon and Arik, 2025), uni-
versal embedding geometry (Jha et al., 2025), and
modality alignment (Norelli et al., 2024; Wu et al.,
2025) all study portable continuous representa-
tions. They are not drop-in baselines here: prompt
transfer moves task vectors while the original text
remains present, and embedding transfer aligns
token or sentence spaces rather than compressor-
produced decoder inputs. We therefore compare
methods that operate on the same compressed-
vector interface: Random, LS, Converter-only, Enc-
Conv, and target-native ORIGIN.

We also test the anchor idea from zero-shot
continuous prompt transfer (Wu et al., 2024). It
works in a closer prompt-transfer setting, but per-
forms poorly for input-dependent compressed seg-
ments with heterogeneous tokenizers (Appendix C).
Coordinate-search variants backpropagate through
the frozen target for each vector refinement, which
is costly relative to lightweight retargeting or
inference-time compression.

3 Method

This section formalizes compressed-vector retar-
geting as decoder-interface portability. Figure 1
shows the pipeline. First, a source compressor en-
codes a sampled text segment into k continuous
compressed vectors for a source decoder. Second,
a retargeting method maps or regenerates these vec-
tors for a target decoder space. Third, the frozen tar-
get decoder receives the retargeted vectors through
its input-embedding interface and reconstructs the
same segment.

3.1 Problem Definition
Let X denote the text-segment distribution and let
x ∼ X be a segment to compress. A soft compres-
sor paired with a source decoder Ds produces a
sequence of k continuous vectors:

Zs = Compressors(x) ∈ Rk×ds , (1)
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Phase 1: Source Compression
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•  Compressors (e.g. GPT-2 - LLaMA-8B , LLaMA-1B - LLaMA-8B                         
•  Context Compression Ratio: k=32 (4x), 16 (8x), 8 (16x)

•  Pretrained Target LLMs (e.g. LLaMA-8B, Qwen-7B, Mistral-7B)
•  Transfer Modes: Random, LS, Converter-only, Enc-Conv

Figure 1: Overview of compressed-vector retargeting. A source compressor produces continuous compressed
vectors for a source decoder. Retargeting methods transform or regenerate these vectors so that a frozen target
decoder can consume them. The target-native compressor provides the Origin reference.

where ds is the input-embedding dimension of Ds.
The retargeting problem is to construct a target-side
continuous input

Zt = Rs→t(x, Zs) ∈ Rk×dt , (2)

for a frozen target decoder Dt with embedding
dimension dt. Depending on the method, Rs→t

may only transform the already-computed Zs or
may also regenerate compressed vectors from x.

The objective is not merely to move a representa-
tion in vector space. The target decoder consumes
Zt as a prefix-like continuous input and generates
a reconstruction x̂t. We call retargeting successful
when, for typical x ∼ X , x̂t preserves the con-
tent of x and approaches the reconstruction quality
of a target-native compressor. In experiments this
is measured by Acc, BLEU, and BLEU retention
relative to the target-native ORIGIN reference.

3.2 Soft Compressor Design and Training
The compressor uses a two-module design to en-
code input segment x into a fixed-length sequence
of compressed vectors. Text reconstruction is used
as a controlled decoder-interface proxy: it tests
whether information carried by continuous inputs
can be read by a frozen target decoder across many
source–target pairs. During training, the decoder
being conditioned remains frozen, requiring the
compressor or retargeting module to produce vec-
tors that can be interpreted through the decoder in-

put interface. The model is optimized with teacher
forcing, and the loss is computed only on target to-
ken positions so that compressed-vector positions
do not directly contribute to the objective.

Compressed vectors are injected as a continuous
prefix without special boundary tokens. Position
indices and attention masks follow each target de-
coder’s native scheme, including its RoPE variant.
The converter is RMSNorm → Linear(dc→ dt) →
GELU → Linear(dt→ dt), applied independently
to each vector slot. No ground-truth target tokens
are exposed during autoregressive evaluation.

3.3 Retargeting Strategies

To examine the cross-model transfer landscape,
four retargeting methods and one target-native ref-
erence are compared:

• Random (Lower Reference): Random vec-
tors with the same shape as the target com-
pressed vectors are used as a lower reference.
This baseline measures how much reconstruc-
tion can be achieved from the target decoder
prior alone.

• Least Squares (LS) Alignment: A global
linear map is estimated from shared token
embeddings between the source and target
decoders and then applied to the source com-
pressed vectors. This method tests whether
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retargeting can be approximated by a single
embedding-space alignment.

• Converter-Only: The source compressor is
frozen, and a trainable converter maps its com-
pressed vectors into the target decoder space,
Zt = fϕ(Zs). This setting evaluates whether
a post-hoc nonlinear transformation is suf-
ficient when the original compressed-vector
generator remains fixed.

• Encoder-Converter (End-to-End): The
compressor encoder and the converter are
jointly optimized while the target decoder re-
mains frozen, Zt = fϕ(Compressorθ(x)).
This method allows the compressed-vector
generator itself to adapt to the target decoder,
rather than only transforming vectors pro-
duced for the source decoder.

• Target-native (Reference): A compressor is
trained directly for the target decoder. This set-
ting bypasses cross-model transfer and serves
as the ORIGIN reference for quantifying the
performance loss introduced by retargeting.

In our experiments, Zs is generated online from
x rather than read from an archived cache. Conse-
quently, the strict cache-only setting with unavail-
able original text is outside the present scope.

Appendix A reports decoder and training set-
tings, and Appendix B gives LS, anchor, and
geometry-prior implementation details.

4 Experimental Setup

This section describes the controlled setup for eval-
uating compressed-vector retargeting. Method de-
tails are given in Section 3; here, the focus is on
models, data, training protocol, and metrics.

4.1 Decoders and Transfer Pairs
Experiments use seven autoregressive decoders
from the LLaMA (Grattafiori et al., 2024),
Qwen (Qwen et al., 2025), and Mistral (Jiang et al.,
2023a) families, covering 1B–8B parameter scales
and different tokenizer conventions. Source–target
pairs are constructed to include within-family trans-
fer, cross-family transfer, scale changes, and both
transfer directions.

4.2 Data
All experiments use text segments sampled from
the FineWeb-10BT corpus (Penedo et al., 2024).

The training split is used for target-native compres-
sors and trainable retargeting modules, while the
held-out split is used for evaluation. Each segment
is truncated to 128 tokens under the correspond-
ing tokenizer, controlling for sequence-length dif-
ferences across decoders. This gives equal token
budgets, although different tokenizers may retain
slightly different raw-text spans.

4.3 Training and Evaluation Protocol

All decoders are frozen. Target-native compression
trains only the compressor for the target decoder.
Converter-only retargeting freezes the source com-
pressor and trains only the converter, whereas
encoder–converter retargeting jointly trains the
compressed-vector generator and converter. Ran-
dom and LS require only vector construction and
no end-to-end optimization.

Experiments evaluate 8, 16, and 32 compressed
vectors. Main results use 32 vectors; shorter set-
tings are used to analyze compression-budget ef-
fects. Trainable components use the reconstruction
objective in Section 3. Training uses bf16 precision,
one epoch, and a learning rate of 10−4. Evaluation
uses 1,000 held-out examples. Autoregressive re-
construction uses greedy decoding with at most
128 generated tokens. The broad transfer matrix
uses one seed. Selected settings use the original
seed 42 and new seeds 0 and 1; all configurations
are identical except for the random seed.

4.4 Metrics

Two metrics are reported in the tables. Acc is
token-level accuracy on the target vocabulary under
gold-prefix conditioning. BLEU (Papineni et al.,
2002) measures autoregressive reconstruction qual-
ity when the decoder receives only compressed
vectors. We also compute sentence-level ROUGE-
L (Lin, 2004); it tracks BLEU closely here, so ta-
bles omit it and the evaluation bundle includes the
values. For transfer methods, BLEU is compared
with the target-native ORIGIN result:

∆BLEU =
BLEUtransfer

BLEUOrigin
− 1 (3)

Lower relative gaps indicate that retargeting ap-
proaches target-native compression quality. Neg-
ative gaps are possible because ORIGIN is a ref-
erence rather than a mathematical upper bound.
Main-table subscripts report ∆BLEU in percent.
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5 Transferability of Compressed Vectors

This section examines whether compressed vec-
tors learned for one decoder can be retargeted to
another decoder. We focus on the 32-vector set-
ting because target-native compression is already
strong and therefore provides a useful target-native
reference. Table 1 reports the main results with the
LLaMA-1B encoder backbone, while the GPT-2-
backbone counterpart is provided in Appendix E.
The full matrices use one seed. Figure 2 summa-
rizes best-transfer BLEU retention across directed
source–target pairs, averaging over both encoder
backbones. Retention normalizes transfer BLEU
by the row-specific target-native reference:

Retention =
BLEUMETHOD

BLEUORIGIN,TARGET
. (4)

Throughout this section, table subscripts denote rel-
ative BLEU change against the same target-native
ORIGIN baseline.

5.1 Transfer Is Possible, but Not by Global
Alignment

Table 1 shows that compressed vectors are not
locked to a single decoder: trainable retargeting
can recover a large fraction of target-native recon-
struction quality. The important qualification is
how this recovery happens. Random vectors pro-
vide a lower reference, and LS alignment is often
no better, sometimes worse, despite using shared
token embeddings. This rules out a simple view in
which compressed-vector spaces can be matched
by a global embedding map. Enc-Conv consistently
matches or outperforms Converter-only across the
evaluated settings, with its largest gains on diffi-
cult transfers, because it can also change how the
vectors are generated.

Converter-only therefore measures fixed-
generator vector mapping, while Enc-Conv
measures source-initialized generator adaptation.
The latter should not be interpreted as strict
portability of previously cached vectors.

This also motivates keeping the main table
to interface-matched baselines: anchor prompt
transfer may work for short prompt vectors
and close model pairs (Wu et al., 2024), but
our input-dependent compressed segments face
sparse tokenizer anchors and a mismatch between
compressed-vector and token-embedding spaces.

Appendix C shows Anchor-BP/Procrustes re-
main far below trainable retargeting; existing

embedding-transfer and prompt-tuning methods
(Su et al., 2022; Yoon and Arik, 2025; Jha et al.,
2025) are therefore related references rather than
direct baselines for decoder-interface compressed-
vector retargeting.

5.2 The Target Decoder Determines
Readability

The retention heatmap in Figure 2 gives the main
pattern more clearly than any single row. Read-
ing by columns, LLaMA, Mistral, and Qwen-7B
targets generally retain a large fraction of their
ORIGIN BLEU, while incoming transfer to smaller
Qwen targets is more variable. This column-wise
structure means that the same source-side infor-
mation can be readable for one target decoder but
poorly matched to another. Since every cell is nor-
malized by the target-native ORIGIN result, this is
not simply a statement about native compression
quality or absolute BLEU scale. The target decoder
determines whether the retargeted continuous in-
puts fall in a region it can read.

This target-readable view also explains the direc-
tional structure. A source–target pair that transfers
well in one direction can remain difficult in the re-
verse direction. The Qwen rows and columns illus-
trate the distinction: vectors trained for a Qwen de-
coder can often be retargeted to LLaMA or Mistral
targets, while the reverse direction depends much
more on the specific Qwen target. Such asymme-
try is inconsistent with symmetric space alignment.
It suggests that each compressor learns a decoder-
conditioned distribution, and transfer succeeds only
when that distribution can be reshaped into the tar-
get’s readable interface.

5.3 Vector Budget Changes Capacity, Not the
Constraint

Increasing the compressed-vector budget improves
target-native reconstruction and generally helps
trainable retargeting, but it does not remove the
target-compatibility constraint. The same quali-
tative pattern holds across 8, 16, and 32 vectors:
trainable retargeting is stronger than random or lin-
ear baselines, target-side effects remain prominent,
and direction matters. Detailed budget results are
deferred to Appendix E.

5.4 Matched-Budget Scratch Training

The main ORIGIN reference uses the full target-
native training pool, whereas retargeting uses only
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Block Transfer Pair Random LS Converter-only Enc-Conv Origin

A → A LLaMA-1B → Qwen-1.5B 0.404/0.127−87% 0.338/0.093−90% 0.802/0.341−65% 0.969/0.822−16% 0.995/0.978
Qwen-1.5B → LLaMA-1B 0.354/0.092−91% 0.005/0.000−100% 0.967/0.871−13% 0.991/0.951−4% 1.000/0.996

A → B

LLaMA-1B → Qwen-3B 0.323/0.093−90% 0.409/0.137−86% 0.453/0.027−97% 0.765/0.306−68% 0.994/0.971
LLaMA-1B → LLaMA-3B 0.369/0.100−90% 0.239/0.030−97% 0.997/0.983−1% 0.997/0.990−1% 1.000/0.997
Qwen-1.5B → Qwen-3B 0.323/0.093−90% 0.423/0.145−85% 0.785/0.317−67% 0.923/0.701−28% 0.994/0.971
Qwen-1.5B → LLaMA-3B 0.369/0.100−90% 0.012/0.000−100% 0.976/0.933−6% 0.996/0.977−2% 1.000/0.997

A → C

LLaMA-1B → LLaMA-8B 0.409/0.115−89% 0.214/0.033−97% 0.998/0.994−0% 0.999/0.993−0% 1.000/0.996
LLaMA-1B → Mistral-7B 0.423/0.103−89% 0.157/0.009−99% 0.987/0.939−4% 0.995/0.972−1% 0.996/0.981
LLaMA-1B → Qwen-7B 0.432/0.164−83% 0.430/0.160−83% 0.973/0.897−7% 0.988/0.943−2% 0.996/0.961
Qwen-1.5B → LLaMA-8B 0.409/0.115−89% 0.001/0.000−100% 0.988/0.952−4% 0.997/0.978−2% 1.000/0.996
Qwen-1.5B → Mistral-7B 0.423/0.103−89% 0.037/0.000−100% 0.981/0.914−7% 0.992/0.962−2% 0.996/0.981
Qwen-1.5B → Qwen-7B 0.432/0.129−87% 0.430/0.124−87% 0.971/0.885−8% 0.986/0.925−4% 0.996/0.961

B → B Qwen-3B → LLaMA-3B 0.369/0.100−90% 0.051/0.000−100% 0.972/0.902−10% 0.995/0.974−2% 1.000/0.997
LLaMA-3B → Qwen-3B 0.323/0.093−90% 0.423/0.147−85% 0.655/0.161−83% 0.934/0.742−24% 0.994/0.971

B → C

Qwen-3B → LLaMA-8B 0.409/0.128−87% 0.030/0.000−100% 0.986/0.939−6% 0.997/0.984−1% 1.000/0.996
Qwen-3B → Mistral-7B 0.423/0.103−89% 0.022/0.000−100% 0.979/0.906−8% 0.991/0.945−4% 0.996/0.981
Qwen-3B → Qwen-7B 0.432/0.164−83% 0.408/0.128−87% 0.966/0.846−12% 0.982/0.913−5% 0.996/0.961
LLaMA-3B → LLaMA-8B 0.409/0.128−87% 0.108/0.004−100% 0.998/0.989−1% 0.998/0.994−0% 1.000/0.996
LLaMA-3B → Mistral-7B 0.423/0.103−89% 0.179/0.007−99% 0.986/0.934−5% 0.994/0.978−0% 0.996/0.981
LLaMA-3B → Qwen-7B 0.432/0.164−83% 0.437/0.161−83% 0.963/0.857−11% 0.987/0.945−2% 0.996/0.961

C → C

LLaMA-8B → Mistral-7B 0.423/0.103−89% 0.080/0.000−100% 0.978/0.892−9% 0.984/0.921−6% 0.996/0.981
LLaMA-8B → Qwen-7B 0.432/0.164−83% 0.436/0.152−84% 0.952/0.824−14% 0.985/0.936−3% 0.996/0.961
Mistral-7B → LLaMA-8B 0.409/0.128−87% 0.050/0.000−100% 0.923/0.778−22% 0.975/0.873−12% 1.000/0.996
Mistral-7B → Qwen-7B 0.432/0.164−83% 0.264/0.039−96% 0.885/0.678−30% 0.974/0.894−7% 0.996/0.961
Qwen-7B → LLaMA-8B 0.409/0.128−87% 0.016/0.000−100% 0.991/0.962−3% 0.998/0.985−1% 1.000/0.996
Qwen-7B → Mistral-7B 0.423/0.103−89% 0.093/0.001−100% 0.983/0.923−6% 0.992/0.940−4% 0.996/0.981

Table 1: Main transfer results at k=32 with a LLaMA-1B encoder backbone; pair columns read source native
decoder → target decoder. Blocks group decoder scales: A = LLaMA-1B and Qwen-1.5B; B = LLaMA-3B and
Qwen-3B; C = LLaMA-8B, Mistral-7B, and Qwen-7B. Each cell reports Acc/BLEU; transfer subscripts report
∆BLEU in percent against row-specific target-native ORIGIN. Cell background runs from weaker (red) to stronger
(green) transfer BLEU within each row. Bold and underline mark the best and worst transfer BLEU in each row.

0.1× that data. Table 2 therefore adds a matched-
budget target-native compressor with the same
LLM-backbone initialization and the same 100k
segments used by transfer. The result separates
retargeting from simply spending a small target
budget. On several targets, especially Qwen targets
and LLaMA-8B, matched-budget Scratch is far be-
low Enc-Conv. This indicates that Enc-Conv is
not merely learning a new target compressor from
scratch; it benefits from reusing the source com-
pressor. LLaMA-3B and Mistral-7B are easier ex-
ceptions where Scratch is competitive, showing that
the advantage of retargeting is target-dependent
rather than universal.

5.5 Additional Stability and QA Checks

Table 3 reports selected-pair multi-seed results for
one source configuration: a LLaMA-1B encoder
backbone and a source compressor trained against
the LLaMA-1B decoder. They preserve the main
Enc-Conv pattern while showing larger variance
on smaller Qwen targets.

Variation is small for the LLaMA-8B, LLaMA-

Target Scratch Full Origin Enc-Conv Scratch/Orig.

LLaMA-1B 0.281 0.996 0.996 28.3%
LLaMA-3B 0.848 0.997 0.990 85.0%
LLaMA-8B 0.024 0.996 0.993 2.5%
Qwen-1.5B 0.029 0.978 0.822 3.0%
Qwen-3B 0.013 0.971 0.306 1.4%
Qwen-7B 0.021 0.961 0.943 2.2%
Mistral-7B 0.829 0.981 0.972 84.6%

Table 2: Matched-budget target-native training at k=32.
Scratch uses the same compressor architecture and
LLM-backbone initialization, but only the 100k seg-
ments used by transfer. Full ORIGIN uses 1M segments.
Enc-Conv retargets from the LLaMA-1B source with
the same 100k transfer budget. All entries are single-
seed BLEU.

3B, Mistral-7B, and Qwen-7B targets, whereas
Qwen-3B and Qwen-1.5B are much less stable.
Enc-Conv has the higher mean on the latter tar-
gets, but their dispersion precludes treating a single
run or a small gap as a reliable ranking. The re-
runs preserve the qualitative benefit of generator
adaptation while showing that its magnitude can be
seed-sensitive; they do not turn the full single-seed
matrix into a statistical comparison.

8534



Target Converter-only Enc-Conv

LLaMA-8B 0.994 ± 0.001 0.993 ± 0.002
LLaMA-3B 0.987 ± 0.004 0.990 ± 0.003
Mistral-7B 0.959 ± 0.017 0.979 ± 0.006
Qwen-7B 0.910 ± 0.027 0.948 ± 0.014
Qwen-3B 0.377 ± 0.348 0.688 ± 0.334
Qwen-1.5B 0.721 ± 0.329 0.920 ± 0.085

Table 3: Reconstruction BLEU at k=32 (mean ± sam-
ple SD over original seed 42 and new seeds 0/1). All
runs use the LLaMA-1B encoder and source decoder;
configurations differ only in the random seed.

Transfer Converter-only Enc-Conv Full context

LLaMA-1B→Qwen-3B 0.130/0.236 0.200/0.346 0.355/0.588
Qwen-1.5B→LLaMA-1B 0.015/0.132 0.045/0.163 0.395/0.576
GPT-2→Qwen-7B 0.135/0.216 0.205/0.361 0.080/0.341

Table 4: Single-run SQuAD probe (EM/F1; 200 ques-
tions, 512-token passages, 32 vectors).

Table 4 reports a small SQuAD probe. QA
adapters train for three epochs on 5,000 SQuAD
v1.1 examples and are evaluated on 200 held-out
questions. Passages are capped at 512 tokens and
compressed into 32 vectors; answers use at most
32 generated tokens. Enc-Conv exceeds Converter-
only in the three tested settings, but downstream
utility remains target-dependent. This single-run
probe is not a long-document RAG benchmark.

Overall, RQ1 shows that compressed vectors
carry reusable information, but not as decoder-
agnostic semantic summaries. Their portability is
governed by whether a target decoder can read the
transformed compressed-vector sequence through
its own continuous input interface.

6 Mechanisms of Compressed-Vector
Retargeting

Transfer can fail even when source information is
preserved, if the transformed compressed-vector
sequence is unreadable to the target decoder. This
section tests a target-readable-region hypothesis. A
compressed vector is a continuous decoder input,
so its usefulness is defined by the decoder that
consumes it. Retargeting must therefore preserve
source content while placing the resulting vectors
near a target-readable compressed-vector manifold.

6.1 Readable Regions Have Measurable
Width

We first perturb target-native compressed vectors
with Gaussian noise. For each unperturbed vector
row zi, we add i.i.d. noise with standard deviation
σ∥zi∥2 and measure reconstruction accuracy. Ac-
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Figure 2: Target-dependent transferability at k=32, av-
eraged over GPT-2 and LLaMA-1B encoder backbones.
Each cell reports best-transfer BLEU retention: the best
BLEU among Random, LS, Converter-only, and Enc-
Conv divided by the corresponding target-native ORI-
GIN BLEU. Values above 1.0 mean the selected single-
seed transfer result exceeds that reference; they do not
establish a general advantage over target-native training.

curacy is normalized by the unperturbed run for
the same compressor. The half-decay threshold
σ50 is the value of σ at which this relative accuracy
reaches 0.5, linearly interpolated between neighbor-
ing grid points when necessary. Smaller σ50 means
that reconstruction breaks under smaller vector per-
turbations, which we interpret as a narrower local
readable neighborhood under this probe.

Figure 3 and Table 5 show that the threshold
differs across native compressors, indicating that
reconstruction depends on compressed-vector ge-
ometry. These comparisons are diagnostic: de-
coder family, hidden size, compressor backbone,
tokenizer, vector scale, and training dynamics are
not fully disentangled.

6.2 Readable Regions Also Have Distinct
Geometry

Perturbation measures local width; native
compressed-vector statistics describe the shape
of the region. Let X ∈ RN×d stack all k vector
rows across evaluated examples for a native
compressor, and let X̃ subtract the column mean.
With sample covariance Σ = (N − 1)−1X̃⊤X̃
and eigenvalues λj ≥ 0, we define effective rank
as the participation ratio

reff =
(
∑

j λj)
2

∑
j λ

2
j

. (5)
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Figure 3: Gaussian perturbation of target-native com-
pressed vectors at k=32. Acc is normalized by the un-
perturbed native run (Section 4.4). Lower σ50 indicates
that reconstruction accuracy falls to half of its reference
value under smaller vector perturbations.

Native compressor d σ50

GPT-2→LLaMA-3B 3072 0.773
LLaMA-1B→LLaMA-3B 3072 0.692
LLaMA-1B→LLaMA-1B 2048 0.618
LLaMA-1B→Qwen-7B 3584 0.648
GPT-2→Qwen-3B 2048 0.671
LLaMA-1B→Qwen-3B 2048 0.398
LLaMA-1B→Qwen-1.5B 1536 0.390

Table 5: Gaussian half-decay thresholds for native com-
pressors at k=32. d is the target decoder hidden size.
σ50 is the relative noise level σ∥z∥2 at which accuracy
(Section 4.4) falls to half of the unperturbed native run,
with linear interpolation between grid points. Lower σ50

means narrower local tolerance to compressed-vector
noise.

We also report the mean pairwise cosine among the
k compressed vectors within each segment, aver-
aged over segments, and the mean row norm of X .
Statistics are computed on the same 1,000 held-out
segments used elsewhere, based on native com-
pressor outputs at the decoder block interface (i.e.,
the actual d-dimensional inputs consumed under
native compression), rather than the static token-
embedding matrix alone. Table 6 summarizes the
family-level contrast. At 32 vectors, Qwen-family
native compressed vectors are more concentrated
than the LLaMA-family counterparts in the ana-
lyzed runs: average effective rank is lower, within-
segment vector cosine is higher, and row norms are
larger. These differences do not imply that every
Qwen transfer is difficult, but they show that tar-
get decoders can use distinct compressed-vector
geometries. A retargeter must therefore match not
only dimensionality or token-embedding scale, but

Family Eff. rank Cosine Norm

LLaMA 18.41 0.552 41.94
Qwen 3.85 0.778 180.38

Table 6: Native compressed-vector geometry at k=32,
averaged within LLaMA and Qwen decoder families
over 128 held-out segments per native compressor (Mis-
tral has a single target here and is omitted). Lower ef-
fective rank and higher within-segment cosine indicate
a more concentrated native vector distribution. Norm is
the mean ℓ2 norm of compressed-vector rows.

also the target’s readable geometry.
This view is consistent with the unreliable LS

results in Table 1. Shared token embeddings can
reduce a coarse space distance but still miss the
compressed-vector manifold used by the target de-
coder. Enc-Conv helps because it can change how
vectors are generated, not only map fixed source
vectors.

Compressed vectors carry reusable information,
but in a decoder-conditioned form. Gaussian per-
turbation shows that native compressed vectors
occupy finite readable neighborhoods, and native
geometry shows that those neighborhoods differ
across decoder families. These diagnostics support
the readable-region explanation without claiming
a complete causal proof; direct interventions such
as geometry regularization or projection remain
important future tests.

7 Pre-Transfer Guidance for Retargeting

RQ3 asks whether transfer quality can be assessed
before running retargeting. We evaluate Converter-
only and Enc-Conv across all vector budgets and
use retention (Equation 4) as the label. Predictors
use only pre-transfer information: source-native
evaluation, model metadata, raw target behavior,
and compressed-vector geometry probes. For ge-
ometry priors, shared non-special anchors are sub-
sampled to at most 512. The pooled score table
contains more than 500 method–budget rows; Ap-
pendix E reports prior min–max summaries.

7.1 A Pair-Level Compatibility Diagnostic

The main RQ3 signal is source–target readable-
geometry compatibility. Let A be the shared anchor
set, and let Es(a) be the source decoder input em-
bedding of anchor token a. For source vector zs,i,
define its anchor-direction profile and the target-
readable anchor profile as
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Setting Reported signal Corr. range

Across all pairs Readability CE 27.4–47.1%
Fixed target Source native NLL 41.3–62.9%
Fixed source Magnitude tail 32.7–65.5%

Table 7: Pre-transfer guidance. Ranges are min–max
oriented Spearman correlations with retention across
methods and budgets.

ps,i(a) = softmaxa∈A

(
cos(zs,i, Es(a))

τ

)
, (6)

qt(a) = softmaxa∈A

(
gt(a)

τ

)
, (7)

where gt(a) is the mean target-side anchor-
direction score computed from frozen target input
embeddings (Appendix D). The main diagnostic is
target-readability cross-entropy:

CE(s, t) = −1

k

k∑

i=1

∑

a∈A
ps,i(a) log qt(a). (8)

Lower CE means source vector mass lies in an-
chor directions preferred by the target decoder. We
orient correlations so larger values predict higher
retention.

Across budgets and methods, readability CE
gives oriented Spearman correlations of 27.4–
47.1% with retention (min–max across settings, not
confidence intervals). This is a weak-to-moderate,
low-cost ranking signal; Appendix E reports auxil-
iary RMSE and KL variants.

7.2 Guidance Depends on the Choice Being
Made

The best prior depends on the decision. For a fixed
target, source native NLL—the source compres-
sor’s held-out reconstruction loss under its own
decoder—gives within-target |ρ| of 41.3–62.9%.
For a fixed source, magnitude tail counts target-
standardized log-norm coordinates beyond two
standard deviations and gives target-ranking |ρ| of
32.7–65.5%. Formal definitions are in Appendix D.

7.3 When Is End-to-End Retargeting Needed?
The method choice depends on vector budget and
target compatibility. Table 8 shows that Converter-
only reaches at least 90% of Enc-Conv retention
in 48.4% of matched cases, rising from 33.7% at
8 vectors to 71.4% at 32 vectors. At 32 vectors,

k Match Rate Avg Gain

8 33.7% 10.4%
16 39.8% 12.5%
32 71.4% 8.1%

Table 8: Converter-only versus Enc-Conv on matched
transfer directions. Match Rate denotes the fraction of
directions where Converter-only achieves at least 0.9×
Enc-Conv retention. Avg Gain is the mean absolute
retention gain of Enc-Conv over Converter-only (per-
centage points on the retention scale).

Converter-only is sufficient in 60 of 84 directions,
but Enc-Conv still gives clear gains for more re-
strictive targets. When the target-readable region
is narrow, adapting the compressed-vector gener-
ator itself is more useful than only mapping fixed
source vectors.

Overall, the diagnostics are best used to screen or
prioritize experiments, not for confident automatic
source, target, or method selection. Readability CE
gives the main all-pair diagnostic signal, source-
native quality helps choose among compressors
for a fixed target, and tail geometry helps choose
targets for a fixed source.

8 Conclusion

This work shows that continuous vectors learned
for one frozen decoder can be reused by another,
but not in a decoder-agnostic coordinate system.
Across seven targets and three vector budgets, train-
able retargeting substantially outperforms random
and shared-embedding LS baselines. Enc-Conv,
which also adapts the source-initialized generator,
consistently matches or exceeds Converter-only, es-
pecially on difficult targets. Directional and target-
dependent results therefore favor generator adapta-
tion over strict portability of an immutable vector
cache.

Selected multi-seed reruns preserve this pattern
on stable large-model targets but reveal high vari-
ability for smaller Qwen targets. Perturbation,
native-vector geometry, and asymmetry are con-
sistent with target-specific readable regions, with-
out establishing causality. Pair-level diagnostics
provide only weak-to-moderate guidance, and the
small SQuAD probe shows target-dependent down-
stream utility. Overall, cross-decoder retargeting is
feasible when the target decoder’s continuous input
interface is treated as a compatibility constraint.
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Limitations

This work studies controlled retargeting rather than
exhausting transfer algorithms; stronger maps or
lightly unfreezing target layers may narrow the
gaps.

Reconstruction uses 128-token segments as a
controlled proxy. The SQuAD probe uses 512-
token passages and 200 questions, so it is not gen-
eral downstream or long-context validation. The
full matrix uses one seed, and multi-seed evidence
covers selected pairs from one source configura-
tion only. Small gaps and moderate correlations
are descriptive.

Converter-only generates vectors online, and
Enc-Conv adapts the source-initialized generator;
cache-only transfer is not evaluated. The non-
causal analyses do not disentangle decoder fam-
ily, size, backbone, and training dynamics. Token
budgets are equal, but tokenizer-specific raw-text
spans may differ.

Soft compression may omit task-critical details
and fail unevenly across models, languages, and
domains. High-stakes use should retain the original
text and an uncompressed fallback.
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A Hyperparameters

Tables 9 and 10 summarize the decoder set and
shared training settings; Table 11 reports median
wall time and GPU-hours for the timed training
configurations.

Decoder Abbr. Params d

Llama-3.2-1B-Instruct LLaMA-1B 1B 2048
Llama-3.2-3B-Instruct LLaMA-3B 3B 3072
Llama-3-8B-Instruct LLaMA-8B 8B 4096
Qwen2.5-1.5B-Instruct Qwen-1.5B 1.5B 1536
Qwen2.5-3B-Instruct Qwen-3B 3B 2048
Qwen2.5-7B-Instruct Qwen-7B 7B 3584
Mistral-7B-Instruct Mistral-7B 7B 4096

Table 9: Target decoders and their hidden size d. The
Abbr. column lists the shorthand names used throughout
the paper. Transfer uses frozen encoder backbones GPT-
2 (d=768) and LLaMA-1B (d=2048).

B Implementation Details

Converter-only trains only the RMSNorm–MLP
converter; Enc-Conv also updates the compressor
encoder, with the target decoder frozen. LS fits a
shared-anchor embedding map:

WLS = argmin
W

∥Es(A)W − Et(A)∥2F . (9)

Zt = ZsWLS. (10)

Here Es, Et are source and target input-embedding
lookup tables.

RQ3 anchors are

A = subsample≤512 (Vs ∩ Vt \ S) , (11)

where Vs, Vt are vocabularies and S special tokens.
We use τ = 0.1 for anchor-direction softmaxes;
Section 7 defines CE.
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Setting Value

Data / Architecture
Segment length 128 tokens
Compressed vectors k {8, 16, 32}
Corpus FineWeb-10BT
Transfer train data 0.1× Origin train set
Backbone GPT-2 or LLaMA-1B
Target decoder Frozen
Converter MLP RMSNorm + Linear dc→dt;

GELU + Linear dt→dt
Trainable modules Converter-only or Enc-Conv

Optimization / Runtime
Optimizer AdamW
Learning rate 10−4 with cosine schedule
Weight decay 0.01
Warmup ratio 0.1 (transfer)
Epochs / precision 1 epoch / bf16
Batch sizes Origin: 32/8; transfer: 16 per GPU
Hardware ZeRO-1 on 4×A800 80G
Random seed 42

Evaluation / Baselines
Held-out examples 1,000
Decoding Greedy decoding; max 128 tokens
Acc / BLEU Next-token accuracy / autoregres-

sive BLEU
Random / LS Gaussian N (0, 0.022) / shared-

vocabulary map

In all transfer runs, the target decoder is frozen and reconstruction loss is
computed on target-token likelihood.

Table 10: Training and evaluation hyperparameters.

Setting n Median wall Median GPU-h

ORIGIN, GPT-2, k∈{8, 16, 32} 21 2.1 h 8.4
ORIGIN, LLaMA-1B, k∈{8, 16, 32} 21 4.8 h 19.2
Converter-only, k=8/16/32 98 each 12.9/13.7/16.4 min 0.86/0.91/1.09
Enc-Conv, k=8/16/32 98 each 27.6/28.3/30.9 min 1.84/1.89/2.06

Total reported configs 630 ≈383 h ≈1,534

Table 11: Median training time on four A800 GPUs
(ZeRO-1). GPU-h sums GPU–hours across the node
as 4× wall hours because each job uses four GPUs in
parallel (HuggingFace train_runtime). Random/LS
baselines and evaluation sweeps omit timed optimiza-
tion.

Pair LS Procrustes Anchor-BP

LLaMA-1B→LLaMA-8B 0.033 0.000 0.024
LLaMA-1B→Mistral-7B 0.027 0.002 0.027
LLaMA-1B→Qwen-1.5B 0.095 0.089 0.118
LLaMA-1B→Qwen-3B 0.137 0.130 0.142
LLaMA-3B→Qwen-3B 0.132 0.144 0.142
Qwen-1.5B→LLaMA-3B 0.000 0.000 0.012

Table 12: Anchor baselines with 512 anchors (BLEU;
50 examples; 500 Anchor-BP iterations per vector).
Anchor-BP follows Wu et al. (2024); all methods re-
main far below trainable retargeting (Table 1).

Pair full 32 128 512 1024 2048

LLaMA-1B→LLaMA-3B 0.030 0.000 0.031 0.042 0.010 0.000
LLaMA-1B→LLaMA-8B 0.038 0.000 0.030 0.033 0.000 0.000
LLaMA-1B→Mistral-7B 0.009 0.000 0.000 0.027 0.016 0.000
LLaMA-1B→Qwen-1.5B 0.093 0.107 0.110 0.095 0.047 0.007
LLaMA-1B→Qwen-3B 0.137 0.130 0.136 0.137 0.124 0.004
LLaMA-3B→Qwen-3B 0.147 0.132 0.129 0.132 0.136 0.150
Qwen-1.5B→LLaMA-3B 0.000 0.001 0.000 0.000 0.000 0.000
Qwen-3B→LLaMA-8B 0.000 0.016 0.000 0.000 0.000 0.000

Table 13: LS BLEU under different shared-anchor caps.
“full” uses all single-token anchors from the main LS
setup; numbered columns cap the anchor set before
fitting the linear map. Increasing anchor count does not
consistently improve reconstruction.

C Anchor and Linear Baselines

Table 12 reports anchor checks. Anchor-BP opti-
mizes anchor-relative coordinates (Wu et al., 2024);
Procrustes uses an orthogonal centered map. Both
track LS rather than trainable retargeting.

Table 13 varies LS anchor count. More an-
chors are not reliably better, suggesting that token-
embedding alignment is a poor proxy for the
compressed-vector interface.

D Metric and Geometry Definitions

BLEU. Let y be the generated string and r the ref-
erence for the 128-token segment. We use NLTK
wordpunct_tokenize and sentence BLEU with
Chen–Cherry smoothing method 1. If lengths dif-
fer, the shorter sequence is matched to the best
equal-length span of the longer one. Acc follows
Section 4.4.

Target anchor-direction scores and pair metrics.
Let ps,i and qt be the anchor softmaxes from Sec-
tion 7. For each anchor a ∈ A, gt(a) is the mean
target-side anchor-direction score computed from
frozen target input embeddings (used in qt). With
δs,i(a) = cos(zs,i, Es(a)) − gt(a), pair direction
RMSE is

RMSEdir =
(

1
k|A|

∑

i,a

δs,i(a)
2
)1

2
. (12)
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Block Transfer Pair Random LS Converter-only Enc-Conv Origin

A → A LLaMA-1B → Qwen-1.5B 0.404/0.127−62% 0.360/0.097−71% 0.610/0.097−71% 0.654/0.173−48% 0.916/0.334
Qwen-1.5B → LLaMA-1B 0.354/0.092−89% 0.004/0.000−100% 0.888/0.662−23% 0.897/0.695−19% 0.955/0.860

A → B

LLaMA-1B → Qwen-3B 0.323/0.093−88% 0.418/0.132−84% 0.462/0.031−96% 0.719/0.272−66% 0.945/0.801
LLaMA-1B → LLaMA-3B 0.369/0.100−88% 0.256/0.034−96% 0.943/0.835−3% 0.945/0.850−1% 0.960/0.862
Qwen-1.5B → Qwen-3B 0.323/0.093−88% 0.420/0.146−82% 0.480/0.038−95% 0.738/0.293−63% 0.945/0.801
Qwen-1.5B → LLaMA-3B 0.369/0.100−88% 0.008/0.000−100% 0.917/0.761−12% 0.924/0.784−9% 0.960/0.862

A → C

LLaMA-1B → LLaMA-8B 0.410/0.116−87% 0.152/0.021−98% 0.963/0.877−1% 0.965/0.880−1% 0.969/0.889
LLaMA-1B → Mistral-7B 0.423/0.103−89% 0.193/0.012−99% 0.975/0.886−7% 0.978/0.900−6% 0.990/0.954
LLaMA-1B → Qwen-7B 0.431/0.128−83% 0.443/0.134−82% 0.918/0.745+0% 0.932/0.765+3% 0.954/0.742
Qwen-1.5B → LLaMA-8B 0.409/0.115−87% 0.003/0.000−100% 0.942/0.808−9% 0.950/0.831−7% 0.969/0.889
Qwen-1.5B → Mistral-7B 0.423/0.103−89% 0.080/0.000−100% 0.959/0.853−11% 0.967/0.874−8% 0.990/0.954
Qwen-1.5B → Qwen-7B 0.432/0.129−83% 0.430/0.124−83% 0.914/0.718−3% 0.918/0.740−0% 0.954/0.742

B → B Qwen-3B → LLaMA-3B 0.369/0.100−88% 0.059/0.000−100% 0.930/0.813−6% 0.936/0.804−7% 0.960/0.862
LLaMA-3B → Qwen-3B 0.323/0.093−88% 0.421/0.144−82% 0.721/0.232−71% 0.782/0.361−55% 0.945/0.801

B → C

Qwen-3B → LLaMA-8B 0.409/0.128−86% 0.000/0.000−100% 0.953/0.824−7% 0.957/0.846−5% 0.969/0.889
Qwen-3B → Mistral-7B 0.423/0.103−89% 0.032/0.000−100% 0.967/0.843−12% 0.972/0.887−7% 0.990/0.954
Qwen-3B → Qwen-7B 0.432/0.164−78% 0.433/0.150−80% 0.929/0.786+6% 0.930/0.765+3% 0.954/0.742
LLaMA-3B → LLaMA-8B 0.409/0.128−86% 0.155/0.035−96% 0.957/0.848−5% 0.956/0.852−4% 0.969/0.889
LLaMA-3B → Mistral-7B 0.423/0.103−89% 0.135/0.006−99% 0.966/0.844−12% 0.969/0.869−9% 0.990/0.954
LLaMA-3B → Qwen-7B 0.432/0.164−78% 0.438/0.167−77% 0.908/0.687−7% 0.914/0.711−4% 0.954/0.742

C → C

LLaMA-8B → Mistral-7B 0.423/0.103−89% 0.095/0.000−100% 0.956/0.838−12% 0.955/0.816−14% 0.990/0.954
LLaMA-8B → Qwen-7B 0.432/0.164−78% 0.436/0.163−78% 0.900/0.668−10% 0.910/0.697−6% 0.954/0.742
Mistral-7B → LLaMA-8B 0.409/0.128−86% 0.013/0.000−100% 0.928/0.799−10% 0.947/0.814−9% 0.969/0.889
Mistral-7B → Qwen-7B 0.432/0.164−78% 0.319/0.083−89% 0.894/0.696−6% 0.925/0.756+2% 0.954/0.742
Qwen-7B → LLaMA-8B 0.409/0.128−86% 0.031/0.000−100% 0.952/0.827−7% 0.955/0.846−5% 0.969/0.889
Qwen-7B → Mistral-7B 0.423/0.103−89% 0.139/0.004−100% 0.967/0.858−10% 0.970/0.872−9% 0.990/0.954

Table 14: GPT-2 transfer at 32 vectors; notation follows Table 1.

Anchor KL is 1
k

∑
iKL(ps,i ∥ qt).

Source native NLL. Source native NLL is held-
out reconstruction loss under the source decoder,
with Zs = Compressors(x):

NLLs = − 1

|D|
∑

(x,y)∈D

log pDs(y | Zs)

|y| . (13)

Here y is the gold target-token sequence for seg-
ment x.

Tail fractions. For direction scores or log-norm
magnitudes, standardize each coordinate uj by
target-anchor statistics:

zj =
uj − µt,j

max(σt,j , 10−3)
. (14)

Tail =
1

m

m∑

j=1

1{|zj | > 2}. (15)

We average this over compressed-vector slots and
probe texts, where m is the number of standardized
coordinates in the probe.

E Additional Results

Tables 14–16 report GPT-2-source transfer,
compressed-vector length, and RQ3 prior ranges.

Setting 8 vec 16 vec 32 vec

Origin Acc. (LLaMA-1B source) 0.925 0.981 0.997
Origin BLEU (LLaMA-1B source) 0.577 0.788 0.790
Origin Acc. (GPT-2 source) 0.762 0.887 0.956
Origin BLEU (GPT-2 source) 0.319 0.552 0.622
Converter-only BLEU 0.236 0.406 0.517
Enc-Conv BLEU 0.272 0.482 0.603

Table 15: Effect of compressed-vector length. Origin
rows average over target-native compressors; Converter-
only and Enc-Conv rows average over transfer evalua-
tions.

Prior Global ρ Group signal

Readability CE 27.4–47.1% T2 33.9–46.2%
Pair direction RMSE 23.1–49.9% T2 34.3–50.0%
Source→target KL 23.7–46.3% T2 34.3–49.5%
Magnitude tail 17.2–26.7% T2 32.7–65.5%
Source NLL 3.1–26.8% T1 41.3–62.9%
Same family 1.2–19.3% T1 26.5–52.5%

Table 16: RQ3 prior ranges report the minimum and
maximum oriented Spearman |ρ| with retention when
pooling Converter-only and Enc-Conv and all vector
budgets (not confidence intervals). T1 ranks sources
for a fixed target; T2 ranks targets for a fixed source
compressor.

8541


